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Abstract—Various forms of cancer have been recognized, all
sharing a common objective: the rapid destruction of healthy
tissue. To enhance a patient's chances of surviving cancer, it is
crucial to accurately diagnose and prognose the specific type of
underlying disease. Early identification and personalized
treatment can potentially improve survival rates. Additionally,
it is important to differentiate cancer patients based on their risk
levels for disease progression. In the past, data mining and
machine learning algorithms have been employed for cancer
diagnosis. However, these approaches rely on manually
conducted feature extraction techniques, resulting in unreliable
categorization. Consequently, precise cancer identification
becomes a time-consuming task fraught with the possibility of
pathologist errors. In contrast, deep learning has recently gained
significant traction in categorization and detection fields, owing
to its powerful feature extraction capabilities. Therefore, |
utilized a hybrid deep learning model to achieve better accuracy
in identifying cases of lung cancer.

Keywords— Deep learning, hybrid models, machine leaning,
cancerous.

. INTRODUCTION

Several Lung cancer possesses the highest fatality rate
among all cancer types, prompting numerous countries to
develop tools for early detection of the disease. Extensive
studies like the NLST [1,2] have shown that screening high-risk
individuals three times a year using low-dose computed
tomography (CT) significantly reduces mortality rates.
Consequently, radiologists face the challenge of reviewing a
substantial number of CT scan images resulting from these
screenings. Even experienced doctors find it difficult to identify
lesions, placing increasing pressure on radiologists. The lungs,
situated in the thoracic cavity, are vital for human respiration.
When normal lung cells undergo malignant transformation,
lung cancer develops, causing the demise of approximately
27% of cancer patients [1]. Mutations, alterations in DNA

sequences, can be caused by environmental factors or inherited
genetic defects, leading to uncontrolled cell proliferation.
While chemicals in cigarette smoke are well-known
environmental carcinogens, other factors can also contribute.
Normally, damaged tissue is replaced with fresh tissue, but
when cancer-causing mutations occur, new tissue grows
uncontrollably, resulting in the formation of malignant cells.
Although the majority of lung nodules are harmless, some may
indicate precancerous conditions (suspicious nodules). Recent
research indicates a discouraging 5-year survival rate of 19%
for lung cancer patients [2]. Early-stage diagnosis plays a
crucial role in improving survival rates, as with many other
cancers. Unlike cancerous tumors, benign nodules do not
spread to other parts of the body. The World Health
Organization (WHO) predicts that cancer will become the
leading cause of global mortality by 2030 [3].

Lung cancer ranks as the second most prevalent malignancy
leading to mortality. While over 80% of individuals diagnosed
with bladder, breast, colon, cervical, and prostate cancer
survive for five years or more, early identification of lung
cancer is crucial to reduce death rates and facilitate effective
treatment. Early-stage lung malignancies and pre-cancerous
conditions such as dysplasia and carcinoma in situ (CIS) can be
visually challenging to detect due to their thin cell layers (0.1-
2 mm) and lack of symptoms, making traditional diagnostic
methods like medical imaging less effective. In clinical
practice, around 80% of cases are diagnosed at advanced stages,
missing the best opportunity for surgical intervention. From a
medical perspective, early diagnosis of lung cancer is crucial.
An important morphological characteristic of malignant cells is
an atypical shape and size of the nucleus [4]. CT image
morphology is often used to differentiate between benign and
cancerous nodules. Currently, the expertise of highly trained
radiologists plays a primary role in determining whether a
tumor is benign or malignant. However, forming a conclusive
opinion can be challenging when everything appears
proportionate. Morphological data is employed to train
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classifiers that automatically distinguish between benign and
malignant nodules. Utilizing additional characteristics helps
overcome subjectivity issues, and classification can be achieved
using single or multiple classifiers in conjunction with other
information [5]. Detecting nodules in their early stages
significantly improves a patient's prognosis. Therefore, the
identification of potentially cancerous nodules in the lungs is
essential for lung cancer diagnosis. Comparing the
characteristics of benign and malignant nodules is a reliable
method for identifying lung cancer [6]. Due to the overlapping
characteristics of benign and malignant nodules, rigorous
morphological evaluation is necessary for accurate nodule
assessment, as prompt and accurate diagnosis is crucial [7].

To alleviate physician workload, enhance diagnostic
accuracy, expedite procedures, and reduce subjectivity,
automated solutions are being developed in anticipation of
increased monitoring and preventive measures. Determining
whether cells are cancerous relies on recognizing and assessing
defining traits. The likelihood of cancer can be determined
based on these identified features and their combination.
However, differentiating between nodules and a positive cancer
diagnosis is a challenging task, even for experienced medical
professionals. Qualities such as volume, shape, subtlety,
stiffness, assumption, sphericity, among others, are frequently
used in computer-assisted diagnostic (CAD) techniques.
Computed tomography (CT) scans are valuable in detecting
potentially problematic nodules at an early stage. These scans
provide detailed information about bones, soft tissues, and
blood vessels compared to standard X-rays, leading to their
increased usage. However, due to the similarity between lung
nodules and surrounding structures, CT scans performed as part
of early-stage lung cancer screening sometimes fail to detect
them (e.g., blood vessels). Hence, there is a critical need to
develop a CAD system specifically designed for identifying
potentially harmful nodules. Deep learning has emerged as a
promising area of research for separating benign and dangerous
cancerous nodules, as it can reduce the number of imaging tests
required to determine nodule characteristics and improve
accuracy [8]. By employing cutting-edge deep learning
algorithms, the CAD system can accurately classify lung
nodules, identifying potentially malignant tumors and assessing
their impact on a person's health.

In the task of determining whether nodules are cancerous,
machine learning technologies such as Support VVector Machine
(SVM) are utilized by doctors. Although widely employed [3-
10], machine learning frameworks require substantial
customization to achieve optimal results, as there is no
standardization in CT scanners used for screenings, posing a
significant risk. Deep learning, through extensive training, can
prioritize and acquire crucial characteristics, enabling end-to-
end identification using CAD systems. The learning process
enables the network to be robust to data variations by
integrating tumor data from multiple CT scans using recurrent
modes. If the training dataset encompasses sufficient variations,
the system can learn invariant properties of malignant nodules
independently, leading to improved results [11,12]. This
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facilitates the growth of the system, as there are no heritable
characteristics, and the network should be capable of deducing
the relationship between personal traits and the respective
disease from the available data. The ability of the network to
generalize its training to novel situations is crucial for
accurately identifying malignant tumors or cancerous regions
alongside medical beds [13,14]. Figure 1.1 illustrates normative
and atypical CT scans of the lungs [15]. Categorizing lung
cancer and detecting the disease at an early stage are essential
steps in developing an intelligent and reliable diagnostic
system. Support Vector Machines (SVM), Naive Bayes
Classifiers (NB), Ensemble Classifiers (EC), Artificial Neural
Networks (ANN), and other common machine learning
algorithms are employed for early identification of lung tumors
[16]. Deep learning has shown great promise in advancing
medical imaging and diagnostics [17].
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Figure 1.1: (A) Lung Image (CT) (Normal) (B) Lung Image (CT) (Abnormal).
[17]

Despite the effectiveness of CAD systems in detecting lung
nodules, few studies have taken into account the typical
procedures followed by radiologists. Radiologists often analyze
Maximum Projection Intensity (MIP) images to locate potential
nodular lesions for diagnostic purposes. MIP enhances the
visibility of nodules by projecting the intensity from three-
dimensional voxels onto the projection plane, resulting in

increased detectability [18].
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Figure 1.2: Based on maximum intensity projection CT image. [19]
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Since MIP images are not reliant on specific thresholds and
retain attenuation information, Convolutional Neural Networks
(CNN) are well-suited for automated identification of lung
nodules [19]. Figure 1.2 illustrates CT scans depicting cases of
lung cancer in their early stages, encompassing both malignant
and benign lung tumors. Currently, it is challenging to
distinguish vascular and malignant nodules. The disease is
easiest to identify in its advanced stages when nodules are
larger, but prognosis for the patient is typically poor.

However, training learning models for improved
performance remains challenging due to the diverse range of
imaging techniques utilized in the images. To address this issue,
a new hybrid intelligent diagnostic framework called the Deep
hybrid DenseNet201-GRU model is introduced in this study.
The framework combines saliency maps and convolutional
layers within the DenseNet201-GRU architecture to enhance
segmentation and feature extraction. The training process
involves utilizing ant-lion optimization to train single feed-
forward networks. This study is believed to be the first to
integrate fused characteristics with optimized learning
networks, resulting in a robust CT-based lung cancer diagnostic
tool. The researchers involved in this project developed these
networks.

Il.  RELATED WORK

De Bruijne [21] employed this framework to assess novel
techniques for lung cancer detection and diagnosis. Advanced
algorithms for lesion detection, identification, and classification
have been refined using labeled datasets like LIDC-IDRI,
LUNA 16, and Super Bowl Dataset 2016. Jindal et al. [22]
established these datasets as the standard minimum threshold
CT data required for analysis. Nalepa and Kawulok [23]
devised a modified-CNN to detect lung cancer cells in
segmented images. The ACM technique, initially used for
tumor division, can now identify cancerous cells amidst healthy
ones. Label-free methods preserve cellular properties and
structure. This research merged cutting-edge Prony techniques
and optical coherence tomography to enhance cell
identification using captured optical profiles. Ganesan et al.
[24] improved the Tobacco Exposure Pattern (TEP) prediction
model, identifying signature genes and their interconnectedness
across biological levels. Kasinathan et al. [25] introduced the
novel TTZ technique for data collection, informing TEP
categorization. The TEP classification model achieved 91.85%
accuracy for validation data and 94.65% for training data using
separate LUAD datasets, discovering 34 genes linked to
nicotine-related mutation signatures.

The author differentiated between five categories of lung
and colorectal tissues (two benign and three malignant) using
tissue samples, achieving a 96.33% sensitivity in tumor cell
detection [26]. Suzuki's framework [27] outlines the procedures
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for determining EGFR mutation status using CA-diagnostics,
including data collection, analysis, and integration of multi-
type dependence characteristics. The research utilized a unique
hybrid CNN-RNN network model, extracting quantitative
image properties and modeling feature interdependence. Multi-
type dependency-based feature representations outperformed
conventional approaches, achieving an accuracy of 75% and an
AUC of 0.78.

The 3D Alex Net, an unsupervised learning model, was
introduced for lung cancer diagnosis [28]. Its 3D CNN
architecture enhances tumor visibility and prediction accuracy.
Fang [40] employed MIP to automatically identify lung cancer-
related nodules from CT scans at various angles. Drokin et al.
[41] presented a comprehensive technique for detecting
worrisome lung nodules using CNN-type MIP images in the
form of U-Net. Eman et al. [42] successfully distinguished
lungs from CT images using histogram, thresholding, and
morphological approaches. Various methods such as neuro-
fuzzy algorithms, SVM-based classification, and watershed
segmentation were utilized for lung nodule identification and
classification [43-46]. Chon et al. proposed a multi-crop
convolutional neural network to remove nodules from CT
scans, aiming to improve cancer detection rates [47]. Ding et al.
proposed Fast RCNN for nodule extraction from CT scans,
achieving a 94% sensitivity [49]. Zhu et al. introduced F-CNN,
a three-dimensional network, achieving a 90.44% accuracy on
the LUNAL6 dataset [50]. Shakeel et al. employed a weighted
mean histogram equalization method, obtaining a 98.42%
accuracy with DITNN [52]. Different CNN models and
techniques were applied for classifying lung nodules [53-56].
Ali et al. suggested a nine-layer textural CNN, achieving
90.69% accuracy [57]. Veasey et al. proposed a convolutional
attention-based network using 2D feature extraction and
achieved accuracy rates up to 88.1% [58]. Afshar et al.
recommended a 3D multiscale capsule network, achieving
93.12% precision [59].

Overall, the CAD system for lung cancer detection
encompasses ML-based, DL-based, image processing-based,
and hybrid approaches. These studies have advanced the field
of lung cancer diagnosis through various techniques and
methodologies.

1. CLASSIFICATION FREAMEWORK FOR LUNG CANCER

In this study, we introduce a unique hybrid deep learning
model designed specifically for the diagnosis of lung cancer.
We provide a comprehensive overview of its architecture,
framework, and performance evaluation for classification. The
entire classification process, as depicted in Figure 2, includes
data collection, preprocessing, class labeling, model
development, and evaluation.
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A. Dataset Discrpation

The lung CT scans utilized in this research can be accessed
at https://wiki.cancerimagingarchive.net/display/Public/LIDC-
IDRI. A total of 1018 lung CT scans from the National Cancer
Institute were associated with experimental data from
proteomics and genetics. In this section, we categorize all
training radiographs into two groups: normal or showing
malignant tumors. Nodules with a grade of 3 or below are
considered normal, while those with a grade of 4 or above are
classified as cancerous. Bronchial lesions with a malignancy 200 00 400
score of 3 are excluded to prevent confusion. The NBIA 512%512
retriever program is employed to retrieve DICOM image data
from the tcia format, enabling its utilization in subsequent
processing. Detailed descriptions of the testing datasets can be ~ E. Data Augmentation

found on the tcia website [43]. Data augmentation was applied to the cancer dataset.
B. Data Preprocessing Convolutional neural networks (CNNs) generally benefit from
For obtaining accurate classification  outcomes, large datasets to enhance performance; however, gathering such

preprocessing plays a vital role and is typically conducted on Sv?:ﬁseéchzrsl b\:l rf;?"gggn% (ﬂ\rﬁirtz;tm?e SIZ I?i r(}:orr}:]noir;] ;é)cnucrzrtg
data prior to categorization. Preprocessing techniques are ! g
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Figure 3: Resizing of CT images.

utilized in lung cancer diagnosis include class labelling, image 4, is considered the most effective strategy.
The lung cancer dataset undergoes a preprocessing step

as 0, while those with cancer are labelled as 1. Q)

D. Resizing &)

training results, the proposed model necessitates images of Figure 4: Augmentation of CT images

essential for enhancing the detection accuracy of the model on performance evaluations of the models. To address this
scaling, and data augmentation [44]. " a‘
known as class labelling, where class labels are assigned to the
In accordance with Figure 3, this study incorporates the . ! )
Rotate 45 Vertical Flip Rotate 45 Vertical Flip Horizontal Flip
consistent dimensions. Consequently, all photographs were

" " - . fundamental issue, data augmentation, as illustrated in Figure
the "cancer dataset.” Common preprocessing techniques
C. Labeling of Clasess
\ ’ Original Image
data. In Figure 3, patients without cancer (Normal) are labelled
resizing preprocessing technique. In order to ensure optimal
uniformly resized to meet this requirments.

F. Proposed System Model

Once the data has undergone cleaning, transformation, and
preparation, it will be input into the proposed model, namely
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DenseNet201-GRU. This article focuses on exploring the
DenseNet201 and GRU models, along with their respective
training configurations, to effectively recognize and categorize
lung cancer.

G. Densenet20

The DenseNet201 is a specific model within the
convolutional neural network (CNN) family, known for its
effectiveness in tasks like object detection, image
categorization, and related domains. It incorporates key
components such as maximum pooling of convolutions, ReLU
activations, and dropout layers to enhance its performance and
robustness.

H. Gated Recurrent Unit Network (GRU)

The GRU model is a popular choice in recurrent neural
networks (RNNs) to address the challenge of vanishing
gradients. Unlike the LSTM, GRU utilizes three main gates and
an internal cell state, making it an efficient option. The GRU's
gates securely store and manage information. The reset gate (r)
enables the incorporation of current data, while the update gate
(z) facilitates the inclusion of historical and future data. By
storing data from the previous state, the reset gate enables
seamless memory transfer. Additionally, the input's nonlinear
modulation gate imparts the zero-mean properties of a
nonlinear signal, enhancing its effectiveness.

I. Proposed Model: Densenet201-GRU

Our research suggests the utilization of the DenseNet201-
GRU model for lung cancer classification as sown in Fig.5. The
proposed model consists of seven convolutions, four max-
pooling layers, three fully-connected layers, and employs the

(U0

~

Input Layer

Pooling Conv Pooling

layerl Layer2 Layer2

Conv

Layerl

ReLU activation function. The model parameters and Dense-
GRU architecture are depicted in the accompanying diagram.
The input image, initially having a height of 60 RGB pixels,
width of 60 pixels, and three channels (60, 60, 3), undergoes
feature extraction through a single convolutional layer. This
layer generates a feature map of size 128, using a kernel size of
1 and a stride of 3x3. The second layer employs Rectified
Linear Units (ReLU) as the activation function to address
dimensionality nonlinearity. The proposed structure includes a
regular first layer and a third layer, with the 128 feature maps
aligned to the input shape, defining the output shape of the first
convolutional layer (60, 60). The pooling layer reduces the size
of the training parameters to a maximum of (58, 58), allowing
faster training of the model. After pooling, the parameters (58,
58, 128) pass through a dropout layer to prevent overfitting. A
dropout rate of 0.9 is employed at the start of the convolution
layer. Activation function (ReLU) and dropout layers are
applied after each regular and max-pooling layer to further
prevent overfitting. The flatten layer transforms the training
parameters from size (42, 42) to a feature map of size (512),
which is then fed into a fully connected layer. To address the
issue of vanishing gradients, a GRU model with a fully
connected layer of 1,024 neurons is incorporated. Two
additional layers are intertwined with the GRU model. The final
connected layer includes softmax functions for classification
purposes. In conclusion, the DenseNet201-GRU model,
consisting of convolutions, max-pooling, fully connected
layers, and ReLU activation, is recommended for lung cancer
classification based on our research findings.

Iﬂ r \
>
. < >
—
Conv \ J
1 .nc:; Soft-max

GRU Layer Layer
FC

Layer! (dropout) FC Layer2 FC Layer3

Figure 5: Structure Proposed DenseNet201-GRU model

IV. RESULTS AND DISCUSSION

Detailed experimental setup and a thorough comparison of
the suggested model 300 (DenseNet201-GRU) to the state-of-
the-art ResNet50-GRU, ResNe50t-LSTM, and the most 301
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current DL/ML models for lymph node lung cancer diagnosis
are shown here.
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A. Performance Matrices

The effectiveness of the model proposed is measured by its
ability to accurately discriminate lung cancer (tumour) from
normal tissue using many criteria:

TP: We got some bad news about the cancer samples.

FN: It is shorthand for "normal" (cancer-free) tissue
samples.

FP: It seems bad but is likely to turn out okay.

FN: The model shows positive samples that are likely to be
false.

Performance measurements for cancer diagnosis often
include the following numerical representations of accuracy,
precision, sensitivity, and specificity:

Accuracy = %xwo% (D)

Specificity = %XNO% 2
e s TP

Sensitivity = Wmoo% 3)
.. TP

Precision = P x100% (@)

B. Accuracy, Specificty, Sensitivity & Precision

In this study, the performance of three models, namely
ResNet50-GRU, ResNet50-LSTM, and the recommended
DenseNet201-GRU, was evaluated for the classification of

cancer images.
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Figure 6: Comparative analysis of different hybrid models ResNet50-
LSTM, ResNet50-GRU and Proposed model

Each model assigned only two potential values, 0 and 1.
According to Fig. 6, the recommended model consistently
outperformed ResNet50-GRU across all measured metrics,
including specificity, accuracy, sensitivity, and precision. The
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experimental assessments of the models' precision, specificity,
sensitivity, and accuracy are presented in the results.

C. ROC: Reciver-Operating Characteristics Analysis

In the evaluation of diagnostic tests, the area under the ROC
curve (Receiver Operating Characteristic curve) is a valuable
statistic that considers the trade-off between sensitivity and
specificity. This statistic is particularly useful for assessing the
effectiveness of tests in binary class identification, such as lung
cancer detection.

In the case of lung cancer detection, the ROC curves of three
models, namely DenseNet201-GRU, ResNet50-LSTM, and
ResNet50-GRU, are depicted in Fig. 7, 8, 9. By comparing the
ROC curves, it is evident that the proposed DenseNet201-GRU
model accurately distinguishes between normal cancer and
cancerous lymph nodes, surpassing the performance of
ResNet50-LSTM and ResNet50-GRU models.

ROC curve
1.0

0.8

0.6

0.4

True positive rate

0.2

—— AUC =0.973

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False positive rate

Figure 7: ROC Curve for the proposed DenseNet201-GRU Model

ROC curve
1.0

0.8

0.6

0.4

True positive rate

0.2

0.0 —— AUC = 0.968

0.0 0.2 0.4 0.6 0.8 1.0
False positive rate

Figure 8: ROC Curve for ResNet50-GRU Model
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Figure 9: ROC Curve for ResNet50-LSTM Model
D. Time Complexity

The summarized outcomes of the tests on the models'
temporal complexity are presented in the table below. It is
worth noting that tracking progress during training can be
challenging due to the lack of a controlled environment.
Therefore, test results are considered a crucial metric for
evaluating the efficacy and overall performance of the
techniques. In the specific case of lung cancer detection, a
binary class identification problem, the proposed
DenseNet201-GRU model outperforms both the ResNet50-
GRU and ResNet50-LSTM models. This phenomenon is
depicted in Figure 14, which compares the proposed model with
other popular deep learning algorithms used for binary tasks,
such as CNNs, DNNs, LSTMs, GRUs, and bilinear neural
networks. Notably, the DenseNet201-GRU model exhibits
higher accuracy in percentage terms compared to the
recommended models. However, it should be acknowledged
that the suggested framework has a few limitations that require
attention. To achieve faster training, the DenseNet-GRU
approach requires substantial computing power and specialized
hardware, such as a powerful graphics processing unit (GPU).
Looking ahead, future healthcare systems can leverage other
advanced Al technologies, including federated learning, deep
learning, reinforcement learning, and deep reinforcement
learning. Additionally, emerging sectors like Industry 4.0 and
Industry 5.0 are expected to contribute significantly to the
development of state-of-the-art medical equipment [59].

E. Confusion Matrix

To assess the classification performance of the implemented
model, a confusion matrix was employed. The confusion matrix
enables the classification of lung cancer into two categories:
normal and cancerous. Specifically, the DenseNet-GRU model
was evaluated using this classification measure and compared
with the ResNet-LSTM and ResNet-GRU models. The results
demonstrated that the DenseNet-GRU model outperformed the
other hybrid models in accurately classifying lung cancer. This
performance superiority is evident, which depict the
comparison among the models. In conclusion, the utilization of
a confusion matrix provided valuable insights into the
classification performance of the models. The DenseNet-GRU
model exhibited superior performance in accurately classifying
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lung cancer compared to the ResNet-LSTM and ResNet-GRU
models.

CONCUSLION

The primary objective of this study is to utilize CT scans of
the lung for the identification and categorization of cancerous
cells compared to healthy ones. The automated detection and
categorization of lung tissue areas in Whole Slide Images
(WSiIs) using a DenseNet201-GRU approach were explored.
Early diagnosis plays a critical role in effective patient care, and
automating tissue identification for lung cancer holds great
potential but poses significant challenges. A model was
developed in this study to aid in the diagnosis of lung cancer by
automatically employing multiple layer topologies for IDC
tissues. The efficacy of the proposed tumor detection method
was evaluated using various performance metrics, including
accuracy, fl-score, precision, recall, and specificity. The
Tensorflow 1.8 tool with the Keras APl was utilized for
implementation. Based on the collected data, it is evident that
the proposed architecture outperforms industry-standard
architectures and achieves the highest performance levels.
However, more extensive testing using larger real-time clinical
datasets is required for further validation. The proposed model's
results were compared to those of ResNet50-LSTM, ResNet50-
GRU, and other existing ML/DL models. DenseNet201-GRU
demonstrated higher precision, sensitivity, specificity, area
under the curve, and F1-score, while also exhibiting lower time
complexity (in milliseconds). Reducing the computational
complexity of the suggested approach is essential to facilitate
the accurate analysis and identification of tumor cells from the
perspective of radiologists. Additionally, the proposed model
holds potential for multiclass classification of lung cancer. In
conclusion, this study presents a novel approach for automated
detection and categorization of lung cancer cells using CT scans
and a DenseNet201-GRU model. The achieved results surpass
industry standards, showcasing the model's effectiveness in the
diagnosis of lung cancer. Further advancements in testing and
refinement are necessary, including the use of larger clinical
datasets and addressing computational complexity.
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