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Abstract

Lung cancer remains one of the leading causes of cancer-related deaths
worldwide, primarily because it is often diagnosed at an advanced stage when
treatment options are less effective. In many cases, early-stage lung cancer
is asymptomatic, meaning that patients do not experience noticeable symp-
toms until the disease has progressed. This delay in symptom onset leads
to a higher likelihood of late detection, by which point tumors may have
spread beyond the lungs, significantly reducing the effectiveness of available
treatments like surgery, radiation, and chemotherapy. Moreover, the subtle
and small size of early-stage lung nodules makes them difficult to detect in
medical imaging, as they can easily be missed or misinterpreted by radiolo-
gists. Therefore, improving early detection methods is critical for increasing
survival rates, as early-stage diagnosis allows for more timely intervention,
potentially curative treatments, and better overall patient outcomes.

This work investigates advanced methodologies for the early detection
and classification of lung cancer, leveraging cutting-edge object detection
and deep learning techniques. Lung nodules, often considered one of the
earliest indicators of lung cancer, are critical to identify accurately to enhance
early diagnosis and improve patient outcomes. To address this, we employ
the YOLOv7 architecture, renowned for its speed and precision, to detect
lung nodules in medical images, with a particular focus on identifying small,
subtle nodules that are often challenging to detect using standard imaging
techniques.

Following the detection phase, we utilize transfer learning with the pre-
trained VGG16 model for the classification of the detected nodules. Transfer
learning allows us to harness the power of VGG16’s deep feature extraction
while fine-tuning the model to be highly sensitive to lung nodule characteris-
tics. Together, these techniques enhance the accuracy, reliability, and speed
of nodule detection and classification, addressing the significant challenge of
early-stage lung cancer identification. By integrating these models, our ap-
proach not only improves diagnostic precision but also serves as a valuable
tool for radiologists, aiding them in making more informed, data-driven de-
cisions in clinical practice.

Key words: Lung cancer, Artificial Intelligence, Detection, Classifica-
tion, Deep learning.



Résumé

Le cancer du poumon reste I'une des principales causes de déces liés au
cancer dans le monde, principalement parce qu’il est souvent diagnostiqué
a un stade avancé, lorsque les options de traitement sont moins efficaces.
Dans de nombreux cas, le cancer du poumon a un stade précoce est asymp-
tomatique, ce qui signifie que les patients ne ressentent pas de symptomes
visibles tant que la maladie n’a pas progressé. Ce retard dans Iapparition
des symptomes conduit a une probabilité accrue de détection tardive, a la-
quelle les tumeurs peuvent s’étre propagées au-dela des poumons, réduisant
considérablement ['efficacité des traitements disponibles, tels que la chirur-
gie, la radiothérapie et la chimiothérapie. De plus, la petite taille et la sub-
tilité des nodules pulmonaires & un stade précoce les rendent difficiles a
détecter en imagerie médicale, car ils peuvent facilement étre manqués ou
mal interprétés par les radiologues. Par conséquent, améliorer les méthodes
de détection précoce est crucial pour augmenter les taux de survie, car un
diagnostic précoce permet une intervention plus rapide, des traitements po-
tentiellement curatifs, et de meilleurs résultats pour les patients.

Ce travail explore des méthodologies avancées pour la détection précoce
et la classification du cancer du poumons, en exploitant des techniques de
détection d’objets et d’apprentissage profond a la pointe de la technologie.
Les nodules pulmonaires, souvent considérés comme 1'un des premiers in-
dicateurs du cancer du poumon, sont essentiels a identifier avec précision
afin d’améliorer le diagnostic précoce et d’optimiser les résultats pour les
patients. Pour ce faire, nous utilisons ’architecture YOLOvT7, réputée pour
sa rapidité et sa précision, pour détecter les nodules pulmonaires dans les
images médicales, avec un accent particulier sur I'identification des nodules
petits et subtils, souvent difficiles a détecter a ’aide des techniques d’imagerie
conventionnelles.

Apres la phase de détection, nous utilisons l'apprentissage par trans-
fert avec le modele pré-entrainé VGG16 pour la classification des nodules
détectés. L’apprentissage par transfert nous permet d’exploiter la puissance
de 'extraction de caractéristiques profondes de VGG16 tout en ajustant le
modele pour qu’il soit tres sensible aux caractéristiques des nodules pul-
monaires. Ensemble, ces techniques améliorent la précision, la fiabilité et la
rapidité de la détection et de la classification des nodules, répondant ainsi au
défi majeur de 'identification du cancer du poumon & un stade précoce. En
intégrant ces modeles, notre approche améliore non seulement la précision
diagnostique, mais fournit également aux radiologues un outil précieux pour
prendre des décisions plus informées et basées sur les données dans la pra-
tique clinique.



Mots clés : Le cancer du poumons, Intelligence artificielle, Detection, Clas-
sification, Apprentissage profond.



Contents

List of Figures
List of Tables
List of Abbreviations

General introduction

Problematic . . . . . . . ..
Objectives . . . . . . . L
Methodology . . . . . . . . .

Thesis outline . . . . . . . .

Lung Cancer From a Medical Perspective

1.1 Introduction . . . . . . . . ..
1.2 Respiratory system . . . . . . . ...
1.3 Lungcancer . . . . . . . . ..

1.3.1 Lung cancer types . . . . . . . . Lo

1.3.2 Stages of lung cancer . . . . . . .. ... L
1.4  Epidemiology of lung cancer . . . . . . . . ... ... L.
1.5 Lung cancer factors, diagnosis and treatment . . . . . . . . .. .. ... ...
1.6 Current Challenges in Lung Cancer Diagnosis . . . . . . ... .. ... ...
1.7 Conclusion . . . . . . . ..

AT for the Detection and Classification of Lung Cancer

2.1 Introduction . . . . . . ..
2.2 Alin lung cancer diagnosis . . . . . . . . . . . ... oL
23 Key Conceptsin AL . . . .. . .. .

2.3.1 Artificial Intelligence . . . . . . .. ..o o0

11
12
13



Contents

2.3.2  Machine learning . . . . . . . . ..o 45
2.3.3 Deeplearning . . . . . . ..o 48
2.4 Computer-Aided Detection and Diagnosis (CAD) system for lung cancer . . 55
2.4.1 Available datasets for lung cancer . . . . . ... ... ... L. 56
2.4.2  Computer-Aided Detection (CADe) systems for lung cancer . . . . . 60
2.4.3 Computer Aided Diagnosis (CADx) system for lung cancer . . . . . . 72
25 Conclusion . . . . . . .. 74

3 A new approach based on deep learning for the detection and classification

of lung cancer 76
3.1 Imtroduction . . . . . . . . . .. 7
3.2 Related works . . . . . . . .. 7
3.3 Proposed Method . . . . . . . . .. . . 82
3.3.1 Data preparation . . . . . . . . ... 83

3.3.2 Lung nodule detection using transfer learning of YOLOv7 . . . . .. 91

3.3.3 Lung nodule classification with transfer learning of vggl6 . . . . . . . 95

3.4 Conclusion . . . . . . . . e 100

4 Results and Discussion 101
4.1 Introduction . . . . . . . . . L 102
4.2 Software and Hardware . . . . . . . . . . . ... ... 102
4.3 Results . . . . . . 102
4.3.1 Lung nodules detection . . . . . . .. .. .00 104

4.3.2 Lung nodules classification . . . . . . .. ..o 110

4.4 DicsusSsion . . . . . ... 112
4.5 Perspective . . . . . . 119
4.6 Conclusion . . . . . . . . . 119
General Conclusion 120
Scientific Production 122
Bibliography 123

Univ-Tebessa/Computer Science 2



List of Figures

1.1
1.2
1.3
1.4
1.5
1.6
1.7
1.8

2.1
2.2
2.3
24
2.5
2.7

2.6
2.8
2.9
2.10
2.11
2.12

3.1
3.2
3.3
3.4

Respiratory system [13] . . . . . . . .. ... Lo 17
Lung Cancer [17] . . . . . . . . . 20
Types of Non Small Cell Lung cancer [19] . . . . ... ... ... ... ... 21
Stage of Non Small Cell Lung Cancer [22] . . .. ... ... ... ...... 23
Stage of Small Cell Lung Cancer [22] . . . . ... ... ... ... ...... 25
Different type of lung nodule [28] . . . . . . ... ... .. Lo 31
Representation of juxtapleural lung nodules in CT scan images . . . . . . . . 32
Lung cancer risk factor . . . . . ... ..o 33
Machine learning algorithms . . . . . . . .. .. ..o 46
Machine learning Vs. Deep learning [79] . . . . .. .. ... ... ... ... 49
Neuron in Artificial Neural Network [80] . . . . . ... ... ... ... ... 50
The most common loss functions . . . . ... ... ... o1
Feedforward neural network composed of three layers [81] . . . . . . ... .. 52
Activation functions: (a): basic non-linear functions, (b): advanced non-linear

function [83] . . . . ... 53
The structure of a CNN [82] . . . . . ... ... 53
The scheme of RNN with one hidden layer [86] . . . . . .. ... ... .... 55
CAD system for lung cancer . . . . . . . . . .. ... 56
Timeline of YOLO variants [104] . . . . . ... .. .. ... 64
RCNN architecture [86] . . . . . . . . . ... 65
U-net architecture [128] . . . . . . . . . ... L 71
The overall architecture of the proposed approach [158] . . . . . ... .. .. 83
Example of a CT scan image in DICOM format [159]. . . . . ... ... ... 84
The Hounsfield scale of CT numbers [160] . . . . ... .. ... ... .... 85
The outcome after each step of lung segmentation process. . . . . . . .. .. 90



List of Figures

3.5
3.6
3.7
3.8
3.9

4.1

4.2

4.3

4.4
4.5

4.6
4.7
4.8
4.9
4.10
4.11

4.12

Schematic plot for (a) one-stage detector and (b) two-stage detector [163] . . 91
Training YOLO process . . . . . . . . . . . 92
First approach architecture . . . . . . . .. . ... o000 98
Second approach architecture . . . . . .. ..o 99
Third approach architecture . . . . . . . .. ... o0 100
Box loss, mAP, Precision and Recall curves of the first senario using whole

images [158] . . . . .. 105
Box loss, mAP, Precision and Recall curve using preprocessed images with
median filter [158] . . . . . . . .. 106
Box loss, mAP, Precision and Recall curve using preprocessed images with
adaptive median filter [158] . . . . . . ... Lo 107
Box loss, mAP, Precision and Recall curves using segmented images [158] . . 109

Some samples of lung nodule detection using three different inputs (result 1:

for whole image, result 2: for preprocessed images, result 3: for lung segmented

images [158]) . . . . .. 110
Confusion matrix of the first model [158] . . . . . ... ... ... ... ... 111
Confusion matrix of the second model [158] . . . . ... ... ... .. ... 111
Confusion matrix of the third model . . . . . . ... ... ... ... .... 112
mAP metric of different presented models . . . . .. ... 113
Comparison of three different models . . . . . . . ... ... ... .. .... 113
Some samples that show the ability of the model to detect lung nodules when

using whole images as input in training. . . . . .. ... ... 000 115
The model’s ability to detect small nodules . . . . . ... ... ... .... 116

Univ-Tebessa/Computer Science 4



List of Abbreviations

List of Tables

1.2
1.1
1.3
1.4
1.5
1.6

2.1
2.2

4.1
4.2

New Cases and Deaths for 10 types of cancers in 2020 worldwide [24] . . . . 27
New Cases and Deaths for 10 types of cancers in 2018 worldwide [25] . . . . 27
New Cases and Deaths for 10 types of cancers in 2022 worldwide [2] . . . . . 28
New Cases for 10 types of cancers in Algeria, 2022 [26] . . . . ... ... .. 29
Cancer-related deaths for 10 cancer categories in Algeria, 2022 [26] . . . . . . 29
5-year prevalence of 10 type of cancer in Algeria, 2022 [26] . . . . . . . . .. 30
Available databases . . . . . ... Lo 58
Thresholding types . . . . . . . . . . 67
Results of fine-tuned YOLOvT for lung nodule detection [158] . . . .. . .. 104
Comparison results between the proposed method and some lung nodule de-

tection methods. . . . . ... L Lo 118

Univ-Tebessa/Computer Science






List of Abbreviations

List of Abbreviations

pH:
NCSLS:
SCLC:
WHO:
IARC:
HRCT:
MDCT:
CDSS:
Al

CT:
MRI:
PET:
EBUS:
CAD:
CADe:
CADx:
ML.:
DL:
PCA.
t-SNE:
SGD:
FNN:
RNN:
CNN:
RGB:
Tanh:
ReLU:
DICOM.:

potentiel Hydrogene

Non-Small Cell Lung Cancer

Small Cell Lung Cancer

World Health Organization

International Agency for Research on Cancer
high-resolution CT

multidetector CT

Clinical Decision Support Systems
Artificial Intelligence

Computed Tomography

Magnetic Resonance Imaging

Positron Emission Tomography
Endobronchial Ultrasound
Computer-Aided Detection and Diagnosis
Computer-Aided Detection
Computer-Aided Diagnosis

Machine Learning

Deep Learning

principal component analysis
t-distributed Stochastic Neighbor Embedding
Stochastic Gradient Descent

Feedforward Neural Networks

Recurrent Neural Networks
Convolutional Neural Network
Red,Green and Blue

Hyperbolic Tangent

Rectified Linear Unit

Digital Imaging and Communications in Medicine)

Univ-Tebessa/Computer science



List of Abbreviations

HU:

LIDC-IDRI:

AAPM:
NCA:
NLST:
LDCT:
ISBI:

LUNA16:

ACRIN:
ROLI:
FCM.:
YOLO:
SSD:
FPN:
SPP:

E-ELAN:

R-CNN:
RPN:
SVM:
KNN:
GAN:
mAP:
AP:
IoU:
MD:
FP:
FN:
TP:
TN:

Hounsfield units

Lung Image Database Consortium and Image
Database Resource Initiative

American Association of Physicists in Medicine
National Cancer Institute

National Lung Screening Trial

Low-Dose Computed Tomography

International Symposium on Biomedical Imaging
LUng Nodule Analysis 2016

American College of Radiology Imaging Network
Region Of Interest

Fuzzy C-Means clustering

You Only Look Once

Single Shot MultiBox Detector

Feature Pyramid Networks

Spatial Pyramid Pooling

Extended Efficient Layer Aggregation Network
Region-based Convolutional Neural Network
Region Proposal Networks

Support Vector Machines

K-Nearest Neighbors

Generative Adversarial Networks

mean Average Precision

Average Precision

Intersection over Union

Malignancy Degree

False Positive

False Negative

True Positive

True Negative

Univ-Tebessa/Computer science



General introduction

Cancer is a group of diseases characterized by the uncontrolled growth and spread of abnormal
cells. If left unchecked, this can lead to death. It can develop almost anywhere in the body
and is classified based on the organ or type of cell where it begins. The development of
cancer is a multi-step process, often taking years or even decades to manifest symptoms.
It typically starts with genetic changes in cells, leading to the formation of a tumor, which
can be benign (non-cancerous) or malignant (cancerous). Malignant tumors have the ability
to invade nearby tissues and spread to other parts of the body through the bloodstream
and lymphatic system, a process known as metastasis. Among the various types of cancer,
lung cancer is particularly notorious due to its high mortality rate and aggressive nature [1],
accounting more than 1.8 million deaths globally in 2022 [2], making it the leading cause of
cancer-related mortality worldwide .

Lung cancer originates in the tissues of the lungs, usually in the cells lining the air
passages. It is often diagnosed at a late stage because its early symptoms are easily mistaken
for common respiratory ailments. This late diagnosis contributes to its high fatality rate.
Lung cancer remains one of the most critical areas of oncology, demanding ongoing research
and advances in detection, treatment, and prevention. Despite the use of advanced diagnostic
tools like X-rays, Computed Tomography (CT) scans, Magnetic Resonance Imaging (MRI),
and Positron Emission Tomography (PET) scans, each method presents challenges such as
high costs, radiation exposure, and the risk of false positives. Biopsies, while definitive,
are invasive and time-consuming [3]. These issues highlight the need for more efficient, cost-
effective, accurate and intelligent approache for early detection, especially in high-risk cancers

like lung cancer [4,5].

Problematic

The central problem addressed in our work can be divided into three main areas: the lim-

itations in lung cancer diagnosis, the challenges associated with accurately classifying lung



General introduction

cancer and the availability of dataset.
1. Limitations in lung cancer diagnosis

e Dependence on radiologist expertise: The primary imaging tools used for lung
cancer detection are CT scans and X-rays. While these technologies are valuable
for visualizing lung structures and identifying abnormalities, their effectiveness
largely depends on the skills and judgment of the radiologists who interpret them.
Radiologists must analyze complex images and detect subtle differences in lung
tissues, which can be subjective and prone to human error. The variability in ex-
pertise among radiologists means that interpretations can differ, sometimes leading
to inconsistencies in diagnoses. This reliance on human analysis underscores the
need for adjunct tools that can assist in enhancing the precision and reliability of

image interpretation [6].

o Impact of late-stage detection on survival rates: Lung cancer is often not detected
until it has progressed to an advanced stage [6], which substantially impacts pa-
tient prognosis. Once lung cancer reaches later stages, it is more likely to have
metastasized, spreading to other parts of the body and making it far more difficult
to treat effectively. Treatments such as surgery, chemotherapy, and radiation are
less successful when the disease has progressed, leading to lower survival rates.
Early-stage detection is critical as it increases the chances of successful treatment
and improved outcomes, emphasizing the urgent need for improved early diagnos-

tic methods.

o Detection challenges in early-stage lung nodules: Detecting small nodules is partic-
ularly challenging because these nodules may be tiny, faint, or obscured by other
lung structures on imaging. The subtle nature of these early lesions can cause
them to be overlooked during routine image analysis. Additionally, small nodules
may not exhibit distinctive features that set them apart from benign formations,
complicating the detection process. This difficulty highlights the limitations of
current imaging technologies and the need for advanced detection tools capable of

identifying these subtle signs of early disease more reliably [7].
2. Challenges in lung cancer classification

o Challenges in differentiating benign and malignant nodules: One of the most sig-

nificant challenges in lung cancer diagnostics is differentiating between benign

Univ-Tebessa/Computer Science 10
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and malignant nodules. Both types of nodules can share similar characteristics in
terms of size, shape, and density, making them difficult to classify based on visual
cues alone [8]. This ambiguity can lead to diagnostic errors such as false positives,
where benign nodules are mistakenly classified as malignant, resulting in unnec-
essary invasive procedures and patient anxiety. Conversely, false negatives, where
malignant nodules are misclassified as benign, can delay critical treatment, allow-
ing the cancer to progress undetected. Adding to this complexity, the presence of
nodules with indeterminate features that do not clearly align with either benign
or malignant characteristics. These nodules occupy a critical diagnostic middle
ground, creating uncertainty in diagnosis and treatment planning and emphasizing

the need for advanced methods to refine classification.
3. Dataset availability:

e One of the major challenges in lung cancer diagnosis using artificial intelligence
(AI) is the lack of standardized and structured datasets. Many existing datasets
do not have a format that is directly compatible with AI algorithms, which limits
their utility for training and evaluation. The absence of proper image annotations
and inconsistent classification of nodules, often make it difficult to utilize these
datasets effectively. This lack of structure necessitates significant preprocessing
to create a dataset that can support various Al approaches, ensuring reliable and

accurate model development.

Objectives

The objectives of this thesis are as follows:

« Develop an intelligent approach for lung cancer diagnosis: Create an intelligent
approach that integrates advanced artificial intelligence technologies to assist radiolo-
gists in the accurate detection and diagnosis of lung cancer. This approach should

minimize human error and improve efficiency in analyzing medical imaging.

o Prepare a dataset: Collect and prepare a comprehensive lung cancer dataset from
existing sources, ensuring that it is structured to be compatible with Al algorithms.
This includes ensuring the dataset has standardized formats for image annotations and
nodule classification. This structured dataset will serve as a reliable foundation for

training and evaluating various AI models for lung cancer detection.

Univ-Tebessa/Computer Science 11
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o Focus on early detection of lung cancer: The system should prioritize the early
identification of lung cancer, leveraging the fact that early detection significantly im-
proves patient outcomes. By identifying subtle signs of cancer in its early stages, the

system can prompt timely medical intervention.

o Detect small nodules: Early-stage lung cancer often presents as small nodules that
may be challenging to detect. The system must be fine-tuned to detect nodules within

the 3-30 mm range, ensuring that even the smallest, most elusive nodules are identified.

e Classification of lung cancer: Once nodules are detected, the system should be
capable of distinguishing between benign and malignant lesions. By providing a reliable
classification, it supports radiologists in making more accurate diagnoses and helps

reduce the likelihood of misdiagnosis.

Methodology

Artificial intelligence holds immense potential to transform lung cancer diagnostics by ad-
dressing challenges that traditional methods often fail to overcome. Among these Al-driven
strategies, object detection has proven particularly effective in identifying early-stage lung
nodules, enhancing precision in abnormality detection. This capability serves as a foundation
for advanced classification techniques, enabling comprehensive diagnostic solutions.
Building on this foundation, we propose an intelligent approach that integrates object
detection with transfer learning. This method excels in detecting small nodules, even within
the complex and heterogeneous structures of the lungs. Once detected, transfer learning clas-
sifies them, offering a reliable system to support radiologists in early diagnosis and treatment

planning.

e Object Detection for Lung Cancer Nodule Identification: We emphasize the
critical role of object detection techniques in lung cancer diagnostics, particularly in
identifying nodules as small as 3 mm and up to 30 mm in size. The early detection
of such nodules is paramount, as it significantly impacts the timely diagnosis and
treatment of lung cancer. However, this task is challenging due to the heterogeneous
nature of lung structures. The lungs are composed of varying tissue densities and
complex anatomical features, including airways, blood vessels, bronchi, and alveoli.
These diverse structures contribute to an intricate visual environment in CT scans,

where nodules can be easily obscured or confused with normal anatomical components.
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Adding to the complexity, lung nodules can present in different morphological forms.
Each form has distinct imaging characteristics, complicating the detection process.
Furthermore, non-nodular structures, such as blood vessels or parts of the bronchi, can
mimic nodular appearances. This similarity increases the likelihood of false positives,
where benign lesions or normal structures are mistaken for nodules, or false negatives,
where actual nodules are missed altogether. Despite these challenges, object detection
techniques have proven effective in navigating this complexity, offering a reliable method
for identifying abnormalities within the lungs. These techniques lay the foundation for

early diagnosis, which is critical for improving patient outcomes.

e Nodule Classification via Transfer Learning: Building upon the capabilities of
object detection, we employed transfer learning to classify the detected nodules. Trans-
fer learning leverages pre-trained models, which have been fine-tuned using our specific
dataset, to enhance classification accuracy. This approach is particularly beneficial in
medical imaging, where labeled data is often limited. By utilizing the features learned
from large-scale datasets, transfer learning accelerates model training and improves its

ability to differentiate subtle patterns within lung nodules.

Our aim was to design a high-performance system capable of assisting radiologists in
the early detection and classification of lung cancer. This intelligent approach not only
enhances diagnostic accuracy but also reduces the workload of radiologists, enabling
them to focus on complex cases requiring their expertise. The integration of object
detection and transfer learning demonstrates the potential of advanced Al techniques
in addressing the intricacies of lung cancer diagnosis, ultimately contributing to better

patient care and outcomes.

Thesis outline

This thesis is composed of four chapters which are:

o Chapter 1: Lung Cancer from a Medical Perspective- This chapter explores

lung cancer from a medical standpoint.

o Chapter 2: Artificial Intelligence for the Detection and Classification of

Lung Cancer- Defines the application of artificial intelligence (AI) in the detection
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and classification of lung cancer.

o Chapter 3: A New Approach Based on Deep Learning Techniques for the
Detection and Classification of Lung Cancer- Describes an overview of the re-

lated work, as well as our proposed method to detect and classify lung cancer.

o Chapter 4: Results and discussion- Dedicated to experimentation and analysis of

the results obtained, followed by a comparative study to validate the proposed work.

This thesis concludes with a general summary and future perspectives, offering a synthesis

of the proposed work and insights into potential advancements.
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Lung Cancer From a Medical Perspective

1.1 Introduction

The respiratory system is vital for numerous physiological functions, playing a crucial role
in maintaining homeostasis and supporting life. It regulates gas exchange, supports cellular
functions, maintains potentiel hydrogene (pH) balance, and protects against pathogens. The
lungs, as key components of this system, facilitate gas exchange between the body and the
external environment, delivering oxygen to tissues, and removing carbon dioxide [9].

Among the most perilous diseases affecting the lungs is lung cancer, which poses a signif-
icant public health threat due to its high mortality rates and challenges in early detection.
As one of the deadliest cancers, it often remains asymptomatic in its initial stages, leading to
delayed diagnoses and limited treatment options [10]. The risk increases due to its potential
to metastasize, spreading beyond the lungs and complicating effective treatment. Therefore,
early diagnosis is critical for improving outcomes. However, the lack of distinctive symptoms
in the early stages complicates this effort. To combat the significant threat posed by lung
cancer, raising awareness, promoting regular screenings for high-risk individuals, and invest-
ing in innovative diagnostic research are essential. Timely detection can markedly enhance
treatment success rates and improve prognoses for affected individuals.

In addressing the challenges of lung cancer detection, Artificial Intelligence (AI) has
rapidly transformed the medical landscape, revolutionizing disease detection, diagnosis, and
treatment. With its capacity to process vast amounts of data and identify patterns that
may elude human observers, Al technologies significantly enhance diagnostic accuracy and
efficiency [11]. For instance, in medical imaging, they demonstrate remarkable effectiveness
in interpreting complex radiological scans, such as X-rays, CT scans, and MRIs, with high
precision. These advancements enable clinicians to identify abnormalities earlier.

In the realm of lung cancer, Al assumes a particularly critical role in addressing the diag-
nostic challenges outlined earlier. By harnessing Al tools, the early detection of small lung
nodules, classification of tumor types, and prediction of malignancy become more precise,
leading to improved treatment planning and outcomes [12]. Al’s ability to analyze subtle
variations in imaging or tissue samples significantly reduces the risk of missed diagnoses and
enhances the detection of cancer in its nascent stages. As Al continues to evolve, its integra-
tion into clinical practice holds the promise of transforming cancer care, offering new hope
for early intervention and personalized treatment strategies.

In this chapter, we will explore lung cancer from a medical standpoint. We begin with
an overview of the respiratory system, followed by an in-depth examination of lung cancer,

including its epidemiology, risk factors, diagnostic methods, and treatment options. Lastly,
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we will address the various challenges faced in managing this disease.

1.2 Respiratory system

The respiratory system is a complex biological system responsible for exchanging gases, par-
ticularly oxygen and carbon dioxide, between the body and the external environment. It
includes various organs and structures that work together to facilitate the process of breath-
ing and ensure that the body receives an adequate supply of oxygen while expelling carbon
dioxide [13].

P

Masal Cavity A5 “t

Pharynx
_ Larynx

Trachea

- Bronchi

Diaphragm \ “
figure 1.1: Respiratory system [13]

Figurel.l presents the key components of the respiratory system include the following [14]:

o Nose and Nasal Cavity: The nose and nasal cavity filter, humidity and warm the

incoming air before it reaches the lungs.

o Pharynz (throat): The pharynx is a passage that connects the nose and mouth to the

larynx. It serves both the respiratory and digestive systems.

o Larynz (Voice Box): The larynx contains the vocal cords and is involved in producing

sound for speech.

o Trachea (Windpipe): The trachea is a tube that carries air from the larynx to the lungs.

It is reinforced with cartilage to prevent collapsing.
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e Bronchi and Bronchioles: The trachea branches into two bronchi, each leading to a

lung. These bronchi divide into smaller bronchioles, forming the respiratory tree.

e Lungs: The lungs are the main organs of respiration. They are soft, spongy organs
that house the bronchial tree and facilitate the exchange of gases in tiny air sacs called

alveoli.

o Alveoli: Alveoli are small, thin-walled sacs in the lungs where the exchange of oxygen

and carbon dioxide occurs in the bloodstream.

o Diaphragm: The diaphragm is a muscular partition that separates the chest (thoracic)
cavity from the abdominal cavity. It plays a crucial role in breathing by contracting

and relaxing, causing changes in thoracic pressure.

The respiratory system facilitates breathing through two processes: inhalation and ex-
halation. Inhalation involves taking in air through the nose or mouth, which travels down
the trachea, bronchi, and bronchioles to reach the alveoli in the lungs. Oxygen from the air
diffuses through the alveolar walls into the bloodstream, where it binds to red blood cells
and is delivered to the body’s cells to support their function.

Exhalation is the process of expelling air from the body. Carbon dioxide, a waste product
of cellular activity, moves from the cells into the bloodstream, travels to the alveoli, and is
expelled during breathing out.

Gas exchange between the lungs and the bloodstream occurs due to a concentration gradient:
oxygen moves from the alveoli into the blood, while carbon dioxide moves from the blood
into the alveoli to be exhaled [15].

The mechanics of breathing involve:

 Inhalation (Inspiration): The diaphragm contracts and moves downward, while the
intercostal muscles between the ribs contract, expanding the chest cavity and decreasing

pressure to draw air into the lungs.

» Exhalation (Expiration): The diaphragm relaxes and moves upward, while the inter-

costal muscles relax, reducing chest cavity size and increasing pressure to expel air.

The lungs are part of the respiratory system, the group of organs and tissues necessary
for breathing. There are two lungs, and they take up almost all the space inside the chest.
Each lung is divided into lobes (sections), where the right lung has three lobes and is slightly
wider than the left lung, and the left lung has two lobes. The heart rests on the cardiac
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incisura, which is a hollow in the lower lobe. The main functions of the lungs are to transfer
oxygen from the air into the blood and to release carbon dioxide from the blood into the air.
Air enters through the mouth or nose and travels down the trachea, bronchi, and bronchioles
to the alveoli. The exchange between oxygen and carbon dioxide takes place in the alveoli.
The alveoli absorb oxygen from the air before sending it into the blood, which circulates it
throughout the body.

Carbon dioxide, which is a waste product from body cells, passes from the blood to the
alveoli before being exhaled [16]. The lungs produce a mixture of fat and protein called
lung surfactant. The surfactant coats the surface of the alveoli, making it easier for them to
expand and contract with each inhale/exhale. They also help protect the body from harmful
substances in the air, such as smoke, pollution, bacteria, and viruses. These substances can
pass through the nose and become trapped in the lungs. The lungs produce a thick viscous
fluid called mucus that can trap and partially destroy these substances from the air. The
cilia. move quickly to push mucus into the bronchi, where it is evacuated when the person

coughs or swallows.

1.3 Lung cancer

Cancer is a broad group of diseases characterized by the uncontrolled growth and spread of
abnormal cells in the body. Normally, human cells grow, divide, and die in an orderly manner.
However, in cancer, the genetic material (DNA) of a cell becomes damaged or altered, leading
to mutations that disrupt normal cell function. These changes cause the cells to grow and
divide uncontrollably, forming a mass of tissue called a tumor. Some cancers, like leukemia,
don’t form tumors but instead affect the blood or bone marrow.

Cancer can be benign or malignant:
o Benign tumors: Non-cancerous growths that do not spread to other parts of the body.

o Malignant tumors: Cancerous growths that invade nearby tissues and can spread to

other parts of the body (a process called metastasis).

It is classified based on the origin of the affected cells or tissue, as well as the specific
organ or body part where it begins. For example, cancer that starts in the lungs is called lung
cancer, while cancer originating in the breast tissue is known as breast cancer, and cancer

that begins in the liver is termed liver cancer.
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Lung cancer, one of the most aggressive forms of cancer, originates in the cells of the lungs,
typically within the airways (bronchi) or the alveoli, where oxygen exchange takes place. It
develops when lung cells undergo abnormal changes, leading to uncontrolled growth and the
formation of a tumor, as shown in Figure 1.2. It is the leading cause of cancer-related deaths
worldwide, largely due to its strong link to smoking, as well as other environmental risk
factors. Its aggressive nature and tendency to be diagnosed at advanced stages contribute to

its high mortality rate.
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figure 1.2: Lung Cancer [17]

1.3.1 Lung cancer types

There are two main types of lung cancer, classified based on the appearance of the cancer
cells under a microscope. Non-small cell lung cancer (NSCLC) is the most common type,
accounts for almost 85% of all lung cancers and can develop from various types of cells within
lung tissue. On the other hand, SCLC (Small Cell Lung Cancer) is less common, accounting

for almost 15% of lung cancers, and arises from cells that line the bronchi [18].

o Non-Small Cell Lung Cancer (NSCLC) tends to grow and spread more slowly than
SCLC, it can develop from various types of cells within the lung tissue, including
squamous cells, glandular cells, and cells that line the bronchi, and often starts in the

outer regions of the lungs and may be present for a longer period before symptoms
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become noticeable. The NSCLC is divided into three main subtypes, each one has
distinct characteristics and may respond differently to treatment that depends on the
stage of cancer, but can include surgery, radiation therapy, chemotherapy, targeted
therapy, and immunotherapy. Figurel.3 presents the the different subtypes of NSCLC
[19], which are:

— Adenocarcinoma: Usually begins in mucus-producing cells and is more common
in non-smokers.

— Squamous cell carcinoma: Originates in the flat cells lining the airways, often

associated with smoking.

— Large cell carcinoma: A less common, fast-growing type that can appear in any

part of the lung.

Types of non-small cell lung cancer
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figure 1.3: Types of Non Small Cell Lung cancer [19]

o Small Cell Lung Cancer (SCLC) is often associated with heavy smoking and character-
ized by its rapid growth and early spread to other parts of the body, including distant
organs. It is considered more aggressive than NSCLC.

SCLC is divided into two stages: the limited stage, where cancer is confined to one
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lung and nearby lymph nodes, and the extensive stage, where cancer has spread be-
yond the lung. It is typically treated with chemotherapy, radiation therapy is also
commonly used, especially for limited-stage of SCLC but surgery is generally not a

primary treatment option due to the aggressive nature and early spread of SCLC.

Lung cancer symptoms can vary and may not appear in the early stages of the disease.
As the cancer progresses, symptoms may become more noticeable, some of them combine

breathing problems and a change in the patient’s general condition such as:
o The onset of a cough or an increase in chronic bronchitis cough.
» Bloody sputum (hemoptysis).

» Appearance or worsening of difficulty breathing (dyspnea or shortness of breath) in the

absence of proven heart problems.
o Recurrent lung infections (bronchitis or pneumonia).

» Severe acute or chronic pain (such as a side stitch suggesting a muscle tear or shoulder

pain suggesting rheumatism).
o Unusual and persistent fatigue.

o Loss of appetite.

Weight loss.

Patients with lung cancer may experience less common symptoms caused by nerve or
organ compression within the respiratory system. These include voice changes (dysphonia),
difficulty swallowing (dysphagia), wheezing due to airway compression, and chest pain from

conditions like pleurisy or pericarditis.

1.3.2 Stages of lung cancer

Lung cancer staging is critical for determining treatment options and prognosis. It describes
the size of the tumor, its spread within the lungs, and whether it has metastasized (spread)
to other parts of the body [20,21]. The most commonly used staging system for lung cancer
is the TNM classification:

o T (Tumor): Describes the size and extent of the main tumor.
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o N (Nodes): Indicates whether the cancer has spread to nearby lymph nodes.

o M (Metastasis): Refers to whether the cancer has spread to other parts of the body.

Based on these factors, NSCLC is classified into stages ranging from Stage 0 to Stage IV

as presented in Figurel.4 based on the extent of the disease as follow:

Non-Small Cell Cancer Staging
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figure 1.4: Stage of Non Small Cell Lung Cancer [22]

» Stage 0 (Carcinoma in Situ): Is characterized by the presence of abnormal cells confined
to the lining of the airways, without invasion into deeper lung tissues or lymph nodes.
This stage is often asymptomatic, making it typically detectable only through screening.
The prognosis for Stage 0 is favorable, with a high likelihood of successful treatment,

usually achieved through surgical removal of the affected tissue if identified early.

o Stage 1: Localized Cancer is characterized by tumors confined to the lungs, with no
spread to lymph nodes or other areas. In Stage 1A, the tumor is 3 c¢cm or smaller
and remains restricted to lung tissue, while Stage 1B involves tumors between 3 and
4 cm that may have invaded nearby tissues, such as the bronchus, but still without
lymph node involvement or metastasis. Patients in this stage are often asymptomatic
or present with nonspecific symptoms, like a persistent cough, making early detection
challenging. It is frequently identified incidentally during imaging for other issues. The
prognosis for Stage 1 lung cancer is generally favorable, with high treatment success
rates, particularly through surgical resection, which can potentially lead to a cure if

detected early.
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o Stage 2: Larger Tumor or Lymph Node Involvement is characterized by tumors that
may be larger in size and the potential for early spread to nearby lymph nodes, although
there is no metastasis to distant body parts. In Stage 2A, the tumor ranges from 4 to
5 cm and may involve nearby lymph nodes, possibly extending into the main bronchus
or visceral pleura. In Stage 2B, the tumor may exceed 5 cm, with limited lymph node
involvement, or it could be smaller but more invasive, affecting surrounding structures
like the chest wall. Patients in this stage may begin to experience symptoms such as
shortness of breath, wheezing, chest pain, or frequent respiratory infections; however,
these symptoms can still be quite vague. The prognosis for Stage 2 lung cancer remains
relatively favorable, as it is still considered localized, and treatment options such as
surgery combined with chemotherapy or radiation therapy can often lead to long-term

remission, though the risk of recurrence is higher compared to Stage 1.

» Stage 3: Locally Advanced Disease is characterized by the spread of cancer to nearby
lymph nodes and potential invasion of nearby structures such as the chest wall, di-
aphragm, or mediastinum (the space between the lungs). It is subdivided into two
categories: Stage 3A, where the cancer has spread to lymph nodes on the same side
of the chest as the primary tumor and may involve structures like the chest wall, peri-
cardium (lining of the heart), or diaphragm, and Stage 3B, where the cancer has spread
to lymph nodes on the opposite side of the chest or above the collarbone, potentially
involving major structures such as the heart, trachea, or esophagus. Symptoms become
more pronounced in Stage 3, including persistent coughing, coughing up blood (hemop-
tysis), chest pain, difficulty breathing, hoarseness, and fatigue. Systemic symptoms like
weight loss and night sweats may also arise due to the spread to lymph nodes. Treating
Stage 3 lung cancer is challenging, requiring a combination of surgery, chemotherapy,
and radiation therapy, but long-term remission is still possible, especially with newer

treatments like immunotherapy.

o Stage 4: Metastatic Disease is the most advanced stage of lung cancer, where the
cancer has spread (metastasized) to distant organs such as the brain, liver, bones, or
other parts of the lungs. In Stage 4A, the cancer may have spread to the other lung,
pleural fluid (causing malignant pleural effusion), or to limited distant sites, such as a
single organ. In Stage 4B, the cancer has widely metastasized to multiple organs or
areas throughout the body. Symptoms vary depending on the affected organs—brain
metastases may cause headaches, seizures, or cognitive changes, while bone metastases

can lead to bone pain or fractures. General symptoms of advanced cancer include
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fatigue, loss of appetite, weight loss, and severe respiratory difficulties. The prognosis
for Stage 4 lung cancer is generally poor, with treatment primarily focused on palliative

care to manage symptoms and improve quality of life.

On the other hand, the Small Cell Lung Cancer (SCLC) is classified into two stages [20]:

limited stage and extensive stage as indicated in the Figurel.5.

o Limited stage: The cancer is confined to one lung and may or may not have spread to
nearby lymph nodes in the mediastinum (the area between the lungs). This stage is
generally considered more treatable and localized, often managed with a combination

of chemotherapy and radiation therapy.

» Extensive stage: Occurs when the cancer has spread beyond the originally affected lung
to the opposite lung, pleura, or distant organs such as the liver, bones, or brain. This
stage is more challenging to treat and requires systemic therapies like chemotherapy;,

with a focus on controlling symptoms and extending survival.

Small Cell Lung Cancer Staging
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I lung and its nearby tissues. I I lung or to distant organs. I

figure 1.5: Stage of Small Cell Lung Cancer [22]

1.4 Epidemiology of lung cancer

Lung cancer stands as a pervasive and formidable health challenge, its prevalence having a

profound impact on global public health. As one of the most prevalent cancers worldwide,
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its sheer incidence places an enormous burden on healthcare systems. The World Health Or-
ganization (WHO) reports millions of new cases annually, emphasizing the urgent need for
effective prevention, early detection, and treatment strategies. In particular, lung cancer ex-
hibits gender disparities, historically affecting more men, although an increasing incidence in
women is evident. Geographical variations further contribute to its prevalence, with regional
differences reflecting diverse smoking patterns, environmental exposures, and healthcare in-
frastructure [23]. Linked predominantly to age, the majority of lung cancer cases manifest
in individuals over 65, underscoring the aging demographic as a significant factor.

The strong association with cigarette smoking remains a primary contributor to the disease’s
prevalence, emphasizing the crucial role of tobacco control in mitigating its impact. The
economic ramifications are substantial and encompass the costs of diagnosis, treatment, and
the broader social toll through productivity losses. Recognizing the prevalence of lung can-
cer emphasizes the imperative for concerted efforts in research, public health initiatives, and
policy interventions to reduce its incidence, enhance early detection, and ultimately alleviate

the considerable burden it places on individuals and healthcare systems globally.

When analyzing data from the tables (Tablel.1 , Tablel.2 , and Table 1.3), which represent
the number of new cancer cases between 2018 and 2022, we have found that lung cancer has
become the most prevalent type of cancer that ranked first in terms of new cases detected
in 2018, and it held the top position in the number of new cancer deaths in both 2018
and 2020 [24,25], By 2022, lung cancer helds the number one spot for both new cases and
deaths [2]. This alarming increase indicates that lung cancer is rapidly spreading and poses
a significant threat to the population. It is noteworthy that lung cancer was previously
thought to be limited to men, but recent statistics show that it is now affecting a group of
women as well. These findings suggest that there is a pressing need for greater awareness

and preventative measures to combat this deadly disease [26].
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Cancer

Number of new cases

Number of depths with cancer

Female breast

Lung

Prostate
Nonmelanoma of skin
Colon

Stomach

Liver

Rectum

Cervix uteri

Esophagus

2261419 (11.7)
2206771 (11.4)
1414259 (7.3)
1198073 (6.2)
1148515 (6.0)
1089103 (5.6)
905677
732210
604127

(
4.7
3.8
3.1
604100 (3.1

~~ —~ —~

)
)
)
)

684996 (6.9)
1796144 (18.0)
375304 (3.8)

63731 (0.6)
576858 (5.8)
768793 (7.7)
830180 (8.3)
339022 (3.4)
341831 (3.4)
544076 (5.5)

Table 1.2: New Cases and Deaths for 10 types of cancers in 2020 worldwide [24]

Cancer Number of new cases | Number of dephts with cancer
Lung 2093876 (11.6) 1761007 (18.4)
Breast 2088849 (11.6) 626679 (6.6)
Prostate 1276106 (7.1) 358989 (3.8)
Colon 1096601 (6.1) 551269 (5.8)
Nonmelanoma of skin 1042056 (5.8) 65155 (0.7)
Stomach 1033701 (5.7) 782685 (8.2)
Liver 841080 (4.7) 781631 (8.2)
Rectum 704376 (3.9) 310394 (3.2)
Esophagus 572034 (3.2) 508585 (5.3)
Cervix uteri 569847 (3.2) 311365 (3.3)

Table 1.1: New Cases and Deaths for 10 types of cancers in 2018 worldwide [25]

In Algeria, lung cancer ranks third among the most common cancers in Algeria, with 5040
new cases, representing 7.8% of all cancer diagnoses reported in 2022 as presented in Table 1.4.
Despite this relatively lower incidence compared to breast and colorectal cancers, it is one of
the most fatal, responsible for 4599 deaths, accounting for 12.9% of cancer-related mortality
(Table 1.5). Additionally, the five-year prevalence of lung cancer stands at 6725 cases, with
a proportional rate of 14.8 per 100000 people (Table 1.6), reflecting its substantial burden

on the healthcare system. This disparity between incidence and mortality underscores the
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Cancer Number of new cases | Number of dephts with cancer
Lung 2480301 (12.4) 1817172 (18.7)

Breast 2308897 (11.6) 665684 (6.9)

Colon 1926118 (9.6) 903859 (9.3)

Prostate 1466680 (7.3) 396792 (4.1)

Nonmelanoma of skin
Stomach

Liver

Thyroid

Cervix uteri

Bladder

Non-Hodgkin lymphoma

331647 (1.7)
968350 (4.
865269 (4.
821173 (4.
661021 (3.
613791 (3.
(2.

9
3
1
3
1
553010 (2.8

)
)
)
)
)
)

58645 (0.6)
659853 (6.8)
757948 (7.8)
47485 (0.5)
348189 (3.6)
220349 (2.3)
250475 (2.6)

Table 1.3: New Cases and Deaths for 10 types of cancers in 2022 worldwide [2]

aggressive nature of lung cancer and highlights the challenges in early detection and effective

treatment, emphasizing the urgent need for targeted public health initiatives focused on

prevention, early screening, and innovative therapies.

Given the strong association with smoking and other environmental factors which will be

explained in the next section, lung cancer remains a pressing public health issue not only in

Algeria but around the world. Comprehensive prevention efforts, such as smoking cessation

programs and early detection, are critical to reducing the disease’s impact.
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Cancer Number of new cases | % of new cases
Breast 14601 22.6
Colorectum 7747 12
Lung 5040 7.8
Prostate 3514 5.4
Bladder 3240 5
Stomach 2785 4.3
Thyroid 2519 3.9
NHL 2226 3.4
Brain CNS 2038 3.1
Cervix uteri 1799 2.8

Table 1.4: New Cases for 10 types of cancers in Algeria, 2022 [20]

Cancer Number of Deaths | % of new cases
Breast 4893 13.7
Colorectum 4380 12.2
Lung 4599 12.9
Prostate 1333 3.7
Bladder 1818 5.1
Stomach 2250 6.3
Thyroid 358 1.0
NHL 1187 3.3
Brain CNS 1575 4.4
Cervix uteri 1013 2.8

Table 1.5: Cancer-related deaths for 10 cancer categories in Algeria, 2022 [26]
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Cancer Number Prop. (per 100000)
Breast 47259 210.6
Colorectum || 22192 42.9
Lung 6725 14.8
Prostate 8124 35.5
Bladder 9863 21.8
Stomach 4330 9.6
Thyroid 8599 19.0
NHL 7118 15.7
Brain CNS 7675 16.9
Cervix uteri || 5442 24.3

Table 1.6: 5-year prevalence of 10 type of cancer in Algeria, 2022 [20]

1.5 Lung cancer factors, diagnosis and treatment

Before examining the factors associated with lung cancer, it is essential to understand lung
nodules, as they can serve as important indicators of potential risk for the disease. The
presence of lung nodules may suggest the possibility of malignancy, particularly when they
exhibit certain characteristics such as irregular shape, size greater than 1 cm, or noticeable
growth over time. This is especially significant for individuals with a history of smoking,
exposure to carcinogens, or a family history of lung cancer. In these cases, the detection of a
lung nodule heightens the suspicion of cancer and necessitates further diagnostic evaluation.

In the context of lung cancer screening, lung nodules can be categorized into two main
types: solid, and sub-solid nodules [27] as presented in the Figure 1.6, each of which carries

varying degrees of clinical significance.
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figure 1.6: Different type of lung nodule [28]

e A solid nodule: Is a dense area that completely obscures the underlying lung struc-
tures on imaging, such as a CT scan. These nodules may be benign, such as scars or

granulomas, but they also raise concern for malignancies like lung cancer.

o Subsolid nodules: Are less dense than solid nodules and are further categorized into

two types: part-solid nodules and ground-glass nodules (GGNs).

— A part-solid nodule: Contains both a solid component and a less-dense ground-
glass area. The presence of both components makes part-solid nodules more sus-
picious for cancer, particularly invasive adenocarcinoma, and they often require

closer follow-up.

— Ground-glass nodules (GGNs): Appear as hazy areas on scans, through which
the underlying lung tissue remains visible. GGNs are less dense than solid nod-
ules and are often associated with early-stage lung adenocarcinoma. Although
they can also arise from benign causes like inflammation or infection, persistent
GGNs, particularly those that develop a solid component, are more concerning

and typically warrant long-term monitoring.

If nodules are located adjacent to the pleura, they are referred to as juxtapleural nodules,
as shown in Figurel.7. These nodules can arise from various conditions, including benign
processes like infections or inflammation, as well as malignant conditions such as lung cancer.

When juxtapleural nodules are detected in high-risk individuals, their proximity to the pleura
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figure 1.7: Representation of juxtapleural lung nodules in CT scan images

makes them critical in assessing lung cancer risk. Nodules that exhibit irregular characteris-
tics or show growth over time are particularly concerning, which leads medical guidelines to
recommend close monitoring and evaluation.

While not all nodules are cancerous, their detection is a crucial signal for increased
scrutiny and appropriate follow-up, especially in high-risk populations. On the other hand,
micro-nodules, typically measuring less than 10 mm, are often benign and usually do not
pose significant health risks. These smaller nodules can arise from various factors, including
infections, inflammation, or other non-cancerous conditions. However, as nodules increase in
size—particularly those exceeding 30 mm in diameter or those within the 10 mm to 30 mm
range—the likelihood of abnormalities [29], including malignancy, becomes greater. Thus,
while larger nodules may still be benign, their potential association with lung cancer neces-
sitates careful evaluation.

Lung cancer is rarely caused by a single factor, but typically develops from a combina-
tion of multiple risk elements. These factors include environmental exposures, occupational
hazards, and lifestyle choices, all of which contribute to the risk of developing the disease as
present in the Figurel.8.

Active smoking is the leading contributor responsible for 9 out of 10 cancers in men (87%)
and 7 out of 10 cancers in women (70%) [30]. In addition to smoking, exposure to harmful
substances in both everyday and professional environments further heightens the risk. The

lungs, being directly exposed to inhaled toxins, are particularly vulnerable, with smoking
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Lung Cancer Risk Factors
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figure 1.8: Lung cancer risk factor

dramatically increasing the likelihood of lung cancer. Each of these factors, especially the

impact of smoking, will be explored in detail.

1. Environmental factors

o Passive smoking or second-hand smoke: exposure to passive smoking in living

spaces, whether at home or in the workplace, increases the risk of lung cancer
by 20-30% in non-smoking adults [31,32]. In a non-smoking person continuously
exposed to the smoke of others, the risk of cancer increases by 26%. Non-smokers
exposed to secondhand smoke inhale many of the same carcinogens and toxic
substances as smokers. Even short-term exposure to secondhand smoke can cause
cellular damage that initiates the cancer process. Similarly to direct smoking,
the risk of lung cancer increases with the duration and intensity of exposure to

second-hand smoke.

Radon: originating from the decay of uranium-238, pervades indoor and out-
door environments and poses a significant lung cancer risk to both smokers and
nonsmokers. Found in underground mines and penetrating buildings through soil,
water, and construction materials, this inert gas has been extensively documented,
through studies on miners and animal research, to cause lung cancer. Therefore,

radon is recognized as an essential risk factor for lung cancer among the general
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population, attributed to its widespread nature and extensive exposure in indoor
environments [33].

Radon stands as the second leading cause of lung cancer [34], and it is classified
as a definitive carcinogen by the World Health Organization (WHO) in 1987. Its
danger, particularly when combined with tobacco use, is notable, the risk of de-
veloping lung cancer from exposure to radon is twenty times greater in smokers
than in nonsmokers, this underscores the compounded risk factors for radon and
tobacco, highlighting the critical need for awareness and preventative measures

against radon exposure.

e Outdoor air pollution: Air pollution, particularly PM2.5, was estimated to be
responsible, in 2015, for 4% of all newly diagnosed cases of lung cancer as men-
tioned in the research conducted by D. F. Xing et al. [35], where they explained

the relation between outdoor air pollution and lung cancer.

o Opium consumption: In september 2020, the International Agency for Research on
Cancer (IARC) identified as a confirmed carcinogenic factor for lung cancer. This
classification applies specifically to the consumption of raw opium, and derived
from opium waste [36]. As an environmental exposure, opium consumption high-
lights how certain substances in the environment, particularly those encountered
in specific cultural or geographic contexts, can contribute to the development of
lung cancer. However, this classification does not extend to other opiates such as
heroin, morphine, or codeine, nor does it include synthetic opioids like fentanyl
used in medical settings. This underscores the broader impact of environmental

exposures, beyond tobacco, in contributing to lung cancer risk.
2. Professional exhibitions:

o Approximately 10 to 15% of lung cancers are attributable to occupational expo-
sure to asbestos. It is the most common occupational exposure associated with
bronchial cancer. According to the National Institute for Research and Safety,

around 15% of all lung cancers are caused by professional exposure [37,38].

3. Suspected risk factors: Other risk factors for lung cancer, identified as group 2A by
the International Agency for Research on Cancer (IARC) [39], are considered probable

human carcinogens. These include exposure to:

o Cobalt metal in the presence of tungsten carbide
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¢ Dichloromethane
o A-chlorinated toluenes

o Epichlorohydrin

Lung cancer diagnosis

Lung cancer often presents in advanced stages, which is why early diagnosis is crucial to
improve outcomes and increase survival rates. Due to the lack of noticeable symptoms in
the early stages and the rapid progression of the disease, lung cancer is frequently diagnosed
after it has already spread to other parts of the body. However, with advances in screening
programs and increased awareness of risk factors, early detection efforts are becoming more
effective.

Screening programs, such as computed tomography (CT) scans for individuals at high risk,
can help detect lung cancer at earlier, more treatable stages before symptoms develop. Iden-
tifying lung cancer in its early stages allows for more effective treatment options, including
surgical resection, targeted therapy, immunotherapy, and radiation therapy. In addition,
early diagnosis provides patients with the opportunity to participate in clinical trials and
access novel therapies that can improve outcomes and prolong survival. Diagnosis methods
for lung cancer typically involve a combination of imaging studies, laboratory tests, and tis-
sue sampling. Below are several prevalent diagnostic techniques used to identify and confirm

lung cancer:

1. Medical imaging: Is interesting in the diagnosis and management of lung cancer.
Various imaging modalities are utilized to detect, characterize, and stage lung tumors,

among the common imaging techniques employed in lung cancer diagnosis we cite:

o X-rays (Chest Radiography): Are utilized to examine the chest, providing
an image that reveals the density of structures within the thoracic cavity. Chest
X-rays serve as the primary imaging tool in the initial evaluation of individuals
suspected of having lung cancer [40], enabling the detection of abnormalities like
lung nodules, masses, consolidations, or pleural effusions. However, they have
limited sensitivity to identify small or early stage tumors and may not provide
detailed anatomical information. Furthermore, distinguishing between benign and

malignant lesions may prove challenging with chest X-rays alone.

o Computed Tomography (CT) scans: It is widely used in the evaluation of

lung cancer, it utilizes X-rays to generate detailed cross-sectional images of the
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lungs and surrounding structures, which aids in the detection and characterization
of tumors. CT scans offer exceptional sensitivity to detect small nodules, assess
tumor size and location, delineate invasion into nearby structures such as the
chest wall or mediastinum, and identify metastases to distant organs or lymph

nodes [40].

o Positron Emission Tomography (PET) Scan: Utilizes a radioactive tracer,
usually fluorodeoxyglucose, to detect regions of increased metabolic activity within
the body. When combined with CT imaging (PET/CT), PET scans offer com-
prehensive anatomical and functional information. They play a crucial role in
staging lung cancer, identifying distant metastases, evaluating treatment efficacy,
and tracking disease advancement. However, PET scans can produce false positive
findings in areas of inflammation or infection and have inferior spatial resolution
compared to CT scans. Furthermore, PET scans involve exposure to ionizing

radiation, which is an important consideration in clinical decision-making.

+ Magnetic Resonance Imaging (MRI): Employs magnetic fields and radio
waves to generate highly detailed images of the chest, offering superior soft tissue
contrast and intricate anatomical details. Although it’s less frequently utilized
compared to CT scans for lung cancer diagnosis, MRI holds particular value in
specific scenarios, such as examining tumors that may have invaded adjacent struc-
tures like the mediastinum or chest wall. It’s especially useful for assessing vascular
involvement, evaluating mediastinal masses, or providing further characterization
of lesions initially identified through other imaging techniques, leveraging its ex-

ceptional capability to distinguish between different types of tissues.

2. Laboratory Tests These tests involve analyzing various samples from the body, such
as blood, sputum, or other bodily fluids, to detect specific markers or abnormalities

associated with the disease. There exist more kinds of laboratory tests like [41]:

e Blood test: While blood tests alone do not diagnose lung cancer, they offer valuable
insight into the general health of a patient and the functioning of various organs
in the body.

o Sputum Clytology: analyzing mucus expelled from the lungs to identify cancer
cells, this diagnostic method can detect lung cancer cells, particularly for cancers

originating in the major airways of the lung, such as squamous cell lung cancers.

3. Biopsy and Tissue Sampling
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o A lung biopsy: Is a critical diagnostic tool for identifying various lung diseases,
including tumors, infections, and other lung conditions. The procedure involves
collecting lung tissue samples and requires a collaborative, interdisciplinary team
approach for optimal execution and patient care. This process not only helps in
diagnosing the condition but also in planning the best treatment strategy, empha-
sizing the importance of preparation, technique, and post-procedure management

to minimize complications and improve patient outcomes [42].

e Bronchoscopy: Is a procedure that uses a flexible tube called a bronchoscope to di-
rectly observe the lungs and airways, it is enhanced by Endobronchial Ultrasound
(EBUS) technology, which integrates ultrasound imaging. This combination al-
lows for the visualization of structures beyond the airway walls, such as nearby
lymph nodes, making EBUS-guided biopsies invaluable for sampling suspicious le-
sions within the lungs and mediastinum for both diagnostic and staging purposes.
The minimally invasive nature of EBUS, along with its ability to offer real-time
guidance during biopsy procedures, significantly reduces the necessity for more
invasive surgical interventions, making it a key technique in the management of

lung cancer [43].

Lung cancer treatment

The treatment and prognosis of lung cancer are influenced by several factors, including the
specific type of cancer, the disease’s stage at diagnosis, and the patient’s medical history.
Generally, early-stage lung cancer offers better recovery prospects compared to advanced
stages, making early detection crucial for enhancing the quality of life for patients and their
families, which can lead to improved treatment outcomes. First-line treatments for lung

cancer typically include three main approaches:

o Surgery: Often utilized in the early stages when the tumor is localized and has not

spread to other parts of the body.
o Radiotherapy: This method uses radiation to target and shrink tumors.
e Drug Treatments, which encompass:

— Chemotherapy: Aimed at reducing tumor size and killing cancer cells.

— Targeted Therapies: These focus on specific genetic markers or pathways involved

in cancer growth.
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— Immunotherapies: These enhance the body’s immune response against cancer.

Multidisciplinary teams of specialists collaborate to provide comprehensive treatment and
care for lung cancer patients. Additionally, supportive care plays a vital role in managing
symptoms, and offering emotional support to improve the overall well-being of those affected

by lung cancer.

1.6 Current Challenges in Lung Cancer Diagnosis

Challenges persist in the diagnosis of lung cancer, particularly in terms of subjectivity and
variability between observers. These hurdles are prominently observed in the interpreta-
tion of imaging studies and histopathological specimens. Radiologists and pathologists often
exhibit variations in their assessments and interpretations of lung cancer-related findings,
leading to inconsistencies in diagnostic accuracy and treatment decisions. Such disparities
can arise from differences in expertise, experience, and subjective interpretation of imaging
features or histological characteristics. For example, subtle changes in the appearance of
lung nodules or infiltrates in imaging studies can elicit varying interpretations, affecting the
diagnosis of malignancy. Similarly, histopathological evaluations can involve subjective judg-
ments on the presence of tumor cells, tissue architecture, or the degree of cellular atypia,
contributing to interobserver variability among pathologists. Addressing these challenges
requires standardized diagnostic criteria, robust quality assurance protocols, and the integra-
tion of advanced technologies like artificial intelligence to provide objective and reproducible
diagnostic assessments in lung cancer diagnosis and management.

Traditional lung cancer diagnostic methods suffer from several limitations that can affect
their effectiveness and reliability. Firstly, many of these methods, such as bronchoscopy,
biopsy are invasive procedures that carry risks of complications and discomfort for patients.
While bronchoscopy is a valuable tool for diagnosing lung cancer by visualizing the airways
and collecting tissue samples, it can be uncomfortable for patients and carries risks such as
bleeding, infection, or bronchospasm. It may not always reach peripheral lung lesions, which
limits its diagnostic utility. Furthermore, biopsy-based methods can produce samples that
do not fully capture the heterogeneity of lung tumors, which can consist of multiple subtypes
with varying genetic mutations and histological features. Consequently, biopsy samples may
not accurately represent the entire molecular profile of the tumor, potentially leading to mis-

diagnosis or suboptimal treatment selection.

Univ-Tebessa/Computer Science 38



Lung Cancer From a Medical Perspective

Furthermore, certain imaging modalities like chest X-rays that are widely used for initial
screening and detection of lung abnormalities may have limited sensitivity and specificity to
detect small or early-stage lung tumors, resulting in missed diagnoses or delayed detection. In
addition, they may not provide sufficient anatomical detail or differentiation between benign
and malignant lesions, leading to false-negative or inconclusive results.

In addition, the interpretation of CT imaging and histopathological specimens by radiol-
ogists and pathologists can be subjective, leading to variability in diagnostic precision and
discrepancies between observers. The classification of lung cancer based on tumor size and
extent is crucial for determining treatment options, but the interpretation of malignancy
degree and tumor characteristics can vary, causing inconsistencies in diagnosis. Cost and
accessibility are also significant challenges, as some diagnostic tests may be expensive and
inaccessible to all patients. Furthermore, false positives and overdiagnosis can result in un-
necessary follow-up tests, interventions, and psychological distress for patients. Addressing
these limitations requires advances in noninvasive biomarkers, improved imaging techniques,
and Al-based approaches to enhance diagnostic accuracy and efficiency, while minimizing
patient discomfort and risks. Accurately assessing the malignancy degree of lung tumors us-
ing more objective diagnostic tools is essential for improving outcomes, allowing for a better

understanding of the tumor’s aggressiveness and guiding more effective treatment decisions.

1.7 Conclusion

In conclusion, lung cancer poses a significant health challenge due to its high mortality rates
and the complexities involved in its diagnosis and treatment. Its tendency to progress un-
detected until advanced stages limits effective treatment options. The importance of early
detection is paramount, as it greatly improves the chances of successful treatment outcomes
and improves the prognosis of the patient. Regular screenings are crucial for early identifi-
cation, particularly for high-risk individuals.

Early intervention enables the use of diverse treatment approaches, such as surgery, chemother-
apy, radiation, and innovative therapies like targeted therapy and immunotherapy.

This chapter has provided an overview of the respiratory system, detailed lung cancer
epidemiology, risk factors, diagnostic methods, treatment options, and highlighted the current
challenges in diagnosing lung cancer, emphasizing the limitations of each method and the
need for continued research and improved diagnostic technologies.

Through increased public awareness and advances in medical research, the focus on employing
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intelligent approaches for early detection remains central to improving survival rates and

quality of life for those affected by lung cancer.
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2.1 Introduction

Artificial Intelligence (AI) has emerged as a transformative force in modern medicine [44], of-
fering unprecedented capabilities in data analysis, pattern recognition, and decision-making.
In the context of lung cancer, Al has shown immense potential [45] in enhancing diagnostic
accuracy and efficiency, particularly through the development of Computer-Aided Detection
and Diagnosis (CAD) systems. These technologies are designed to assist radiologists and clin-
icians by automating the detection and classification of lung abnormalities, such as nodules,
from medical images like CT scans, X-rays, and PET scans.

Lung cancer remains one of the most lethal cancers globally, partly due to challenges
in early detection. Traditional diagnostic methods, while effective, are often limited by the
complexity of medical images and the potential for human error. Al-driven CAD systems
address these limitations by leveraging machine learning and deep learning algorithms to
analyze vast amounts of imaging data, detect subtle patterns, and differentiate between
benign and malignant lesions with high precision.

By integrating Al and CAD into the diagnostic process, clinicians are better equipped
to identify lung cancer at earlier stages, potentially improving patient outcomes. Moreover,
Al-based tools continue to evolve, learning from large datasets to refine their predictive
capabilities, ultimately playing a crucial role in personalized medicine and tailored treatment
strategies [46].

This chapter explores the application of artificial intelligence (Al) in the detection and
classification of lung cancer. It begins by highlighting the importance of Al in healthcare
care and its potential to revolutionize medical diagnosis and treatment. Next, it delves
into the fundamental concepts of artificial intelligence, focusing on machine learning and
deep learning techniques. Finally, the chapter provides a comprehensive overview of the
development process of computer-aided detection and diagnosis (CAD) systems specifically
designed for lung cancer detection, outlining the methodology and key considerations involved

in creating these innovative tools.

2.2 Al in lung cancer diagnosis

Advanced technologies like artificial intelligence (AI) are essential for addressing the limi-
tations of traditional diagnostic methods for lung cancer [47]. Al excels at analyzing large
volumes of medical imaging data with high precision, significantly reducing the likelihood

of false-negative or false-positive results. By automating image analysis, Al enhances the
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diagnostic process, enabling healthcare professionals to focus on more complex cases. Ad-
ditionally, Al-powered screening tools facilitate the early detection of subtle abnormalities
indicative of early-stage lung cancer, leading to timely interventions and improved patient
outcomes [48].

AT also plays a crucial role in personalized medicine by integrating imaging features, and
clinical data to customize treatment strategies for individual patients, optimizing therapeutic
effectiveness while minimizing adverse effects. Moreover, Al contributes to risk stratification,
prognostication, and treatment planning through multimodal data integration and predic-
tive modeling, helping healthcare providers make informed decisions and enhance patient
management.

Overall, the integration of Al in lung cancer diagnosis and management holds great po-
tential for transforming patient care and improving health outcomes.

ATl has widespread applications in healthcare, including;:

o Medical Imaging and Diagnostics: Al algorithms analyze imaging modalities like X-
rays, CT scans, and MRIs to assist radiologists and pathologists in identifying abnor-

malities, facilitating timely interventions [49-51].

o Personalized Medicine: Al supports precision medicine by analyzing genetic data to
tailor prevention and treatment plans to individual patient characteristics, thereby

enhancing care [52,53].

» Computer-Aided Detection and Diagnosis (CAD) Systems: These systems aim to im-
prove the accuracy and efficiency of medical exams [54,55]. While adoption is limited
due to reliability and integration challenges, Al-enhanced CAD systems promote per-
sonalized care and collaboration in radiology [54,55] due to the use of Al algorithms
to highlight suspicious findings in medical images, improving the sensitivity and accu-
racy of disease detection in different medical fields, including lung cancer [56], breast

cancer [57], and neurological conditions [58].

o Clinical Decision Support Systems (CDSS): Al-based CDSS analyze patient data to pro-
vide evidence-based recommendations, aiding healthcare providers in making informed

decisions [59].

e Drug Discovery and Development: Al accelerates drug discovery by predicting inter-
actions, identifying candidates, and optimizing designs, ultimately streamlining the

development process.
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2.3 Key Concepts in Al

2.3.1 Artificial Intelligence

Artificial intelligence has evolved over several decades, and various definitions have been
proposed by researchers and experts in the field. The first definition of Al provided by
McCarthy in a proposal for the Dartmouth Conference in 1956 [60], laid the foundation for
the field of Al and its subsequent development, who defined Al as :

"Artificial intelligence is the science and engineering of making intelligent machines, es-
pecially intelligent computer programs. It is related to the similar task of using computers
to understand human intelligence, but Al does not have to confine itself to biologically ob-
servable methods."

Another widely accepted definition of artificial intelligence, as provided by Russell and Norvig
in their book, "Artificial Intelligence: A Modern Approach" [61], states that: "Artificial Intel-
ligence (Al) refers to the development of computer systems that can perform tasks that typ-
ically require human intelligence. These tasks include learning, reasoning, problem-solving,
perception, understanding natural language, and interacting with the environment. Al sys-
tems are designed to emulate human cognitive functions and adapt to new situations by
learning from data patterns and experiences. Al encompasses various subfields, including ma-
chine learning, natural language processing, computer vision, robotics, and expert systems.
Al aims to create intelligent machines capable of autonomously solving complex problems
and making decisions without human intervention."

The first definition, attributed to John McCarthy and proposed in the Dartmouth Conference
proposal in 1956 [60], focuses on Al as the science and engineering of making intelligent ma-
chines, particularly intelligent computer programs. This definition emphasizes the scientific
and engineering aspects of Al, with a focus on creating machines that can imitate human
intelligence and perform tasks traditionally associated with human cognition. It also high-
lights the interdisciplinary nature of AI, which draws from fields such as computer science,
mathematics, psychology, and philosophy. However, the second definition emphasizes the de-
velopment of computer systems that can perform tasks that require human intelligence, such
as learning from data, reasoning, problem solving, and interacting with the environment.
This definition provides a broad overview of Al and its various subfields, including machine
learning, natural language processing, computer vision, robotics, and expert systems.
Highlights the goal of Al of creating intelligent machines capable of autonomous decision

making based on algorithms and data patterns. Although both definitions share common
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themes, such as emulation of human intelligence and the development of intelligent machines,
they differ in their level of detail, scope, and historical context.
Among the different technologies of AI, we can cite machine learning and deep learning as

two of the most prominent and widely used approaches, particularly in the medical field.

2.3.2 Machine learning

Machine learning is a subset of artificial intelligence and a scientific discipline that focuses on
the development of algorithms that allow computers to learn from and make predictions or
decisions based on data [62]. Its significance lies in its capacity to derive insights from vast
and complex datasets, automating decision-making processes and enhancing the efficiency of
tasks traditionally performed by humans. It finds application in a broad spectrum of fields,
including security services, where it is used for tasks such as face detection [63], while in
finance it detects fraud, manages risks, and optimizes customer experiences [64].

In industry, retail benefits from recommendation systems and demand forecasting, while
manufacturing relies on predictive maintenance and quality control [65]. Transportation
sectors employ machine learning [66] for route optimization and autonomous vehicles, while
natural language processing and enables sentiment analysis. Recently, it has been used in
different domains of healthcare [67,68] and biotechnology [69], by helping in medical imaging
analysis, disease diagnosis, and personalized treatment recommendations. In these domains,
machine learning drives innovation, improves decision-making, and propels organizations
toward data-driven excellence.

Machine learning algorithms are computational techniques that empower computers to glean
insights from data and formulate predictions or decisions autonomously, without requiring
explicit programming. Figure 2.1 illustrates that machine learning algorithms come in various
types, each designed for particular learning tasks. This diversity allows them to be flexible

and adaptable, effectively tackling a wide range of data challenges. These types include:
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figure 2.1: Machine learning algorithms

e Supervised Learning :

Supervised learning is a branch of machine learning in which machines are trained using
labeled data to predict output based on input. Labeled data refer to input data already
associated with the correct output [70]. The training data provided serves as a guide for
machines to accurately predict output [71]. In supervised learning, algorithms attempt
to model a target output using input data. They are supplied with a training database
containing labeled examples. Utilizing this dataset, the algorithm learns rules, enabling
it to predict labels for new observations. Essentially, supervised learning algorithms

analyze historical data to identify relationships with the highest predictive accuracy.

Supervised learning can be subdivided into two types of problem: Regression and

classification.

— Regression: Regression analysis is used to discern the relationship between one
variable and one or more others. In machine learning, the objective of regression
is to predict a numerical output value based on a set of input features. It is used to
forecast continuous values [71]. The process entails fitting a mathematical model
to observed data points, facilitating the estimation of relationships between input
variables and a continuous target variable [72] | put differently, how one vari-

able influences the other. Regression algorithms aim to identify the optimal line,
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curve, or surface that represents the association between input features and the
target variable, allowing the prediction of numerical results. These algorithms
find widespread application as predicting stock prices, estimating house prices,
and forecasting sales. Among popular regression algorithms: linear regression,

ridge regression, and polynomial regression [70,73].

— Classification: Refers to the systematic process of recognizing, comprehending,
and organizing objects and concepts into predefined categories, with machine
learning programs using pre-categorized training datasets and various algorithms
to achieve accurate categorization. The prediction task is classified as a type of
classification when the target variable is discrete [74]. In this process, the model
aims to anticipate the accurate label of a provided input data set, undergoing a
thorough training and evaluation before being deployed to make predictions on
new unseen data [75]. There are several algorithms used in classification process,
some of the most commonly used ones include Logistic regression, decision trees,
random forest, Support Vector Machines (SVM), K-Nearest Neighbors (KNN).

o Unsupervised Learning Algorithms: The idea of unsupervised learning revolves
around the ability of algorithms to autonomously identify patterns or structures within
data without being explicitly told what to look for. In contrast to supervised learning,
where the algorithm is trained on labeled data with known outcomes, unsupervised

learning operates on unlabeled data [76].

Imagine that we have a large dataset containing various data points, but without any
labels or categories attached to them. Unsupervised learning algorithms are designed
to analyze these data and discover inherent patterns, relationships, or clusters within
them. These algorithms explore the data, searching for similarities or differences be-
tween data points and grouping them accordingly. The main applications of unsuper-

vised learning are:

— Clustering: A cluster refers to a collection of data points that demonstrate similar-
ity to one another in relation to neighboring data points. The clustering technique
is used to group data points into clusters based on their similarities. This aims
to partition the data into groups, or clusters, where data points within the same

cluster are more similar than those in other clusters.
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— Dimensionality Reduction: Used for reducing the number of features or variables in
the dataset while preserving its essential information. Examples include principal
component analysis (PCA) and t-distributed stochastic neighbor embedding (t-
SNE).

* Reinforcement Learning Algorithms:

Used for training agents to take actions in an environment to maximize cumulative
rewards. Examples include Q-learning, deep Q-networks (DQN), policy gradient meth-

ods, and actor-critic methods.

2.3.3 Deep learning

Deep learning, a specialized branch of machine learning, utilizes sophisticated multi-layered
neural networks, known as deep neural networks, as its foundational technology to mimic the
complex decision-making processes characteristic of the human brain [77]. Figure 2.2 illus-
trates how deep learning methods autonomously learn hierarchical features at multiple levels
of abstraction, enabling them to directly address complex tasks from raw data, functioning
as efficient hierarchical feature extractors, particularly at high levels of semantic abstraction.
In contrast, traditional machine learning involves manual feature extraction from input data,
such as images or signals, followed by classification within predefined categories using an
Artificial Intelligence (AI) model. Typically, experts design mathematical operations, known
as descriptors or feature extractors, based on domain knowledge to facilitate feature extrac-
tion in traditional machine learning approaches [78]. In this subsection, we present the main

findings necessary for understand how deep learning models work.
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figure 2.2: Machine learning Vs. Deep learning [79]

The components of Neural Networks comprise neurons, or nodes as presented in the
Figure2.3, which are the fundamental processing elements receiving input signals, applying
transformations through an activation function, and generating an output signal. These
neurons are structured into layers, including the input layer that takes in the data, hidden
layers which are intermediary phases that extract features from the data, and the output
layer that delivers the network’s final prediction or classification. The connections between
these neurons are defined by weights, dictating the connection’s strength, and biases, These
additional parameters enable the network to capture more complex patterns. Another essen-
tial component of neural network, which is, the activation function, that is applied by each
neuron to its weighted input sum to incorporate non-linearity into the model, with ReLLU
(Rectified Linear Unit), sigmoid, and Tanh being among the commonly used functions. This
layered arrangement and the interplay of these components allow neural networks to per-
form intricate computations and pattern recognitions, simulating aspects of human cognitive

functions.
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figure 2.3: Neuron in Artificial Neural Network [80]

Training neural network

Training neural networks is a multistep process that involves several key components, each
contributing to the network’s ability to learn from data and improve its performance over

time:

o Forward Propagation: Training a neural network starts with forward propagation,
where input data is passed through each layer of the network to generate predictions.
At every layer, calculations are performed using learned parameters (weights and bi-
ases), which transform the input into meaningful representations. This process can
be mathematically described by computing the activation a' at each layer [ using the
input data x, Weights W', biases b', and activation functions ¢’ such as presented in
the equation (2.1, 2.2)

Z' =W x o'V 41! (2.1)

al = gt x 20 (2.2)

Here Z' represents the input to layer [ obtained by applying the weights W' to the
activations a!~! from the previous layer and adding biases b'. The resulting Z' is then
passed through the activation function ¢' to compute the activations a' for that layer.
This process is repeated for each layer until the final output layer is reached, producing
the network’s predictions. Forward propagation enables neural networks to transform

input data into meaningful output predictions through a series of computational steps.

o Loss Function Evaluation: After the network processes the input data and gener-

ates predictions, these predictions are compared to the true labels using a loss function.
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The loss function L quantifies the difference between the predicted outputs ¢ and the
actual ground truth labels y. A lower loss value signifies better model accuracy. This
evaluation step is critical because it provides feedback that drives the optimization
process, helping to adjust the network’s parameters to minimize errors. Through con-
tinuous learning and parameter updates, the neural network gradually improves its
performance, reducing the prediction error over time. The specific form of the loss

function varies depending on the task, such as indicated in the Figure 2.4.

— Mean Absolute Error (MAE)

Loss functions for regression ——  Mean Bias Error (MBE)
(7, - Huber Loss
c
-9 — Hinge loss
o
(S} 5 5
c Loss functions for binary Sauare Hinge loss
= classification q 8
G
(7, '~ Binary Cross-Entropy Loss
(7]
o
| Categorical Cross-Entropy
Loss functions for multi-class Sparse Categorical Cross-
classififcation Entropy:

Kullback Leibler Divergence
Loss

figure 2.4: The most common loss functions

o Backpropagation: The process of training neural networks involves backpropaga-
tion, where the algorithm adjusts weights and biases to minimize the error between
predicted and actual outputs. After computing the loss (discrepancy between predic-
tions and ground truth), the algorithm calculates the gradients of the loss function with
respect to each parameter by applying the chain rule of calculus, starting from the out-
put layer and moving backward. These gradients indicate how much each parameter
influences the error and help determine the necessary adjustments.

Optimization algorithms like Stochastic Gradient Descent (SGD) then update the
weights and biases iteratively, moving in the direction that minimizes the loss. The
process continues until the model converges to an acceptable performance. Common
optimization techniques include Gradient Descent, SGD, and Mini-Batch Gradient De-
scent, with the choice depending on the specific task and model performance on vali-

dation data.
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Different types of neural network

o Feedforward Neural Networks (FNNSs): is the simplest type of neural network,
where information flows in one direction, from input nodes through hidden nodes to
output nodes without forming any cycles or loops, as illustrated in the Figure 2.5.
These networks are characterized by their simple architecture, with data passing se-
quentially through the layers, and there are no connections that loop back to previous
layers. Each neuron in a feedforward neural network receives input from the neurons
in the previous layer, processes this input using a set of weights and biases, applies an
activation function, and then passes the transformed output to the neurons in the next
layer. FNNs are widely used for tasks such as classification, regression, and pattern
recognition. In addition they serve as the foundation for more complex neural network

architectures.

Input N + — Output

figure 2.5: Feedforward neural network composed of three layers [81]

« Convolutional Neural Networks (CNNs): A Convolutional Neural Network (CNN)
is a specialized neural network designed for processing grid-like data, such as images.
It utilizes convolutional layers to detect spatial hierarchies of features, with deeper
layers recognizing more complex patterns. CNNs comprise multiple layers, including

convolutional, pooling, and fully connected layers, as illustrated in Figure 2.6
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figure 2.7: Activation functions: (a): basic non-linear functions, (b): advanced non-linear

function [83]
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figure 2.6: The structure of a CNN [82]

— Convolutional Layers extract features such as edges and are typically followed
by activation functions that are generally non-linear. Figure2.7 presents the key

activation functions, which includes:

x Softmax: Used in multi-class classification tasks, it outputs a probability

distribution across various classes.

« Rectified Linear Units (ReLU): Widely used for its computational simplicity
and efficiency, this function outputs the input directly if positive; otherwise,
it outputs zero, facilitating faster convergence.

x Leaky ReLU: A variation of ReLLU that allows a small, non-zero gradient for
negative inputs, helping maintain the updating process during training and
avoiding "dying neurons'.

x ELU (Exponential Linear Unit): Provides non-zero gradients for negative

inputs, helping to mitigate the vanishing gradient problem for positive inputs.
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— Pooling Layers reduce the size of feature maps, simplifying computations.

— Fully Connected Layers aggregate features for classification. Additional tech-
niques, such as batch normalization and dropout, enhance training stability and

prevent overfitting.

This hierarchical structure and the interconnectedness of layers enable CNNs to auto-
matically learn discriminative features from input data, making them highly effective
for a variety of computer vision tasks, including image classification, object detection,
and segmentation. The output layer produces the desired prediction, such as the clas-

sification label for the input image [84,85].

« Recurrent Neural Networks (RNNSs): are designed to handle sequential data with
temporal dependencies, making them ideal for tasks such as language modeling and
time series forecasting. Unlike traditional neural networks, RNNs can maintain memory
across sequences by incorporating outputs from previous steps as inputs for subsequent
ones. This capability allows the network to leverage historical information essential for
understanding context.

At the core of an RNN is the Recurrent Unit, which preserves a hidden state to effec-
tively capture sequential dependencies. To tackle the challenges of long-term dependen-
cies, enhancements like Long Short-Term Memory (LSTM) units and Gated Recurrent
Units (GRU) have been developed, enabling the network to retain relevant information
over extended sequences.

An RNN’s architecture typically consists of layers that process input sequences and
propagate their outputs to subsequent timesteps within the same layer, allowing the
network to maintain a memory of past inputs—an essential feature for processing se-

quential data effectively.

The scheme presented in Figure 2.8 provides an overview of a recurrent neural network
(RNN), emphasizing its compact structure on the left side with a recurrent loop. On the
right side, the temporal unfolding of this loop and the hidden layer illustrates network
structures at different time points, including t—1 , ¢, and t+1. Each connection between
input and output sequence points highlights distinct representations corresponding to
these time points. The recurrent loop, depicted by the black square with C', establishes
connections between nodes h;_1, hy, ...h;y1, enabling communication between adjacent
time steps. Dots on the right side indicate remaining unfolded connections, representing

final sequence calculations for Xt, H;, and Y;.
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figure 2.8: The scheme of RNN with one hidden layer [86]

Building upon the advancements in machine learning and deep learning, these technolo-
gies have found extensive applications in the development of Computer-Aided Detection and
Diagnosis (CAD) systems. Where they leverage the predictive capabilities of Al to assist
clinicians in detecting, diagnosing, and monitoring diseases with greater accuracy and effi-

ciency.

2.4 Computer-Aided Detection and Diagnosis (CAD)

system for lung cancer

A Computer-Aided Detection and Diagnosis (CAD) system for lung cancer is a computerized
tool designed to help radiologists and clinicians detect, diagnose and characterization of lung
cancer from medical imaging data, such as chest radiographs, computed tomography (CT),
or magnetic resonance imaging (MRI) scans of the lungs. These CAD systems use advanced
algorithms from artificial intelligence technologies to analyze medical images and identify
suspicious areas or lesions that can indicate the presence of lung cancer, in order to assist
radiologists by providing additional information and highlighting areas of concern. They
serve as decision support tools, helping early detection, accurate diagnosis, and treatment
planning for patients with lung cancer, As highlighted in [56], the paper offers a comprehen-
sive overview of state-of-the-art techniques currently utilized to implement each stage of the
CAD system.

As depicted in Figure 2.9, Computer Aided Detection and Diagnosis (CAD) system is di-
vided into two subsystems, Computer-Aided Detection (CADe) and Computer-Aided Diag-
nosis (CADx) [87]. This aims to involve separating the tasks of detecting abnormalities or
lesions from the process of diagnosing and characterizing them. Before detailed these two

subsystems, let’s talking about the available datasets for lung cancer.
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figure 2.9: CAD system for lung cancer

2.4.1 Available datasets for lung cancer

To develop an artificial intelligence model, the first step is to select an appropriate dataset.
This involves analyzing the dataset’s structure, including the number of cases it contains and
the types of images included. It is also essential to provide an overview of images and their
various types, as this foundational understanding informs subsequent model development.

Images are fundamental representations of visual data that serve as crucial tools in fields
ranging from art and entertainment to science and medicine. At their core, images consist
of collections of pixels organized in two-dimensional grids, where each pixel encodes color,
intensity, and spatial position. These images come in various types, including grayscale,
color, and binary images [88], each offering different levels of visual information.
Medical imaging is essential for diagnosing and treating diseases by providing detailed views
of anatomical structures and physiological processes. Common modalities include X-rays,
computed tomography (CT), magnetic resonance imaging (MRI), ultrasound, and positron
emission tomography (PET). In lung cancer, CT scans are typically stored in the DICOM
(Digital Imaging and Communications in Medicine) format, which includes both image data
and critical metadata, such as patient identifiers and imaging parameters.

Understanding the role of Hounsfield units (HU) in assessing tissue density is crucial,

as these measurements are derived from the detailed medical images stored in the DICOM
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format, which provides essential data for diagnosing and treating diseases like lung cancer.
Hounsfield units (HU), represented using 12 bits, measure the attenuation of X-rays by
different tissues, with values ranging from -1024 (air) to 3071 (dense tissues like bone). HU
is calculated using DICOM properties, specifically rescale slope and rescale intercept [89].
HU value is calculated using two DICOM properties: rescal slope (slope) and rescal intercept

(intercept), by applying the following linear transformation presented in the equation 2.3:

HU = pizelValue * slope + intercept (2.3)

In addition to slope and intercept parameters, the DICOM file contains other important

properties [90] such as :

e SOP Instance UID: Used for distinguishing uniquely each DCM slice.

o Instance Number: Used to indicate the serial number of a group of slices, this property

can be used to sort the slices directly.

o The image position: Indicates the x, y, and z coordinates of the upper left corner of

the image in the space coordinate system, in millimeters.

o Slice Location: Is the relative position of the slice z-axis, in millimeters, it is mostly

the same as z in Image Position
o Pixel Spacing: indicates the physical spacing between the centers of the pixels.

o Rescale Intercept and Rescale Slope: Used to transform a pixel value into Hounsfield

unit or other units.

e Slice Thickness: Used to indicate the thickness of the slice in the z-direction in mil-

limeters.

In the development of CAD systems for lung cancer, various datasets are utilized, as shown
in Table 2.1, which includes:

Univ-Tebessa/Computer Science o7



Al for the Detection and Classification of Lung Cancer

Database Access | Number | Number of Size first version | last update
of cases | images
LIDC-IDRI public | 1018 244527 125GB 2011 2020
SPIE-AAPM public | 70 22489 12.1GB 2014 2016
Lung CT Chal-
lenge

ISBI 2018 lung | private | 100 . * 2018 -

cancer dataset

challenge
Lunal6 public | 888 1186 66.7GB 2016 *
Lung TIME | public | 148 2462 11.7GB 2009 -
dataset
(TIME1)
Lung TIME | public | 9 638 0.2GB 2010 -
dataset
(TIME2)
NSCLC  (Non | public | 211 286754 97.6GB 2015 2021
Small Cell Lung
Cancer)
National Lung | public | 26254 21082502 11.3TB 2013 2021
Screening  Trial
(NLST)

The IQ- | public | 110 1190 149MB 2020 2023
OTHNCCD
lung cancer

dataset

Table 2.1: Available databases

 Lung Image Database Consortium and Image Database Resource Initiative
(LIDC-IDRI) [91]: is a publicly accessible repository of medical images and associated
data focused specifically on lung cancer imaging. Established through a collaborative
effort between the National Cancer Institute (NCI) and several academic and medical

institutions, this database comprises 1018 cases. Fach case consists of clinical thoracic

Univ-Tebessa/Computer Science o8



Al for the Detection and Classification of Lung Cancer

computed tomography (CT) scan images along with an accompanying XML file doc-
umenting the outcomes of a two-phase image annotation process conducted by four
experienced thoracic radiologists. This XML file provides comprehensive annotations
and metadata related to CT scans and identified nodules for each patient, including de-
tails such as Patient Information, Scan Information, Nodule Annotations, Radiologist

Annotations, and Image Metadata.

« LUNGx SPIE-AAPM-NSI lung CT challenge [92]: This dataset was created as
part of the 2015 SPIE Medical Imaging Conference, supported by the American As-
sociation of Physicists in Medicine (AAPM) and the National Cancer Institute (NCI)
during a "Grand Challenge" focused on quantitative image analysis methods for distin-
guishing between malignant and benign lung nodules. The dataset includes 70 subjects,
divided into 10 for training and 60 for testing, encompassing a total of 22,489 images.
The patient IDs for the training set start with "CT-Training," while those for the test set
start with "LUNGx." The SPIE-AAPM Lung CT Challenge database also includes two
excel files: CalibrationSetNoduleData and TestSetNoduleData, which contain detailed

nodule data for the calibration and test sets, respectively:

— CalibrationSetNoduleData: This file contains information for each subject in the
training set. It includes the (x, y) location of nodules within the CT scans, the
corresponding slice number where the nodule is located, and the diagnosis for each

nodule (malignant or benign).

— TestSetNoduleData: Contains the same type of information of test set, this file is
used to evaluate the performance of algorithms developed during the challenge for

detecting and diagnosing lung nodules.

These Excel files provide essential annotations and metadata for lung nodules present

in CT scans of the Lungx database.

« International Symposium on Biomedical Imaging (ISBI) 2018 lung cancer
dataset challenge: Is a competition organized as part of the ISBI conference, it
includes images of the lungs and annotations indicating the presence, location, and
characteristics of lung nodules, which are potential indicators of lung cancer. Based on
Sequential CT Scans, they use a set of 100 patients with sequential Low-Dose Computed
Tomography (LDCT) (total of 200 scans), including an equal number of cancer and

non-cancer cases.
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The training dataset contain 60 LDCT scans (30 subjects) that include scans from two
sequential time intervals and the test database contain 140 LDCT scans (70 subjects)

that include scans from two sequential time intervals.

o LUng Nodule Analysis 2016 (LUNA16) [93]: Is specifically created for research
in lung nodule detection and analysis. It is a subset of the LIDC/IDRI database that
contains 888 CT scan with 1186 nodules annotated by at least three radiologists.

o Lung TIME dataset [94]: Is a publicly available database that contains 157 subjects
with 394 nodules divided into two parts (TIME 1 and Time 2), where TIME 1 data is
obtained from adolescents with 148 subjects and TIME 2 data from adult patients with
9 subjects. This data set also contains an XML file that includes annotations such as
the XML file compatible with LIDC annotations [95].

« NSCLC Non-Small Cell Lung Cancer [96]: It comprises computed tomography
(CT) and PET/CT images, alongside semantic annotations of tumors observed in med-
ical images using a controlled vocabulary. Additionally, segmentation maps of tumors
in the CT scans are provided. It contains 211 cases of non-small cell lung cancer
(NSCLC), totaling 286754 images.

« National Lung Screening Trial (NLST) [97]: Is a lung cancer screening trial funded
by the National Cancer Institute (NCI) and administered jointly by the American
College of Radiology Imaging Network (ACRIN) and the Lung Screening Study group.
It is the largest among the databases cited with 11.3TB, which contains 26254 subjects
with 21082502 images.

o The IQ-OTHNCCD lung cancer dataset [98]: Was collected in The Irag-Oncology
Teaching Hospital/National Center for Cancer Diseases (IQ-OTH/NCCD), it contains
1190 images of 110 cases divided into (15 cases as malignant, 55 cases as benign, and

55 cases classified as normal cases.)

2.4.2 Computer-Aided Detection (CADe) systems for lung cancer

CADe systems are designed to locate lung nodules in medical imaging by analyzing images
to automatically identify suspicious regions or lesions that may indicate the presence of lung
cancer. These systems play a crucial role in assisting radiologists by highlighting potentially
concerning areas, facilitating the interpretation of medical images, and potentially enabling

earlier detection and diagnosis of lung cancer.
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CADe systems typically involve two main steps: preprocessing, which enhances image quality
by reducing noise and improving contrast, and lung nodule localization. The primary goal
of these systems is to detect and localize potential abnormalities within medical images.
Localization can be accomplished through object detection methods, which identify nodules
and their locations using bounding boxes, or through segmentation processes, which delineate
the precise boundaries of the nodules. Both approaches aide radiologists in identifying regions

of interest and improving diagnostic accuracy.

Preprocessing

Noise in medical images, such as CT, MRI, or X-rays, poses challenges to accurate diagnosis.
It can result from sensor noise, patient motion, or scanner imperfections, distorting important
anatomical details. Noise, which correlates with detected photons, often makes images appear
marbled or granular, degrading image quality and risking misdiagnosis.

To mitigate these challenges, preprocessing steps are used to enhance image quality, reduce
noise, and improve contrast, helping to highlight critical areas for more accurate diagnosis
and treatment planning.

Various methods are widely used in this step such as:

o Filtering methods: Filtering methods are crucial in medical imaging processing, sig-
nificantly enhancing image quality by reducing noise, removing artifacts, and extracting
vital diagnostic information. These techniques address various challenges in medical
imaging, such as noise suppression, edge sharpening, and anatomical structure high-
lighting, making them essential tools for improving clarity and diagnostic accuracy.
They not only improve contrast and feature extraction, but also prepare images for

further analysis for accurate diagnoses and optimal patient care.

Among the diverse techniques used for preprocessing lung cancer databases, the median
filtering , non-linear filter, widely utilized in digital image processing [99,100], effectively
reduces salt-and-pepper noise while maintaining the integrity of image edges, as shown
by Nadkarni N. S. and Borkar S [101]. The main idea of this method is to replace
each pixel with the median value of its neighborhood, making it particularly effective
at removing outliers and preserving edges in images. This makes it useful for tasks
as noise reduction, edge preservation, and image enhancement in various applications,

including medical imaging, photography, and signal processing [102].

The adaptive median filter is widely used in medical imaging, particularly for prepro-
cessing CT scans. A study by S. Indira Priyadharsini et al. [99] found that this filter
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outperformed others by dynamically adjusting its window size for each pixel, enabling
it to preserve image details while effectively removing non-impulsive noise. Unlike the
standard median filter, which struggles with high levels of impulsive noise [102], the
adaptive version effectively smooths noise without blurring, making it ideal for enhanc-

ing image quality in medical applications.

» Histogram equalization: A widely used technique in medical imaging [100] is con-
trast enhancement through intensity adjustment, which redistributes pixel intensities
to expand the most common values across a wider range. This improves overall image
contrast, particularly in areas with lower local contrast, allowing for better visualiza-
tion of subtle structures. However, it may reduce contrast in regions with less frequent

pixel values.

Lung nodule localization

Lung nodule localization is a critical step in the detection and diagnosis of lung cancer, as
it focuses on identifying the precise location of abnormalities within medical images. This
process helps radiologists efficiently pinpoint regions of interest that may require further
analysis or intervention.

Lung nodule localization can be achieved through two main approaches which are: object

detection and segmentation

1. Object Detection: This method identifies the presence of nodules and their approx-
imate location within medical images, typically represented by bounding boxes. It
includes one-stage detectors and two-stage detectors. These methods enable precise lo-
calization of lung nodules, a critical step for accurate diagnosis and effective treatment

planning.

The success of these techniques lies in their ability to handle the complex and het-
erogeneous nature of lung structures. In the context of lung cancer detection, both
one-stage and two-stage object detectors are widely utilized. One-stage detectors, like
YOLO and Single Shot MultiBox Detector (SSD), offer rapid processing, making them
suitable for real-time applications. Two-stage detectors, like Faster R-CNN and Mask
R-CNN, excel in delivering higher accuracy by leveraging a more detailed analysis of

candidate regions.

These algorithms achieve remarkable performance in detecting lung nodules by utilizing

deep learning frameworks trained on large datasets. This allows them to effectively dis-
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tinguish nodules from surrounding tissues and other anatomical structures, significantly

improving the reliability of lung cancer detection systems.

o One-Stage Object Detectors: such as YOLO (You Only Look Once) and SSD
(Single Shot MultiBox Detector), are known for their speed and efficiency. They
directly predict bounding boxes and class probabilities for objects in a single pass
through the neural network. In the context of lung nodule detection, one-stage de-
tectors can quickly identify potential nodules within CT scan images without the
need for multiple stages or extensive post-processing. However, they may struggle
with accurately localizing small nodules or distinguishing between nodules and
other structures due to their single-pass nature.

The use of the You Only Look Once (YOLO) object detection algorithm intro-
duced by Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi in
their famous research paper “You Only Look Once: Unified, Real-Time Object
Detection [103]” in 2015 has garnered significant attention in the medical field
for its efficacy in automating various tasks, including medical image analysis and
object detection. YOLQO’s single-stage architecture, capable of rapid and accurate
detection of objects in real-time, makes it particularly suitable for medical appli-
cations where timely diagnosis and treatment are critical.

In medical imaging, YOLO has been employed for tasks such as lesion detection,
tumor localization and segmentation. Its ability to process large volumes of med-
ical images quickly and accurately has paved the way for advancements in CAD
systems, aiding healthcare professionals in early disease detection, treatment plan-
ning, and patient management. Furthermore, YOLO’s versatility and scalability
make it adaptable to different imaging modalities and medical specialties, demon-
strating its potential to revolutionize various aspects of healthcare delivery and

patient care [103].
Various YOLO variants are depicted in the timeline presented in the Figure 2.10.

— YOLOv2 (2016): Used Darknet-19 backbone, anchor boxes, batch normaliza-
tion, and multi-scale training for improved accuracy and stability [105].

— YOLOv3 (2018): Upgraded to Darknet-53, added feature pyramid networks
(FPN) and multi-scale anchor boxes for better object detection [106].

— YOLOv4 (2020): Introduced Cross Stage Partial Network (CSPNet) and

GHM loss to enhance performance, especially on imbalanced datasets [107].
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figure 2.10: Timeline of YOLO variants [104]

— YOLOv5: Shifted to EfficientDet architecture, used spatial pyramid pooling
(SPP) and ClIoU loss for better detection and generalization [108].

— YOLOV6 (2022): Adopted EfficientNet-L2 with multi-scale feature fusion and

regularization techniques to improve efficiency and accuracy [109].

— YOLOvT: Introduced Extended Efficient Layer Aggregation Network (E-
ELAN) for optimized training and better performance across detection and

segmentation tasks [110].

Two-Stage Object Detectors: such as Faster R-CNN (Region-based Convolutional
Neural Network), follow a two-step process. First, they propose regions of inter-
est (ROIs) within the image using techniques such as selective search or region
proposal networks (RPN). Then, they refine and classify these proposed ROIs to

generate final detection results.

Figure 2.11 presents the Region-based Convolutional Neural Network (R-CNN)
architecture [111] that revolutionized object detection by cleverly integrating selec-
tive search to generate potential object regions in an image, then using a convolu-
tional neural network (CNN) to extract features from each region. These features
were subsequently classified using class-specific linear Support Vector Machines
(SVMs) to determine the presence of objects. Additionally, R-CNN employed a
bounding box regressor to refine the positions of detected objects, significantly im-
proving detection accuracy. Despite its groundbreaking results, R-CNN’s reliance
on processing each region proposal independently led to high computational costs
and slow analysis speeds, paving the way for the development of more efficient
successors like Fast R-CNN and Faster R-CNN that were used in different studies
of lung cancer detection as presented by Ying Su et al. [112] and Mmhammad

omid.K et al. [113]. These two algorithms optimized the feature extraction and
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figure 2.11: RCNN architecture [86]

region proposal steps for better performance.

2. Segmentation: It is interesting in the development of CAD systems, significantly
affecting diagnostic accuracy and the efficacy of medical image analysis. This pro-
cess involves precisely isolating regions of interest, such as tumors or organs, from
surrounding tissues in medical images. Accurate segmentation ensures that all sub-
sequent operations, like feature extraction and analysis, rely on correct information,
which leads to precise diagnoses. Moreover, segmentation supports treatment plan-
ning and monitoring by providing detailed outlines of disease extent and progression,
critical for customizing patient-specific treatments. Thus, the quality of segmentation
critically shapes the reliability and functionality of CAD systems in clinical applica-
tions [114]. This task can be summarized into three main types: manual segmentation,

semi-automatic segmentation, and fully automatic segmentation [115].

Firstly, the manual segmentation involves specialists and experts in the field in deter-
mining the region of interest (ROI) by marking each pixel that belongs to the outline of
this region. While this method provides labeled images beneficial for algorithm testing

and improvement, it is heavily based on the expertise and knowledge of experts.

The semi-automatic segmentation allows user interaction for selecting an initial ROI
approximation or manually modifying and verifying the region’s contour to enhance

segmentation accuracy.
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In contrast, fully automatic segmentation does not require user interaction. In super-
vised learning approaches, only training data is needed, whereas unsupervised learning
methods require labeled images obtained through manual segmentation for data vali-
dation.

In the area of lung cancer research, CT scan images encompass not only the lung
area, but also other anatomical structures such as bone, heart, tissue, and portions
of the liver. To streamline the detection of lung nodules, many studies opt to isolate
the lung region from CT scan images as the initial step in the segmentation process.
Subsequently, various segmentation techniques are employed to detect and segment
lung nodules within this refined search space. In recent years, researchers have in-
troduced numerous segmentation techniques aimed at enhancing image segmentation

performance.

In this section, we present essential classical segmentation methods, each based on
distinct criteria such as histogram, region, or contour analysis, as well as deep seg-
mentation methods. These techniques are fundamental in lung cancer segmentation,
known for their effectiveness and broad usage. We provide a concise overview of each

technique, followed by an exploration of existing research using these methodologies.

« Histogram-based segmentation: Is a simple and widely used method for image
segmentation, particularly in medical imaging. It partitions an image into different
regions by analyzing the histogram of pixel intensity values [116]. Thresholding, a
key aspect of this method, identifies a threshold value to separate pixel intensities
into two segments: the foreground (pixels above the threshold) and the background
(pixels below it) [117]. This approach is effective when the intensity characteristics
of objects differ significantly from their surroundings. The method converts the
image into a binary format, using various types of thresholding, such as binary,

binary-inverse, truncate, to zero, and to zero-inverse. Table 2.2 explained all these

types.
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Thresholding type Equation
[: .y) > thresh
binary dst(x,y) = mazval : sre(x, y) res
0 . othewise
0: ,y) > thresh
Inverted binary dst(x,y) = sre(z, y) res
maxval . othewise
threshold : .y) > thresh
Truncated dst(x,y) = resho sre(z,y) res
sre(z, y) . othewise
YY)t ,Y) > thresh
To Zero dst(x,y) = sre(z,y) « sre(z,y) > thres
0 : othewise
0: ,y) > thresh
To Zero Inverted dst(x,y) = sre(z, y) res
src(w,y) . othewise

Table 2.2: Thresholding types

Otsu’s thresholding method plays a crucial role in medical image segmentation,
especially for lung cancer detection. Developed by Nobuyuki Otsu [118], this
technique automatically determines the optimal threshold for segmentation by
analyzing the histogram of pixel intensities. Unlike manual methods, Otsu’s al-
gorithm dynamically calculates a threshold that minimizes intra-class variance
between the foreground and background regions, ensuring effective separation. Its
adaptive nature tailors the threshold to the specific image characteristics, making
it highly effective in cases with varying contrast or intensity, which is essential for

precise lung cancer diagnosis and treatment planning.

Clustering is a powerful technique categorized as histogram-based segmentation
because it consists of partitioning a set of image data into many disjoint groups or
clusters. This process replaces a set of data with clusters, which are collections of
data points that are associated with them according to the same specific criterion
(same color, same texture, etc.). In lung cancer detection, two methods are widely
used: K-means clustering and Fuzzy C-Means clustering (FCM).

K-means clustering, also called flat clustering algorithm, "K" represents the num-
ber of clusters identified from the data and data points are attributed to a cluster
in such a way that the sum of the squared distance between the data points and
the center of gravity is minimal [119]. K-Means changes the points of each cluster

until the sum can no more decrease. The result is a set of compact and clearly
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separated clusters [7,120, 121].
Unlike the k-means algorithm, Fuzzy C-means clustering (FCM), which is a soft

clustering technique where each point is belonging to a centroid, in this algorithm,

each point can be belonging to more than one cluster but with different quality.

 Region-based segmentation

The region represents a set of pixels that have the same properties, which can
be (texture, intensities, ...). Watershed segmentation is one of the classical seg-
mentation algorithms that gave good results in lung cancer segmentation [122],
processes the pixel values as a local topography using markers defined by the user,
the algorithm floods the basins from the markers until the basins assigned to dif-
ferent markers meet on watershed lines.

The watershed algorithm for image segmentation involves several key steps. First,
the gradient magnitude of the input image is computed to highlight intensity
changes, such as edges or object boundaries. Next, markers are selected to initiate
the flooding process, either manually or automatically using methods like thresh-
olding or detecting local extrema. The flooding process starts with these markers,
gradually filling valleys until the basins of different markers meet, creating wa-
tershed lines that divide the image into segments. These segments correspond
to distinct objects or regions of interest. Post-processing steps, such as merging
or splitting regions, may be applied to refine segmentation results. Finally, the

segmented regions are labeled and visualized for analysis [123,124].

o Contour-based segmentation

An edge is a border between two homogeneous regions with relatively distinct
grayscale properties. Edge detection refers to the process of identification and
localization of sharp discontinuities in an image, it is also used to detect isolated
dots and fine lines [114]. Several techniques are used to detect edges such as the
Canny filter, which is the most important operator that uses a multi-stage algo-
rithm to detect a wide range of edges in images [125]. There is also the Robert
edge detector which is rapid because the filter is small but it is also subject to noise
interference, the filter will not tend to detect the edge if it is not sharpened [126].
Morphological operations are integral to medical imaging segmentation, offering
significant value in this domain. By applying a structuring element to an input
image, these operations produce an output image with enhanced features. They

serve to extract various components of an image while preserving its shape and
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structure, thereby effectively eliminating imperfections and enhancing overall im-

age quality. The most common morphological operations are:

— Dilation: enlarges bright areas and reduces dark ones in an image, making
objects more visible and filling in small holes within those objects.

— FErosion :shrinks light regions in an image by removing pixels from the bound-
aries of these regions and enlarges dark areas. It wears away the edges of

objects, producing the opposite effect of dilation.

— Opening: first erodes an image and then dilates the eroded version, using
the same structuring element for both operations. This process helps remove

small bright spots and disconnect slight dark gaps.

— Closing: first dilates an image and then erodes the dilated version, also using
the same structuring element. This sequence helps fill in small dark gaps and

smooth out slight bright interruptions.

These operations have a wide variety of uses, which include noise suppression,
isolating individual elements, joining disparate elements in an image and searching
for holes of intensity in an image.

Contour-based segmentation methods are sensitive to noise and intensity vari-
ations, which can lead to inaccurate boundary detection and require complex
pre-processing. They struggle with irregular shapes and are computationally in-
tensive, particularly for high-resolution images, while also relying heavily on the
initial contour placement, which can cause failures if done incorrectly. Region-
based segmentation, while offering detailed results, also faces challenges due to its
high computational demand and sensitivity to noise and small intensity variations,
leading to potential over-segmentation. These methods are heavily dependent on
parameter selection, and poor initial seeds can result in suboptimal outcomes, es-
pecially with complex structures that have varying intensities. Histogram-based
segmentation, on the other hand, suffers from sensitivity to noise and relies on
global histogram information, often missing local intensity variations. The ar-
bitrary choice of threshold and the assumption of uniform illumination further
reduce its effectiveness in complex or unevenly lit images. Overall, each method
has specific strengths and weaknesses, necessitating careful consideration based

on the imaging context.

e Deep learning based segmentation: Recent studies have leveraged deep learn-

ing, a core technique of artificial intelligence, not just for classifying images but
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also for their segmentation. In particular, in the field of lung cancer detection, deep
learning methods are employed to segment computed tomography (CT) images to

precisely identify regions of interest (ROI).

Deep learning segmentation methods have demonstrated remarkable success in
the realm of image segmentation. When juxtaposed with conventional machine
learning and computer vision techniques, deep learning offers distinct advantages
in terms of segmentation precision and efficiency. Consequently, leveraging deep
learning for medical image segmentation can significantly aid physicians in as-
certaining the size of diseased tumors and quantitatively evaluating treatment
outcomes. This, in turn, leads to a substantial reduction in the workload of med-
ical professionals [127].

In general, Convolutional Neural Networks (CNNs) facilitate image classification,
taking an image as input and producing a corresponding label as output. How-
ever, in medical imaging, simply identifying abnormalities isn’t enough; precise
localization of these abnormalities is crucial. To address this need, various deep
learning-based methods have been developed specifically for image segmentation,
allowing detailed analysis and accurate identification of affected areas within med-
ical images.

In medical imaging, The U-Net [128], a convolutional neural network renowned
for its success in biomedical imaging segmentation, derives its name from its sym-
metric architecture, which resembles the letter "U". It consists of two primary
components: the contracting path and the expansive path. This network design
has garnered widespread recognition in numerous studies for its efficacy in image
segmentation tasks. This method is well-suited for tasks requiring accurate delin-
eation of object boundaries and segmentation of structures with complex shapes,
such as organs and lesions in medical images. For instance, Niranjan Kumar S et
al. [129] demonstrated its effectiveness in their study, where they utilized it to seg-
ment lung nodules. Its symmetrical design and skip connections enable effective
feature learning and preservation of spatial context, making it a popular choice in

the field of medical image analysis.

Figure 2.12 illustrates the architecture of U-net. The encoder or contracting
path [130] is responsible for capturing context and extracting features from the
input image. It consists of multiple convolutional layers followed by max-pooling

layers, which gradually reduce the spatial dimensions of the input image while
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figure 2.12: U-net architecture [128]

increasing the number of feature channels.

These feature maps are then upsampled by the decoder, or the expansive path
to the original input image size. The decoder is composed of a series of upsam-
pling layers followed by convolutional layers, which gradually increase the spatial

dimensions while reducing the number of feature channels.

The bridge between the contracting and expansive paths is called the bottleneck,
which contains the deepest convolutional layers and retains high-level semantic
information. Crucially, skip connections link corresponding encoder and decoder
layers, ensuring the retention of vital spatial and detail information throughout
the network. This setup culminates in an output layer, usually featuring a convo-
lutional layer with a softmax activation for precise pixel-wise classification.

While U-Net excels in medical imaging segmentation tasks, particularly in cases
requiring pixel-wise classification and boundary delineation, there are other ap-

proaches better suited where individual objects need to be distinguished.
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2.4.3 Computer Aided Diagnosis (CADx) system for lung cancer

CADx systems aim to provide diagnostic interpretations or predictions based on the analysis
of imaging data. In lung cancer field, CADx analyzes the detected nodules or lesions in lung
cancer imaging data using sophisticated algorithms and computational techniques. These
systems aim to provide diagnostic information and decision support to healthcare profes-
sionals by characterizing detected nodules based on various features extracted from medical
images. CADx evaluates factors such as nodule size, shape, texture, and enhancement pat-
terns to differentiate between benign and malignant nodules by using different technologies

of machine learning or deep learning.

Classification using machine learning

In lung cancer classification using machine learning, feature extraction is a crucial step that
typically follows the segmentation process, especially in medical image analysis for lung
cancer diagnosis. This step entails extracting meaningful characteristics from segmented
regions or nodules within lung CT scans, which may include descriptors related to shape,
texture, intensity, and size of the nodules. By extracting relevant features from the segmented
lung nodules, researchers and clinicians can effectively analyze and characterize the nodules
for tasks such as classification (e.g., distinguishing between benign and malignant nodules),
prognosis, treatment planning, and monitoring disease progression. This process plays a
pivotal role in the use of image analysis techniques to assist in the diagnosis and management
of lung cancer.

These features are then used to train machine learning models like:

» Support Vector Machines (SVM): Supervised learning algorithms, including Sup-
port Vector Machines (SVM), are widely applied across domains such as healthcare,
natural language processing, and image recognition. In lung cancer diagnosis, SVMs
are frequently used to classify lung nodules as benign or malignant [131,132].

One of their key advantages, as noted by Bernhard Scholkopf, is their strong theoret-
ical foundation in computational learning theory, alongside their proven performance
in real-world applications [133].. In lung cancer diagnosis, SVMs help analyze com-
plex medical data by effectively distinguishing between malignant and benign nodules,

detecting subtle variations in imaging features from CT scans and X-rays.

o K-Nearest Neighbors (KININ): The k-Nearest Neighbors (k-NN) algorithm is com-
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monly used in lung cancer diagnosis [134]. It operates by selecting a predefined number
of nearest neighbors (k) and calculating the distance between a query point and all other
points in the dataset using metrics like Euclidean, Manhattan, or Hamming distance.
After sorting the distances, KNN identifies the k-nearest points and, for classification
tasks, assigns the query point to the most common class among its neighbors (majority
voting). For regression tasks, it predicts a value based on the average of the neighbors’
values [135].

« Random Forests: The random forest algorithm uses ensemble learning by building
a collection of decision trees to collectively produce a more accurate prediction or out-
come [136] that is used for both classification and regression tasks.

In lung cancer diagnosis, it is used to classify lung nodules as malignant or non-
malignant [137]. The process begins by randomly selecting subsets of the training
data with replacement to build multiple decision trees. At each node of each tree,
a random subset of features is considered for splitting, adding diversity and reducing
correlation among the trees. Once the trees have been constructed, they independently
predict the target variable for each input sample. For classification, the final prediction
is determined by majority voting among all the trees, while for regression, it is typically

the mean of the individual tree predictions.

Classification with deep learning algorithm

Deep learning has achieved significant success across various fields, including computer vi-
sion, natural language processing, speech recognition, and medical image analysis. Unlike
traditional machine learning, which requires manual feature extraction, deep learning auto-
matically learns hierarchical features directly from raw data. Through multiple layers in a
neural network, it captures increasingly complex patterns, making it highly effective for tasks
like image classification and object detection. In lung cancer diagnosis, deep learning has
advanced nodule detection, tumor classification, and patient outcome prediction with high
precision, as demonstrated in numerous studies like [138,139]. Among the most common and

informative imaging techniques for this purpose, we cite:

« Convolutional Neural Networks (CNNs): Have achieved remarkable success in
various computer vision tasks, including image recognition, classification, and medical
image analysis. Their multi-layered structure transforms input images into output

labels, enabling automatic learning and extraction of relevant features without manual
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engineering. This capability is crucial in lung cancer diagnosis, where subtle nodule

characteristics can indicate malignancy.

CNNs excel at identifying critical features such as edges, shapes, and textures, which
are essential for distinguishing between benign and malignant nodules. Their robust-
ness in handling high-dimensional image data allows them to learn hierarchical feature
representations through multiple convolutional layers, enhancing the understanding of

underlying patterns in lung images.

Additionally, CNNs improve diagnostic accuracy by generalizing from training data to
unseen images. After being trained on a substantial dataset of labeled lung images,
they can effectively apply learned features to new cases, increasing the efficiency and
reliability of lung cancer diagnosis despite the variability in tumor appearance and the

challenges of human image interpretation.

o Transfer learning and pre-trained models: Transfer learning and pre-trained mod-
els play a crucial role in analyzing medical imaging data for lung cancer using deep learn-
ing techniques [139]. By utilizing convolutional neural networks (CNNs) pre-trained on
large datasets like ImageNet, essential visual patterns relevant to lung cancer diagno-
sis are extracted from lung CT scans. Fine-tuning these models on smaller, labeled

datasets specific to lung cancer enhances their performance.

Domain adaptation techniques help address discrepancies between the source domain
of the pre-trained models and the target domain of lung CT scans, facilitating effective
feature transfer. Data augmentation methods, including synthetic data generation, di-
versify the training dataset and help prevent overfitting. Additionally, compressed pre-
trained models allow for deployment in resource-constrained settings, enabling real-time

lung cancer diagnosis directly within medical imaging devices or healthcare systems.

2.5 Conclusion

In this chapter, we explored the role of Artificial Intelligence (AI) in healthcare, detailing
fundamental concepts initially. Following this, we delved into the specifics of the Computer-
Aided Detection and Diagnosis(CAD) system for lung cancer, which marks a significant
advancement in medical imaging, enhancing the detection and diagnosis accuracy by analyz-
ing scans like CTs and X-rays. These systems enable earlier detection of cancerous nodules,

support consistent image interpretation, and act as second-opinion tools to aid radiologists.
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However, challenges such as integrating these systems into medical workflows and ensuring
they complement rather than replace human expertise need addressing. Overall, CAD sys-
tems hold the promise of improving outcomes in lung cancer treatment through earlier and

more accurate detection
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3.1 Introduction

The emergence of diagnostic assistance systems for lung cancer has catalyzed a surge of re-
search activity in the field. In this chapter, we explore the relevant literature and explore the
various studies and developments related to this research domain. Following this compre-
hensive review, we conducted an in-depth analytical study to elucidate the advantages and
drawbacks of existing approaches. By meticulously analyzing the limitations of previous re-
search efforts, we identify key areas for improvement. Subsequently, we propose a customized
solution aimed at optimizing the accuracy and reliability of lung cancer diagnosis. This pro-
posed solution is customized to address the specific challenges and shortcomings identified
through our thorough analysis, with the overarching goal of enhancing the effectiveness of

lung cancer diagnostic procedures.

3.2 Related works

In the preceding chapter, we discussed lung nodule localization, highlighting its implemen-
tation through object detection and segmentation methods. These approaches emphasize
the identification and precise delineation of nodules, utilizing techniques ranging from tradi-
tional methods to advanced deep learning frameworks. Here, we will provide a comprehensive
overview of different studies in the field, evaluating their respective strengths and disadvan-
tages.

In the advancement of CAD systems for lung cancer, many studies suggest the extraction of
lung area from CT scan images as an initial step in the process. This crucial step, as pro-
posed by Swati et al. [140] in their study, serves as a fundamental groundwork for subsequent
analysis. They employed thresholding to differentiate between body and non-body pixels
through an iterative process. Following this, morphological operations like erosion and dila-
tion were applied to remove the body and other organs from CT scan images. The connected
component method was then used to segment lung nodules. For nodule classification, the
authors utilized a support vector machine (SVM), testing their methodology on 15 diseased
lung images and achieving an accuracy of 92.5%.

N.A. Memon et al. [141] emphasize that accurate lung area segmentation is a critical step in
developing CAD systems for lung cancer diagnosis. To address this, the authors proposed a
segmentation technique designed to extract the lung region from CT scan images. Initially,
they applied an optimal threshold to each image, followed by connectivity analysis of the

thresholded regions. Then they used a region-growing method to further segment the lungs.
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Their algorithm was tested on 25 datasets from patients obtained from Ackron University,
USA, and Aga Khan Medical University, Karachi, Pakistan.

An automated CAD system is proposed by D. Sharma and G. Jindal [142] to identify lung
cancer. Firstly, the authors have preprocessed images by the use of simple box blur and
wiener filter. Since the CT scan image contains other substances than the lung organ, the
authors have proposed the segmentation of the lung region before proceeding to the nodule
segmentation. For this purpose, they have chosen edge detection method using sobel edge
detection, then they have analyzed segmented lung area through feature extraction task to
find the abnormality existed in the lung and detect which are cancerous. Their approach was
tested on the LIDC dataset, achieving an accuracy rate of 80%.

In the same context of lung segmentation,Y. Itai et al. [143] introduced an automated tech-
nique to segment lung area. Initially, they employed thresholding, then, they refined the
segmentation using a snakes or active contour model to achieve a final delineation of the lung
area.

In a separate investigation, S. Makaju et al [144]. proposed a model aimed at identifying lung
cancer through the analysis of CT scan images. Their approach started with preprocessing
the images to eliminate noise, employing both median and gaussian filters. For segmentation,
they opted for watershed segmentation due to its capability to accurately separate objects
even when they overlap, a crucial feature for precisely delineating cancerous nodules, espe-
cially when they intersect with other structures. Thereafter, the authors computed various
features from the segmented images, including area, perimeter, centroid, diameter, eccentric-
ity, and mean intensity. These features were then used to train a support vector machine
(SVM) classifier to differentiate between benign and malignant nodules. The authors tested
their methodology using 16 DICOM images from the LIDC dataset for training the classifier,
and validated the results with 5 additional images, comprising a total of 15 nodules, achieving
an accuracy of 86.6%.

M. Javaid et al. [145] integrate several techniques to enhance lung nodule detection in early-
stage lung cancer diagnosis. They begin with thresholding and histogram analysis for segment
lung area accurately, followed by morphological closing. K-means clustering is then employed
for initial nodule detection, refined using morphological opening method. Finally large nod-
ules are classified using a Support Vector Machine (SVM) classifier.

In [146], A. Bhandary et al. have converted CT scan images from RGB scale to grayscale
and resizing them into (227,227,1) pixels as the first step in their process. After data prepro-

cessing, they divided the segmentation operation into two steps (lung extraction and nodule
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segmentation). For lung extraction, the authors have applied threshold value to separate
the image into two levels of contrast (high contrast and low and medium contrast), where
high contrast sections represent bone and heart, and low and medium contrast represents
tumor and other sections. For nodule detection, they utilized morphological segmentation
which gave better results than watershed segmentation. However, the watershed method per-
formed good results in the comparative study proposed by T. Heeneman and M. Hoogendoorn
in [147].

P. Tripathi et al. [148] have presented a comparative study between several segmentation
methods of lung cancer detection. At the beginning, they have used the median filter for
preprocessing task to enhance the quality of input image. Then, the authors compared otsu
thresholding, edge detection, and marker controlled watershed segmentation. The authors
have calculated some features like (area, perimeter, mean intensity, and eccentricity) for each
segmentation technique used in their study. They have found that marker-controlled water-
shed segmentation provides the best results than other methods.

S. Uzelaltinbulat and B. Ugur [149] have developed an algorithm to segment lung tumor.
They started by converting images from DICOM format to jpeg format and resized them
to (256*256) to improve their quality. In the proposed algorithm, the authors have chosen
morphological operation (erosion) and median filter to pre-process images. After this, they
have applied a thresholding method (otsu’s method) to segment lung nodules. They have
also used another morphological operation (opening) to eliminate the unnecessary segments
in an image. The authors utilized a set of 70 images from LIDC-IDRI dataset, 50 of which
contained tumors and 20 without. Their model achieved an accuracy of 97.14%.

A computer-aided system for the automatic diagnosis of lung cancer has been proposed by
M. Gomathi and P. Thangaraj [131]. Firstly, the authors have used morphological operations
to segment lung area from CT scan images (erosion to reduce noise and dilation and median
filter to enhance CT images). Then, they applied the Fuzzy Possibility C-Mean algorithm
(FPCM) to detect cancer nodules existing in the segmented lung region. To classify the
nodules, the authors have used support vector machine. Their approach was tested on a

dataset of 1000 images sourced from a reputable hospital.

Upon reviewing these studies, it becomes evident that the majority advocate for lung seg-
mentation as an initial step in the process of segmenting lung nodules. This approach involves
isolating the lung regions from the surrounding anatomical structures in CT images. By ac-

curately delineating the lung boundaries, subsequent nodule segmentation algorithms can
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focus specifically on the lung area, improving the precision and efficiency of nodule detection
and characterization. Although, segmenting the lung from CT scan images before segmenting
lung nodules can pose several drawbacks, including increased complexity in the segmentation
pipeline, potential propagation of errors from lung segmentation to nodule detection, loss of
contextual information vital for accurate nodule identification, heightened processing time
due to additional computational steps, and challenges in handling lung pathologies that can
affect segmentation accuracy since these pathological changes can distort the normal struc-
ture of the lungs, making it harder for automated systems to accurately segment or isolate
the lungs, leading to potential errors in subsequent analyses, such as nodule detection. While
this approach may offer some computational benefits, particularly in terms of reducing pro-
cessing load, it must be carefully weighed against its potential negative impacts on accuracy
and efficiency, especially in clinical settings where timely and precise nodule detection is
crucial for patient care. Integrated segmentation methods that simultaneously address lung
and nodule segmentation may present a more effective alternative, ensuring comprehensive
analysis while mitigating the risks associated with segmented approaches.

More importantly, Segmenting the lung in the presence of juxtapleural nodules poses spe-
cific risks due to challenges such as partial volume effects, pleural attachment, artifacts, and
shadowing. Juxtapleural nodules often exhibit blurred boundaries and can be attached to
the pleural surface, making it difficult to accurately separate them during lung segmentation.
This can result in underestimation or overestimation of nodule size and increase the likeli-
hood of false-positive findings or inaccurate characterization. Given the clinical significance
of juxtapleural nodules, which have a higher probability of malignancy, precise segmentation
is essential for appropriate management decisions. Addressing these risks requires specialized
segmentation algorithms tailored to handle juxtapleural nodules’ unique characteristics and
close collaboration between radiologists and computer scientists to ensure the development
of reliable segmentation methods for lung cancer detection.

In addition, these researchers focus on the use of classical methods of segmentation that
are characterized by their simplicity, efficiency, and interpretability, making them accessible
and understandable for a wide range of users. These methods can provide reasonably accu-
rate results with low computational overhead, particularly for simple segmentation tasks or
when dealing with small datasets. However, the use of classical methods like morphological
operations and edge detection for lung nodule segmentation face significant challenges due
to the need for precise parameter selection, which often relies on trial-and-error and can lead

to false detections. Moreover, these methods are highly sensitive to noise inherent in CT
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scan images, which can introduce false edges and distort lung structures, ultimately com-
promising segmentation accuracy. The presence of noise not only increases the risk of false
positives but also complicates the delineation of nodule boundaries, potentially resulting in
under-segmentation or over-segmentation errors. Despite efforts to mitigate these challenges
through preprocessing techniques and parameter optimization, classical methods may still
fall short compared to more advanced approaches like deep learning-based segmentation in

achieving robust and accurate segmentation of lung nodules.

With the rapid advancement of artificial intelligence, there’s a growing emphasis on incor-
porating deep learning techniques not just for classification tasks but also for segmentation
processes. This necessity has been underscored by the remarkable successes witnessed with
models like U-Net in medical imaging [128].

A. Chon et al. [150] have presented their conducted research titled 'Deep Convolutional Neu-
ral Networks for Lung Cancer Detection’, where they have started by trying to use the 3D
segmented lung directly as an entry in the malignancy classifier but they have got bad re-
sults, which may be due to the large search space, so they entered small areas containing the
top cancerous nodule. They have used U-net which takes a 2d CT slice with shape 256%256
as input and labels (256*256 mask nodule where pixel value=1 and the rest=0). Although
U-net produces a strong signal for the real nodule, it also generates a large number of false
positives.

Ying S. et al. [151] proposed a lung nodule detection method using the Faster R-CNN al-
gorithm, which demonstrated strong performance. Their research highlighted the critical
role of parameter optimization in enhancing the network structure and improving detection
accuracy.

A new algorithm based on YOLOv3 for detecting lung nodules have been proposed by Xu,
Kejia [152]. However, the Yolovb is also used by Ewaidat h et al. [153], and Yan C. et al. [154]
to detect lung nodules. Their process began with image preprocessing steps, which included
resampling and normalization. They then applied an adaptive thresholding method along
with morphological operations to effectively segment the lung area. Following this segmen-
tation, they employed an enhanced version of YOLOv) for the detection of lung nodules.
Their experiments were conducted on the LUNA16 dataset, yielding an Average Precision
(AP) of 94.8% and a sensitivity of 78.1% for the improved model.

Each method has its own set of advantages and disadvantages, and the selection of a
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particular method depends on specific requirements and objectives. For instance, traditional
techniques relying on contours, regions, and histograms may offer simplicity and faster pro-
cessing times but might lack the precision and adaptability needed for complex tasks. On the
other hand, deep learning approaches, while potentially providing higher accuracy and the
ability to learn from large datasets, often require substantial computational resources and
extensive training data. The decision on which method to employ should be based on factors
such as the complexity of the task, the availability of data, computational resources, and the
desired level of accuracy and robustness. Therefore, a careful evaluation of the strengths and
limitations of each approach is crucial to selecting the most appropriate one for the given

context and goals.

3.3 Proposed Method

To compare the precedent approaches, we have proposed certain criteria:

Do preprocessing techniques influence the quality of an image?

Does the use of certain types of filtering, especially with small kernels, fail to eliminate small
nodules, particularly those between (3mm-30mm)?

Does lung segmentation not impact the accuracy of nodule segmentation? Is it reliable to

proceed directly to nodule segmentation?

To address these questions, we have opted to experiment with object detection techniques
that delineate a bounding box around lung nodules for localization. This approach enables
us to monitor the evolution of the nodule in multiple CT scans, as the nodules may span
multiple slices rather than appearing only in a single slice or location. In addition, lung
nodules are small, round or oval-shaped growths in the lungs that are often detected through
medical imaging like CT scans. They can vary in size, with micro-nodules being typically
less than 10 mm in diameter, while larger nodules range between 10 mm and 30 mm. These
nodules can be indicative of various conditions, with the detection of lung nodules serving as
a potential early warning sign for lung cancer [155, 156].

The size of the nodules is important in assessing the risk to the patient. Smaller nodules are
less likely to be cancerous, while larger ones raise more concern and may require further diag-
nostic procedures such as biopsy to determine their nature accurately [157]. Early detection
and monitoring of these nodules are vital for timely intervention and effective management

of potential health risks, especially in cases where malignancy is suspected.

Univ-Tebessa/Computer Science 82



A new approach based on deep learning for the detection and classification of lung cancer

For this reason, we have proposed a method for detecting and classifying lung nodules, partic-
ularly those between (3mm-30mm), which can be challenging for radiologists. This method
relies on deep learning technology, specifically leveraging YOLOv7, and incorporating trans-

fer learning for accurate nodule detection and classification.

Figure 3.1 illustrates the methodology adopted in our study. Firstly, we initiated the
process by thoroughly preparing the dataset, converting DICOM images to PNG format
and organizing the data to ensure compatibility with various deep learning algorithms. This
step was crucial in streamlined the data loading process and making it easier to manipu-
late the images using common image processing tools. Next, we focused on detecting lung
nodules using YOLOvVT transfer learning, employing three different types of input: whole
images, preprocessed images using median and adaptive median filters, and segmented lung
images. This multi-faceted approach allowed us to assess the impact of different preprocess-
ing techniques on detection accuracy. Finally, we classified the detected lung nodules into
three categories: benign, suspect or undefined, and malignant, using transfer learning and
fine-tuning techniques to enhance the accuracy and reliability of the classification process.
This comprehensive approach aimed to improve detection and classification performance,
facilitating a more precise and early diagnosis of lung cancer.

ll

Data Data

i Benign
acquisition preparation Whole images €
- Classifier Suspect
Segmented images
— Nodule detection Extract patches Malignant

Nodule classification

YOLO v7 object detector

Preprocessed
images

Adaptive
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figure 3.1: The overall architecture of the proposed approach [158]

3.3.1 Data preparation

We began by collecting data from the Cancer Imaging Archive, using the LIDC-IDRI dataset.

This dataset is one of the most widely employed datasets in lung cancer research, comprising
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1018 patient cases with 244527 images.

A CT scan of the lungs provides a detailed visualization of not only the lungs themselves
but also surrounding anatomical structures and tissues within the thoracic cavity. This in-
cludes vital organs such as the heart, major blood vessels, and portions of the liver, as well
as bony structures like the ribs and sternum. Additionally, the scan captures air within the
lungs, adipose tissue (fat), muscle, and portions of other organs that may be adjacent to the
thoracic cavity. This comprehensive imaging modality offers valuable diagnostic informa-
tion, allowing clinicians to assess lung health, detect abnormalities or lesions, evaluate bone
integrity, and examine the overall condition of surrounding tissues, Figure 3.2 presents an

example of the visualization of a C'T scan image stored in DICOM format.

Right
Atrium Right
Descending Ventricle
Aorta
Airin Lungs
- Left Atrium

Cerebrospinal
Fluid

Fat

Bone

figure 3.2: Example of a CT scan image in DICOM format [159].

These CT scan images typically produce a series of images stored in the DICOM format.
Each image represents a cross-sectional slice of the scanned body part, providing detailed
information for medical diagnosis and analysis.

When discussing CT scans, the Hounsfield Unit (HU) scale is a crucial concept. It measures
the radiodensity of tissues based on their attenuation of X-rays. Figure 3.3 shows this scale
that assigns specific numerical values to different tissue types, with water having a HU value
of 0, air having a negative value, and denser tissues such as bone having positive values [89].
Understanding the HU scale allows radiologists to distinguish between various tissues and
structures in CT images, aiding in diagnosis and treatment planning. Additionally, changes
in HU values can indicate pathological conditions or abnormalities within the body, providing

valuable diagnostic insights.
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figure 3.3: The Hounsfield scale of CT numbers [160]

In preparing our dataset for lung cancer analysis, we followed a detailed workflow to sort,
extract, and annotate DICOM images, ensuring the data is both accurately ordered and

enriched with essential diagnostic details.

e Sorting of DICOM Images: The imaging dataset utilized in this study consists of 1018
patient folders, each containing a series of images stored in DICOM format. However,
these images are not arranged in the same sequence as displayed in a DICOM viewer,
which can lead to discrepancies during analysis. This inconsistency occurs because
DICOM viewers organize slices based on the ’instance number’ field in each image’s
metadata, ensuring they reflect the anatomical order of the scan series.

To prepare the images for further processing, it is crucial to sort them according to
their 'instance number’ to maintain the original anatomical sequence. Manual sorting
is time-intensive and impractical, especially in online environments where file handling
is slower. To automate and streamline this process, we employed the DICOM SORT
application [161]. This tool allows sorting by specific fields such as ’instance number’
or other metadata as needed. By organizing the images in each patient folder, the ap-
plication ensures that slices are properly ordered, providing a consistent and structured

dataset for subsequent analysis.

o Extraction of Slices: After sorting the images, the next step is to extract only the
slices containing nodules, as identified by radiologists. For this, we reference the LIDC
Nodule Size Report [162], which provides detailed information about each detected

nodule, including;:

— Slice Numbers with Nodules: The report indicates the exact slice numbers where
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each nodule is visible, allowing us to directly locate and extract the relevant slices.

— Coordinates (x, y): Representing the center of mass for each nodule, these coor-
dinates help pinpoint the nodule’s location within each slice, ensuring precision in
ROI extraction.

o Image Format Conversion: This step involves converting the images to PNG format.
This conversion simplifies the integration of medical imaging data into deep learn-
ing frameworks, allowing us to leverage diverse datasets for training and evaluation
purposes. By converting DICOM images to this format, the dataset becomes more
accessible and easier to work with across different deep learning technologies. This
enables the exploration and implementation of advanced deep learning techniques for
both tasks: lung nodules detection and classification. To do this, we have used the

process explained as follow:

— Convert DICOM image to float: Initially, we converted the DICOM images to
float format to prevent overflow or underflow losses. This conversion provides a
wider dynamic range and greater precision for representing pixel values. The float
format accommodates both integer and fractional values, preserving fine details
and minimizing quantization errors that may arise during conversion. Addition-
ally, its compatibility with deep learning algorithms ensures optimal performance
and enables comprehensive image analysis without the loss of clinically relevant

information.

— Rescaling the grayscale values of an image between 0 and 255: This involves ad-
justing the pixel intensities so that the darkest pixel becomes 0 (black) and the
brightest pixel becomes 255 (white), with all other intensities linearly interpolated
between these two extremes. This process enhances the contrast and visibility of
the image while maintaining its relative proportions. It is a common preprocessing
step in image analysis and visualization, making images more visually appealing

and suitable for display on standard monitors or printing.

— Converting grayscale values to wint (unsigned integer) format: It involves mapping
the rescaled pixel intensities from the range [0, 255] to the integer range [0, 255].
This conversion ensures that the pixel values are represented as whole numbers

without any fractional or decimal components.

o Lung Nodule Localization: To localize lung nodules effectively, we utilize the Nod-

ule Size Report [162] that encodes the nodules’ x and y coordinates, as well as their
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boundary data, enabling precise identification of regions of interest (ROISs).

After identifying and localizing the nodules on the relevant slices, the resulting dataset
includes paired information of lung slices and their corresponding localized nodule coor-
dinates. This localized dataset plays a critical role in training and validating detection

algorithms for lung nodule analysis.

o Lung Nodule classification: To make the dataset suitable for both segmentation and
classification tasks in CAD systems for lung cancer, we enrich the dataset by incorpo-
rating malignancy classifications. Each radiologist provides a malignancy score for the

nodules they identified, with scores typically ranging from benign to highly malignant.

By parsing the XML file associated with each patient’s scan series, we extract de-
tailed annotations provided by four independent radiologists, each conducting separate
reading sessions. These annotations offer comprehensive information, including the
malignancy degree assigned to each nodule. The XML structure allows us to retrieve
and analyze each radiologist’s malignancy assessment for every nodule across the dif-
ferent reading sessions, ensuring a thorough evaluation of interobserver variability and

consensus. Based on these scores, we categorize each nodule as:

— Benign: Scores indicating low likelihood of malignancy.
— Indeterminate: Scores representing borderline or uncertain malignancy.

— Malignant: Scores indicating a high likelihood of malignancy.

After converting the images, the dataset was prepared for use in various artificial intelli-
gence applications, resulting in images with a resolution of 512 x 512 pixels. The dataset was
then split into three subsets: 70% for training (799 images), 10% for validation (115 images),
and 20% for testing (228 images).

This preparation leads directly to one of the core challenges of this work, which is detecting
lung nodules from CT scan images. The process typically involves essential preprocessing
steps, such as image enhancement and lung segmentation, which are necessary before specif-
ically identifying the nodules. These steps, as demonstrated in previous approaches, are
crucial for improving the accuracy and reliability of nodule detection. However, the specific
methods used for preprocessing and lung segmentation can vary, impacting the overall per-
formance of the nodule detection system. Therefore, our proposal suggests comparing the
efficacy of three distinct input types for lung nodule detection from CT scan images which

are: whole images, preprocessed images and lung segmented images.
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By comparing the performance of lung nodule detection using these three different input
types, we can evaluate the impact of each one on the accuracy, of nodule detection algo-
rithms. This comparative analysis can help identify the most effective approach for detecting

lung nodules in CT scan images.

The first input type: Whole images

We utilized the images that were directly converted to png format without applying any
preprocessing techniques, such as noise reduction or contrast enhancement, nor performing
lung segmentation. This approach was taken to observe how well the model could perform
without the benefit of refined image preparation or isolating the lung regions for more fo-
cused analysis. It allowed us to establish a baseline for comparison with more sophisticated

preprocessing methods.

The second input type: Preprocessed images

The LIDC-IDRI dataset contains C'T images, which inherently suffer from noise due to factors
like radiation dose and equipment variations, hindering radiologists’ ability to discern fine
details and impeding edge detection and segmentation processes. To address this, filtering
methods are employed to mitigate image noise. In our study, we utilized the median and
adaptive median filters to reduce salt-and-pepper noise common in CT scans. However, the
decision to apply filters depends on specific application requirements and trade-offs between
noise reduction and feature preservation.

The main challenge of this study is to accurately detect small lung nodules while preserv-
ing critical image information vital for a precise lung cancer diagnosis. To address this, we
utilized a minimal filter size, specifically a 3x3 kernel, to ensure that essential features are
retained during the preprocessing stage. This small window size helps maintain the integrity

of the image details, which is crucial for accurate detection of nodules.

The third input: Lung segmented images

This input type is designed to segment the lung region from CT scan images while effectively
removing neighboring organs such as the liver, tissue, and heart. To do this, we used the K-
means algorithm to extract two centroid values representing the background and foreground,
respectively, and calculated their mean value as a threshold.

Afterther, we applied morphological operations (erosion and dilation) which are standard

techniques in image processing used to alter object shape and size, where erosion operation
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removes pixels from the edges of objects, while dilation adds pixels to these edges. The
extent of pixel manipulation during these operations is determined by the size and shape
of the structuring element, typically represented by a matrix or template. In our study, we
used a 3x3 kernel for erosion and a 10x10 kernel for dilation, which consists of effectively
balancing the removal of unwanted details with the preservation of significant structures in
the CT scan images. The smaller 3x3 kernel for erosion targets minor noise and shrinks
irrelevant features while maintaining the finer details of the lung’s anatomy. In contrast, the
larger 10x10 kernel for dilation is designed to expand key regions and fill gaps, thus restoring
essential lung structures after erosion, as illustrated in Figure 3.4 that presents the result of

lung segmentation.
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figure 3.4: The outcome after each step of lung segmentation process.
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3.3.2 Lung nodule detection using transfer learning of YOLOv7

Object detection plays a pivotal role in lung cancer detection by automating the identifica-
tion of suspicious nodules, which are potential indicators of malignancy. For this task, we
utilized YOLOvT7 [110], a state-of-the-art object detection model, renowned for its optimal
balance between accuracy and speed. YOLOvT’s advanced deep learning framework enables
end-to-end training, allowing it to efficiently detect and localize lung nodules even amidst
complex anatomical structures and varying nodule sizes.
A key strength of YOLOVT lies in its transfer learning capability, which allows the adaptation
of a pre-trained model to domain-specific datasets. By fine-tuning YOLOvVT on a specialized
lung CT image dataset, we significantly enhanced its detection performance, even with lim-
ited training data. This approach not only improves accuracy but also ensures the model’s
effectiveness in handling real-world clinical scenarios.
YOLOvVT’s robust architecture, efficiency, and adaptability make it an excellent choice for the
precise and efficient localization of lung nodules, contributing to early diagnosis and improved
outcomes in lung cancer management.

step, typically achieving higher accuracy at the cost of increased computational complex-
ity and slower processing. The schematic plot presented by the Figure 3.5illustrates these

differences in their detection pipelines.
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figure 3.5: Schematic plot for (a) one-stage detector and (b) two-stage detector [163]
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Training the YOLOvV7 for nodule detection

The training process of the YOLOv7 model for nodule detection is illustrated in the Figure3.6

and explained as follow:
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figure 3.6: Training YOLO process
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o Create a YOLOv7 dataset: Firstly, we move on to transforming our inputs into the
specific format required by YOLOv7. This process involves preprocessing the data,
which includes organizing the images and their corresponding annotations in a way
that aligns with YOLOvVT’s expectations, ensuring that the model can effectively utilize
the dataset for training and detection tasks. For this purpose, we have extracted the
necessary information to acquire bounding boxes with their coordinates. Then, we
transformed the data into the YOLO-specific format, which involves creating a .txt file

for each image.

Each file contains a label corresponding to the image, with a line dedicated to each
nodule occurring within the frame. Furthermore, YOLO requires several files to effec-
tively initiate the training process these include the total count of classes, a text file
enumerating the paths to all images earmarked for training, another text file listing the
names of all classes, the directory path where trained weight files will be saved, and the
pre-trained weights for the convolutional layers of the YOLO model, which are often

initialized from weights trained on large-scale image datasets such as ImageNet.
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e Download pre-trained weights: Obtain the weights of the YOLOv7 model pre-trained
on a large dataset like COCO. These weights contain general features useful for object

detection.

o Adjust the model for specific task: Modify the model to suit our task, which is detecting
lung nodules. This may involve changing the number of output classes to match our
dataset. For this task, we’ll set the number of output classes to one, representing

nodules.

e Train the model: Fine-tune the YOLOv7 model using the LIDC-IDRI dataset, which
contains annotated lung nodules. During training, the model adapts its pre-trained
weights to better detect nodules based on the characteristics of the LIDC-IDRI dataset.

o Save weights: Throughout the training process, data was collected, loss was analyzed,
and model weights were captured at each epoch to save the best weights. After training,

save two sets of weights:

— Best.pt: This file contains the weights corresponding to the epoch with the best

performance metrics, such as highest accuracy or lowest loss.

— Last.pt: This file contains the weights saved at the completion of the last epoch.

These saved weights can be utilized for inference in new data or for future fine-tuning
tasks that allow us to leverage the general object detection capabilities learned from a

large dataset and fine-tune the model to specialize in detecting lung nodules using the

LIDC-IDRI dataset.

Loss Function

The losses are necessary for training YOLOvVT7 to accurately detect and localize objects in
images, ensuring a balance between precision and recall. We have used two types of loss

functions: Bounding box loss and objections loss.

1. Bounding box loss: Often called localization loss, quantifies the disparity between
predicted bounding box coordinates and ground truth annotations. By minimizing
bounding box loss during training, the model learns to precisely estimate objects’ spatial
extent and position within the image, leading to improved localization performance.
Additionally, box loss contributes to the overall optimization process by guiding the

model toward making more accurate predictions regarding object boundaries, thereby
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enhancing the efficacy of object detection systems.
It measures the error in the predicted bounding box coordinates (x, y, width, height)
compared to the ground truth. That means how accurately the predicted bounding

boxes match the ground truth bounding boxes and it is given by equation3.1:

S22 B
Localization Loss = > ) 1;’}” (w5 — 2)* + (yi — 9:)° + (Vw; — \/wTZ)2 + (\/hi — \/hj)ﬂ
i=0 j=0

(3.1)

where:

S x S is the size of the grid.

B is the number of bounding boxes per grid cell.

. 1;’? is an indicator function that is 1 if the j- bounding box in cell 7 contains an

object, and 0 otherwise.
e x;,y; are the center coordinates of the ground truth bounding box.
e I;,1; are the center coordinates of the predicted bounding box.
e wj, h; are the width and height of the ground truth bounding box.

o W, h; are the width and height of the predicted bounding box.

2. The objectness loss: Is a pivotal metric in object detection tasks, crucial for determin-
ing how effectively a model identifies objects within bounding boxes in an image. This
loss function evaluates the model’s capacity to distinguish between regions containing
objects of interest and those representing background elements. It does so by assessing
the confidence scores associated with predicted bounding boxes, helping estimate the
likelihood that an object is within each box, thus facilitating precise object localization.
Throughout the training process, minimizing objectness loss guides the model in re-
fining its predictions and improving its ability to accurately identify objects in various

contexts, it is given by the equation 3.2.

S2 B
Objectness Loss = Y [1%]?3(0@ —Cy)* + Anoobjl?fom(ci' - 61)2} (3.2)
i=0 j=0

where:

e S x S is the size of the grid.

Univ-Tebessa/Computer Science 94



A new approach based on deep learning for the detection and classification of lung cancer

B is the number of bounding boxes per grid cell.

b
15
object, and 0 otherwise.

is an indicator function that is 1 if the j-th bounding box in cell ¢ contains an

noobj
contain an object, and 0 otherwise.

is an indicator function that is 1 if the j-th bounding box in cell ¢ does not

« (;; is the ground truth confidence score for the j-th bounding box in cell ¢ (1 if
object present, 0 if not).

. C’ij is the predicted confidence score for the j-th bounding box in cell 7.

* Anoobj is a weight to balance the importance of the confidence loss for boxes that

do not contain objects.

The overall loss function in YOLOvT is a weighted sum of the box loss, objectness loss,
and classification loss. In our work, We have not include the classification loss, instead,
we focused solely on combining the two losses: the box loss and the objectness loss.
This decision stems from our use of the YOLO model exclusively for detection rather
than classification tasks. In our specific scenario, we are dealing with a single class

labeled as 'nodule’.

This strategic choice was informed by our preliminary tests with YOLO, where we
experimented with three classes: benign, suspect or undefined and malignant. During
this testing phase, we observed that the mean Average Precision (mAP) significantly
decreased when introducing multiple classes, suggesting that the model’s performance
was adversely affected. Consequently, we streamlined our approach to focus on nodule

detection alone, allowing for a more accurate and efficient detection process.

3.3.3 Lung nodule classification with transfer learning of vggl6

To determine the potential malignancy of lung nodules, we have proposed the transfer learn-
ing of VGG16 that was trained on the ImageNet dataset, to classify the detected nodules
into three categories (benign, suspect, and malignant), we have chosen a multiclass classi-
fication because LIDC-IDRI dataset contains CT scans of the lungs that four experienced
radiologists have annotated. Each radiologist provides a Malignancy Degree (MD) for any
detected nodules on a scale ranging from 1 to 5 reflecting the likelihood of a nodule being

malignant based on its appearance in imaging studies:
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o Score 1 (Definitely Benign): Low risk of malignancy, often associated with clearly

benign characteristics ( stable nodules, specific calcification patterns).

« Score 2 (Probably Benign): Slightly higher risk but still considered benign; requires

monitoring rather than immediate intervention.
o Score 3 (Indeterminate): Uncertain nature, further imaging or biopsy may be required.

o Score 4 (Probably Malignant): High suspicion of malignancy, often associated with

characteristics that indicate the potential presence of lung cancer.

o Score 5 (Definitely Malignant): Strong evidence of malignancy, typically leads to urgent

intervention, including biopsies or surgical consideration.

In our work, we have grouped the nodules with (MD= 1 or MD=2) as benign, nodules
with MD= 3 as suspect or undefined, and nodules with (MD=4 and MD=5) as malignant

as detailed:

e Benign Group (MD= 1 or MD=2): Nodules with malignancy degree of 1 or 2 are
typically categorized as benign due to their low risk of malignancy. These scores repre-
sent nodules that exhibit features commonly associated with non-cancerous conditions,
such as smooth edges, the presence of calcifications, or a lack of significant growth over
time. In some cases, these lower scores may correlate with low-grade tumors, such as
low-grade adenocarcinomas, which present as small, well-circumscribed nodules. These
nodules often present ambiguous characteristics, such as mixed solid and ground-glass
densities or irregular borders, which make it difficult to classify them as benign or ma-
lignant. These malignancy degrees would be unlikely to represent SCLC or aggressive
NSCLC subtypes. They may indicate benign nodules or very early-stage, slow-growing
NSCLC, such as well-differentiated (low-grade) adenocarcinomas. Low-grade tumors
are less aggressive, so they may be associated with lower malignancy scores even if

cancerous [164].

o Indeterminate or Suspect Group (MD=3): Nodules with a malignancy degree of 3
fall into an indeterminate or suspect category, where the likelihood of malignancy is
uncertain. These nodules may present ambiguous characteristics, such as partially
irregular borders or mixed densities that could indicate either a benign process or early
malignancy. The uncertainty in this category makes it challenging to definitively classify

the nodule as benign or malignant. These nodules might reflect early-stage NSCLC
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where the features are not clearly indicative of malignancy but suspicious enough to
warrant further investigation. These nodules could develop into more aggressive cancers

over time but are not yet definitive.

» Malignant Group (MD=4 or MD=5): On the other hand, nodules with malignancy de-
gree of 4 or 5 are grouped as malignant due to their high likelihood of being cancerous.
These nodules often exhibit concerning radiological features, such as spiculated or ir-
regular margins, rapid growth, or dense solid components, which significantly raise the
suspicion of malignancy. These nodules are more likely to represent SCLC or aggressive
forms of NSCLC like advanced adenocarcinoma or squamous cell carcinoma. SCLC is
especially associated with rapidly growing, high-malignancy nodules. NSCLC subtypes
like squamous cell carcinoma or poorly differentiated adenocarcinoma can also present

with high malignancy scores, indicating advanced or aggressive cancer [165, 166].

We have proposed three different architectures: All three approaches follow the same

steps, with the exception of the fourth step, which differs between approaches.

1. Step 1: Load VGG16 without the top layers: load the VGG16 model with
pre-trained weights from the ImageNet dataset, excluding the top layers by setting

include_top=False.

2. Step 2: Freeze layers except the last two: Only the last two layers’ weights are

trainable.
3. Step 3: Create the model and add the VGG convolutional base.
4. Step 4: The approaches differ in step 4:

o First Approach: Figure 3.7:
Add a flatten layer followed by a dense layer with 512 units and ReLU activation
function.

e Second Approach: Figure 3.8:
Add a flatten layer, followed by a series of dense layers with ReLLU activations
(512, 256, 128, 64, and 32 units respectively), and Dropout layers with (50% and
25%).

o Third Approach: Figure 3.9:
Add just a flatten layer.

Univ-Tebessa/Computer Science 97



A new approach based on deep learning for the detection and classification of lung cancer

vggl6_input | input: | [(None, 64, 64, 3)]
InputLayer | output: | [(None, 64, 64, 3)]
vgglb input: | (None, 64, 64, 3)
Functional | output: | (None, 2, 2, 512)
flatten_1 | input: | (None, 2, 2, 512)
Flatten | output: (None, 2048)
dense 2 | input: | (None, 2048)
Dense | output: | (None, 512)
dense_3 | input: | (None, 512)
Dense | output: | (None, 3)

figure 3.7: First approach architecture

Univ-Tebessa/Computer Science

98



A new approach based on deep learning for the detection and classification of lung cancer

figure 3.8: Second approach architecture

vggl6_input | input: | [(None, 64, 64, 3)]
InputLayer | output: | [(None, 64, 64, 3)]
Y
vggl6 input: | (None, 64, 64, 3)
Functional | output: | (None, 2, 2, 512)
flatten_1 | input: | (None, 2, 2, 512)
Flatten | output: (None, 2048)
dense 6 | input: | (None, 2048)
Dense | output: | (None, 512)
Y
dropout_2 | input: | (None, 512)
Dropout | output: | (None, 512)
dense 7 | input: | (None, 512)
Dense | output: | (None, 256)
dropout_3 | input: | (None, 256)
Dropout | output: | (None, 256)
Y
dense 8 | input: | (None, 256)
Dense | output: | (None, 128)
dense 9 | input: | (None, 128)
Dense | output: | (None, 64)
dense_10 | input: | (None, 64)
Dense | output: | (None, 32)
Y
dense_11 | input: | (None, 32)
Dense output: | (None, 3)
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vggl6_input | input: | [(None, 64, 64, 3)]
InputLayer | output: | [(None, 64, 64, 3)]

'

vgglb input: | (None, 64, 64, 3)
Functional | output: | (None, 2, 2, 512)

'

flatten_1 | input: | (None, 2, 2, 512)
Flatten | output: (None, 2048)

'

dense_1 | input: | (None, 2048)
Dense | output: (None, 3)

figure 3.9: Third approach architecture

5. Step 5: Finally, for all approaches:

Final Layer: Add an output layer with 3 units and Softmax activation.

3.4 Conclusion

In this chapter, we have explored the state-of-the-art techniques for lung cancer detection
and classification, highlighting their respective advantages and disadvantages. Following
this overview, we have detailed the various methods employed in our study. Initially, we
utilized YOLOVT for lung cancer detection and subsequently applied VGG16 for lung cancer
classification, leveraging the principle of transfer learning in both stages.

Our proposed approach has demonstrated promising results in both detection and classi-

fication tasks, which will be further detailed in the next chapter.
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Results and Discussion

4.1 Introduction

To validate the proposed approach, it is essential to conduct thorough evaluations. In this
chapter, we will introduce the tools and programming languages employed in the implementa-
tion of the proposed models, along with the database utilized. Following this, we will provide
a detailed analysis of the obtained results. This analysis used a comparative study with pre-
vious solutions to highlight the improvements and differences. Finally, we will conclude this

chapter by summarizing and synthesizing the findings from our evaluations.

4.2 Software and Hardware

The proposed solution is implemented in Python, utilizing various libraries to ensure optimal
functionality. For image processing tasks, we use libraries like NumPy and Pillow to store,
preprocess, and manipulate image data. Keras is chosen for its modular design and sup-
port for multiple backends, while TensorFlow is favored for its scalability and performance.
Finally, scikit-learn offers straightforward and efficient tools for predictive data analysis.

The implementation was carried out on a machine with the following specifications: In-
tel(R) Core(TM) i5-8265U CPU @ 1.60GHz (up to 1.80GHz), 8GB RAM, running Windows
10

4.3 Results

To evaluate the experimental results and facilitate transparency and reproducibility in re-
search, enabling comparisons with state-of-the-art methods, we use various object localization
and classification metrics.

Before talking about the different metrics used in this study, let’s explain some important

keys used in this context:

o True Positives (TP): These are the instances where the model correctly predicts the

positive class.

o False Negatives (FN): These are the instances where the model fails to identify the

positive class.

» True Negative (TN): These are the instances where the model correctly predicted the

negative class.
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« False Positive (FP): These are the instances where the model incorrectly predicted the

positive class.

The different metrics used to evaluate our work are described below:

o Mean Average Precision mAP: The mean Average Precision (mAP) is a commonly
used metric for evaluating object detection because it integrates both precision and
recall, accounting for False Positives (FP) and False Negatives (FN). The mAP is
calculated as the average of the Average Precision (AP) across several Intersections
over Union (IoU) thresholds. However, the Average Precision (AP) represents the area
under the precision-recall curve evaluated at a specific Intersection over Union (IoU)
threshold, focusing on the relationship between precision and recall rather than simply
averaging precision values [167]. The mean Average Precision (mAP) can be calculated
as the mean of the Average Precision (AP) over several intersections over Union (IoU)

thresholds. The following equation represents it:

1 N
N =
where:

— N is the number of different IoU thresholds.

— AP; is the Average Precision at the i-th IoU threshold.

e Recall: is an important performance metric in the context of classification and object
detection tasks. Measures the ability of a model to identify all relevant instances
within a data set correctly. In other words, recall is the ratio of correctly predicted
positive observations to all the actual positives [168]. Mathematically, recall is defined

by equation 4.2:

True Positives (TP)

Recall =
“““ 7 True Positives (TP) + False Negatives (FN)

(4.2)

e Precision: is a performance metric used to evaluate the accuracy of a classification or
object detection model. It measures the ratio of correctly predicted positive observa-
tions to the total predicted positives, indicating how many of the predicted positive
instances are actually relevant [168].

True Positives (TP)
True Positives (TP) + False Positives (FP)

(4.3)

Precision =

Univ-Tebessa/Computer Science 103



Results and Discussion

4.3.1 Lung nodules detection

Before training the model, we proposed three input types (whole images, preprocessed images,

and segmented images) and conducted transfer learning using YOLOv7. Table 4.1 presents

the outcomes of the nodule detection task, summarizing the model’s performance across the

various input types. These results will be analyzed and discussed in the following discussion

Models Input Epoch mAP Precision Recall

Model 1 whole images 89 81.28% | 82.68% 74.72%
preprocessed  im-

Model 2 ages using median | 67 77.15% | 90.4% 65.2%
filter
preprocessed  im-

Model 3 ages using adaptive | 93 75.91% | 70.4% 76.5%
median filter
lung segmented im-

Model 4 ages 167 73.89% | 74.25% 70.43%

Table 4.1: Results of fine-tuned YOLOvV7 for lung nodule detection [158]

o The first scenario: The images were utilized in their entirety after being converted

from DICOM to PNG format, with no additional preprocessing steps such as noise

reduction or enhancement, and without performing any lung segmentation to isolate

the lung region. This allowed us to evaluate the model’s performance on raw images,

maintaining all original features and surrounding structures.

Upon analyzing Figure 4.1, which illustrates the curves for box loss, mean Average

Precision (mAP), precision, and recall, we observed that transfer learning with YOLOv7

applied to whole images demonstrates impressive performance.
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figure 4.1: Box loss, mAP, Precision and Recall curves of the first senario using whole images
[158]

The model achieved a mean Average Precision (mAP) of 81.28%, indicating a high
level of accuracy in detecting nodules across various Intersection over Union (IoU)
thresholds. This result underscores the model’s capability to accurately predict the
locations of lung nodules within the images.

The precision score of 82.68% shows that significant majority of the model’s positive
predictions are correct. This means that when the model identifies a nodule, it is likely
to be correct more than 82% of the time.

The recall score of 74.72% reflects the model’s ability to detect most of the actual
nodules present in the images. This means that the model is able to identify around

74% of all true nodules.

o The second scenario: we employed image filtering techniques to enhance the quality

of the converted PNG images and reduce noise. Specifically, we applied two types of
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filters: median and adaptive median filters to reduce salt and pepper noise from images

and enhance their quality. By implementing both filtering methods, we aimed to de-

termine which one more effectively improves the mean Average Precision (mAP) rate

in lung nodule detection.

Figures 4.2 and 4.3 present the box loss, mAP, precision, and recall curves for both

cases of input: preprocessed images with a median filter and preprocessed images with

an adaptive median filter.
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figure 4.2: Box loss, mAP, Precision and Recall curve using preprocessed images with median

filter [158]
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figure 4.3: Box loss, mAP, Precision and Recall curve using preprocessed images with adaptive
median filter [158]

The mAP with the median filter is 77.15%, which is higher than the 75.91% mAP with
the adaptive median filter. This suggests that the overall performance in terms of both
precision and recall is slightly better when using the median filter.

The precision is significantly higher with the median filter at 90.4% compared to 70.4%
with the adaptive median filter. High precision indicates that the model is very accu-
rate in its positive predictions when using the median filter, meaning that most of the
detected nodules are indeed correct detections.

The lower precision with the adaptive median filter suggests an increase in false posi-
tives, meaning the model incorrectly identifies more instances as nodule.

The recall is higher with the adaptive median filter at 76.5% compared to 65.2% with
the median filter. This indicates that the model is better at detecting actual nodule
present in the images when using the adaptive median filter. However, the lower recall

with the median filter suggests that the model misses more actual nodule (false nega-
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tives).

The median filter results in higher precision but lower recall, indicating the model is
more conservative in its detections, preferring fewer false positives but missing some
true positives. Conversely, the adaptive median filter increases recall but at the cost
of precision, meaning the model is more liberal in its detections, capturing more true

positives but generating more false positives.

e The third scenario involves using images that isolate the lungs by excluding surround-
ing organs, achieved through various lung segmentation techniques. By segmenting the
lungs, structures such as the liver, tissue, bones, and heart are removed from CT scan
images, allowing for a more focused analysis. This scenario is employed to assess how
lung extraction affects the accuracy and effectiveness of nodule detection.

Figure 4.4 presents the box loss, mAP, precision, and recall curve, demonstrating that
transfer learning with YOLOvV7 using lung-segmented images yields lower performance,
achieving a mean Average Precision (mAP) of 73.89% that indicates moderate overall

performance in terms of both precision and recall.
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figure 4.4: Box loss, mAP, Precision and Recall curves using segmented images [158]

A precision of 74.25% suggests that when the model predicts a nodule, it is correct

about 74% of the time. This indicates that there are a fair number of false positives,

where the model incorrectly identifies background or irrelevant parts of the image as

lung nodules.

A recall of 70.43% indicates that the model successfully detects around 70% of the
actual lung nodules. This suggests that the model is missing about 30% of the true

positive instances, resulting in false negatives.
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Ground Truth Result 1 Result 2 Result 3

figure 4.5: Some samples of lung nodule detection using three different inputs (result 1: for

whole image, result 2: for preprocessed images, result 3: for lung segmented images [158])

4.3.2 Lung nodules classification

Following the detection of lung nodules, the subsequent step involves their classification. In
this study, we introduced a multiclass classification approach to categorize these nodules into
three distinct classes: Benign, Suspect, and Malignant. The detected nodules were passed
through a classifier for classification into these three categories. To accomplish this, we
resized images into 64*64 pixels, then several experiments were conducted on our work based

on the pre-trained Vggl6 model.

o The first experiment involves freezing all layers of the Vggl6 architecture except the
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last two, then adding the Flatten layer followed by two Dense layers. The result is
presented in the confusion metric that presented only 4 nodules benign are missclassify
as malignant and 3 malignant nodules are missclassify as benign as presented in the

confusion matrix (Figure 4.6).
- 70
- 60

50

figure 4.6: Confusion matrix of the first model [158]

o The second experiment involves freezing all layers of the vggl6 architecture expect the
last two, then adding flatten layer ,followed by a series of Dense layers with ReLU
activations (512, 256, 128, 64, and 32 units respectively), and Dropout layers (50% and
25%). The results show that 7 nodules benign as classified malignant and 2 nodules
malignant are classified as benign. Figure 4.7 presentes the confusion matrix of this

model.

figure 4.7: Confusion matrix of the second model [158]
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e The third experiment involves freezing all layers of the vggl6 architecture expect the
last two, then add only flatten layer followed by one Dense layer of output. The results
presented in the confusion matrix4.8 show that 4 nodules malignant are classified as

benign and 6 malignant nodules are classified as benign.

figure 4.8: Confusion matrix of the third model

4.4 Dicsussion

In this study, we proposed a process for the detection and classification of lung nodules using
object detection techniques to identify lung nodules and transfer learning with fine-tuning
for the classification of detected nodules.

During this process, we evaluated three distinct scenarios to demonstrate the influence of
input images on lung nodule detection results. when we analyze the results presented in the
precedent section, we found that the first scenario that uses the whole images as input to
train the YOLOvVT gives the combination of mAP, precision and recall metrics which suggests
that the model trained using transfer learning of YOLOv7 on whole images is quite effective

as presented by the Figures 4.9 and 4.10 because it has:
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figure 4.9: mAP metric of different presented models
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figure 4.10: Comparison of three different models

o High mAP that indicates the overall good performance of the model in object detection
tasks.

o High Precision implies that the model is accurate and reliable in its predictions, with

few false alarms
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o Moderate to High Recall shows that while the model successfully identifies a substantial
portion of the objects, there is still room for improvement in capturing more of the

objects that are present.

These results indicate whole images retain all contextual information from the original
DICOM scans, ensuring data consistency and completeness, which are crucial for accurately
detecting and localizing lung nodules. By converting DICOM images to PNG format without
additional preprocessing, the integrity of the input data is preserved, maintaining it in its
most authentic form. This allows the model to learn more effectively from the training
data, capturing a wider range of features including subtle contextual cues from surrounding
anatomical structures. In contrast, filtering processes such as median and adaptive median
filtering, modify images by smoothing out noise, which can obscure important details and
introduce artifacts, leading to imbalances in precision and recall. For example, median filters
can blur small nodules, while adaptive median filters might over-enhance certain features,
leading to inconsistencies. Lung segmentation process focuses solely on lung regions itself
might remove contextual information that could help in accurately detecting nodules, and
can miss out on valuable contextual clues from surrounding tissues and structures, potentially
resulting in incomplete or inaccurate detection as shown in Figure 4.11 errors can occur when
using segmented lung images, particularly in missing the detection of juxtapleural nodules
as it presented in Figure 4.11 (a). In addition, the accuracy of the lung segmentation process
could impact the performance where poor segmentation could lead to incomplete or imprecise

nodule detection.
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Ground Truth Result 1 Result 2 Result 3

(©)

figure 4.11: Some samples that show the ability of the model to detect lung nodules when

using whole images as input in training.

In the other hand, YOLOVT is instrumental in achieving superior results in lung nodule
detection due to its advanced neural network architecture, it’s improved localization, con-
fidence loss functions ensure precise bounding box predictions and reliable object presence
probabilities. Its transfer learning capabilities, utilizing pre-trained weights, facilitate rapid
adaptation to medical imaging tasks, enhancing performance even with smaller datasets.
Furthermore, YOLOvT7’s real-time detection efficiency and ability to handle whole images,
preserving all contextual information, lead to a balanced high mean Average Precision (mAP),
precision, and recall. This comprehensive feature set makes YOLOvVT highly effective for med-
ical imaging where maintaining high accuracy and minimizing both false positives and false

negatives are critical.
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figure 4.12: The model’s ability to detect small nodules

Figure 4.12 shows samples that demonstrate the model’s ability to detect different lung
nodules type like juxtraleural, solid, and also the smaller ones, which can assist radiologists

in monitoring their evolution.
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For lung cancer classification, three distinct models were evaluated each producing unique
results in terms of simplicity, and effectiveness. For this task, it’s essential to identify a
model that not only minimizes misclassification rates but also aligns closely with radiologists’
interpretations.

Model 1 emerges as the most suitable choice, it achieves strong performance by minimizing

critical misclassifications, particularly between benign and malignant cases, which is essential
in clinical contexts where misdiagnosing a malignant nodule as benign could delay necessary
treatment. Model 1’s simplicity, featuring only a single dense layer, reduces the risk of over-
fitting and enables more efficient optimization during training. This streamlined structure
may be particularly advantageous when dealing with datasets that have limited samples or
complex feature distributions. The combination of feature reusability, model simplicity, and
optimization efficiency contributes to its superior performance in accurately classifying lung
nodules. Consequently, Model 1 demonstrates robust potential for supporting radiologists
in identifying high-risk cases with confidence, providing another reliable viewpoint in the
decision-making process.
In terms of architecture, this model effectively leverages pre-trained features from VGG16
by incorporating frozen layers followed by a single dense layer. This structure allows it to
extract a wide range of pre-trained features while maintaining simplicity, which enhances
generalization for lung nodule classification. By freezing more layers, the model retains valu-
able knowledge from the pre-trained network, improving its feature extraction capabilities
for this specific task.

Model 2 excels in handling suspect (indeterminate) cases, making it particularly valuable
for cases that fall between benign and malignant. However, since its strength lies in managing
these borderline cases rather than providing high accuracy in differentiating benign from
malignant, it may be less suitable as the primary model in lung cancer diagnosis.

Model 3, on the other hand, shows the highest accuracy for benign cases, reducing the
risk of benign cases being classified as malignant. This feature may be valuable in minimizing
unnecessary treatment. However, Model 3’s performance is less consistent for suspect and
malignant cases, which are crucial categories in cancer diagnosis.

In terms of classification accuracy, each model achieves a low error rate, indicating strong
alignment between the model predictions and radiologists’ assessments. A key challenge arises
when differentiating nodules in the benign and suspect categories due to the variability in
malignancy scores assigned by radiologists. Each radiologist may interpret nodule features

differently, leading to significant inter-observer variability. Training a deep learning model
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on a dataset that reflects this range of assessments enables the algorithm to establish a more
standardized and accurate classification method. This approach reduces individual biases
and strengthens the model’s overall accuracy, aligning it more closely with a consensus view
that incorporates diverse expert opinions.

In our research, we have used Model 1, which is the optimal choice for lung cancer
classification due to its balance of simplicity, efficiency, and strong performance in malignant
case identification, aligning with clinical priorities. Model 2’s nuanced handling of suspect
cases makes it a valuable secondary option, while Model 3’s ability to correctly classify
benign cases could further support clinical decision-making in specific scenarios where benign
classification is a priority.

To evaluate the performance of our proposed method, we compared it with other research
studies. Table 4.2 shows the comparison results between our method and several lung nodule

detection methods.

Method Data set Algorithm Metric Result
Average  Preci-

Ref. [152] Luna 16 YOLOvV3 ‘ 83.5%
sion
Average  Preci-

Ref. [154] Luna 16 YOLOV5 . 94.8%
sion

Ref. [169] Luna 16 Faster RCNN | Sensitivity 86.42%
Median  accu-

Ref. [153] LIDC-IDRI YOLOV5 racy Perfor- | 92.27%
mance

Our

LIDC-IDRI YOLOvT mAP 81.28%
method

Table 4.2: Comparison results between the proposed method and some lung nodule detection
methods.

The variations in results presented in the comparison table arise from differences in
databases, the number of CT scan images, and the metrics used for performance evalua-
tion. For a precise comparison with other research, it is essential to use an identical image
database, as well as consistent training, validation, and test sets. Additionally, the configu-
rations for the classifiers, including architecture, hyperparameters, and weight initialization,

should be standardized.
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Despite this, the results we obtained are considered good, especially in terms of the
accuracy of detecting lung nodules, particularly those ranging between 3-30 mm. We observed
this when conducting a test on a sample of images, as shown in Figure 1, which demonstrates
the strength of the proposed method in the early detection of these nodules, allowing doctors

to monitor them accurately.

4.5 Perspective

The proposed method offers several distinct advantages over existing approaches in lung
nodule detection. Firstly, it eliminates the dependency on selecting optimal parameters,
such as the size and shape of the structuring element, which can vary significantly between
cases and impact detection accuracy. Secondly, unlike many traditional methods, it does
not require the preliminary step of segmenting the lung area before detecting nodules. This
simplification reduces preprocessing time and potential segmentation-related errors.

Additionally, by leveraging object detection algorithms, this method enables radiologists
to effectively track nodules across adjacent slices in CT scans, improving the continuity and
accuracy of nodule monitoring.

As future work, we aim to enhance our approach by incorporating 3D image analysis,
which could provide richer spatial context and improve the accuracy of nodule localization
and characterization. Moreover, we plan to apply our model to a broader range of datasets
collected from different hospitals and imaging sources. This will allow us to evaluate its
generalizability, compare classification performance across different datasets, and further

refine the methodology for real-world clinical applications.

4.6 Conclusion

This chapter presented the tools used in implementing the proposed method. We then
discussed the results obtained from the evaluation of our approach. Finally, a comparative
study between our approach and related work demonstrated that the proposed models for
detecting and classifying lung nodules, using object detection techniques and transfer learning
based on deep learning technologies, are better suited to assist radiologists in the early

detection of lung cancer which can save patient’s life.
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Lung cancer is one of the deadliest diseases due to its high mortality rate and challenges
in treatment. It often evades early detection, leading to diagnoses at advanced stages when
treatment options are limited and less effective. This late detection significantly reduces
survival rates, as the cancer may have already metastasized.

Early detection is crucial as it greatly improves treatment outcomes by enabling timely
interventions such as surgery, radiation therapy, or targeted treatments before the cancer
spreads.

This research focuses on enhancing early detection methods for pulmonary nodules, par-
ticularly those between 3mm and 30mm, which pose a significant challenge for radiologists.
Our approach consists of three main components. First, we curated a comprehensive database
from the LIDC-IDRI dataset to support artificial intelligence applications. Second, we inte-
grated advanced object detection algorithms into a computer-aided diagnosis (CAD) system
tailored for lung cancer detection. This system improves the identification and tracking of
lung nodules within CT scans, addressing variations in size, shape, and location that chal-
lenge traditional methods. By detecting nodules across multiple adjacent slices, our CAD
system enhances diagnostic accuracy and aids healthcare professionals in early detection and
treatment planning.

A key advantage of our method is the omission of traditional preprocessing and lung
segmentation steps, significantly reducing processing time and computational costs while
improving overall performance. This efficiency is validated by our evaluation of different
input types for training the YOLOvVT object detector, where using entire images achieved an
impressive mAP score of 81.28%.

Additionally, we propose a three-category classification for detected nodules, moving be-
yond the conventional benign-malignant binary system. This intermediate category helps
identify nodules with malignancy-associated features that are not conclusively benign or
malignant. By providing more nuanced guidance for follow-up protocols, this classification

strategy enhances the accuracy of nodule assessment, ultimately contributing to better pa-
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tient outcomes.
Overall, our approach improves early lung cancer detection by increasing diagnostic ac-

curacy, reducing computational complexity, and providing a more informative classification

system, thereby offering a valuable tool to assist radiologists in making more precise clinical

decisions.
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