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Abstract

Purpose: This study aims to optimize neural networks for diagnosing and predicting lung cancer stages,
leveraging advanced recurrent neural network architectures such as Gated Recurrent Units (GRU) and Long
Short-Term Memory (LSTM) networks.

Materials and Methods: The research utilizes a comprehensive dataset of clinical data and high-resolution
imaging to develop novel Deep Neural Networks (DNNs). These networks are optimized using sophisticated
algorithms like Stochastic Gradient Descent with Momentum (SGDM) and Adaptive Moment Estimation
(Adam). Transfer Learning (TL) techniques and big data analytics are integrated to enhance model precision and
reliability. Additionally, early stopping is employed to prevent overfitting, k-fold cross-validation (k=5) is used
to ensure robust model evaluation, and L2 regularization is applied to improve generalization by penalizing large
weights.

Results: The optimized GRU and LSTM networks demonstrate superior performance in detecting lung cancer
stages, significantly improving diagnostic accuracy and prognostic predictions. The models effectively handle
long-term dependencies and mitigate the vanishing gradient problem, common in simple RNNs. Using k-fold
cross-validation (k=5), the optimized GRU network with SGDM achieved the following metrics in Fold 3: Test
Loss of 0.0531, Test Accuracy of 0.97, Sensitivity (Recall) of 0.97, Precision of 0.98, and an F1 Score of 0.975.

Conclusion: The study's findings underscore the potential of integrating advanced neural network models into
clinical practice, revolutionizing Al-driven medical diagnostics and elevating the standard of patient care.

Keywords: Deep Learning; Lung Cancer Diagnosis; Long Short-Term Memory; Gated Recurrent Unit;
Optimization; Prediction.
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Optimizing Neural Networks for Lung Cancer Diagnosis

1. Introduction

The profound transformation in medical science,
particularly in disease diagnosis, is driven by the
integration of Artificial Intelligence (AI) and Deep
Learning (DL) [1]. These changes have occurred due
to factors such as the rapid growth of computational
power and the development of sophisticated
algorithms. These advancements have created new
opportunities to address fundamental challenges in
healthcare, especially in disease diagnosis and
management [2]. Al and DL technologies have
significantly enhanced the capabilities of medical
professionals [3]. By processing vast amounts of data
with precision and speed, they can provide insights
that were previously inaccessible [4]. In the context of
lung cancer, Al-based tools enable earlier detection
and more accurate staging, which are critical for
effective treatment and improved patient outcomes

[5].
1.1. Lung Cancer: A Global Health Challenge

Lung cancer is recognized as one of the leading
causes of cancer-related mortality worldwide [6].
Despite significant advances in medical technology,
diagnosing and treating this type of cancer remains
challenging [7]. Traditional methods such as biopsies,
imaging, and histopathological analysis serve as the
primary means of diagnosing lung cancer, but These
methods have limitations, including invasiveness,
potential complications, and the need for expert
interpretation [8-10]. Staging lung cancer, which
determines the extent of disease spread, is crucial for
developing an appropriate treatment plan. However,
traditional staging techniques can be time-consuming
and may not always provide the necessary details for
personalized treatment strategies. This is where Al and
DL can make a significant difference, offering non-
invasive, rapid, and highly accurate assessments of the
disease [11].

1.2. Revolutionizing Lung Cancer Diagnosis
with DNNs

To enhance the diagnostic capabilities for lung
cancer, this research explores Deep Neural Networks
(DNNs), which act as Al structures simulating the
functions of the human brain [12, 13]. These DNNs
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are proficient in analyzing complex data patterns, a
skill that is invaluable in examining medical images
and clinical details to identify hidden signs of lung
cancer [14-16]. The ability of DNNs in this research
represents a significant advancement in cancer
diagnosis. These models, trained on extensive and
diverse clinical data sets, demonstrate an
extraordinary ability to distinguish between the subtle
stages of lung cancer. This precision not only
improves the accuracy of disease staging but also
includes the potential to predict patient survival,
making it a valuable tool in shaping treatment
pathways and prognostic consultations.

1.3. Importance and Capabilities of Recurrent
Neural Networks (RNNs)

Long Short-Term Memory (LSTMs) networks: Due
to their ability to manage long-term dependencies,
LSTMs are key tools in medical diagnostics [17-19].
These networks, especially in lung cancer diagnosis,
analyze sequences of medical images or clinical
metrics to identify patterns indicative of disease
progression [20, 21].

Gated Recurrent Units (GRUs): GRUs are designed
to solve the vanishing gradient problem in traditional
RNNs and, due to their simpler structure, provide
faster training [22-24]. They strike a balance between
computational speed and diagnostic accuracy [25].

1.4. Challenges of Neural Networks in
Diagnosis

Despite the promising capabilities of neural
networks in medical diagnostics, several technical
challenges must be addressed to enhance their
effectiveness and broader applicability. For instance,
Long Short-Term Memory (LSTMs) networks and
Gated Recurrent Units (GRUs) are powerful tools for
managing long-term dependencies in sequential data,
but they can be computationally intensive and require
significant resources for training. Additionally, while
LSTMs and GRUs help mitigate the vanishing
gradient problem, they are not entirely immune to it,
which can affect their performance in very deep
networks.

Optimization algorithms such as Stochastic
Gradient Descent with Momentum (SGDM) [26] and
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Adaptive Moment Estimation (Adam) [27] play
crucial roles in training deep neural networks.
However, SGDM can sometimes lead to oscillations
in the optimization process, requiring careful tuning of
hyperparameters to achieve stable convergence. On
the other hand, while Adam is known for its efficiency
and adaptive learning rates, it can sometimes result in
suboptimal solutions if not properly configured.

Moreover, the risk of overfitting remains a
significant concern, as neural networks can easily
memorize training data without generalizing well to
new, unseen data. This necessitates the use of
regularization techniques and cross-validation to
ensure robust model performance. Additionally, the
diversity of training datasets is crucial; models trained
on homogeneous data may not perform well across
different populations, highlighting the need for diverse
and representative datasets.

1.5. Solutions to Overcome Challenges

To address the technical challenges of neural
networks in medical diagnosis, several advanced and
specialized solutions exist. One of these solutions is
the use of k-fold cross-validation [28]. In this method,
the data is divided into k parts, and the model is trained
sequentially on k-1 parts and validated on the
remaining part. This process is repeated k times, and
the validation results are averaged to comprehensively
evaluate the model's performance. This technique
helps reduce the risk of overfitting and ensures that the
model generalizes well to new data [29].

Early stopping is another effective solution. In this
method, the training process is halted when the
model's performance on the validation set no longer
improves [30]. This technique prevents overtraining
the model and helps maintain a balance between
accuracy and generalization. Additionally, the use of
regularization techniques such as Dropout and L2
Regularization can help reduce the risk of overfitting
[31]. Dropout randomly deactivates some of the
network units during training, which helps prevent the
model from becoming overly dependent on specific
units [32]. L2 Regularization adds a penalty to the cost
function to prevent the network weights from
becoming excessively large [33].
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2. Materials and Methods

In this article, clinical data from patients with Non-
Small Cell Lung Cancer (NSCLC) were meticulously
collected. The sample selection process was based on
precise criteria, including clinical stages of the disease
(T, N, M), age, gender, and patient's medical history.
The collected data included vital information such as
histopathological stage, gender, survival, time of
death, and event status in patients. These data were
extracted from the database available on The Cancer
Imaging Archive (TCIA) website and used for
radiomic analyses. These analyses help predict
treatment response and patient survival, making this
dataset a valuable resource for medical research and
the development of Al algorithms in medical imaging.
These data have been extracted from a database
available on The Cancer Imaging Archive website and
have been used for radiometric analyses that assist in
predicting treatment response and patient survival.

2.1. Steps for Collecting Clinical Data from
NSCLC Patients

Clinical data from NSCLC patients were collected
using precise protocols. These protocols included the
following steps:

1- Sample Selection: Patients were selected based
on specific criteria, including age, gender, clinical
stage of the disease, and medical history, to ensure
diversity and appropriate representation of the data.

2- Collection of Clinical Data: Clinical information,
including medical history, disease stages (T, N, M),
and survival status, was collected. This information
allows researchers to identify clinical patterns and
make accurate predictions about survival and

treatment response (Table 1).

2.2. Key Clinical Variables for Neural Network
Analysis in Lung Cancer Research

In advanced medical research, precise inputs for
neural networks like GRU and LSTM are crucial.
These networks are capable of processing a set of
clinical variables that provide important information
about the disease. For example, the patient's age (age)
can influence the prediction of disease progression and
response to treatment. The clinical stage of the tumor
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Table 1. Patient Characteristics and Survival Prediction in Lung Cancer

Patient clinical. Clinical. Clinical. Overall. Histolo ender Survival. deadstatus.
1D T.Stage N.Stage M.Stage Stage gy g time event
1 78.7515 2 3 0 IIIb large cell male 2165 1
2 838001 2 0 0 I squamous cell 155 1
carcinoma
3 68.1807 2 3 0 IIIb large cell male 256 1
4 708802 2 ! 0 I squamous cell 141 1
carcinoma
5 804819 4 2 0 IIb squamous cell o 353 |
carcinoma
6 738864 3 ! 0 Mz  Squamouscell . 173 1
carcinoma
7 81.5288 2 2 0 Illa squamouscell 137 1
carcinoma
8 71.666 2 2 0 IIla adenocarcinoma  male 77 1
9 56.1342 2 2 0 e squamous cell 131 1
carcinoma
10 71.0554 4 3 0 IIb squamous cell e o o119 0
carcinoma
11 64.3313 4 0 0 IIb squamous cell 515 1
carcinoma
413 60.5315 4 2 0 IIb squamous cell 0 1o 046 1
carcinoma
414 50.8274 3 2 0 Illa adenocarcinoma female 292 1
415 79.8712 1 0 0 1 adenocarcinoma female 2517 1
416 69.9918 2 1 0 1 squamouscell 409 1
carcinoma
417 655616 4 mp  Squamouscell o 648 !
carcinoma
418 53.6712 2 0 1 adenocarcinoma  male 346 1
419 665096 4 ! 0 npp  Squamouscell o 09 0
carcinoma
420  73.3808 2 1 0 1 squamouscell 2429 1
carcinoma
21 61.7041 2 2 0 Illa squamous cell e 0 369 1
carcinoma
422 68.126 2 0 0 I NA female 1590 1

(Clinical.T.Stage), the clinical stage of lymph node
involvement (Clinical.N.Stage), and the clinical stage
of metastasis (Clinical. M.Stage) provide vital
information about the severity and spread of the
The of the
(Overall.Stage) and the type of tumor histology

(Histology) assist in more accurate diagnosis and the

disease. overall stage disease

selection of an appropriate treatment strategy. Finally,
the patient's gender (gender) may be considered an
important variable in statistical and clinical analyses.

2.3. Neural Network Architectures for
Sequential Data Processing

The neural network architecture encompasses two
distinct types of networks: LSTM, and GRU. Each of
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these networks plays a crucial role in processing
sequential data, and they are particularly adept at tasks
that involve time-series analysis, natural language
processing, and other applications where data points
are interdependent.

LSTM networks are specifically designed to
address challenges associated with training recurrent
neural networks (RNNs), particularly issues related to
data
sequences. They incorporate mechanisms known as

maintaining long-term  dependencies in
gates, which regulate the flow of information within
the network. These gates enable the model to discern
which elements of the input sequence are significant
for retention or omission, thereby allowing the
network to preserve relevant information over
extended periods.
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LSTMs are widely utilized in complex sequence
modeling tasks, such as machine translation and event
prediction. The following formulas illustrate the
functioning of an LSTM cell, highlighting how it
processes and retains information effectively [17, 34].

Forget Gate:
fe =0y - [h; —1,x;] + Df) ()

It plays a vital role in determining the extent to
which information from the previous cell state (c;_;)
should be retained or forgotten. In Equation 1, (wy)is

the weight matrix for the forget gate, and (bf)is the

bias term. The combination of [h;_1, x; |represents the
previous hidden state (h;_;) and the current input
(xt). The sigmoid activation function (¢)compresses
the result between 0 and 1, where 0 means 'completely
forget' and 1 means 'completely retain'. The output of
the forget gate (f;)is a vector of values between 0 and
1, which decides which information should be
removed from or remain in the cell memory.

Input Gate:
ip=ow; - [he — 1, %] +by) (2)

The input gate (i), which is calculated using
Equation 2, determines the amount of new information
(¢;) to be added to the cell state. Here, (w;)is the
weight matrix for the input gate, and (b;)is the bias
term. The rest of the equation is similar to the forget
gate, but it uses a different weight matrix and bias
term. The output of the input gate (i;) is also a vector
of values between 0 and 1, which decides how much
of the new information should be added to the cell
state, where 0 means 'adding nothing' and 1 means 'full
addition'.

Output Gate:
0 = (W, - [hy — 1,x¢] + b,) (3)

The output gate (0;), which is calculated using
Equation 3, determines the extent to which the current
cell state (c;) is utilized to produce the current hidden
state (h;). Here, (wy)is the weight matrix for the
output gate, and (by) is the bias term. The rest of the
equation is similar to the forget and input gates, but it
employs a different weight matrix and bias term. The
output of the output gate (0;) is also a vector of values
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between (0) and (1), which decides how much of the
current cell state should be used in generating the
hidden state, where (0) means 'no use at all' and (1)
means 'full use'.

Candidate Cell State
¢, = tanh(w, - [h; — 1, x.] + b.) 4

The candidate cell state, which is calculated using
Equation 4, reveals the new information that could
potentially be added to the cell state. Here, (W, )is the
weight matrix for the candidate cell state, and (b,) is
the bias term. The hyperbolic tangent activation
function (tanh) compresses the result between -1 and
1. The rest of the equation is similar to the gates, but it
uses a different weight matrix and bias term. This part
of the LSTM architecture allows the model to consider
new information and add it to the cell state if
necessary, which helps the LSTM to learn more
effectively from the input data.

Cell State Update:
Ct=ft-Ct—1+it-¢, (5)

The cell state update within an LSTM network is a
crucial process that involves a careful blend of the past
and the present. It starts with the previous cell state,
denoted as (c;_1), which holds the information up to
that point. The forget gate, (f;), applies an element-
wise multiplication to this previous state, effectively
deciding which information is no longer necessary and
can be discarded (Equation 5). Concurrently, the input
gate, (i), interact with the candidate cell state, (¢;),
which contains potential new information. This
interaction determines what new data should be
incorporated into the cell state. Finally, the outcomes
of these interactions—what to forget and what to
add—are combined to form the updated cell state,
(c¢). This updated state is a fusion of past knowledge
and new insights, ready to be carried forward to the
next step in the sequence.

Hidden State Update:
h’t = Ot " tanh( Ct) (6)

The hidden state (h;)is computed by applying the
hyperbolic tangent function (tanh)to the cell state
(C¢)and multiplying it with the output gate (0;)
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(Equation 6). This allows the LSTM to selectively
output information from the cell state based on the
current input and the learned weights (Figure 1).

Figure 1. LSTM Neural Network Structure

Gated Recurrent Units (GRU) are similar to LSTMs
as they also aim to solve the vanishing gradient
problem but with a simpler structure. GRUs combine
the forget and input gates into a single update gate and
merge the cell state and hidden state, resulting in a
more efficient and less complex model. GRUs are
effective in tasks where LSTMs might be considered
too heavy, such as smaller datasets or when
computational efficiency is a priority.

The architecture of Gated Recurrent Unit (GRU)
neural networks includes three main gates: the update
gate, the reset gate, and the gate related to the content
of the hidden state. The formulas related to these gates
are as follows [35, 36]:

Update Gate:
ze = o(W, - [he = 1,x¢] + b,) (7
rt = o(Wr - [ht — 1,xt] + br) ®)

The reset gate decides how much of the previous
hidden state h;_; should be forgotten when computing
the candidate hidden state h;. Similar to the update
gate, the sigmoid activation function is applied to the
weighted sum of the concatenated previous hidden
state and current input, along with the bias term b,.
The resulting values in ryrange from 0 to 1, indicating
the proportion of the previous hidden state to be
forgotten (Equations 7, 8).

New Content for Hidden State:

h, = tanh(W - [r, * hy — 1,x,] + b) 9
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The new content for the hidden state &, is computed
based on the reset gate 1, the previous hidden state
h;_1, and the current input x,. The reset gate is used
to selectively forget parts of the previous hidden state,
and the result is concatenated with the current input.
The weighted sum of this concatenation, along with
the bias term b, is passed through the hyperbolic
tangent activation function (tanh) to obtain the new
content for the hidden state (Equation 9).

Final Hidden State:
ht=(1—zt)*ht—1+zt*flt (10)

The update gate determines how much of the
previous hidden state h; — 1land the current input x;
should be combined to form the new hidden state h;.
The sigmoid activation function ¢ is applied to the
weighted sum of the concatenated previous hidden
state and current input, along with the bias term b,.
The resulting values in z; range from (0) to (1),
indicating the proportion of the previous hidden state
to be retained (Equation 10).

Reset Gate:

The final hidden state h; is computed as a weighted
sum of the previous hidden state h;_; and the new
content for the hidden state h,. The update gate z,
determines the proportion of the previous hidden state
to be retained and the proportion of the new content to
be added. This allows the GRU to selectively
remember or forget information from the previous
hidden state based on the current input and the learned
weights (Figure 2).

Model parameters play a significant role in the
performance of these networks. Adjusting the number
of layers adds depth to the network, allowing it to learn
more complex features at the cost of increased
computational load. The number of neurons per layer
determines the capacity of the network to capture
information; more neurons can capture finer details
but also increase the risk of overfitting. The learning
rate controls how quickly the network updates its
weights during training; a smaller learning rate might
lead to more precise convergence, while a larger
learning rate can speed up training but might
overshoot the optimal solution. to evaluate the model's
performance and prevent overfitting, cross-validation
was used. This method, by dividing the data into
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RIt]

Figure 2. GRU Neural Network Structure

several subsets and testing the model on each of these
subsets, examines the accuracy and generalizability of
the model. The use of cross-validation as a standard
method in machine learning ensures that the LSTM
and GRU models are well-tuned and ready for precise
and reliable predictions.

2.4. Design and Evaluation of LSTM and GRU
Models Using Various Optimizers

An advanced model has been designed using the
Keras library. The input shape of the model is defined
by the number of features per sample and the number
of channels (in this case, 1). The model consists of
several layers, starting with an LSTM or GRU layer
with 50 units. These layers have been chosen for their
high capability in learning long-term temporal
dependencies. To prevent overfitting, a Dropout layer
with a rate of 0.2 has been added, which helps reduce
the correlation between neural units. Additionally, L2
Regularization is applied to improve generalization by
penalizing large weights. The final Dense layer has 1
unit and a sigmoid activation function for binary
classification. The model is compiled using various
optimizers such as SGD and Adam, with accuracy
monitored as the primary metric during training.

To ensure the model's generalizability and prevent
overfitting, cross-validation using K-Fold and Early-
Stopping has been employed. The model is trained for
2000 epochs with a batch size of 32, using 20% of the
training data for validation. Early stopping is utilized
to monitor validation loss and adjust the learning rate
to achieve the best possible model. These methods
help effectively train and evaluate the LSTM and GRU
models, ensuring optimal performance under various
conditions. The results obtained from these models
using different optimizers are detailed in the article to
precisely examine the superiority and efficiency of

FBT, Vol. 13, No. 3 (Summer 2026) 765-777

each method. In this study, LSTM and GRU models
have been compiled using various optimizers such as
SGD and Adam. The SGD optimizer is configured
with a learning rate of 0.01 and momentum of 0.9 to
provide faster convergence. The Adam optimizer has
been chosen for its high capability to adaptively adjust
the learning rate.

2.5. Model Evaluation

In the evaluation of neural network performance for
diagnosis and prediction tasks, a variety of metrics are
employed, including accuracy, sensitivity [37], and
the F1 score [38]. Accuracy reflects the overall
correctness of the model's diagnoses, while sensitivity
measures the model's ability to identify true positive
cases. The F1 score, which is the harmonic mean of
accuracy and sensitivity, provides a balance between
precision and recall, useful in situations with
imbalanced class distributions.

2.6. Accuracy

The accuracy metric evaluates the overall
correctness of the model's predictions. It calculates the
ratio of correctly predicted instances (both true
positives (TP) and true negatives (TN)) to the total
number of instances. FP (False Positives): The number
of negative samples that have been incorrectly
classified as positive. FN (False Negatives): The
number of positive samples that have been incorrectly

classified as negative (Equation 11).

| _ TP + TN
CUracY = TP+ TN + FP + FN

(11)

2.7. Sensitivity (Recall or True Positive Rate):

Sensitivity, also known as recall or true positive
rate, measures the proportion of actual positive
instances that are correctly identified by the model. It
represents the model's ability to detect true positives
(Equation 12).

TP

— 12
TP + FN (12)

Sensitivity =

F1 Score:
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The F1 score is the harmonic mean of precision and
sensitivity. It provides a balance between the two
especially
distribution is imbalanced. The F1 score ranges from
(0) to (1), with (1) indicating perfect precision and
sensitivity (Equations 13, 14).

metrics, in cases where the class

Precision X Sensitivity

= 13
F1 Score = 2 X TP L FP (13)
Where:
. TP
Precision = m (14)
3. Results

In this section, using two distinct optimization
methods, Adam and SGDM, for the LSTM and GRU
neural networks, the models were trained on a diverse
dataset including demographic and clinical features
such as PatientID, age, clinical T Stage, Clinical N
Stage, Clinical M Stage, Overall Stage, Histology,
gender, Survival time, and dead status event. The k-
fold cross-validation results, presented in Figures 3 to
6, demonstrate the performance.

4. Discussion

This article investigates
prevalent neural network architectures, LSTM and

and optimizes two

GRU, to enhance the accuracy of diagnosing and
predicting lung cancer stages. By utilizing two distinct
optimization methods, Adam and SGDM, models
have been trained that not only exhibit high diagnostic
accuracy but also can predict patient survival using
clinical data. Based on the outcomes of numerous
evaluations, the GRU neural network optimized with
SGDM has demonstrated remarkable performance.
This model, with a Test Loss 0f 0.0531, Test Accuracy
0f 0.97, Sensitivity (Recall) of 0.97, Precision of 0.98,
and an F1 Score of 0.975, has been identified as the
best model for predicting and diagnosing clinical
patient data of lung cancer. In Fold 3, the mean
training loss was 0.1981, the last training loss was
0.0029, the mean validation loss was 0.2488, and the
last validation loss was 0.0533. These results suggest
that the GRU model optimized with SGDM can act as

772

Fold 1

104 —— Train Loss
Val Loss

Mean Training Loss: 0.1988
0.8 Last Training Loss: 0.0060
Mean Validation Loss: 0.2487
064 Last valiGation Lass; 0.0553

Loss

044

0.2+

0.0

0 250 500 750 1000 1250 1500 1750 2000
Epochs

Fold 2

104 —— Train Loss
ean Training Loss: 0.1887 Val Loss
0.8 1 Last Tralning Loss: 0.0070
Mean Validation Loss: 0.2489
064 Last Validation Loss: 0.0568

Loss

0.4+

0.24

0.0

o 250 500 750 1000 1250 1500 1750 2000
Epochs

Fold 3

104 —— Train Loss

Mean Training Loss: 0.1389 Val Loss
0.8 4 Last Training Loss: 0.0029

Mean validation Loss: 0.2488

064 Last Validation Loss: 0.0533

Loss

0.4+

0.2+

0.0

0 250 500 750 1000 1250 1500 1750 2000
Epochs

Fold 4

—— Train Loss
Val Loss

Mean Training Loss: 0.1887

Last Training Loss: 0.0135
Mean Validation Loss: 0.2488
Last Validation Loss: 0.0527

0 250 500 750 1000 1250 1500 1750 2000
Epochs

Fold 5

1.0 —— Train Loss

Mean Training Loss: 0.1664 Val Loss
Last Training Loss: 0.0019
Mean Validation Loss: 0.1864
tion Loss: 0.0230

06 Last Valida

o 250 500 750 1000 1250 1500 1750 2000
Epochs

Figure 3. Performance of the GRU Recurrent Neural
Network Optimized with the SGDM Algorithm using 5-
Fold Cross-Validation

a potent tool in the diagnosis and prediction of lung
cancer.

4.1. Advantages of Recurrent Neural
Networks (RNNs)

Recurrent neural networks, including GRU and
LSTM, offer several advantages over traditional
machine learning models (e.g., SVM, Random Forest,
KNN) and other deep learning architectures (e.g.,
CNN).

4.2. Handling Sequential Data

RNNs are specifically designed to handle sequential
data, making them ideal for time-series analysis and
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Figure 4. Performance of the GRU Recurrent Neural
Network Optimized with the Adam Algorithm using

tasks where the order of data points is crucial. This is
particularly important in medical applications where
patient data often involves sequences of events over
time [39].

4.3. Memory Capability

RNNSs can retain information from previous inputs,
allowing them to capture temporal dependencies and
patterns that traditional models like SVM and KNN
cannot [40]. This capability is essential for accurately
modeling the progression of diseases like lung cancer.

4.4. Dynamic Temporal Behavior

Unlike feedforward neural networks, RNNs can
model dynamic temporal behavior, which is crucial for
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Figure 5. Performance of the LSTM Recurrent Neural
Network Optimized with the SGDM Algorithm using 5-
Fold Cross-Validation
tasks involving sequences of varying lengths [41].
This makes RNNs more flexible and powerful in
handling complex medical data.

4.5. Improved Performance

In experiments, RNNs, particularly GRUs, have
shown better performance in terms of accuracy and
sensitivity compared to other models. The GRU model
optimized with SGDM, delivering exceptional results
in all evaluation metrics, demonstrates how advanced
machine learning techniques can be applied in the
medical field to achieve more accurate and reliable
outcomes.
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Figure 6. Performance of the LSTM Recurrent Neural
Network Optimized with the Adam Algorithm using 5-
Fold Cross-Validation

4.6. Advantages over CNNs

While CNNss are excellent for processing image and
spatial data, RNNs are more suitable for sequential
and temporal data. RNNs can identify long-term
dependencies in data, which is crucial for tasks
involving temporal data, such as predicting disease
progression [42].

4.7. Non-Invasive and Efficient

The GRU model optimized with SGDM provides a
non-invasive, fast, and highly accurate assessment of
lung cancer stages. The use of advanced optimization
methods like SGDM significantly reduces the training
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time of the neural network, making the process more
efficient. In this study, the optimized GRU model was
able to provide results in just 50 seconds,
demonstrating its potential for real-time clinical
applications. This efficiency not only saves time but
also reduces the overall cost of the diagnostic process.

4.8. Timely Diagnosis

One of the key reasons for using optimization
methods like SGDM is to reduce the time required for
the learning and testing phases of the neural network.
The ability to quickly achieve accurate results in a
clinical setting is crucial, where timely diagnosis can
significantly impact patient outcomes. The reduced
processing time also leads to lower operational costs,
making the technology more accessible and
sustainable for healthcare providers.

4.9. Limitations and Future Work

While the results are promising, it is important to
acknowledge the limitations related to the diversity of
the dataset used. The dataset may not fully represent
the wide range of clinical scenarios encountered in
real-world settings. Future work should focus on
expanding the dataset to include more diverse patient
populations and clinical conditions to ensure the
model's robustness and generalizability. Additionally,
the novelty of the approach could be further enhanced
by integrating multi-modal data sources, such as
imaging and genetic data, to provide a more
comprehensive diagnostic tool. Exploring the
combination of GRU models with other advanced
techniques, such as attention mechanisms, could also
lead to further improvements in performance. From
Tables 2 to 5, the performance metrics of the recurrent
neural network models, GRU and LSTM, optimized
with Adam and SGDM, across 5-fold Cross-
Validation are presented.

5. Conclusion

This study meticulously optimized and evaluated
two prevalent neural network architectures, LSTM
and GRU, for the diagnosis and prediction of lung
cancer stages. By employing advanced optimization
techniques, specifically Adam and SGDM, the models
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Table 2. Performance Metrics of the GRU Model Optimized with SGDM Across 5-Fold Cross-Validation

Fold Test Loss Test Accuracy Sensitivity Precision F1 Score
(Recall)
1 0.0549 0.96 0.96 0.97 0.96
2 0.0571 0.94 0.95 0.96 0.955
3 0.0531 0.97 0.97 0.98 0.975
4 0.0541 0.95 0.96 0.97 0.965
5 0.0225 0.96 0.95 0.96 0.955
Table 3. Performance Metrics of the GRU Model Optimized with Adam Across 5-Fold Cross-Validation
Fold Test Loss Test Accuracy Sensitivity Precision F1 Score
(Recall)
1 0.05 0.90 0.90 0.91 0.90
2 0.06 0.89 0.89 0.90 0.89
3 0.05 0.88 0.88 0.89 0.88
4 0.05 0.87 0.87 0.88 0.87
5 0.02 0.86 0.86 0.87 0.86

Table 4. Performance Metrics of the LSTM Model Optimized with SGDM Across 5-Fold Cross-Validation

Sensitivity

Fold Test Loss Test Accuracy Precision F1 Score
(Recall)
1 0.03 0.93 0.93 0.94 0.93
2 0.05 0.92 0.92 0.93 0.92
3 0.06 0.91 0.91 0.92 0.91
4 0.07 0.90 0.90 0.91 0.90
5 0.07 0.89 0.89 0.90 0.89

Table 5. Performance Metrics of the LSTM Model Optimized with Adam Across 5-Fold Cross-Validation

Sensitivity

Fold Test Loss Test Accuracy Precision F1 Score
(Recall)
1 0.08 0.87 0.87 0.88 0.87
2 0.11 0.86 0.86 0.87 0.86
3 0.11 0.85 0.85 0.86 0.85
4 0.13 0.84 0.84 0.85 0.84
5 0.12 0.83 0.83 0.84 0.83

were rigorously trained and validated on a diverse
dataset encompassing critical demographic and
clinical features. The GRU model optimized with
SGDM demonstrated superior performance, achieving
exceptional accuracy and evaluation metrics,
including high sensitivity, precision, and F1-score.
These findings underscore the profound impact that
the precise selection of optimization methods and
neural network architectures can have on the
performance of models in diagnosing and predicting
complex diseases such as lung cancer. The success of
the GRU model optimized with SGDM highlights its
potential as a powerful tool in clinical settings,
offering non-invasive, rapid, and highly accurate
assessments of lung cancer stages. Moreover, this
research emphasizes the importance of integrating
robust data  augmentation techniques and

comprehensive cross-validation to enhance model
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generalizability and reliability. The practical
implications of these advanced machine learning
techniques extend beyond lung cancer diagnosis,
paving the way for their application in other medical
domains. In conclusion, the advancements presented
in this study mark a significant step towards improving
the diagnosis and treatment of lung cancer. The
demonstrated efficacy of the GRU model optimized
with SGDM not only contributes to the field of
medical diagnostics but also sets the stage for future
innovations and improvements in healthcare through
the application of cutting-edge neural network
architectures and optimization strategies.
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