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Abstract

Early detection of lung cancer stands as a pivotal turning point in the realm of medical care, where
the timely identification of this condition empowers healthcare professionals to prescribe the most
effective treatments, ultimately leading to a reduction in mortality rates and the preservation of
precious human lives. Countless dedicated researchers have explored this subject, employing a
multifaceted approach to diagnosing lung cancer.

In response to the formidable challenge of selecting optimal methodologies to ensure consistently
high performance, this thesis introduces two distinctive models, one based on machine learning
(ML) and the other on deep learning (DL). Both models are designed to facilitate the diagnosis of
lung cancer, employing clinical data and medical images.

In the domain of ML, a multitude of machine learning models, including eXtreme Gradient
Boosting (XGB), Light Gradient Boosting (LGB), Random Forest (RF), Support Vector Machine
(SVM), Decision Tree (DT), Gradient Boosting Machine (GBM), and Adaptive Boosting
(AdaBoost), have been used. This model culminated in a remarkable achievement, with the XGB
and Adaboost models achieving an accuracy of 99.07%.

Conversely, the DL was trained on CT scan images categorized under three distinctive labels:
Normal, Benign, and Malignant. These images underwent meticulous preprocessing and training
across eight deep learning algorithms, namely Convolutional Neural Network (CNN), MobileNet,
Xception, DenseNet121, Visual Geometry Group 16 (VGG16), Visual Geometry Group 19
(VGG19), ResNet50, and EfficientNetB0. The best performance, which was achieved by the
custom CNN model, boasts an extraordinary classification rate of 99.70% and perfect precision,

recall, and fl-score.
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Chapter 1
Introduction

1.1 Introduction

The worldwide prevalence of cancer is steadily increasing, posing a significant global public health
challenge. The condition is defined by an excessive growth of cells and tissues. Because of this,
the occurrence of malignant or tumor growth is observed [1]. Cancer is recognized as the primary
cause of mortality on a global scale, resulting in approximately 15 million new cases and 8.2
million deaths annually [2] [3]. Furthermore, it is projected that a total of 1,898,160 instances of
cancer will be identified in the United States (US), leading to 608,570 deaths [4]. Additionality,
taking Africa as an example there were 1,109,209 new cases and approximately 711,429 fatalities
in 2020. Overall, the cancer mortality rates exceeded the death rates of acquired immunodeficiency
syndrome (AIDS), Tuberculosis (TB), and malaria together [5]. One of the most common cancers
is Lung cancer, which primary cause of death for individuals of both genders globally. In 2022,
the global incidence of lung cancer reached around 2.2 million newly diagnosed cases, leading to
an estimated 1.8 million fatalities [6]. Lung cancer has many prominent indications and symptoms
including hemoptysis (coughing up blood), weight loss, and fatigue. Additionally, this disease has
a lot of risk factors such as smoking, alcohol consumption, air quality, and diet [7].

Lung cancer incidence has increased rapidly in emerging economies, particularly in sub-Saharan
Africa, where the human immunodeficiency virus (HIV) has also had a negative impact on other
malignancies such as cancer as it is present in colorectal cancer (65%), breast cancer (90%), and
prostate cancer (99%) etc. [8]. The 5-year overall survival is low (18%) compared with all types
of cancers [1]. However, it is imperative that the medical, biological, and scientific fields prioritize
their efforts towards addressing the complexities of lung cancer. This entails the development of

innovative strategies aimed at promoting timely detection, facilitating informed medical
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interventions, and assessing treatment outcomes to enhance the overall quality of healthcare. The
utilization of the 15 molecular profile of tumor tissues facilitates the detection of driver mutations
and the advancement of tailored therapeutic interventions for certain genotypes. Traditional
chemotherapy kills all cells, regardless of whether they are normal or cancerous. Targeted therapy,
on the other hand, targets specific regions of the body, engaging with cancer-driver genes to
diminish malignant transformation [9]. Due to late or erroneous diagnoses, a considerable number
of cases that are treatable in industrialized countries are diagnosed after they reach untreatable
stages in third-world countries, according to the Health Organization. This has prompted scientists
to evaluate existing procedures and propose novel ways of classifying and detecting lung cancer
and its subtypes to improve early diagnosis and treatment options.

There is a massive collection of CT scan image data and other medical data related to lung cancer,
which could aid in the detection of the disease. ML and DL can make use of this data to improve
cancer diagnosis and detection as soon as possible and provide the best course of action. Machine
learning algorithms fall into two main categories: supervised and unsupervised. Supervised
algorithms utilize labeled input and output data, such as images labeled as malignant or benign
scans. On the other hand, unsupervised algorithms aim to uncover previously unknown
relationships and patterns in data without explicitly classifying them. While Deep learning is a
subfield of machine learning that derives its principles from the complex structure of the human
nervous system. With DL machines can process high dimensionality data like images and videos.
To improve recognition skills, DL employs a combination of Artificial Neural Networks (ANNS)
[10]. The primary objective of employing both machine and deep learning is to acquire the ability
to classify input samples, like medical MRI scans or pathological images, into predefined
categories. These categories may include specific sub-type diagnoses, such as tumors, or broader

diagnostic groups, like distinguishing between malignant and benign cases [11].



1.1.1 Types of Lungs Cancer

Lung cancer is histologically categorized into three classes of non-small cell lung cancer
(NSCLC), small-cell lung carcinoma (SCLC), and neuroendocrine tumors (NET). NSCLC has the
highest percentage of 85%-90% of all lung cancer cases and has main subtypes including
squamous-cell carcinoma, adenocarcinoma, and large-cell carcinoma. Squamous cell and
adenocarcinoma, both collectively account for 80% of the total cases. The Large-cell carcinomas
are relatively rare, accounting for approximately 5% of all lung cancer cases, and they do not
display squamous or glandular characteristics.

Squamous cell carcinomas are found to be strongly correlated with the habit of smoking and tend
to develop as large tumors in the central region of the lung. On the contrary, adenocarcinomas
have emerged as the predominant form of lung cancer among individuals who do not engage in
smoking, while concurrently experiencing a rise in prevalence among smokers in recent times.
Typically occurs at the periphery of the lung. They can be further categorized into acinar, papillary,
bronchiole-alveolar carcinoma (BAC), and solid adenocarcinoma with mucin production.
Nevertheless, many cases exhibit mixed histologic patterns. SCLC stands out as the most
aggressive form of lung tumor due to its high metastatic potential in comparison to other lung
cancer types. Its strong association with active smoking is evident, with over 95% of SCLC
patients being either current or former smokers [5] [12].

1.1.2 Lung Imaging Diagnosis Techniques

Radiologists use medical imaging technologies to diagnose lung cancer. Among the various
medical imaging modalities, Computed Tomography (CT) stands out for its numerous advantages
in terms of size, location, characterization, and lesion growth. These attributes make CT essential

for identifying lung cancer and nodule information. The implementation of 4D CT further
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enhances precision in radiation targeting, exerting a significant effect on the care of individuals
with lung cancer [13] [14].

Positron Emission Tomography (PET) exhibits significantly higher sensitivity and specificity in
identifying lung nodules compared to CT, particularly in cases involving reactive or
granulomatous nodal disease [15]. PET demonstrates a strong correlation with prolonged
progression times and overall survival rates. Specifically, 18F-FDG Solitary pulmonary nodules
are effectively diagnosed using PET [16] .The utilization of 18F-FDG PET is crucial as an in-
patient selection tool for advanced NSCLC patients undergoing intensive radiation. PET-assisted
radiation contributes to enhanced accuracy [17], and it is applied in the treatment of approximately
32% of patients with stage I11A lung cancer [17].

Magnetic resonance imaging (MRI) is a non-ionizing radiation lung imaging technology; however,
it gives insufficient information at a high cost and with time constraints. It missed approximately
10% of tiny lung nodules (4-8 mm in diameter) [18]. Ultrashort echo time (UTE) MRI can improve
the signal intensity and decrease lung susceptibility artifacts. Small lung nodules (4-8 mm) can be
detected with MRI and UTE [19]. MRI detects lung nodules more frequently than LDCT. MRI
with varied pulse sequences also enhanced the sensitivity of lung nodule detection. T1-weighted
and T2-weighted MRIs were used to detect tiny lung nodules [20], [21]. In comparison to 3T 1.5
MRI, 1.5T MRI is substantially better at detecting ground glass opacities. Ground glass opacities
were successfully detected in 75% of lung fibrosis patients who underwent 1.5T MRI with SSFP
sequences [22]. In immunocompromised subjects, MRI with T2-weighted rapid spin echo gives
comparable or even higher performance for ground glass infiltration detection [23]. Several
research groups have recently investigated the viability of using Magnetic Induction Tomography
(MIT) to identify lung disease [24]. Nevertheless, the widespread utilization of MIT technology

as a commercial imaging tool is still a distant prospect, mostly due to a lack of measurement
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devices, the high cost of computational electromagnetic models, constraints on image resolution,

and various other challenges.

1.1.3 Lung Cancer Diagnosis Challenges

Numerous clinical trials have substantiated three challenges associated with current screening
programs: elevated over-diagnosis rates, significant costs, and a rise in radiation exposure. The
NLST study [25], For instance, it exhibited a 96.4% rate of false positives in the context of positive
screening outcomes, resulting in expenditures amounting to $52,000 and $81,000 per individual
for an extra year of life and one quality-adjusted life year (QALY), Correspondingly [25].
Furthermore, radiation caused 1-3 deaths from lung cancer for every 10,000 participants [25]. All
these problems make it necessary to introduce solutions such as computer-aided detection systems
[26], [27]. ML, DL, and statistical methods can increase the capability of CAD/CADe systems to
accurately detect and diagnose lung cancer. Over the past twenty years, this topic has garnered a
considerable interest of attention from researchers working in the field of medical image
processing. In contrast to human reading performed by thoracic radiologists, the utilization of
computer-aided detection/diagnosis (CAD/CADe) systems as an adjunct to radiologists during the
reading process has promise for enhancing the positive predictive value and reducing the false
positive rate in the context of lung cancer screening for tiny nodules [28]. This is because
CAD/CADe systems are capable of potentially enhancing the positive predictive value and
reducing the false positive rate. It has also been demonstrated that CAD/CADe systems make
screening more efficient and cost-effective.

1.1.4 Lung Cancer Diagnosis Using Machine learning and Deep learning.

Artificial intelligence (Al) has fundamentally altered how people view computers since it has taken

on and resolved several issues that were first thought to be extremely challenging for people to
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address. However, dealing with tasks that are regarded as simple by humans but extremely difficult
to formalize poses the actual problem for Al. To put it another way, issues that we commonly
resolve intuitively, such as identifying faces, scribbled numbers, spoken sentences, etc. This
problem argues that systems should learn from raw data. Machine Learning allows computers to
use real-world knowledge to predict and make decisions. However, ML faces another challenge
because model success depends on data quality. Thus, a doctor is still needed to be interfaced with
the system and information.

While DL is now a technical trend that has generated a wide range of research due to its excellent
outcomes in a variety of applications. It can be categorized as a sub-field of Machine ML
approaches that employ layers of neural networks to learn complex concepts by building them out
of smaller ones [29].

Deep Learning models are exemplified by artificial neural networks. Mathematical functions map
inputs to outputs. These mappings approximate real functions. Layers in this model fulfill several
responsibilities. The first layers use fundamental algorithms, largely from Computer Vision (CV),
and feed the results into the next layers. Based on simple notions learned in earlier levels, the
system can build complicated algorithms like object detectors. CNNs are state-of-the-art in image
recognition. They use convolution, which generates an output by sliding a window along the input
image. Deep Convolutional Neural Network (DCNN) models use several sliding windows with
variable widths and values. DCNNSs are now widely employed in industry jobs thanks to recent
hardware and software advances that overcame their high processing costs. DL, which outperforms
ML models, is seeing rapid growth and has numerous applications, particularly in the domain of
medical imaging. It's also used to build CADs. Due to patient confidentiality issues, these systems

often have data limitations, especially in the medical profession.
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DL-based CAD systems may accurately diagnose lung illness in medical imaging [30]. Labeled
and unlabeled data improve decision boundary accuracy, but training requires lots of labeled data,
which increases cost, effort, and difficulty [31] [32], [33] [34]. A variety of supervised DL
algorithms have been utilized in the analysis of CT images with the purpose of detecting anomalies
and determining their anatomical localization. However, these methodologies do have several
drawbacks. These include the need for a significant amount of labeled data, the assumption that

network weights remain fixed after training, and the inability to evolve or adapt post-training.
1.2 Objectives

The primary objective is to improve the accuracy of lung cancer diagnosis using ML/DL
techniques applied to two datasets of CT scans and clinical information. The accuracy has been
measured the different evaluation metrics such as sensitivity, specificity, precision, and F1 score.
In other words, the fundamental purpose of the study is to investigate the proper process for
analyzing data, selecting features, and developing a more precise approach for assessing lung
cancer. Early identification and correct diagnosis utilizing Al techniques contribute to the

treatment plan as well as the avoidance of many serious diseases.

Specific objectives of the study

1 Applying data preprocessing and exploration techniques on the clinical and demographic
datasets.

2 Applying a set of ML algorithms for lung cancer classification on a clinical and demographic
dataset and choosing the most appropriate ML technique for the classification of lung cancer

3 Choosing the most effective variables that affect the dataset classification by using the Feature
importance check.

4 Applying various medical image processing techniques including segmentation.
5 Applying Deep Learning (DL) models on CT Lung Images to classify the types of Lung cancer.

6 Performing a performance metrics comparison between the various ML / DL algorithms to

find the most appropriate technique to implement a lung cancer CAD.



1.3 Contribution

This thesis contributes the lung cancer detection field by the following:

Adopted a comprehensive two-model approach integrating machine learning (ML) and deep
learning (DL) techniques for improved lung cancer detection.

In ML Phase, it prioritized data efficiency, ensuring data quality and accuracy. It also addressed
data imbalance issue using oversampling technique and optimized models through
hyperparameter tuning. Beside identifying the crucial diagnostic features to enhance diagnostic
accuracy.

In DL Phase, it emphasized the refinement of medical imaging preprocessing and image
segmentation techniques. As it overcame the limitations in existing methods related to
inadequate preoperative methods and ineffective site of interest selection.

Applied deep learning algorithms for feature extraction from segmented images, efficiently
encoding them at a simple spatial representation level. Such that it leveraged the power of deep
learning to detect complex patterns in data and enhance the linear separation process.

Overall, these contributions aim to empower physicians, advance lung cancer detection, and

highlight the significance of refining medical imaging techniques in the field of deep learning.

1.4 Overview

In this section of the chapter introduction, a synopsis will be presented for the upcoming chapters

of this thesis, which aim to achieve the objectives and goals of the research. The thesis follows the

following structure:

Chapter 2 describes the global datasets used in the study, including lung cancer CT scan
images, and the other demographic / risk factor dataset. It surveys the literature on the research

topic and associated methods of tumor diagnosis in ML and DL.
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Chapter 3 sheds light on the methods used in this study, including data collection, and
preprocessing techniques to improve data quality. It includes the use of the machine learning
models used in the classification of the demographic/clinical dataset including DT, RF, SVM,
XGB, LGB, and Adaboost. For medical images classification deep learning models were used
such as CNN, VGG16, EfficientNetB0, MobileNet, VGG19, ResNet50, Xception, and
DenseNet121, as well as custom CNN models, are presented. In addition to performance
introducing a variety of measures to test deep learning models.

Chapter 4 analyzes the research in detail and presents the results using different models for
each data set. A comparative analysis is provided to identify the best model in each section.
Besides making a comparison with a published paper as a benchmark.

Chapter 5 concludes the topic and provides suggestions for further development.
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Chapter 2

Background
2.1 Background

Lung cancer ranks as the second most prevalent kind of cancer within the United States, projected
to yield approximately 238,340 novel instances by the year 2023. This encompasses 117,550 cases
among males and 120,790 cases among females. The impact of this condition is primarily observed
in the elderly population, with most diagnoses occurring in those aged 65 or older, and the average
age of diagnosis is around 70 [35].

Significantly, lung cancer has the position of being the primary cause of cancer-related fatalities
in the US, constituting nearly one-fifth of all cancer-related deaths. The 5-year survival rate, on
average, stands at a mere 17%. The low survival rate of lung cancer can be attributed, in part, to
the fact that merely 15% of cases are identified during the early stages, characterized by the
absence of apparent cancer symptoms. On the other hand, if lung cancer is found at an early stage,
the chance of survival increases by as much as 54%. Lung cancer early detection is a major
problem, and research has focused on this where Computer-aided diagnosis (CAD) is an important
topic of study in medical diagnosis [35].

The primary idea behind CAD is to use the numerical results generated by algorithmic computer
software as a "second opinion™ to aid doctors in illness detection interpretation tasks. CAD helps
doctors by increasing diagnosis accuracy and consistency and reducing the images and symptoms
interpretation time [36]. Several classification models, including Random Forest (RF), Decision
Tree (DT), Support Vector Machine (SVM), Gradient Boosting (GBM), Light Gradient Boosting
(LGB), Extreme Gradient Boost (XGB) and Adaptive Boosting (AdaBoost) were employed in this
thesis. These models were applied to the global clinical/demographic/risk factors dataset, and the

resulting outcomes were compared. In addition, to applying many deep learning models including
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Convolutional Neural Network (CNN), Visual Geometry Group-16 (VGG16), EfficientNet BO1,
MobileNet, Visual Geometry Group-19 (VGG19), Residual Network 50 (ResNet50), Dense
Convolutional Network 121(DenseNet121) and Extreme Inception (Xception) to categorize

images of the CT Lung Images and split them into healthy, benign, and malignant inflammation.

2.2 Dataset Description

This section provides an overview of the datasets utilized in this study and their significance in
addressing the research objectives. Two distinct datasets were utilized: CT images, and clinical,
demographic and risk factor dataset. Each dataset was employed in a separate experiment, allowing
for focused analysis of specific aspects related to lung cancer classification. By utilizing these two
datasets together, this study strives to enhance the accuracy and reliability of lung cancer
classification models.

2.2.1 Clinical, Demographic and Risk Factor Dataset

The “Lung Cancer” dataset is a public dataset that was published in Kaggle [37]. This dataset
consists of 15 independent features which include a set of demographic information, risk factors,
and symptoms that are related to lung cancer and one target feature which aims to diagnose lung
cancer for 284 patients. Table 2.2.1 below shows the attributes in the used dataset.

The target variable in the dataset is "Lung Cancer" which indicates whether the patient was
diagnosed with lung cancer or not. The dataset contains 309 records for 39 patients that did not
have lung cancer (12.60% of the dataset) and 270 patients that were diagnosed with lung cancer,

(87.40% of the dataset). As shown in the Figure 2.2.1 below.

Table 2.2.1 : Kaggle Dataset Description.

Feature Name Description Data Type
Gender M-Male, F-Female Categorical
Age - Numerical
Smoking yes-2, no-1 Numerical
Yellow Fingers yes-2, no-1 Numerical

Anxiety yes-2, no-1 Numerical
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Peer Pressure yes-2, no-1 Numerical
Chronic Disease yes-2, no-1 Numerical
Fatigue yes-2, no-1 Numerical
Allergy yes-2, no-1 Numerical
Alcohol Consuming yes-2, no-1 Numerical
Wheezing yes-2, no-1 Numerical
Coughing yes-2, no-1 Numerical
Shortness of Breath yes-2, no-1 Numerical
Swallowing Difficulty yes-2, no-1 Numerical
Chest Pain yes-2, no-1 Numerical
Lung Cancer Yes / No Categorical

NO

LUNG_CANCER

YES
Figure 2.2.1: CT Images Dataset Distribution Per Class.

Further exploration was made to explore the distribution of lung cancer per the other features
Figure 2.2.2). The output shows that anxiety does not have a clear relationship, while those who
has a history of the alcohol consumption has higher percentage of being infected by the lung
cancer. And the same applies on the smoking. As well the plots below show the distribution per
gender and age, which confirm that males have a higher number of being infected. With regards

the age, the age of the infected people within the dataset are ranging from 50-80s.
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Figure 2.2.2 : (a) Anxiety vs lung cancer (b) alcohol consumption vs lung cancer (c) gender vs lung cancer (d) age vs lung cancer
(e) smoking vs lung cancer

2.2.2 CT Images Dataset

The lung cancer dataset employed in this study was sourced from the Irag-Oncology Teaching

Hospital/National Center for Cancer Diseases (I1Q-OTH/NCCD) [38] over a three-month period in

the fall of 2019. This dataset includes CT scans from patients diagnosed with lung cancer at various
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stages and a control group of healthy individuals. Proficient professionals, including oncologists
and radiologists from the hospitals, annotated and marked the slides provided by IQ-OTH/NCCD.
The dataset comprises 1190 images, representing CT scan slices from 110 cases categorized into
normal, benign, and malignant classes. Specifically, 40 cases were identified as malignant, 15 as
benign, and 55 as normal. The original collection of CT scans was in DICOM format and acquired
using Siemens' SOMATOM scanner, with a CT protocol involving 120 kV, a 1 mm slice thickness,
and a window width ranging from 350 to 1200 HU, along with a window center from 50 to 600.
All scans were taken during full inspiration with maintained breath hold. The study obtained
approval from the institutional review board of participating medical centers, and written consent
was waived.

Each CT scan consists of multiple slices, typically ranging from 80 to 200 slices, depicting various
angles and views of the human chest. The 110 cases include diverse demographics, encompassing
variations in gender, age, educational background, area of residence, and occupation. Some
individuals work in the Iragi ministries of Transport and Qil, while others are farmers and gainers.
Most of the participants originate from the central region of Irag. Figures 2.2.3, 2.2.4 and 2.2.5
present samples from the set of medical CT images for the three classes: Normal, Malignant, and
Benign, followed by a pie chart in Figure 2.2.6 illustrating the distribution of these three classes.

Normal cases

ololo
vv

Figure 2.2.3: Sample of CT Images for Normal Cases
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Malignant cases

Figure 2.2.4: Sample of CT Images for Malignant Cases of Lung Cancer

Bengin cases

Figure 2.2.5: Sample of CT Images for Non-cancerous (Benign) Lung Conditions

Class Distribution

Malignant cases

Bengin cases

Figure 2.2.6: Dataset Distribution Per Class (Normal, Benign, Malignant)
2.3 Related Works
To keep track of more accurate and effective methods for lung cancer diagnosis, machine learning,
and deep learning fields are emerging as powerful tools in the fight against this devastating disease.
In this section, the literature review is analyzed into two main sections: one devoted to machine
learning methods used to diagnosis lung cancer based on clinical, demographic, and symptom data,

and the other is the deep learning applied to the medical images. This series of publications is a
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comprehensive review of how advanced computational techniques can be used to improve lung
cancer early detection, diagnosis, and prognosis using machine learning and deep learning by

delving into the challenges of depth.

2.3.1 Machine Learning-Related Works.

The researchers have implemented a model to detect lung cancer based on a group of factors rather
than an image that includes symptoms, risk factors, clinical and demographic attributes. In [39]
the model was trained and evaluated using two data set, the first data was labeled into 3 categories
including malignant tumor, benign tumor, and healthy person with no tumor. The second dataset
classified into low, normal, and high possibility of having lung cancer. The two datasets were fed
separately into DT, LR, SVM, and NB the outcomes shows that the best accuracy on the first
dataset was for LR at 96.9% and the second was 99.2% for the SVM. Another system proposed in
[40] detects the lung cancer-based onset of symptoms using ANN. Such as yellow fingers, peer
pressure, chronic disease, chest pain, and shortness of breath. The system demonstrated an
accuracy of 96.76%. Similarly, the researchers in [41] have used a set of medical records features
to detect Lung cancer including the same features. Using a set of ensemble methods such as cross-
validation tree, random forest, and random tree. Where it achieved an accuracy of 47% and 69%.
While the system in [42] achieved 99.1% accuracy through RF using the same dataset. Another
set of factors were utilized in [43] to detect lung cancer. These factors include a familial
predisposition of lung cancer, smoking status represented by the number of years and number of
packs per year, and alcohol. This data was used to train many algorithms including NB, LR, RF,
and SVM. Where the LR and RF achieve a perfect accuracy of 100% which may be considered
overfitting. Noting that this study basic goal is to study the relation between lung cancer and

smoking rather than symptoms and risk factors.
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2.3.2 Deep Learning Related Works

Numerous research work has been done to detect Lung cancer based on medical images in its early
stages. This kind of studies and systems primarily consist of primary stages, the image
preprocessing stage, using various techniques such as resizing, normalization, standardization,
augmentation, and Filtering. Segmentation of preprocessed images is essential to identify potential
nodules. After segmentation, features are extracted from the segmented images for input into the
subsequent phase of the DL model. This phase accommodates both traditional machine learning
models and deep learning models. Notably, researchers have increasingly investigated the
application of deep learning algorithms for lung cancer detection. The efficacy of deep learning
approaches lies in their ability to autonomously extract valuable features from images and
proficiently classify instances of lung cancer. These systems were implemented to handle different
tasks that would help on Lung cancer detection these tasks will be illustrated on the following
sections.

e Classification of Lung Images: Normal vs Abnormal

In [44] the authors used Computed Tomography (CT) to diagnose lung cancer. The proposed
methodology starts with applying image preprocessing techniques including image smoothing to
remove the impulse noise without causing distortion on the edges using median filtering, followed
by image enhancement using contrast adjustment by mapping the original pixel values to new
values in such a way that the lowest and highest 1% of the input image data get saturated at the
low and high intensity ends, respectively. The next phase was applying Image segmentation for
the Lung region of interest. First, preprocessed grayscale photo was transformed to binary.
Morphological opening with disk structuring element removed unnecessary elements from the
binary image. The opening image was supplemented and bordered. Filling lung holes and gaps

produced lung masks. Finally, exclusive OR surgery separated the tumor location from lung mask
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output and clean border output. Once the images were ready the needed features were extracted
including the area of the region, Perimeter, and Eccentricity. Where the area is the Cancerous lung
nodule’s total pixels, the Perimeter is the lung tumor's perimeter pixels, and Eccentricity or the
irregularity index, circularity, or roundness. The SVM classifier was utilized to categorize the
images into two groups, namely normal and up normal, based on the features and labels associated

with each image.

In [45] they devised an (Adaptive Hierarchical Heuristic Mathematical Model) for the DL
technique. The DL technique planned by the HT (historical therapy) method was analyzed scheme
during the progress of NSCLC. For this, automated radiation protocols were constructed to
optimize the local tumor regulation. In addition, the devised technique was executed in different
phases such as to attain the image, preprocess, and segmentation of the image, extract the
attributes, and detect the lung cancer using DNN. The lung CT image was segmented to extract
the expressive features of a segmented image. The simulation outcomes demonstrated that the
accuracy of the devised technique to decide whether the patient have cancer or not was calculated
at 96.67 % for detecting the occurrence of lung cancer.

The implementation of the system proposed in [46] starts with applying a geometric mean filter as
a preprocessing step to improve the CT image quality. Afterward, the images were segmented
using the K-Mean algorithm to be used later in the feature extraction (LDA) to be fed finally to
various DL / ML models including ANN, KNN, and RF for classification purposes. Where the
ANN outperforms the other models.

e Malignancy Assessment in Lung Cancer Detection

The study [47], devise a lung cancer detection system utilizing computed tomography (CT) scans.
This system comprises four key stages. First, there's the pre-processing stage, where CT-scan

images undergo enhancement to improve their quality through grayscale conversion and
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thresholding. Following that is the segmentation phase, where the system identifies and separates
the desired cancer objects from the background using contour-based methods. Subsequently, the
system extracts essential features, including area, contrast, energy, entropy, and homogeneity,
utilizing the Gray Level Co-Occurrence Matrix (GLCM). Finally, it classifies lung cancer into
benign and malignant categories using Support Vector Machines (SVM). During system testing,
the accuracy level in Assessing if a lung cancer diagnosis indicates benign or malignant
characteristics reached 83.33%.

In [48] a CAD system was proposed to detect lung nodules and classify the malignancy level of
lung cancer based thoracic CT images in DICOM format labeled based on nodule size into the
nodule and non-nodule as well classified the severity level into unknown, Benign, malignant
primary (originate from the lung itself) and malignant metastatic (originate from other organs).
The images were initially preprocessed using image preprocessing techniques like thresholding,
morphology closing, and morphology opening. The system used two architectures the first is a 3D
multipath VGG-like architecture and for the segmentation U-Net was used. The output of both
approaches was then combined and gave an accuracy of 95.66%. The 3DCNN was adopted in this
work as 2D images may overlap together causing a high false positive rate while the 3D object

gives a clearer view of the objects.

In [49] the researchers suggested a lung cancer diagnosis system for image segmentation based
on 3D-input CT scan data with two main parts the image segmentation using a transformers-based
segmentation network called UNETR network, and the classification to classify the segmentation
output into either benign or malignant using self-supervised network. The system was able to
achieve a segmentation accuracy of 97.83%, and 98.77% as classification accuracy.

A. Masood, etal [50] recommended an enhanced multidimensional region-based fully

convolutional network (MRFCN) based automated decision support system (DSS) to detect and
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classify the lung nodule into malignant and bengin. This algorithm adopted an image classifier
backbone to extract the attributes and a new multilayer fusion region proposal network (mLRPN)
was suggested. A median intensity projection was considered for deriving 3D (three-dimensional)
information from CT scans. The suggested algorithm was implemented based on a deconvolutional
layer for automatically selecting the ROI. The outcomes of trials proved that the proposed
algorithm performed well to detect lung cancer and its sensitivity was counted at 98.1% and
accuracy was 97.91% for classifying lung cancer.
CT images in DICOM format were used in [51]. The CT images were initially processed using
The Gabor filter for image enhancement and modified color-based histogram equalization for
contrast adjustment. Then, the image was segmented by using the Guaranteed Convergence
Particle Swarm Optimization (GCPSO) algorithm. Later the features were extracted from the
segmented images including the ABC parameter which describes the border structure, lesions
diameter, and asymmetry, the FOS parameter, which is a set of statistical measures like entropy,
standard deviation, etc., and GLCM features which estimates pixel pair frequency and texture
characterization time including energy, correlation, contrast. The Bag of Visual Words (BoVW)
and a Convolutional Recurrent Neural Network (CRNN) were applied for image classification into
malignant and benign and feature extraction processes. In context of results, an average precision
of 96.5% and, an accuracy of 99.35% were achieved.
e Lung Cancer Subtypes Classification
[52] Presented an automated, intelligent system to identify NSCLC and classify its subtypes
Adenocarcinoma, LCC, and SCC using two DL algorithms. This was done by utilizing both CT
and X-ray images where a set of features are extracted from them like area, diameter, texture, and
radius. The process begins by reading the image and performing preprocessing, which involves

removing any noise, resizing the input to align with the input size for VGG-19 and LSTMs,
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applying filters to enhance the pixels, and transforming the image into grayscale. Next, in the deep
learning phase, a zero matrix is created, and a filtration process is applied using Gabor Filter and
Discrete wavelet transformation (DWT) to calculate the magnitude and wavelength for all pixels.
Then for each images a set of features such as area, shape, diameter, and correlation, and a dynamic
threshold are extracted. The image is inverted to separate the foreground and background and a
binary image is created to diagnose the disease with a size of 1024 x 1024. Potential cancer areas
are identified, and circles are drawn around them. The number of detected areas and their drawn
circles are determined, the percentage of pixels that are white is computed and compared to the
threshold. If the calculated value is greater than the threshold, then it’s cancer, and its
Adenocarcinoma, LCC, or SCC. Overall, this algorithm provides a comprehensive approach to
detect and classify this disease from medical images with high accuracy and reliability. The model
achieved the best accuracy of 99.42% when the VGG 19 and LSTM were combined.

e Lung Cancer Nodule Detection

The author [53] investigated a novel CAD system based on a Faster R-CNN (Region-based
convolution neural network) model within an adaptive anchor box to detect the lung nodule where
initially the feature extracted from CT images then Region Proposal Network (RPN) which is a
subnetwork of R-CNN used for nodule detection and finally a classification was done for the
nodule into nodule or background. This system was trained on real nodule sizes for generating
adaptive anchor box sizes of Faster R-CNN. The efficacy of detecting lung cancer was enhanced
using learned anchors as hyper-parameters. An RCNN (residual convolutional neural network)
was put forward for mitigating the FPs (false positives) from the investigated system on the
LUNAL6 dataset. The experiment results confirmed that the investigated system yielded a

sensitivity of 95.64% at 1.72 FPs (false positives) per scan.
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A new CADSS [54] was constructed to detect the lung nodule based on 3DDCNN (three-
dimensional-deep Convolutional Neural Network). Furthermore, an alternative viewpoint was
provided to the radiologists to facilitate decision-making in the diagnosis of lung cancer. The 3D
information was extracted from CT scans using MIP. The mRPN (multi-Region Proposal
Network) was adopted to select the Rol (region of interest) automatically. The experimental results
indicated that the constructed system offered a sensitivity of 98.4%, specificity of 92%, AUROC
of 96%, and accuracy of 98.51%. This system performed well along with the CC (cloud
computing) while detecting the lung nodule accurately.

A new method based on image fusion for lung segmentation for nodule detection was proposed in
this study [55]. Laplacian Pyramid (LP) decomposition and Adaptive Sparse Representation
(ASR) were used to construct the proposed image fusion technique, which divides medical images
into various sizes and combines them using the LP decomposition. The suggested model scored a
0.9929 of The Dice Similarity Coefficient (DSC) index, which exceeded earlier released findings,
according to the data. The algorithm additionally got competitive results for additional evaluation
criteria like sensitivity (89%), specificity (98%), and accuracy (99%). The medical images can be
represented on several scales thanks to the LP decomposition, which can enhance the efficacy of
image fusion. Additionally, using the ASR approach improves segmentation and fusion results by
reducing noise and artifacts. To shorten computation time and increase accuracy in complex
circumstances, the proposed approach additionally integrates morphological operations and
masking, negating the necessity for post-processing chores. In conclusion, the suggested algorithm
offers a possibly more effective approach for lung segmentation and image fusion in the detection
of lung cancer. In comparison to recently published results, the suggested algorithm is effective

and competitive as evidenced by the high values obtained for the evaluation parameters.
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Through the study conducted in [56] authors projected a TSCNN (two-stage convolutional neural
networks) to detect the lung nodule. The primary phase focused on implementing the enhanced U-
Net for detecting the lung nodule based on ResDense. Moreover, a two-fold predictive technique
was also put forward. The next phase aimed to generate a dual pooling structure into three 3D-
CNN algorithms to diminish the FPs based on SeResNet, DenseNet, and InceptionNet. A random
mask was implemented as the technique for augmenting the data. In addition, ensemble learning
was deployed to enhance the generalization capacity of the projected technique. The experimental
results attained on the LUNA dataset confirmed that the projected technique was performed well
for detecting lung cancer nodules.

During the development of a lung cancer detection system, various stages should be undertaken,
including the preprocessing of medical images, image segmentation, and the utilization of machine
learning techniques. However, it became evident that certain limitations existed within this
approach, primarily inadequate preprocessing procedures. Addressing this issue necessitated the
adoption of an effective segmentation technique capable of selecting the region of interest.
Moreover, the prevailing methodologies resulted in a reduced number of features available for the
classification process, potentially leading to erroneous cancer diagnoses. To overcome this
limitation, the proposed solution involves implementing a deep learning model. In this model, the
initial stage extracts crucial features from the segmented images in the form of a sparse code. These
features are then passed to the subsequent classification layer, which distinguishes between tumor
and non-tumor features. This multifaceted approach focuses on comprehensive image
preprocessing, accurate image segmentation, and feature extraction. By incorporating various deep
learning models, which possess the capability to discern intricate patterns within data and enhance
linear separation, the system aims to optimize each phase. It aims to identify the most effective

combination of strategies for achieving accurate lung cancer detection.
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Chapter 3
Methodology

1.1. Proposed Method

This chapter clarifies the methods used, covering both ML and DL components. The first stage
involves the use of ML models on a dataset comprising clinical and demographic information.
Subsequently, a performance evaluation will be conducted to choose the most effective model for
enhancing the accuracy of lung cancer diagnosis. The initial phase of preprocessing is elucidated.
Subsequently, the next section will describe the models employed in the experiment, namely
Decision Tree (DT), Random Forest (RF), Gradient Boost (GBM), Light Gradient Boost (LGB),
Extreme Gradient Boost (XGB), and Adaptive Boosting (AdaBoost). Figure 3.1.1 depicts the

block diagram illustrating the ML model, whereas.
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Figure 1.1.1 : The workflow of a machine learning-based model for diagnosing Lung Cancer based on clinical data.
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The subsequent section showcases the DL steps, encompassing image preprocessing,
augmentation, and the utilization of DL models including MobileNet, EfficientNet, DenseNet,
CNN, Xception, ResNet, VGG16, and VGG19. Following this, a comparative analysis of the
classification accuracy of the outcomes obtained. Figure 3.1.2 presents the block diagram

representing the DL model.

* RESIZE

* DENOISING &, &
>
* CONTRAST-LIMITED
. i} ADAPTIVE HISTOGRAM
ﬁ a % EQUALIZATION %
« BGR TO GREY SCALE 4 &
LUNG CANCER CT IMAGES PREPROCESSING IMAGES SEGMENTATION DATA AUGMENTATION
IMAGES COLLECTION

e —— e Train data

DEEP LEARNING MODELS TRAINING

Test data

DEEP LEARNING MODELS TESTING & HYPERPARAMETER TUNING DATA SPLITTING
+ NORMAL
* MALIGNANT
+ BENIGN
C o )

LUNG CANCER DISGNOSTIC
SYSTEM

Figure 1.1.2 : The workflow of a deep learning-based model for diagnosing Lung Cancer based on CT Images.

1.2. Data Preprocessing Phase

Data preprocessing is considered a critical stage before being used in model training as it
guarantees that the data is in a format that matches the ML/DL models as well as increases the data
quality which subsequently improves the effectiveness of the trained models [57]. Many
preprocessing techniques have been used on both datasets will be represented in the following

section.
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1.2.1. Numeric Data Preprocessing and Exploration

= Label Encoder
A Label Encoder was utilized to convert the labels of category features into numerical
representations. This facilitates the application of ML/DL techniques in following phases. Table

3.2.1 below provides a thorough analysis of the labeling mapping procedure.

Table 1.2.1: Label Encoding Conversion.

Feature Name Feature Labels Map
Gender M (0), F (1)
Smoking yes-2 (1), no-1(0)
Yellow Fingers yes-2 (1), no-1(0)
Anxiety yes-2 (1), no-1(0)
Peer Pressure yes-2 (1), no-1(0)
Chronic Disease yes-2 (1), no-1(0)
Fatigue yes-2 (1), no-1(0)
Allergy yes-2 (1), no-1(0)
Alcohol Consuming yes-2 (1), no-1(0)
Wheezing yes-2 (1), no-1(0)
Coughing yes-2 (1), no-1(0)
Shortness of Breath yes-2 (1), no-1(0)
Swallowing Difficulty yes-2 (1), no-1(0)
Chest Pain yes-2 (1), no-1(0)
Lung Cancer Yes (1), No (0)

= Data Normalization Using Standard Scaler

Data normalization using the Standard Scaler was applied to preprocess the dataset before
conducting further analysis. The dataset consists of binary data except for the ‘age' column, which
contains numerical values. The normalization process was designed to ensure that the 'age' column
is appropriately scaled while preserving the binary nature of the rest of the data. The Standard
Scaler formula in Equation 3.1 was followed to transform the 'age' column, scaling it to have a 0
mean and 1 standard deviation as shown in Figure 3.2.1 [58].

Z =— (3.1)
Where X presents the value, p is the mean, and o 1is the standard deviation.

This normalization step helps in addressing any variations in the ‘age’ feature, bringing all values
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to a consistent and comparable scale. Meanwhile, the binary data was left unchanged, as it is
inherently normalized within the range of 0 and 1. This will improve the accuracy and precision

of subsequent analyses, ensuring fair treatment of each feature.
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Figure 1.2.1: Age Field Before and After Standard Scaler Normalization.

= Data Balancing Using Synthetic Minority Oversampling Technique (SMOTE)

Through the exploration stage, it was clear that the data is unbalanced for the target class value as
shown in Figure 3.2.3a. This could affect the testing accuracy, recall, and precision, leading to a
bias in favor of the dominant class. As known in binary classification, unbalanced data results in
findings that are skewed in favor of the majority class. Both under- and over-sampling are common
solutions to this issue to provide balanced class data. It is common to use the (SMOTE) to enhance
random oversampling. Observations are resampled around the dominant class to create balanced
class data while avoiding the biasing problem using SMOTE [59]. The SMOTE algorithm is an
over-sampling method used to address the class imbalance problem in machine learning. It aims
to generate synthetic examples for the minority class to balance the class distribution. For each
pattern in the minority class, SMOTE selects one of its K nearest neighbors from the minority class
and creates a new synthetic pattern by interpolating between the selected pattern and the original
pattern. The degree of interpolation is regulated by a random variable, leading to the creation of a

fresh pattern along the line segment that connects the two existing patterns. The goal of this
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algorithm is to move the classification decision boundary towards the region of the minority class
by producing synthetic examples resembling the original minority class samples [60]. Figure 3.3.2

below contains a sample of how SMOTE is working.

O Majority class samples
af= Minority class samples

® Randomly selected minority
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@ 5 K-nearest neighbors of x,
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from the 5 neighbors

-+ Generated synthetic minority
instance

Figure 1.2.2 : SMOTE working procedure [61]

Figure 3.2.3(a) below shows how uneven the initial data samples are, and 3.2.3(b) the result after

SMOTE.
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Figure 1.2.3: (a) Data Distribution Before Oversampling (b) Data Distribution After Oversampling.

1.2.2. Images Preprocessing and Enhancement

= Resizing images

In the realm of neural networks (NN), all images must be resized to a consistent size before they
are input into the DL models. This standardization is imperative because NN exclusively accept

inputs of the same dimensions. The degree of resizing required diminishes as the fixed size grows
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larger. Minimizing the resizing process helps preserve the internal characteristics and patterns of
the image, resulting in fewer distortions. Such an approach can effectively mitigate the reduction
in classification accuracy attributed to the effects of resizing. However, it's crucial to note that
larger images come with trade-offs. They demand a larger neural network and occupy more
memory space, thereby amplifying complexity both in terms of space and time. Hence, the choice
of this fixed size for images involves a trade-off between precision and processing efficiency [62].
To adapt images larger than the fixed size, two common methods can be employed: cropping the
boundary pixels or downscaling using interpolation. Both methods entail some degree of
information loss. Downscaling carries the risk of distorting image features or patterns, while
cropping may eliminate relevant details located at the image's borders. In this context, downscaling
is considered a favorable option for resizing larger images to the designated fixed size, as it poses
a lesser risk of losing essential patterns. As part of this study, the images were uniformly resized
to a specific dimension of 224 * 224 pixels, as shown in Figure 3.2.4.

Original Image (512x512) Resized Image (224x224)

Figure 1.2.4: (a) Original Image of Size 512*512 (b) Resized Image of Size 224*224



= Denoise the Image Using Gaussian Blur

The Gaussian Blur technique is used to lessen the noise of an image by applying the Gaussian
function. By deleting some of the unnecessary information and maintain the low spatial frequency
of the image. The following Equation (3.2) provides the formula, where X is the direction and o
denotes the Gaussian distribution’s standard deviation. The preferred implementation method is

typically the two-pass Gaussian filtering approach, chosen for its requirement of fewer calculations

[63], [64].
%2
00 =~
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Figure 3.2.5 shows an example of an image before and after applying the Gaussian Blurring.
Original Image Denoised Image
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Figure 1.2.5: (a) Original Image (b) Denoised Image After Applying Gaussian Blurring.

= Contrast Limited Adaptive Histogram Equalization (CLAHE)
CLAHE demonstrated the most significant improvement in enhancing prediction accuracy. To
avoid excessive contrast enhancement that could lead to peculiar visual appearance and undesired

artifacts, CLAHE employed a clipping value to limit the histogram. The utilization of inappropriate
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contrast enhancement methods often resulted in poor representation of disappearing regions, such
as tiny veins. However, this challenge was addressed by the enhanced CLAHE, incorporates a
fixed contrast point in the filter by introducing a global threshold value. As a result, the histogram
of the target image was enhanced in an adaptive manner using a predetermined global threshold
value. The superiority of the enhanced CLAHE over the traditional CLAHE with fixed clipping
where the proposed model significantly enhances image distinctiveness, particularly regarding the
tiny veins. Furthermore, normalization was performed to widen the intensity distribution within
an appropriate range, enabling more informative features to be inputted into the CNN model [65],

[66]. Below Figure 3.2.6 is a sample image before and after applying CLAHE.

Original Image Enhanced Image CLAHE

(a) (b)

Figure 1.2.6: (a) Original Denoised Image (b) Equalized Image After Applying CLAHE Filtering

= Convert Image from RGB (Red-Green-Blue) to Grey Scale

It is anticipated that the process of converting RGB photos into grayscale images will reduce or
mask image noise and make it simpler to distinguish between the intensity of colors in the image.
An image can be converted to grayscale by selecting all its pixels and giving each one information
about the three primary colors Blue, Green, and Red. To obtain an average value, the three primary
colors will be put together and then divided by three. The three primary colors of a pixel will be

set to an average value to add color to the image pixels, converting the color to grayscale [67]. As



32
the output of the previous preprocessing step of applying CLAHE filtering was an RGB image, it
was necessary to convert it back to a grey-scale image again as this will be more efficient in deep
learning training concerning time and cost. This conversion can be represented by the following
equation:

Gray = 0.299 X Red + 0.587 X Green + 0.114 X Blue (3.3)

CLAHE Output Image Grey Scale Image

(a) (b)

Figure 1.2.7: (a) CLAHE Equalized Image (b) Grey Scale Image After BGR to Grey Conversion.

= Image Segmentation Using Otsu’s Thresholding

A basic step in preprocessing medical images in computer-aided applications is segmentation.
Segmentation is a process that helps divide a digital image into various pieces such that the pixels
in each area have comparable visual characteristics. The goal is to make an image's representation
simpler or different to better examine it [68]. Thresholding is a simple segmentation technique that
extracts the area of interest. Using a threshold, you may distinguish between foreground and
background pixels. The intensity of the processed image is changed halfway between the minimum
and maximum levels of the native intensity after the gray threshold is applied using the Ostu
method [69] [70]. This method developed by Otsu splits the image into foreground and background
using a threshold value. The threshold value continuously rises until it reaches the highest variance

between pixels belonging to two groups [71]. The main objective of Otsu's strategy is to offer the
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ideal threshold value. By using bimodal histograms to group the pixels into the C1 and C2
categories, the threshold value is calculated. Additionally, it lowers the intraclass variance by
selecting the proper threshold value. For the implementation, we used Python's threshold function.
The equation for Otsu's thresholding is as follows:

0,2 (£) = wi(t) - 01%(t) + wy(t) - 3% (1) (3.4)

Where: t is the threshold value being considered, a,,%(t) is the weighted variance between the
classes, w; (t) is the weight of class 1 (pixels with intensity values below the threshold), w,(t) is
the weight of class 2 (pixels with intensity values above the threshold), o, 2(t) is the variance of
class 1, and 4,2 (t)is the variance of class 2.
The results of Otsu's approach being applied to a CT scan of lung cancer are shown in Figure 3.2.8

below:

Original Image

€>

Segmented Image Using Otsu Thresholding

€

Figure 1.2.8: Samples To illustrate The Results of Applying Otsu’s Thresholding for Segmentation.

= Images Augmentation

DL has made enormous advances in computer vision over the last several years due to effective
computing tools, potent algorithms, and large amounts of image data. The creation of a powerful
model with many trainable parameters has been a major effort. For such a model to perform
competitively, a high number of photos must be used during training. However, gathering images
is typically a costly and difficult procedure. In practical applications like medical and agricultural

pictures, and it’s particularly difficult to achieve adequate performance with a small dataset. To
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tackle that issue, it has been established that image augmentation is a viable and proficient
approach [72]. This can be accomplished by the utilization of diverse methodologies, such as
horizontal flipping, color space augmentations, random cropping, kernel filters, mixing images,
random erasing, feature space augmentation, adversarial training, neural style transfer, and meta-
learning schemes [73]. In this context, horizontal flipping and histogram equalization are
employed for the purpose of image augmentation and at the same time achieve balance between
the three different categories, as shown in Figure 3.2.9.
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Figure 1.2.9: Data distribution dataset after data augmentation
o Horizontal Flip Augmentation

Flipping an image refers to the rotation of the image along the horizontal or vertical axis, such as
the rows, and columns of pixels in an image are reversed horizontally. This means that the pixels
on the image's left side are exchanged with those on the right side., resulting in a mirror image of

the original along the vertical axis [73]. Figure 3.2.10 shows an example of Horizontal Flipping.
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Original Image o Horizontally Flipped Image
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Figure 1.2.10 : Original Image and Horizontally Flipped Image

o Histogram Equalization Augmentation

Equalization of the histogram demonstrated in Figure 3.2.11 is the distribution of a specific kind
of data which allows enhancing an image's contrast. By using histogram equalization, the entire
range of pixels (0-255) will be widened. A decent histogram is the type employed by grayscale
potential values. Applying this can be done using various methods such as histogram expansion,
odd sectioning, and cumulative histogram equalization which will be used in this study [74]. The
proposed approach encompasses a series of sequential procedures. Initially, the histogram of the
original image is generated. Subsequently, the cumulative distribution function histogram is
computed. Following this, the generic histogram equalization formula is employed to calculate
new values. Finally, new values are assigned to each gray value inside the image. This is applied
based on the following algorithm:

Let X be an image that consists of L discrete grey levels. Where the probability density for the
image C can be calculated as:

k
PO = (3:5)

For each level k, where k ranges from 0 to L-1, n_k denotes the frequency of occurrences of level

X_k in the input image X, and n represents the total number of samples in the input image.
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p(X_Kk) is linked to the histogram of the input image, indicating the count of pixels with a particular
intensity X_k.
Using the density function, the cumulative density is calculated as:

k
(3.6)
o= ) POy

=0
Where X_kas X fork=0, 1, ..., L-1 and c(X) is equal to 1.
Histogram Equalization (HE) is a method that remaps an input image to span the entire dynamic
range (X_0, X (L-1)) using a cumulative density function as a transformation function. The
transformation function, denoted as f(x), is based on the cumulative density function and can be
defined as:

f(x) = X_0 + (X_(L-1) - X_0) * ¢(x) (3.7)
The output image, denoted as Y = {Y (i, j)}, can be expressed as Y = f(x), which is further
defined as:

£OY) =1 (X0, ) 1 vX(i, j) € X (3.8)
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Figure 1.2.11 : Original and Equalized Images with Their Correspondence Histograms.



37
1.3. Building And Training Models Phase

This section of methodology will present the different models that have been applied to the used
datasets including both ML models and DL models.

1.3.1. Decision Tree

The decision tree algorithm is categorized as a supervised learning technique. It has applications
in solving both regression and classification problems. The fundamental idea [75] behind the
decision tree (DT) algorithm involves representing a problem using a tree structure. In the given
depiction, every internal node within the tree corresponds to an attribute, and each leaf node
denotes a class label [76]. This method begins by observing a specific element and draws
conclusions about its value through the leaves of the tree, with its various attributes represented by
the branches. DT algorithms produce a set of decision rules that lead to determining the class or
test result. The approach is based on a process of recursive node division, starting from the root
node containing all records, and progressively dividing the dataset into smaller subgroups until
reaching the target class nodes [77]. This classification process follows a top-to-bottom approach,
where the root node initially encompasses all records and splits based on the class label column,
which forms the foundation of the classification [78]. Figure 3.3.1 below represents the overall

structure of a Decision Tree.
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Figure 1.3.1 : General Decision Tree Structure [79]
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The establishment of a Decision Tree comprises the sequential execution of the following steps:

1. Splitting: This stage entails dividing the dataset at each node into two or more sets based on

attribute descriptors. The division is determined by measures of information gain.

o Entropy: This concept, introduced by information theory pioneer Claude Shannon [80],
gauges the disorder in a system. Entropy quantifies the probability of variance within a node,
indicating whether the node contains more than one class. It ranges between 0 and 1, with 0
denoting purity (only one class) and values closer to 1 representing higher randomness. Its

equation is:

N
E =—- ) pilog pi (3.9)

« Information Gain: Calculated to identify the best attribute for splitting, it aims to maximize
attribute purity in a branch. Information Gain is computed as 1 minus the entropy.

Information Gain = 1- Entropy (3.10)

2. Stopping: To prevent overcomplicated models, stopping rules are essential. These rules

minimize various factors including the count of records in a leaf, the depth (number of levels), and

the count of records before splitting.

3. Pruning: DT can be prone to overfitting, where the model shows significant adaptation to the

training data and lower results on testing data due to the presence of noise. To mitigate this, pruning

is employed to simplify the tree while maintaining high accuracy. The ideal tree balances precision

with simplicity and minimal depth [81].

1.3.2. Random Forest (RF)

Random Forest, as its name suggest, is a ML technique that leverages the power of multiple

decision trees — often numbering in the hundreds or thousands — to collectively formulate

predictions. This algorithm operates within the realm of supervised learning, proving valuable for
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both classification and regression tasks [82]. The base of RF involves a process wherein a subset
of features is randomly chosen from the dataset, subsequently forming a decision tree based on
this selected subset. This iterative process is repeated multiple times, generating a multitude of
decision trees whose outcomes are then amalgamated to yield an overarching prediction. What
truly makes RF a robust method lies in its adeptness at handling voluminous datasets and
accommaodating both numerical and categorical features. Moreover, its capacity to manage missing
data and outliers enhances its suitability for various applications. Fundamentally, the underlying
principle of the RF algorithm is elegantly simple yet remarkably potent. In the domain of data
science, the collective strength of numerous relatively uncorrelated models (trees) working in
harmony surpasses the performance of any individual constituent model. To enhance the accuracy
of RF, one can fine-tune its parameters through optimization, such as adjusting the node size and

the count of estimators [83]. Figure 3.3.2 demonstrated the general concept of RF.
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Figure 1.3.2 : Random Forest General Concept [83]

RF operates as a form of ensemble learning, regulating multiple decision tree models to generate
predictions. The mathematical expression encapsulating the essence of Random Forests is

elucidated below:

(x) = UN i (fi(x)) (3.11)
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Where:

F(x) signifies the combined output of the Random Forest algorithm, N represents the total number
of decision trees within the forest, fi(x) denotes the outcome of the ith decision tree within the
forest and x corresponds to the input data.

1.3.3. Support Vector Machine (SVM)

Support Vector Machines (SVMs) are employed for performing classification as well as regression
tasks. The fundamental concept underlying this approach involves the identification of a
hyperplane that effectively partitions a given dataset into two distinct classes [84]. This process,
depicted in Figure 3.3.3, entails the selection of a hyperplane that optimally separates the data

points, with the two closest points to the hyperplane serving as the supporting vectors.
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Figure 1.3.3 : SVM Hyper Plane Concept [85]

Support vectors refer to the data points near the hyperplane, which is the dividing boundary inside
the dataset. These points possess the characteristic of significantly influencing the position of the
hyperplane if they were to be eliminated from the dataset. These points can be regarded as
significant components within the dataset. While the hyperplane is defined as a linear boundary
that effectively separates and categorizes the given dataset. From an intuitive perspective, it may

be inferred that the greater the distance between points and the hyper-level, the higher the level of
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confidence in the right ranking of the points. The objective is to maximize the distance between
the points and the hyperplane while ensuring that they remain on the positive side of the decision
boundary. When incorporating additional data for testing purposes, it will be classified according
to its position relative to the hyperplane. The margin refers to the distance between the hyperplane
and the nearest point within a specified dataset. The goal is to select a hyperplane that exhibits the
maximum margin from any point within the training dataset, hence enhancing the probability of
accurately classifying any future data [86]. The hyper-plane equations for a given training dataset:

(X1,Y1), .., (Xn,Yn), Xie R and yi € (-1,1) (3.12)
Let Xi represent the feature vector symbol and Yi represent the class label (either 1 or 0) of training
compound i. Therefore, to denote the equation of the optimal hyperplane:

wx'+ b =0 (3.13)
In the given context, the weight vector is denoted as W, the feature vector as X, and the bias as b.
Both variable b and variable w need to meet the variance requirements for the components inside
the training dataset.

wxi' +b>+1ifyi=1 (3.14)
wxi' +b<—1ifyi=-1 (3.15)

The primary goal of the training dataset is to identify the appropriate values for B and W that can
effectively separate the data using an optimal hyperplane while maximizing the margin distance
of 1/|| w ||? [86]. The concept of vectors is a fundamental topic in mathematics and physics. Vectors
are mathematical entities The support vectors are defined as xi for which the absolute value of yi
is multiplied by the dot product of wxiT and b equals 1. Ultimately, The SVM model offers several
advantages, including its effectiveness on small and refined data sets, as well as its efficiency
through the utilization of a portion of the training data. On the contrary, it is essential to know that

this approach is not well-suited for handling huge datasets due to the significant amount of time
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necessary for training the data. Additionally, its effectiveness diminishes when dealing with noisy
and overlapping data that exist between different classes.
1.3.4. Gradient Boosting
Gradient boosting is an ensemble approach that produces a collective forecast by merging multiple
individual guesses, referred to as "weak" predictions. It is used as Supervised machine learning,
particularly in classification and regression tasks. The objective of the procedure is to
progressively refine a model through iterative training, wherein faults from the previous model are
identified and corrected to improve the predictive abilities of the model progressively. The GB
method is a decision tree-based approach that is widely recognized and commonly used in several
domains. It possesses the capability to effectively handle missing values and outliers, making it a
valuable tool in data analysis and modeling. The concept underlying GB is that the performance
of a weak classifier can be enhanced by iteratively fitting additional weak classifiers while
maintaining the knowledge gained from earlier iterations. The procedure is executed in an iterative
manner, wherein each subsequent classifier acquires knowledge from the shortcomings of its
predecessors. This iterative process leads to a decrease in the overall error and an enhancement in
the accuracy of the classifiers [87]. The mathematical equation for Gradient Boosting can be
expressed as follows:
UL (3.16)
FO) = ) fi)
i=0
where F(X) represents the output prediction, m is the number of estimators, and fi(x) represents the
prediction of the ith estimator. The function F(x) can be represented as the sum of m individual

functions fi(x), where i ranges from 1 to m.
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1.3.5. Extreme Gradient Boosting (XGB)

Extreme Gradient Boosting (XGBoost) is a ML algorithm that leverages the collective power of
multiple weak learners to generate a highly effective predictive model [88]. Per Chen and Guestrin
[15], Xgboost involves an ensemble of K Classification and Regression Trees (CART),
represented as {T1(xi, yi), . .., TK (xi, yi)}. In this context, xi refers to the feature associated with
a recored in the training dataset, while yi signifies the class label to be predicted. Each CART
assigns a real score to its leaves, which represent outcomes or targets. The final score is obtained
by summing the prediction scores from each CART and evaluated using K additive functions, as
depicted in Equation (3.17).

K (3.17)

5= ) fulw). fi €F

k=0
In this context, fk represents an independent tree structure with leaf scores, and F represents the
space of all Classification and Regression Trees (CART). The regularized objective to be
optimized is defined by Equation (13.18).

n K (3.18)

0bj(©) = Y w9 + ) A (f)

i K
1.3.6. Light Gradient Boosting (LGB)
LightGBM is a ML technique with its roots in decision trees and boosting. This framework was
first introduced by [89]. It sets itself apart from the XGBoost model by utilizing histogram-based
algorithms, which bring about several advantages. In this approach, continuous floating-point
values are discretized into k bins, creating a histogram with a width of k. Unlike other methods,
this histogram algorithm doesn't require extra storage for pre-sorted results. Moreover, it can
efficiently store feature values post-discretization using only 8-bit integers, leading to a substantial

reduction in memory consumption, down to just 1/8 of the original amount. Interestingly, this
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coarse partitioning doesn't sacrifice model accuracy; in fact, it acts as a form of regularization,
effectively preventing overfitting. One of the key ideas to grasp here is that decision trees, in the
context of LightGBM, are considered weak learners. As such, the precision of segmentation points
isn't as critical. Even coarser segmentation points introduce a regularization effect, which further
helps guard against overfitting. LightGBM adopts a leaf-wise growth strategy, a more efficient
alternative to the level-wise approach. With the leaf-wise strategy, the algorithm identifies leaves
with the highest branching gain at each step and expands them. This results in more effective error
reduction and higher precision using same segmentation steps compared to the level-wise strategy.
However, it's crucial to note that leaf-wise growth can lead to deeper decision trees and an
increased risk of overfitting. To mitigate this, LightGBM imposes a maximum depth limit on the
topmost leaves, ensuring both efficiency and overfitting prevention [90].

1.3.7. Adaptive Boosting (AdaBoost)

The AdaBoost method constructs an ensemble of weak learners by managing the weights assigned
to the training data, then iteratively modifies these weights Following each weak learning cycle,
the weights assigned to training samples misclassified by the current weak learner will be
increased, whereas the weights assigned to correctly classified samples will be decreased. [91].
One of the primary concepts behind the AdaBoost algorithm is the preservation of an ensemble of
weights over the training set. The weight assigned to training example i in round t is represented
as Dt (i). At the outset, all weights are uniformly initialized. However, in each cycle, the weights
of misclassified instances are augmented, compelling the weak learner to prioritize challenging
examples within the training set. The primary task of the weak learner is to identify a weak
hypothesis that is suitable for the distribution of Dt [92]. The Algorithm of Adaptive Boosting

(AdaBoost) can be summarized in the following steps:

1. Initialize the observation weights wi = 1/N, i=1, 2, ..., N. Where N = Number of observations.
2. Form=1to M:
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e Fit a classifier Gm(x) to the training data using weights wi

e Compute:
Lo wil(yi # Gm(x)) (3.19)
err, =
ZiN=oWi
o Compute:
oo LT €Tm (3.20)
= log( - )
e Set:
w; < —w; xexplag *1(y; # Gn(x))],i=12,..,N (3.21)
3. Output:
M (3.22)
G(x) = sign Z Oy Gm(x)]
m=1

1.3.8. Visual Geometry Group-16 (VGG16) Model

The VGG16 architecture represents a foundational convolutional neural network (CNN) model
frequently utilized for image analysis tasks. As shown in Figure 3.3.4, it consists of 16 layers and
is commonly employed as a baseline example of CNN design. This architecture was initially pre-
trained on the ImageNet dataset, a comprehensive collection of labeled images spanning diverse
object categories, serving as a prominent benchmark for image classification. The VGG16 network
takes an RGB image input with dimensions 224 x 224 pixels. It commences with two
convolutional layers, each equipped with 64 filters, followed by a subsequent max pooling layer.
This sequence is reiterated in three more blocks, resulting in a total of four sets of convolutional
and pooling layers. Subsequent blocks involve trios of convolutional layers featuring 128, 256,
and 512 filters respectively, followed by another max pooling layer. The final block culminates in
three convolutional layers, each comprising 512 filters. Beyond the convolutional layers, the
architecture integrates fully connected (dense) layers. It incorporates an initial dense layer with
4096 units, followed by a dropout layer aimed at mitigating overfitting. Subsequently, another

dense layer with 4096 units follows. This layer often functions as a feature extractor during transfer
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learning scenarios, facilitating the extraction of high-level representations from input images for
classification purposes. Notably, the 1000th layer in the VGG16 architecture yields a vector
encompassing 1000 elements, signifying the model's prediction confidence regarding objects or
concepts within an image [93]. In the context of the DL network, the 4096 features derived from
the VGG16 model serve as pivotal input layers, underscoring their significance for subsequent

analyses and tasks.
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Figure 1.3.4: VGG16 pretrained CNN model architecture [94].

1.3.9. Visual Geometry Group-19 (VGG19) Model

Deep learning networks have found applications in various domains for image classification tasks,
leveraging extensive datasets with approximately 60 million parameters and around 650,000
neurons. In practical scenarios, the network's structure typically encompasses five convolutional
layers and three fully connected layers, each assigned distinct roles. The architectural layout
consists of dual initial convolutional layers (a standard layer followed by a max-pooling layer),
the subsequent 3rd and 4th convolution layers interconnected directly, succeeded by a final
convolution layer (max-pooling layer). This culminates in the output layer (Softmax layer). It's
worth noting that some networks boast specialized architectures tailored for specific applications.
Take GoogleNet, for instance, which incorporates approximately 7 million parameters, 9 inception
modules, 4 convolutional layers, 4 max-pooling layers, 3 average pooling layers, 5 fully connected

layers, and 3 Softmax layers [95]. Throughout, Relu activation functions are employed in
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convolutional and dropout layers, with a 70% parameter reduction ratio universally applied to fully
connected layers [96].

VGG-19, a deep-learning neural network, boasts 19 connection layers, comprising 16
convolutional layers and 3 fully connected layers. These convolution layers serve to extract
intricate features from the input images, while the fully connected layers undertake the
classification of leaf images based on these derived features. To mitigate overfitting and streamline
feature extraction, max-pooling layers are strategically incorporated, as illustrated in Figure 3.3.5

[97].
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Figure 1.3.5: VGG19 pre-trained CNN model architecture [97]

1.3.10. Densely Connected CNN (DenseNet121) Model

Deep Convolutional Networks (DCNNs) have emerged as a highly effective architecture for image
recognition, leveraging specific convolutional and pooling layers. However, as networks deepen,
the challenge of vanishing gradients becomes apparent, where gradients diminish as they propagate
through numerous layers toward the final layer of the network. To address this issue, DenseNets
introduces a solution by directly connecting all layers with identical feature sizes. This strategy
mitigates gradient vanishing and empowers DenseNets to capture both broad and deep network
features effectively. The pre-trained Connectivity-Densified Convolutional Neural Network,

comprising 121 layers, is employed for feature extraction [98].
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The architecture of DenseNet-121 in Figure 3.3.6 encompasses 120 Convolutional layers, 4
Average Pooling layers, and 1 Fully Connected Layer. It commences with a basic convolution
layer and pooling layer, followed by 3 transition layers and 4 dense blocks. The classification layer
concludes the architecture. The initial convolutional layer employs a 7x7 convolution with a stride
of 2, followed by 3x3 max pooling with a stride of 2. Subsequently, a dense block is integrated,
succeeded by 3 sets, each containing a transition layer and a dense block. As per Huang et al.'s
DenseNets concept [98], dense connectivity is achieved through direct connections between any
layer and all previous layers, facilitating improved gradient flow across the network. This
necessitates concatenating feature maps of prior layers, a process challenging when feature map
sizes differ. To address this, transitional layers are inserted between dense blocks, consisting of
batch normalization, a 1x1 convolutional layer, and a 2x2 average pooling with a stride of 2. The
architecture comprises multiple dense blocks interconnected by these transitional layers.
Specifically, the DenseNet169 architecture, pre-trained on ImageNet, employs 4 dense blocks with
convolution layers of 1x1 and 3x3 dimensions, arranged in sequences of 6, 12, 24, and 16 blocks.
The final layer performs global average pooling with a size of 7x7, followed by a fully connected

layer activated by "Softmax™" [99].

Figure 1.3.6: DenseNet121 Architecture [100]
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1.3.11. Residual Networks (ResNet50) Model

ResNet's fundamental idea is to establish an identity shortcut connection that skips one or more
layers [95]. It uses a method called bypass connections to connect skips on two to three layers that
contain batch normalization and ReLU among the architectures. Instead of allowing the network
to learn the underlying mapping, it enables the network to match the residual mapping. Consider
H(x) as an example of an underlying mapping that can be fitted by several stacked layers, with "x"
designating the inputs to the first layer. If it is assumed that many nonlinear layers can
asymptotically approximate complex functions, this is equivalent to assuming that they can
asymptotically approximate the residual function F(x): = H(x) x. Thus, the initial function is
changed to F(x) + x. The learning curves for each form may differ, even though it should be
possible for both to asymptotically resemble the required functions (as was initially intended). The
advantage of employing the skip link is that regularization will skip any layer which reduces the
design performance. As a result, unlike traditional CNN models, very deep neural networks can
be trained without being hindered by vanishing gradients. Like how they are utilized in long short-
term memory (LSTM) networks, parametric gates are used in these skip connections. The amount
of data that travels via the skip connection is managed by these gates. When ResNet trains an
excessive number of deep CNNs, it addresses the gradient vanishing and feature map vanishing
problems. The ResNet works because identity linkages between non-adjacent layers do not affect
the ideal mapping that the application task wishes to build. Backpropagation is more fluid since
gradients have access to a second shortcut channel because of the identity relationship. In
conclusion, ResNet50 is a well-liked deep residual network that successfully strikes a compromise
between network depth and training effectiveness [101] [102]. Figure 3.3.7 displays a typical
ResNet50 architecture that was initially trained using over a million photos gathered from the

ImageNet database.
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Figure 1.3.7: RESNet50 architecture [101]

1.3.12. EfficientNetB01 Model

EfficientNet is a member of the Convolutional Neural Network (CNN) family. Its fundamental
architecture is built upon the mobile inverted bottleneck convolution (MBConv) module, which
incorporates the concept of a squeeze and excitation network (SENet). The introduction of
MBConv allows the model to possess adaptive depth, resulting in reduced training time and
enhanced performance. In the case of EfficientNet-B1, it comprises 16 mobile flip bottleneck
convolution modules, 2 convolution layers, 1 global average pooling layer, and 1 classification

layer, as illustrated in Figure 3.3.8 [103].
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Figure 1.3.8: EfficientNetB0O1 Model Architecture [104]

EfficientNet emerged from the efforts of engineers at the Google Brain team [105]. Their central

aim was not only too upscale DNNs but also to pioneer a fresh category termed EfficientNets. This
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collection encompasses eight models, ranging from EfficientNet-B0 to EfficientNet-B7. Among
them, EfficientNet-BO0 stands as the baseline version, while the subsequent models, EfficientNet-
B1 to EfficientNet-B7, represent scaled-up variants.

Historically, the conventional approach to improve the model accuracy involved constructing a
base model with a fixed cost and then amplifying its capacity as more computational resources
become available. Techniques for scaling up included altering the model's depth, width, or
resolution. Another avenue was to boost image resolution, thereby enhancing accuracy, as depicted
in Figure 3.3.9. However, rather than randomly adjusting width, depth, or resolution, a novel
strategy emerged — uniform scaling of these dimensions through a set of scaling coefficients. This
innovative strategy introduced a new lineage of models known as EfficientNets. This family
exhibited improved accuracy and showcased a tenfold efficiency increase compared to its
predecessors, all while being compact and faster. While independently scaling individual model
dimensions yielded performance benefits, the key insight was that achieving a balanced
distribution of network dimensions (width, depth, and image resolution) relative to available

resources yielded the most substantial enhancement in model performance [105].
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Figure 1.3.9 : . Different scaling methods. (b), (c), and (d) are the conventional methods with single-dimensional scaling [106]
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The effectiveness of model scaling is intrinsically linked to the quality of the baseline network.
Serving as the fundamental architecture for EfficientNets, EfficientNet-BO was conceived through
the application of neural architecture search within the AutoML MNAS framework. This approach
yielded improvements in both efficiency and accuracy. The design is based on the concept of
mobile inverted bottleneck convolution, which plays a pivotal role in shaping the resulting network

structure. Table 3.3.1 provides a detailed breakdown of the architecture of EfficientNet-BO0.

Table 1.3.1 : Architecture of EfficientNet-B0 [106].

Stagei  Operator F(i) Resolution Hi x Wi #Channels Ci Layers Li
1 Conv3x3 224x224 32 1
2 MBConv1, k3x3 112x112 16 1
3 MBConv6, k3x3 112x112 24 2
4 MBConv6, k5x5 56x56 40 2
5 MBConv6, k3x3 28x28 80 3
6 MBConv6, k5x5 14x14 112 3
7 MBConv6, k5x5 14x14 192 4
8 MBConv6, k3x3 7 320 1
9 Conv 1x1 & pooling and FC 7 1280 1

1.3.13. Extreme Inception (Xception)

The term "depthwise separable convolutions™ was introduced by Laurent Sifre in his PhD thesis
[107]. In convolutional layers, network weights are shared, enabling simultaneous feature
extraction and fusion. These layers employ an invariant function to spatially down sample the
pooling layer, resulting in the generation of a large number of parameters [108]. In contrast,
depthwise separable convolutions (also referred to as depthwise convolutions, distinct from
spatially separable convolutions in image processing) consist of two consecutive and independent

convolutional layers. The first layer is the depthwise convolution, which applies a single filter
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across each channel (utilizing n different filters for an n-channel input) of the input data. The
second layer is the pointwise convolution, involving a 1x1 convolution that projects the output of
the depthwise convolution into a new channel space [109]. This process is depicted in Figure 3.3.11

below [110].

Depthwise Convolution
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Figure 1.3.10 : Xception Model Architecture [111]

The process of factorization involved here leads to a significant reduction in both the size of the
model and the computational expenses. The subsequent content provides the mathematical
formulations for different convolutional processes: the convolution (Equation (3.23)), depthwise
convolution (Equation (3.24) where © signifies the element-wise product), pointwise convolution

(Equation (3.25)), and the operation of depthwise separable convolution (Equation (3.26)).

K,LM (3.23)
Conv(W,y)qj) = Z Wiemy * Ykit+j, m)
klm
KL (3.24)

DepthwiseConV(W, y)(l,]) = Z W(k,l) @ y(k+i,l+j)
k,l

M (3.25)
PointwiseConv(W, y)(i,j) = Z W(m) * YV, jm)
m
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DepthwiseSepConv(Wp, Wg,y)(;j) = PointwiseConv; jj(Wp, DepthwiseConv; (W, y)) (3.26)

These mathematical expressions illustrate the operations of traditional convolution, depthwise
convolution, pointwise convolution, and depthwise separable convolution, highlighting the
factorization and reduction in computational complexity achieved through the depthwise separable
convolution approach. Depthwise separable convolutions find practical applications in various
deep learning models. Notably, the Xception model and the MobileNet family introduced in [112]
showcase the effectiveness of this technique. The MobileNet architecture illustrates the advantages
of depthwise separable convolutions in terms of model size reduction and computational
efficiency.

1.3.14. MobileNet

The MobileNet architecture is founded on the concept of depthwise separable convolutions, which
involves a factorization of the standard convolution process. This factorization splits a standard
convolution into two separate operations: the depthwise convolution and the pointwise
convolution. The depthwise convolution applies a single filter to each input channel, while the
pointwise convolution employs a 1 x 1 convolution to combine the outputs of the previous
depthwise convolution [113] Ordinarily, a standard convolution both filters and combines inputs
simultaneously, but depthwise separable convolutions separate these actions into distinct layers.
This separation yields a substantial reduction in both computation demands and model size.

The conventional convolutional layer processes an input feature map of dimensions DF x DF x M
and generates an output feature map of size DF x DF x N. The convolution kernel K, which has
dimensions DK x DK x M x N, controls this process. Here, DK represents the spatial width and
height of a square input feature map, M represents the number of input channels (input depth), DG

represents the spatial width and height of a square output feature map, and N represents the number
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of output channels (output depth). Assuming stride one and padding, the output feature map for

standard convolution is calculated as follows:

(3.27)
Gk,l,n = Z Ki,j,m,n ) Fk+i—1,l+j—1,m
i,jm
The computational cost of standard convolutions is:
DK ‘DK ‘M -N -DF -DF (3.28)

where the cost is multiplicatively dependent on the number of input channels M, the number of
output channels N, the kernel size Dk, and the size of the feature map DF. MobileNet addresses
computational efficiency by using depthwise separable convolutions. These convolutions consist
of two layers: depthwise convolutions and pointwise convolutions. Depthwise convolutions filter
input channels independently, and pointwise convolutions create linear combinations of their
output. Depthwise convolution is highly efficient compared to standard convolution, but it doesn't
combine channels to create new features. To accomplish this, an additional 1 x 1 convolution layer
is introduced after depthwise convolution, generating a linear combination of its outputs. This
combined process is known as depthwise separable convolution [114].

The computational cost of depthwise separable convolutions is the sum of the costs of depthwise

and pointwise convolutions:

Dk Dk *M-Df -Df +M-N-Df D (3.29)

MobileNet employs 3 x 3 depthwise separable convolutions, resulting in 8 to 9 times lower
computation than standard convolutions, with only a minor decrease in accuracy.
Further attempts at factorization, particularly in spatial dimensions, do not significantly reduce

computation since the majority of computational load lies in depthwise convolutions.
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1.3.15. Convolutional Neural Network (CNN)

The architectural design of convolutional neural networks is specifically tailored to effectively
process picture data, which is characterized by its multidimensional array structure. The present
concept possesses the capability to maintain the integrity of the initial data structure while also
producing hierarchical representations. Figure 3.3.12 below shows a representative CNN that
encompasses several sequential stages of processing layers, arranged in a left-to-right fashion. The
CNN architecture typically comprises four distinct types of layers, namely a convolutional layer,
a pooling layer, a fully connected layer, and a classification layer. The incorporation of
convolutional and pooling layers is fundamental to the architectural framework, commonly
observed in the initial stages. The convolutional layer leverages the inherent characteristics of
natural signals, such as images, through the utilization of local connectivity, weight sharing, and

pooling.
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Figure 1.3.11 : An example of a convolution neural network architecture [115]

The following are the basic concepts of the CNN:

* Convolutional layer: is a fundamental component of convolutional neural networks (CNNs). It
is structured into feature maps, which are created using the concept of local connectivity and

weight sharing. The concept of local connectivity pertains to the arrangement where individual
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neurons inside a feature map establish connections exclusively with nearby sections of the feature
map in the preceding layer. These connections are facilitated by a collection of weights known as
a filter bank [116], [117]. The weight-sharing paradigm is represented by the sharing of one filter
bank among all units inside a feature map. In addition, distinct filter banks are employed for
individual feature maps. The rationale for incorporating local connectivity and weight sharing in
a model is to reduce the number of parameters required while making use of the strong correlation
between neighboring pixels and the position invariance of local picture statistics [118]. The
weighted total of each unit is subsequently inputted into a non-linear transformation function,
commonly referred to as an activation function. The activation function facilitates the non-linear

transformation of the data that is transmitted to the successive stages of processing.

« Pooling Layer: used for image recognition and computer vision tasks, where this layer executes
a process of down-sampling to consolidate information with comparable semantic characteristics
from the convolutional layer into a single representation. A pooling layer unit receives a local
patch from a preceding feature map (convolutional layer) as its input and calculates the maximum
or average value of the patch to produce its output. Consequently, the reduction in the
dimensionality of the representation leads to a decrease in the number of parameters required in
successive layers, enhancing the resilience of the representations through the establishment of

invariance to minor shifts and distortions.

* Fully Connected Layer: is a type of neural network layer where each neuron is connected to every
neuron in the previous layer. The units within this layer exhibit full connectivity with all units in
the preceding layer, akin to the structure observed in a conventional neural network, specifically a

multi-layer perceptron.
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« Classification Layer: a component that is used to categorize or assign labels to data based on
certain criteria or features. The function of this layer is to determine the method by which the
prediction score is calculated, utilizing the outputs generated by preceding layers. The
implementation of typical classification layers often involves the utilization of a softmax classifier
or linear support vector machines [119]. The training algorithm for Convolutional Neural
Networks (CNNs) follows the typical supervised training processes which involve the use of

gradient descent and backpropagation.

1.4. Hyperparameters Tunning and Cross-Validation

1.4.1. Hyperparameters Tunning

Hyperparameters Tunning is crucial in building models where these hyperparameters control the
configuration of the model [120]. By determining the optimal parameter value through
experimentation with a predefined set of values, one can obtain the highest level of performance.
The utilization of this strategy ensures significantly improved performance compared to models
that are constructed utilizing randomly chosen parameter values [121]. The GridSearchCV is
employed to fine-tune the parameters for the ML models while the DL models were optimized
using the keras_tuner_cv package which is an extension for Keras Tuner to improve the
performance and validation of DL models by employing cross-validation technique. Both are
open-source tools designed for fine-tuning ML / DL models that facilitate the seamless and
effective execution of hyperparameter tuning on models.

1.4.1.1. Machine Learning Models Tuning

Hyperparameter tuning involves adjusting the hyperparameters of ML models to optimize their
performance and achieve the best level of accuracy using the GridSearch technique.
Hyperparameters, which are parameters utilized to design the algorithm or determine the reduction

of the loss function, were the focus of this optimization process. The method selects the
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hyperparameters that yield the maximum performance by searching for predetermined values. This
search ensures that the chosen hyperparameters result in a considerable performance improvement
compared to randomly selected values [120].

The hyperparameters tunning of the DTC algorithm concerned optimizing the criterion, that is a
feature used to degree the quality of splits, as well as the max_depth parameter, which determines
the most intensity of the selection tree. Additionally, the min_samples_leaf parameter, which
specifies the minimum quantity of samples required to form a leaf, and the min_samples_split
parameter, which determines the minimal number of samples needed to perform a split, have been
also optimized. [122]. The SVM employed the default RBF kernel to optimize the C parameter,
which represents the regularization parameter, as well as the Gamma parameter, which represents
the kernel coefficient [123]. In addition, the hyperparameters of the RF method were subjected to
hyperparameter tuning. The criterion represents the function used to measure the quality of the
split. The max_depth parameter determines the maximum depth allowed for the tree. The
min_samples_leaf parameter specifies the minimum number of samples required to form a leaf
node. The min_samples_split parameter determines the minimum number of samples needed to
do a split. Lastly, the n_estimators parameter denotes the number of decision trees that will be
constructed in the random forest [124].

While GBM model has the following parameters which include n_estimators that represent the
number of boosting stages to perform, learning_rate that diminishes the impact of each tree
proportionally by the specified rate, max_depth, and max_features [125]. Similar parameters were
used for the light version of the model, XGB and Adaboost. The subsample and colsample_bytree
determine the fraction of samples that will be utilized for training each base learner for the LGB

[126].
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1.4.1.2. Deep Learning Models Tuning

Deep learning models, a subset of artificial neural networks, excel in learning intricate patterns
from data through a technique known as "deep learning.” These models feature numerous
hyperparameters, each demanding an adjustment to unlock their full potential. Key parameters
such as the number of layers, number of neurons per layer, activation function, learning rate, and
number of epochs are all significantly affected by DL The complexity of the model is affected by
the number of layers and neurons. Meanwhile, the activation function plays a pivotal role in
determining how the output of each neuron is computed. The learning rate, on the other hand,
dictates the magnitude of steps taken during the gradient descent optimization process, while the
number of epochs establishes the total iterations of training using the complete dataset. Although
it presents a challenge, the task of identifying the optimal combination of hyperparameters for DL
models is instrumental in achieving high accuracy for specific tasks.

1.4.2. Cross-Validation

The K-fold cross-validation approach is commonly employed in both classification and regression
modeling. The K-fold cross-validation approach is commonly employed as an evaluation
technique for classification modeling to minimize bias between the full dataset and the training set
or test set. The methodology involves partitioning the original dataset into K distinct subsets. As
demonstrated by Figure 3.4.1 a selection of one subset as the test set, while the remaining K - 1
subsets are designated as the training set. Next, the classification accuracy of each classifier is
quantified as the mean value derived from the K models acquired during the training phase. Hence,
the use of the K-fold cross-validation technique may successfully mitigate the inherent variability
in dataset selection and provide a rigorous assessment of the classification model's dependability
[127] [128]. In this thesis, 10-fold cross-validation is used for ML models while 5-fold is used for
DL models. Both tuning techniques employed in this thesis including the GridSearchCV and

keras_tuner_cv, introduce cross-validation methodologies that assess model performance across
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different data subsets, enhancing robustness and generalization. Together, these techniques
contribute to more efficient, reliable, and generalized deep learning models, furthering their

applicability in real-world scenarios.
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| Foldk | | Foldk | | Fodk | ewe

I:I Training data I:l Test data

Figure 1.4.1 : K Cross-Validation Method [127]

1.5. Performance Metrics Selection

After the modeling stage where the ML/ DL model is created and trained, the next step is to

evaluate the performance of that model using various performance metrics. These metrics reflect

the effectiveness of the lung cancer classification system based on the predicted and actual values.

Several methods can be used to evaluate the model’s performance, including accuracy, precision,

recall (sensitivity), confusion matrix, and area under the curve “AUC” [129].

e Accuracy: Accuracy is a widely used performance metric that measures the model's ability to
correctly classify test samples into their respective classes. It calculates the ratio of correctly
predicted instances to the total number of represented structures. Mathematically, accuracy can
be expressed as the sum of true positives (TP) and true negatives (TN) divided by the sum of

true positives, false positives (FP), true negatives, and false negatives (FN):

Correct Expectations __ TP+TN (3.30)

Accuracy = =
y Total Expectations TP+FP+TN+FN
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However, it's important to note that accuracy has limitations, particularly when dealing with
imbalanced datasets where the distribution of samples across categories is uneven. In such cases,
accuracy may not provide a comprehensive evaluation of the model's performance. Precision, on
the other hand, considers all correctly classified instances (TP + TN) and calculates the ratio of
these instances to the entire dataset [2]. While accuracy describes the overall number of correct
classifications across the entire dataset, it may overlook the balance between false positive and
false negative rates. If the false positives and false negatives differ, two networks with different
true positives and true negatives can yield identical accuracy scores, potentially misleading the
assessment of class outcomes [2]. So other performance metrics can be used, such as the confusion
matrix and the area under the curve (AUC) [2]. These metrics help gain a better understanding of
the model performance by considering true positives, true negatives, false positives, and false

negatives.

e Confusion Matrix: The confusion matrix is a valuable tool for evaluating the accuracy and
performance of a model. It provides a tabular representation shown in Figure 3.5.1 that allows
for a comprehensive analysis of the algorithm's predictions, also known as an error matrix. The
matrix's rows represent the predicted class labels, while the columns represent the actual class
labels, or vice versa. Its name stems from its ability to easily identify instances where the
system confuses or misclassifies the two groups. The confusion matrix is particularly useful in

the evaluation of multi-class classification problems. It consists of four essential parameters:

e True Positive (TP): The model correctly predicts a positive example as positive.

e True Negative (TN): The model correctly predicts a negative example as negative.
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o False Positive (FP): The model mistakenly predicts a negative example as positive.

o False Negative (FN): The model mistakenly predicts a positive example as negative.
To be considered effective, a model must achieve accurate predictions, minimize errors, and
reduce both false positives and false negatives. Ideally, the true positives (TP) and true negatives
(TN) should be high, while the false positives (FP) and false negatives (FN) should be low. By
analyzing the values within the confusion matrix, one can gain insights into the model's
performance, identify areas of improvement, and determine its ability to correctly classify

instances across different classes [130].

Predicted Class

C |G [...] Cx
C, |Cy|FP .| Cix
Predicted Class _(é
Positive | Negative % G
Actual | Positive TP FN 5
Class Negative FP N Cx |Cra| FP [ ] Cun
(a) (b)

Figure 1.5.1: Confusion Matrix lllustration (a) Binary Classification CM (b) Multiclassification CM

[131]
e Sensitivity or Recall: Sensitivity is a performance metric that assesses the system's ability to
accurately diagnose lung cancer. It specifically measures the proportion of positive instances
that are correctly detected. The calculation of sensitivity involves determining the ratio of true

positives to the sum of true positives and false negatives.

TP
TP+FN

Sensitivity = (3.31)
* Specificity: Specificity, also referred to as the True Negative Rate (TNR), is a performance
metric that assesses the model's ability to correctly identify cases without lung cancer in the context
of lung cancer diagnosis. It measures the proportion of true negatives, indicating the instances

where the model accurately classifies individuals as not having lung cancer. The specificity of the

model is computed by dividing the number of true negatives by the sum of true negatives and false
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positives, providing insights into its effectiveness in correctly identifying negative cases of lung

cancer.

TN
TN+FP

Specificity = (3.32)

Precision: A model's precision is a performance metric that indicates how accurately it can
identify tumor images in the context of tumor identification. To calculate this number, it

divides the number of true positives (TP) by the sum of true positives and false positives (TP
+ FP), which includes both correctly identified and incorrectly identified tumor images. Higher
precision values indicate a lower rate of false positives, meaning that the model is more precise
in correctly identifying tumor images. When the accuracy rate is higher, the model becomes
more reliable and useful in accurately identifying tumors. Therefore, maximizing precision is

crucial in developing an effective model for tumor identification.

TP
TP+FP

Precision = (3.33)

F-Score serves as a metric for assessing test accuracy by capturing the harmonic mean of
Precision and Recall. It offers a measure of performance, with a value of 1 signifying perfect
accuracy and recall (100%), and a value of 0 denoting the poorest possible performance. The
F-Score is defined as follows:

Precision * Recall _ 2TP (3.34)
Precision + Recall 2TP + FP + FN

F — Score = 2

* Receiver Operating Characteristic Curve (ROC) and Area under the Curve (AUC): This

graphical representation illustrates the relationship between True Positive Rate (TPR), also known

as recall, and False Positive Rate (FPR). The ROC curve is constructed by plotting TPR and FPR

at various classification thresholds to distinguish between positive and negative classes. The top-

left corner of the ROC curve represents the optimal scenario, where 100% of positive values are

correctly classified (TPR = 1) and 0% of positive values are incorrectly predicted as negative (FPR
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= 0). The goal is to maximize TPR while minimizing FPR, making a larger Area under the ROC
Curve (AUC) desirable. In Figure 3.5.2, "TPR" is on the y-axis, and "False Positive Rate (FPR)"

is on the x-axis.

TPR = —~ (3.35)
TP+FN

FPR = =2 (3.36)
FP+TN

cutoff for

high performing model

100% .
cutoff
[—
.Qc_é No discrimination
o AUC=0.5
>
0 2
2 &
‘8 ‘@ 50%
2§
ué “
—
1 | \ | [ | | [ | |
O% 50% 100%

False positive rate
(1-Specificity)

Figure 1.5.2: AUC and ROC illustration. [132]
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Chapter 4
Experiments and Results

4.1 Experiments and Results

In this chapter, after presenting both the DL models and ML models in the previous chapter, those
models will be applied to both the CT images dataset and the clinical/demographic dataset. The
experiment is divided into two phases. The first stage includes applying the ML models to the
clinical/demographic dataset. The next phase demonstrates applying DL models on the image’s
dataset. In both phases performance metrics will be applied including the accuracy, model’s
sensitivity, and the area under the curve (AUC) curves using receiver operating curves (ROC).
Based on the results of the previous metrics, the best model will be determined.

4.2 Computing Environment

The experiments and calculations for this research were carried out on a MacBook Pro equipped
with the Apple M1 Pro chip, featuring a 10-core CPU, 16-core GPU, 16GB Unified Memory, and
512GB SSD Storage. Apple M1 chip with a Pro GPU is good for training ML / DL models due to
its significantly enhanced computational speed and superior processing capabilities in comparison
to conventional CPUs. The utilization of a GPU allowed to train these models in a fraction of the
time it would have taken with a CPU, facilitating the execution of more experiments, and enabling
more efficient model refinement. In this thesis, the Python programming language, implemented
within the Jupyter Notebook environment, forms the foundation of the computational framework.
Several essential Python open-source libraries, including Pandas, Scikit-learn, Keras, TensorFlow,
Matplotlib, GridSearchCV, and KerasTunerCV, have been employed to support various aspects of

the research and analysis.



67

4.3 Machine Learning Practical Experiments

This section delves into the results and analysis of the applied ML models, by examining the
outcomes and insights gleaned from ML-based approaches. This exploration showcases the
effectiveness of various ML algorithms, their hyperparameter configurations, and the implications
of their performance on this research objectives.

4.3.1 Support Vector Machine Results

Table 4.3.1 that follows provides a comparison of the results of the SVM model before and after
tuning. Additionally, Table 4.3.2 displays the parameters that were tuned along with the values
that were determined to be optimal. In addition, the final tuned model's Confusion Matrix and

ROC curve shown in Figure 4.3.1 are displayed, and the model's accuracy was determined to be

96.29%.
Table 4.3.1 : SVM Metrics Before and After Tunning

Accuracy Precision Recall F1-Score

Before tunning 93.51% 96.00% 92.00% 94.00%

After tunning 96.29% 96.00% 96.00% 96.00%

Table 4.3.2 : SVM Optimal hyperparameter combination post hyper-tuning.
Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
C 0.01,0.1,1, 10 1
kernel 'linear', 'poly’, 'rbf' linear

degree 1,2,3,4 1
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Table 4.3.3 provided below offers a comparative analysis of the LGB model's performance before

and after tuning. Additionally, Table 4.3.4 presents the optimized hyperparameters with their

corresponding optimal values. The final tuned model's evaluation includes a Confusion Matrix in

Figure 4.3.2 and an ROC curve in Figure 4.3.3, revealing an impressive accuracy rate of 97.22%.

Table 4.3.3 : LGB Metrics Before and After Tunning

Accuracy Precision Recall F1-Score
Before tunning 97.22% 98.00% 96.00% 97.00%
After tunning 97.22% 98.00% 96.00% 97.00%

Table 4.3.4 : LGB Optimal hyperparameter combination post hyper-tuning

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value

max_depth [3,5,7] 7
learning_rate 0.001, 0.01,0.12,1.0 0.1
n_estimators 100, 200, 300 200

Subsample 0.8,0.9,1.0 0.8

colsample_bytree 0.8,0.9,1.0 0.9
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Figure 4.3.2 : LGB ROC Curve.
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Figure 4.3.3 : LGB Confusion Matrix.

4.3.3 Extreme Gradient Boosting Results

Table 4.3.5 below compares the results of the XGB model before and after tuning, as well as
displaying the tuned parameters with their optimal values in Table 4.3.6. The final tuned model's
Confusion Matrix, as shown in Figure 4.3.4, and ROC curve, demonstrated in Figure 4.3.5, are

also displayed., with a final accuracy of 97.22%.

Table 4.3.5 : XGB Metrics Before and After Tunning

Accuracy Precision Recall F1-Score

Before tunning 95.37% 98.00% 96.00% 97.00%
After tunning 97.22% 98.00% 96.00% 97.00%




70

Table 4.3.6 : XGB Optimal hyperparameter combination post hyper-tuning.:

Hyperparameter Name

Hyperparameter Values

Hyperparameters Optimal Value

max_depth [3,5,7] 5
learning_rate 0.001, 0.01,0.1,1.0 0.1
n_estimators 100, 200, 300 200

subsample 0.8,0.9,1.0 0.9

colsample_bytree 0.8,0.9,1.0 1.0
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Figure 4.3.4 : XGB ROC Curve.
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Figure 4.3.5 : XGB Confusion Matrix.

4.3.4 Decision Tree Results

The following Table 4.3.7 presents a comparative analysis of the outcomes obtained from the DT
model before and after tuning. Additionally, Table 4.3.8 displays the tuned parameters together
with their corresponding optimal values. The optimized final model is accompanied by the
presentation of its confusion matrix in Figure 4.3.6 and ROC curve in Figure 4.3.7., demonstrating

an accuracy of 98.14%.
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Table 4.3.7. DT Metrics Before and After Tunning

Accuracy Precision Recall F1-Score
Before tunning 95.37% 98.00% 96.00% 97.00%
After tunning 98.14% 98.00% 93.00% 95.00%

Table 4.3.8.: DT Optimal hyperparameter combination post hyper-tuning

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
max_depth None, 100, 200, 300 20
Min_samples_split 2,5,10 2
Min_samples_leaf 1,24 4
criterion 'gini', 'entropy' gini
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Figure 4.3.6 : DT ROC Curve.
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Figure 4.3.7 : DT Confusion Matrix.

4.3.5 Random Forest Results

Table 4.3.9 below shows a comparison between the results on the RF model before and after
tunning, besides showing the tunned parameters with the optimal selected values in Table 4.3.10.
The final tuned model is also presented with its Confusion Matrix in Figure 4.3.8 and ROC curve

in Figure 4.3.9, achieving a final accuracy of 98.14%
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Table 4.3.9. RF Metrics Before and After Tunning

Accuracy Precision Recall F1-Score
Before tunning 97.22% 98.00% 96.00% 97.00%
After tunning 98.14% 98.00% 98.00% 98.00%

Table 4.3.10. RF Optimal hyperparameter combination post hyper-tuning

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
n_estimators [10, 50, 100, 200] 10
max_depth None, 100, 200, 300 100
Min_samples_split 2,5,10 5
Min_samples_leaf 1,24 2
criterion 'gini', 'entropy' entropy
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Figure 4.3.9 : RF ROC Curve.
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4.3.6 Adaboost Results
The next Table 4.3.11 presents a comparative assessment of the findings obtained from the
AdaBoost model before and after tuning. Additionally, the Table 4.3.12 displays the tuned
parameters together with their corresponding optimal values. The confusion matrix in Figure
4.3.10 and ROC curve in Figure 4.3.11 are presented for the optimized final model, demonstrating

an achieved accuracy of 99.07%, which outperforms both DT and RF.

Table 4.3.11 : Adaboost Metrics Before and After Tunning

Accuracy Precision Recall F1-Score
Before tunning 95.37% 98.00% 96.00% 97.00%
After tunning 99.07% 98.00% 100.00% 99.00%

Table 4.3.12 : Adaboost Optimal hyperparameter combination post hyper-tuning.

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
n_estimators [50, 100] 100
learning_rate 0.001,0.01,0.1,1.0 1.0
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4.3.7 Gradient Boosting Results

In the context of a GB model, the following Table 4.3.13 illustrates a side-by-side comparison of
its performance before and after tuning. It also showcases the finely tuned hyperparameters with
their respective optimal values in Table 4.3.14. The evaluation of the ultimate tuned model
incorporates both a Confusion Matrix shown in Figure 4.3.13 and a ROC curve shown in Figure

4.3.12, culminating in a remarkable accuracy score of 99.07%

Table 4.3.13 : GBM Metrics Before and After Tunning

Accuracy Precision Recall F1-Score
Before tunning 95.37% 98.00% 93.00% 95.00%
After tunning 99.07% 98.00% 100.00% 99.00%

Table 4.3.14 : GBM Optimal hyperparameter combination post hyper-tuning

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
n_estimators [40,30,50] 30
learning_rate 0.001, 0.01,0.2,1.0 0.1

max_depth 34,5 3
max_features Sart, log2 Sart
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Figure 4.3.12 : GBM ROC Curve.
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Figure 4.3.13 : GBM Confusion Matrix.

To summarize the findings, Table 4.3.15 and Figure 4.3.14 combined the results from all models,

providing a concise overview of their performance metrics.

Table 4.3.15 : Classification results for different model on the same dataset

Model Type Accuracy Precision Recall F1-Score
Adaboost 99.07% 98.00% 100.00% 99.00%
GBM 99.07% 98.00% 100.00% 99.00%
RE 98.14% 98.00% 98.00% 98.00%
DT 98.14% 98.00% 98.00% 98.00%
XGB 97.22% 98.00% 96.00% 97.00%
LGB 97.22% 98.00% 96.00% 97.00%

SVM 96.29% 96.00% 96.00% 96.00%
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Accuracy Comparison of Different Models

N Accuracy
100 99.07% 99.07% 98.14% 98.14% 97.22% 97.22%

SVM

AdaBoost Random Forest Decision Tree XGBoost LightGBM
Models

80 4

=3

60 4

=}

Accuracy (%)

40 4

=

204

o

B

Figure 4.3.14 : Chart of Comparison of overall accuracy for all Classification Models.

The classification results represent the performance of various machine learning models on the
dataset, showcasing their abilities in capturing patterns and making accurate predictions. AdaBoost
and Gradient Boosting Machine (GBM) achieved the highest accuracy of 99.07%. These ensemble
methods excel due to their sequential learning process. AdaBoost focuses on samples that previous
models misclassified, adjusting their weights to improve accuracy. GBM builds decision trees
sequentially, emphasizing the correction of errors made by prior trees. This iterative approach
allows both AdaBoost and GBM to capture intricate relationships in the data, resulting in top
accuracy. DT and RFalso performed remarkably well, each yielding an accuracy of 98.14% due to
their ability to model complex feature interactions. RF, as an ensemble of Decision Trees, further
enhances performance by averaging predictions and reducing overfitting, contributing to
impressive accuracy.

XGBoost's strength lies in its efficiency and predictive power. It builds trees in a manner that
minimizes loss functions, making it a versatile choice for a wide range of datasets. LGB, another

gradient-boosting framework, mirrored XGBoost's performance with an accuracy of 97.22%.
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SVM, though slightly behind with an accuracy of 96.29%. In summary, the ensemble methods
(AdaBoost and GBM) and gradient boosting algorithms (XGBoost and LGB) demonstrated
remarkable capabilities in capturing intricate data patterns.

The variable importance plot, which presents the most significant feature based on a mean decrease
in Gini, was used to assess the importance of input features to the model. This finding suggests
that the top variable has greater classification power and an impact on the model outcomes than
the bottom variable. Figure 4.3.15 demonstrates how key factors in determining lung cancer
include allergy, swallowing difficulty, alcohol consumption, age, coughing, chronic disease, etc.
But at the same time trying to drop one of the least important features has affected the model

performance negatively which implies the importance of these features even its low.
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Figure 4.3.15 : Features Importance’s Plot

The dataset used in this experiment is the same one used in [133] with a similar methodology. As
part of the evaluation process for the machine learning models, a comparative analysis was
performed, taking into consideration the findings presented in this research and the proposed
model. Table 4.3.16 presents a summary of the accuracy achieved by each model in the context of

the relevant studies.
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Table 4.3.16 : Comparison of model performance between the proposed models and the models of the Published Paper [133]

Model Type Accuracy Accursggec;n[lP;Btilished
Adaboost 99.07% )
GBM 99.07% 98.76%
RF 98.14% -
DT 98.14% -
XGB 97.22% 96.27%
LGB 97.22% 96.89%
SVM 96.29% -

Nevertheless, in the proposed model, systematically optimized ML techniques were employed,
resulting in significant enhancements in the classification accuracy, as illustrated in Table 4.3.16
provided. In this context, image resizing has been performed using downscaling, which may
introduce slight distortion. However, this distortion has been addressed through subsequent
enhancement techniques such as denoising and the CLAHE filter. It's important to note that
downscaling is preferred over the cropping approach, as cropping could result in the loss of
essential elements and features. As well as replacing the Random Oversampling techniques with
SMOTE techniques which helps in the improvement of performance as well. SMOTE appears to
outperform random oversampling due to its ability to create synthetic minority-class samples that
better reflect the underlying distribution. Unlike random oversampling, which simply duplicates
existing samples, SMOTE generates diverse synthetic instances, aiding in model generalization
and reducing overfitting. By strategically interpolating in sparse feature regions, SMOTE enhances
class separability and data quality. Moreover, it mitigates data leakage risks and is particularly

effective for small, imbalanced classes.
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4.4 Deep Learning Practical Experiments

To provide a comprehensive analysis of the model's performance and its implications for this
research objectives, this section, present and discusses the results of the DL experiments for
various DL models applied to the CT images dataset. The experiment was carried out using a
Jupyter Notebook, where Python code was implemented with the support of the Keras package.
The dataset utilized in this research was divided into two separate subsets: a testing set (20%) and
a training set (80%). The dimensions of the input for the model were configured to be 244 x 224
pixels images. The different CNN models, are employed as a convolutional base, provides a robust
foundation for feature extraction from lung cancer image dataset. Furthermore, all layers in the
model are set to be not trainable to prevent the retraining of the convolutional base layers and
retain the pre-trained knowledge. A custom classifier is built on top of the CNN base as shown in
Figure 4.4.1. This classifier comprises the following layers, flatten Layer, to transform the output
of the convolutional base into a one-dimensional feature vector, Dense Layer which is a fully
connected layer with certain number of units and ReLU activation to capture high-level features.
The introduction of weight decay here helps in preventing overfitting, guiding the model to favor
more parsimonious and robust representations, Dropout Layer to mitigate overfitting. Output
Layer which is the final layer with a Softmax activation function for multi-class classification,
with the number of units matching the number of classes in the used dataset (3). To explore the
optimal hyperparameters, a hyperparameter tuning approach using the Keras Tuner library is
employed including the number of units in the dense layer, learning rate, weight decay, dropout,
batch size, and number of epochs. Each model with the best hyperparameters was compiled with
the Adam optimizer and sparse categorical cross-entropy as the loss function to facilitate efficient

training.



80

4 Input Image
\ -/
Ve v
Deep learning Dense Layers
Base Model E— Flatten Layer (Fully Connected, Dropout Layer
) RELU Activation)
/

Iy

Softmax Output Layer
*Normal
*Malignant
*Benign

p

Figure 4.4.1 : DL Models Architecture.

441 DenseNet121 Results

In this part, the DenseNet121 architecture, a convolutional neural network characterized by its 120
convolutions, was employed. This model had undergone pre-training on an extensive database
comprising over one million images. Leveraging DenseNet's capacity to work with fewer
parameters and facilitate feature reuse. As is consistent with previous modeling approaches, the
model was trained using the best-selected hyperparameters in Table 4.4.1 for 20 epochs as shown

in Figure 4.4.2.

Accuracy
o

ao 25 50 75 10.0 125 5.0 175
Epochs

Figure 4.4.2 : Performance learning curves for training & validation accuracy DenseNet121
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Table 4.4.1 : DenseNet121 tunned hyperparameters with optimal values

Hyperparameter Name

Hyperparameter Values

Hyperparameters Optimal Value

Weight_decay [0, .0001, .001] 0.001
learning_rate [0.001, 0.01] 0
units [32, 64, ....512] 480
dropout [0.2,0.3,0.4,0.5] 0.3
Batch_size [100,110,120....150] 150
Num_epochs [10,20] 20

The results obtained from the DenseNet model in Table 4.4.2 were notably consistent with those

observed in the Xception model. Both models exhibited remarkable performance in the task of

tumor classification. In particular, the DenseNet model, characterized by its 120 convolutional

layers and pre-training on an extensive image database, demonstrated a high testing accuracy of

97.3%, which mirrored the exceptional accuracy seen in the Xception model. These parallel

outcomes across different architectures underscore the robustness and reliability of the models in

accurately classifying tumors, reaffirming their effectiveness in medical image analysis. This is

confirmed by the confusion matrix in Figure 4.4.3 and ROC curve in Figure 4.4.4.

Table 4.4.2 : Classification Report for DenseNet121

Accuracy Class Precision Recall F1-Score
Benign (0) 98.00% 98.00% 98.00%
DenseNet121 97.32% Malignant (1) 98.00% 98.00% 98.00%
Normal (2) 96.00% 96.00% 96.00%
PREDICTED VALUES
Bengin Malignant Normal

ACTUAL VALUES

Malignant Bengin

Normal

True Bengin

132

False Bengin

0

False Bengin

2

False Malignant

0
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104

False Normal

False Normal

True Normal

92

Figure 4.4.3 : Confusion Matrix for DenseNet121
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Figure 4.4.4 : Receiver operating characteristic (ROC) to Multi-Class Validation Set DenseNet121

4.4.2 MobileNet Results

In this experimental setup, MobileNetV2, a lightweight convolutional neural network architecture,
was employed. MobileNetV2 is known for its efficiency and reduced computational requirements,
making it a suitable choice for this task. It was pre-trained on a substantial image database,
providing a strong foundation for tumor classification. The model was trained using the following
hyperparameters selected through the tunning process in Table 4.4.3, through 20 epochs until it

reaches the convergence as shown in Figure 4.4.5.

Table 4.4.3 : MobileNet tunned hyperparameters with optimal values.

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
Weight_decay [0, .0001, .001] 0.001
learning_rate [0.001, 0.01] 0.0001

units [32, 64, ....512] 384

dropout [0.2,0.3,0.4,0.5] 0.3

Batch_size [100,110,120....150] 100

Num_epochs [10,20] 20
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Figure 4.4.5 : Performance learning curves for training & validation accuracy MobileNet

As part of the model performance evaluation, different performance metrics were generated

starting with the classification report and the confusion matrix shown in Table 4.4.4 and Figure

4.4.6.
Table 4.4.4 : Classification Report for MobileNet model
Accuracy Class Precision Recall F1-Score
Benign (0) 99.00% 99.00% 99.00%
MobileNet 97.76% Malignant (1) 99.00% 100.00% 100.00%
Normal (2) 98.00% 98.00% 98.00%
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Figure 4.4.6 : Confusion matrix for MobileNet model

MobileNet shows an overall accuracy of 97.76% which is low when compared with other models’

performance. The model achieved a precision of 99.00%, indicating a low rate of false positives,
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and a perfect recall of 99.00%, capturing all actual benign cases. This results in an F1-Score of
99.00%, signifying strong performance in classifying benign cases Demonstrated a precision of
99.00%, showing its effectiveness in correctly identifying malignant cases with few false positives.
The recall of 100.00% indicates it successfully captured all actual malignant cases, resulting in a
robust F1-Score of 100.00%. In classifying normal cases, the model achieved a perfect precision
of 100.00%, meaning it rarely misclassified normal cases, and a recall of 98.00%, capturing most
actual normal cases. This leads to an F1-Score of 98.00%, highlighting its strong performance in
identifying normal cases. ROC curve in Figure 4.4.7 is generated for the three classes to draw a

clear image of the model performance.
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Figure 4.4.7 : Receiver operating characteristic (ROC) to Multi-Class Validation Set Mobile Net

4.4.3 Xception Results

In this experiment, the Xception model, a convolutional neural network that had been trained on a
dataset containing over one million images, was employed to perform tumor classification. Like
the approach used in previous models, the model was trained using the optimal hyperparameters
in Table 4.4.5 for 20 epochs. Furthermore, as depicted in the Figure 4.4.8 , the graphical
representation illustrates the model's training progress over time (in epochs), demonstrating a

continuous improvement in the learning process.
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Table 4.4.5 : Xception tunned hyperparameters with optimal values

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
Weight_decay [0, .0001, .001] 0.001
learning_rate [0.001, 0.01] 0

units [32, 64, ....512] 480

dropout [0.2,0.3,0.4,0.5] 0.3

Batch_size [100,110,120....150] 150

Num_epochs [10,20] 20
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Figure 4.4.8 : Performance learning curves for training & validation accuracy Xception

In this evaluation, the Xception model in Table 4.4.6, Figure 4.4.9 and Figure 4.4.10, model
achieved an overall accuracy of 97.32%. It exhibited excellent precision for all classes, between
98.00% - 99.00%, indicating a low rate of false positives in these classifications. Additionally, it
displayed a high recall score for all classes, signifying its ability to effectively capture most actual
cases in these categories. This remarkable balance between precision and recall for benign and
malignant cases is reflected in their respective F1-Scores. The high precision, recall, and F1-Scores
for all classes underscore the model's proficiency in accurately classifying benign, malignant, and

normal tumor cases.

Table 4.4.6 : Classification Report for Xception

Accuracy Class Precision Recall F1-Score

Benign (0) 99.00% 100.00% 100.00%

Xception 98.52% Malignant (1) 98.00% 99.00% 99.00%
Normal (2) 99.00% 97.00% 98.00%
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Figure 4.4.10 : Receiver operating characteristic (ROC) to Multi-Class Validation Set Xception

444 VGG19 Results

In this experiment, a pre-trained model made up of a sophisticated CNN network was called the
VGG19 model. The VGG16 model gave rise to the deep form known as VGG19. The
hyperparameter tuning process facilitated the selection of the best performing VGG19 model.
Table 4.4.7 summarizes the tunned parameters with their optimal values. The model was trained
using these parameters for 20 epochs, where the model as training progresses, the test's accuracy
rises, but over time, training ends when the learning process is sufficiently established, as shown

in the Figure 4.4.11 which shows the variation in the accuracy with the number of epochs.
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Table 4.4.7 : VGG19 tunned hyperparameters with optimal values.

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
Weight_decay [0, .0001, .001] 0.001
learning_rate [0.001, 0.01] 0.0001

units [32, 64, ....512] 384

dropout [0.2,0.3,0.4,0.5] 0.3

Batch_size [100,110,120....150] 100

Num_epochs [10,20] 20
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Figure 4.4.11 : Performance learning curves for training & validation accuracy MobileNet

As part of the model evaluation process classification report in Table 4.4.8, a confusion matrix in
Figure 4.4.12 and ROC curve in Figure 4.4.13 were generated. In the case of VGG19, the model's
performance in tumor classification is notable. For the benign cases (Class 0), the model showcases
exceptional precision at 100.00%, meaning it rarely misclassifies benign cases, and a recall of
99.00%, signifying its effectiveness in capturing most actual benign cases, leading to a high F1-
Score of 99.00%. In the context of malignant cases (Class 1), the model maintains strong precision
at 97.00%, coupled with a recall of 100.00%, which results in a solid F1-Score of 99.00%. This
showcases the model's proficiency in correctly identifying cancerous cases while minimizing false
positives. Additionally, for normal cases (Class 2), the model maintains a precision of 99.00%,
reflecting its accurate classification, and a recall of 96.00%. This balance between precision and
recall results in an F1-Score of 07.00%, highlighting its efficacy in identifying normal cases. With

an overall accuracy of 98.52%. The ROC curve areas of 0.997 for Class 0 (Benign), 0.100 for
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Class 1 (Malignant), and 0.994 for Class 2 (Normal) indicate the model's strong discriminatory

performance across all three classes.

Table 4.4.8 : Classification Report for VGG19

Accuracy Class Precision Recall F1-Score
Benign (0) 99.00% 99.00% 99.00%
VGG19 98.52% Malignant (1) 97.00% 100.00% 99.00%
Normal (2) 99.00% 96.00% 97.00%
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Figure 4.4.12 : Confusion Matrix for VGG19
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Figure 4.4.13 : Receiver operating characteristic (ROC) to Multi-Class Validation Set VGG19
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445 VGG16 Results

In this experiment, the VGG-16 model is employed from the Visual Geometry Group (VGG) to
perform Lung Cancer classification using a convolutional neural network (CNN). The VGG-16
model had been pre-trained on the ImageNet dataset. Figure 4.4.14 below shows a visual
representation of the training process, which illustrates the learning and test validation curve as the
number of epochs (time) progresses until it gets stable after 20 epochs. This implies that the model
reaches the convergence point where it has learned as much as it can from the training data.
Convergence means that the model parameters have settled into values that make it perform well
on the training data. While this doesn’t mean that it’s only performing well in the training data it

also becomes generalizable on unseen or validation data.
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Figure 4.4.14 : Performance learning curves for training & validation accuracy VGG16

This model was trained using the optimal hyperparameters selected within the tunning process
using the keras tuner library. Hyperparameters are listed in Table 4.4.9 below with the optimal

selected value for each parameter:

Table 4.4.9 : VGG16 tunned hyperparameters with optimal values.

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
Weight_decay [0,.0001, .001] 0.001
learning_rate [0.001, 0.01] 0.0001

units [32, 64, ....512] 384
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dropout [0.2,0.3,0.4,0.5] 0.2
Batch_size [100,110,120....150] 140
Num_epochs [10,20] 10

As part of the model performance evaluation, different performance metrics were generated

starting with the classification report in Table 4.4.10 and the confusion matrix shown in Figure

4.4.15.

Table 4.4.10 : Classification Report for VGG16 model

Accuracy Class Precision Recall F1-Score
Benign (0) 100.00% 98.00% 100.00%
VGG16 98.81% Malignant (1) 97.00% 100.00% 99.00%
Normal (2) 99.00% 97.00% 98.00%
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Figure 4.4.15 : Confusion matrix for VGG16 model

The model’s test accuracy was 98.81% on the overall dataset and classes. The classification report

and confusion matrix also show how the model performs on each class separately. For instance,

on Benign, the model demonstrates a precision of 100.00% for this class, which means that

100.00% of the cases predicted as benign were indeed benign. With a recall of 98.00%, it

successfully identifies 98.00% of actual benign cases. The F1-score of 100.00% reflects a balanced

performance between precision and recall, making it effective in distinguishing non-cancerous

conditions. Similarly, in the Malignant class, the model exhibits a precision, recall, and F1-score

of 97.00% and 99.00% for malignant cases. This implies that every case identified as malignant is
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genuinely cancerous, and it captures nearly all malignant cases. These metrics reflect the model's
excellence in detecting cancerous conditions. While for the Normal cases, the model achieves a
precision of 99.00%, signifying that 99.00%, with a recall of 98.00% and F1-score of 97.00%
indicates that it performs well in classifying normal cases, striking a balance between precision
and recall. These findings demonstrate the model's ability to classify the three classes without any
bias toward any of them. This can be confirmed by drawing the ROC Curve in Figure 4.4.16.
These findings were good when the points were in the upper-left corner; the current classifier
equals 0.99, 0.99, and 0.99 for classes 0, 1, and 2, respectively, and the area under the curve

occupies 99.99% of these curves for three classes.
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Figure 4.4.16 : Receiver operating characteristic (ROC) to Multi-Class Validation Set VGG16

4.4.6 EfficientNetB0O1 Results

The following research experiment utilizes the EfficientNetBO1 model to conduct Lung Cancer
classification through the implementation of a convolutional neural network (CNN). The diagram
depicted in Figure 4.4.17 provides a graphical depiction of the training process, showcasing the
learning and test validation curves as they evolve, measured in terms of the number of epochs until

the model reach the convergence point.
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The procedure of hyperparameter tuning assisted in the selection of the EfficientNetBO1 model
that exhibited the highest performance. Table 4.4.11 presented below provides a summary of the

tuned parameters together with their corresponding optimal values.

Figure 4.4.17 : Performance learning curves for training & validation accuracy EfficientNetB01

Table 4.4.11 : EfficientNetB0O1 tunned hyperparameters with optimal values.

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
Weight_decay [0, .0001, .001] 0.001
learning_rate [0.001, 0.01] 0

units [32, 64, ....512] 256

dropout [0.2,0.3,0.4,0.5] 0.4

Batch_size [100,110,120....150] 100

Num_epochs [10,20] 20

The confusion matrix in Figure 4.4.18 depicting the dataset of the model is presented in the

subsequent chart, followed by a tabular representation of the classification report in Table 4.4.12.
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Figure 4.4.18 : Confusion matrix for EfficientNetBO1 model
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Table 4.4.12 : Classification Report for EfficientNetBO1 model

Accuracy Class Precision Recall F1-Score

Benign (0) 99.00% 99.00% 99.00%

EfficientNetB01 99.10% Malignant (1) 99.00% 100.00% 100.00%
Normal (2) 99.00% 98.00% 99.00%

The overall testing accuracy of the model was 99.10 %. While it can be seen the model performs
well in detecting each class separately. In the case of the Benign class, the model has a near-perfect
precision of 99.00%, meaning it rarely misclassifies non-cancerous cases. It also captures most
actual benign cases with a recall of 99.00%, resulting in a high F1-score of 99.00%, indicating a
robust overall performance in identifying non-cancerous conditions. For cancerous cases
(Malignant), the model's precision is excellent at 99.00%, indicating that it rarely misclassifies
cancerous cases. With perfect recall at 100.00%, it captures all actual malignant cases. The F1-
Score of 99.00% underscores its outstanding performance in identifying cancerous conditions.
Besides robust precision at 99.00%, it implies its capacity to correctly classify normal cases. It
exhibits a recall of 98.00%, highlighting its ability to capture most actual normal cases. The F1-
Score of 99.00% further reinforces its effectiveness in distinguishing normal cases within the
context of lung cancer classification. These metrics collectively portray a model that excels in

accurately identifying lung cancer cases, both benign and malignant, as well as correctly
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classifying normal cases. This can be seen on the ROC curve in Figure 4.4.19 as well with a very

close area under the curve for all classes.
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Figure 4.4.19 : Receiver operating characteristic (ROC) to Multi-Class Validation Set EfficientNetB01

4.4.7 ResNet50 Results

The 50-layer deep convolutional neural network ResNet50, which was pre-trained on a database
with over a million photos, was employed in this experiment. The experimental findings about the
model's performance indicate an accuracy rate of 99.4% during the testing phase. The curve below
illustrates the progression of the model training procedure on the dataset, demonstrating the
incremental improvement in the learning process with each epoch. Figure 4.4.20 illustrates that
the learning process reaches a plateau when the model ceases to acquire new knowledge after 20

epochs, besides using the optimal parameters selected for this model in Table 4.4.13.
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Figure 4.4.20 : Performance learning curves for training & validation accuracy ResNet50

Table 4.4.13 : ResNet50 tunned hyperparameters with optimal values

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
Weight_decay [0,.0001, .001] 0.001
learning_rate [0.001, 0.01] 0

units [32, 64, ....512] 416

dropout [0.2,0.3,0.4,0.5] 04

Batch_size [100,110,120....150] 140

Num_epochs [10,20] 20

MobileNet's achieves an exceptional performance as shown in Table 4.4.14 and the confusion
matrix in Figure 4.4.21 with an accuracy of 99.40% besides the impressive precision and recall
values. Precision represents the model's ability to make accurate positive predictions, and in this
case, the high precision scores across all classes (100.00% for Benign, 100.00% for Malignant,
and 98.00% for Normal) indicate that the model minimizes false positives, making it reliable in
identifying each class. Recall, on the other hand, signifies the model's capacity to correctly capture
all positive cases. The perfect recall of 100.00% for Malignant and Normal suggests that
MobileNet successfully identifies all actual malignant and normal cases. The 99.00% recall for the
Benign class demonstrates its effectiveness in capturing most actual cases in those categories,
further validating its ability to minimize false negatives.

In addition to this excellent precision and recall scores, the high ROC curve areas in Figure 4.4.22
(.9995 for Benign, .100 for Malignant, and .9993 for Normal) reinforce Mobile Net’s strong

discriminatory capabilities across all three classes. These areas signify the model's effectiveness
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in distinguishing between the classes, with particularly outstanding performance for Malignant

cases and very high performance for Benign and Normal cases.

Table 4.4.14 : Classification Report for ResNet50

Accuracy Class Precision Recall F1-Score
Benign (0) 100.00% 99.00% 99.00%
ResNet50 99.40% Malignant (1) 100.00% 100.00% 100.00%
Normal (2) 98.00% 100.00% 99.00%
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Figure 4.4.21 : Confusion Matrix for ResNet50
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Figure 4.4.22 : Receiver operating characteristic (ROC) to Multi-Class Validation Set ResNet50

4.4.8 CNN Results

The CNN model's architecture was meticulously designed with careful consideration of key

hyperparameters to optimize its performance. The hyperparameter tuning process revealed several
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critical choices that contributed to the model's efficacy. Firstly, the convl _units hyperparameter,
controlling the number of units in the initial convolutional layer, was explored with values ranging
from 32 to 256. After rigorous optimization, the optimal value for convl units were determined
to be 128. Furthermore, the num_conv2d_layers hyperparameter, which dictates the number of
convolutional layers, was fine-tuned within the range of 1 to 3. The optimal choice was to
incorporate three convolutional layers. The architecture's convolutional layers, represented by
conv2d_units_0, conv2d_units_1, and conv2d_units_2, were equally crucial components.
conv2d_units_0 was tuned with values spanning from 32 to 256 and was determined to perform
optimally at 96 units. conv2d_units_1, representing the second convolutional layer, exhibited the
same optimal value of 96 units as conv2d_units_0. Lastly, conv2d_units_2, controlling the third
convolutional layer, also settled at a value of 96 units as shown in Table 4.4.15. The structured

model was trained using 20 epochs and a learning rate of .001 illustrated in Figure 4.4.23.

Table 4.4.15 : CNN tunned hyperparameters with optimal values.

Hyperparameter Name Hyperparameter Values Hyperparameters Optimal Value
convl units [32, 64, ....256] 128
num_conv2d_layers [1,2,3] 3

conv2d_units_0 [32, 64, ....256] 160

dense_units [32, 64, ....256] 96
conv2d_units_1 [32, 64, ....256] 96

conv2d units 2 [32, 64, ....256] 96
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Figure 4.4.23 : Performance learning curves for training & validation accuracy CNN
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The top-performing CNN model looking at the classification report in Table 4.4.16, confusion
matrix Figure 4.4.24 and ROC Curve in Figure 4.4.25, it boasts an impressive overall accuracy of
99.70%, demonstrates outstanding performance across all three classes. For Class 1 (denoting the
Malignant category), the model exhibits a precision of 100.00%, signifying its high accuracy in
classifying cases within this category, and a perfect recall of 100.00%, meaning it successfully
captures all actual Class 0 cases. This exceptional precision-recall balance results in a perfect F1-
Score of 100.00%, underscoring the model's flawless ability to identify cases in this class.
Similarly, for Class 0, the model excels with a precision of 100.00%, indicating that it rarely
misclassifies cases in this category, and a recall of 99.00%, capturing almost all actual Class 1
cases. The F1-Score of 100.00% once again signifies its remarkable effectiveness in identifying
cases within this class. Class 2 experiences equally strong performance, with a precision of
99.00%, signifying high accuracy in classifying cases within this category, and a recall of
100.00%, indicating that it effectively captures most actual Class 2 cases. The optimal trade-off
between precision and recall yields an outstanding F1-Score of 99.00%, underscoring the model's
high level of ability in correctly identifying instances belonging to Class 2. In conclusion, the CNN
model with a 99.70% accuracy showcases exceptional precision, recall, and F1-Scores across all
classes, making it an outstanding performer in accurately classifying cases within this specific

problem domain.

Table 4.4.16 : Classification Report for CNN model.

Accuracy Class Precision Recall F1-Score

Benign (0) 100.00% 99.00% 100.00%

CNN 99.70% Malignant (1) 100.00% 100.00% 100.00%
Normal (2) 99.00% 100.00% 99.00%
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Figure 4.4.24 : Confusion matrix for CNN model
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Figure 4.4.25 : Receiver operating characteristic (ROC) to Multi-Class Validation Set CNN

Summarizing the results of all DL experiments as shown in Table 4.4.17, in the context of a lung
cancer classification problem, the performance of various deep learning models is evaluated across
multiple metrics. The CNN model exhibits an outstanding overall accuracy of 99.70%,
accompanied by perfect precision, recall, and F1 score, all at 100%. This exceptional accuracy
highlights the effectiveness of the Convolutional Neural Network architecture in capturing and
classifying complex patterns within the dataset. ResNet50 closely follows with a high accuracy of
99.40%, showcasing a well-balanced performance with 99% precision, 100% recall, and a 99%
F1 score. EfficientNetB01, VGG16, Xception, and MobileNet demonstrate consistent accuracy
levels above 97%, with precision, recall, and F1 scores consistently ranging from 98% to 100%.

VGG19 and DenseNet121, while slightly trailing in accuracy, still maintain robust performance
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with precision, recall, and F1 scores averaging around 98%. These results collectively underscore
the efficacy of various deep learning architectures in the given task, with each model

demonstrating a strong ability to generalize and accurately classify the data.

Table 4.4.17 : Table summarizing of the overall accuracy of all classification models for the CT Images dataset.

Model Type Accuracy Precision Recall F1-Score
CNN 99.70% 100% 100% 100%
ResNet50 99.40% 99% 100% 99%
EfficientNetB01 99.10% 99% 99% 99%
VGG16 98.81% 99% 99% 99%
VGG19 98.52% 98% 98% 98%
Xception 98.52% 99% 99% 99%
MobileNet 97.76% 99% 99% 99%
DenseNet121 97.32% 98% 98% 98%

In a comparative analysis of the proposed CNN model and a published model using the metrics
shown in Table 4.4.18 below, it's evident that the proposed model outperforms the published one
in several important aspects. Firstly, when considering the overall accuracy, the model achieves
an accuracy rate of 99.70%, while the published model lags slightly behind at 99.45%. This means
that this model makes more accurate predictions on the test data. Diving deeper into class-specific
metrics, for example, the "Benign” class (Class 0), the proposed model demonstrates a precision
of 100.00%. This signifies that out of the instances, this model predicted as "Benign," 100.00% of
them were indeed "Benign.” On the other hand, the published model had a precision of 98.00% in
this class. In terms of recall, the proposed model excels with a rate of 100.00% for the "Benign™
class. This indicates that it correctly identifies almost all actual "Benign" cases, leaving no room

for false negatives. In contrast, the published model achieved a recall rate of 98.00% in this class,
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suggesting that it may have missed a few actual "Benign" cases. When considering the F1-Score,
the proposed model, at 100.00%, again outperforms the published model for the "Benign” class,

which also achieved a perfect score.

Table 4.4.18 : Comparison between the model in [134] and the proposed model in this study.

Accuracy Class Precision Recall F1-Score

Benign (0) 100.00% 99.00% 100.00%

CNN Proposed 99.70% Malignant (1) 100.00% 100.00% 100.00%

Model Normal (2) 99.00% 100.00% 99.00%
CNN Published 99.45% Benign (0) 98% 98% 98%
Model [134] Malignant (1) 100% 99% 100%
Normal (2) 98% 98% 99%

This improvement can be explained by using a different preprocessing technique on the proposed
model that includes resizing, denoising, CLAHE, and ostus segmentation rather than just applying
the resizing, denoising, and CLAHE filtering on the published model. More robust data
preprocessing techniques can enhance the quality and consistency of the training data, leading to
improved model performance. Besides adopting different augmentation techniques while at the
same time making sure that the data are balanced which wasn’t considered within the published
model. The last contribution on the proposed model was related to the CNN model where the
architecture is more complex and optimized. It includes a higher number of Conv2D layers (4 as
compared to 3 in the published model) and has performed hyperparameter optimization to
determine the optimal number of Conv2D layers and units. This increased complexity allows the
proposed model to capture more intricate features and patterns in the data. Additionally, relu
activation functions have been chosen for the Conv2D layers, which are known for their
effectiveness in training deep neural networks. These architectural enhancements and optimization
efforts contribute to the proposed model's superior performance compared to the simpler

architecture of the published model.
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4.5 Challenges and Limitation

Throughout this thesis, a multitude of challenges and limitations were faced that profoundly
influenced the work. Starting with, the data collection phase, both the global datasets used were
limited in size. Consequently, it was compelled to employ oversampling and image augmentation
techniques to make up for the lack of diversity and volume in the dataset.

On the local front, data collection posed a different set of challenges. Local hospitals often lacked
standardized and efficient management systems for patient data, complicating the process of data
retrieval and integration. These challenges encompassed issues related to data organization,
standardization, and accessibility, necessitating a careful approach to harness the full potential of
locally sourced data. Through the local data collection process, we’ve communicated with the
Director of the Scientific Unit for Health Education and Research Dr. Abdullah Qawasmi, and the
Director of the General Administration for Information Technology in the Ministry of Health to
get the needed approvals (See the appendices). Starting with Rafidia Hospital in Nablus
unfortunately the data related to lung cancer was very limited seeing few cases in the past three
years, so they’ve redirected the request to Al-Watani Hospital which is considered as the most
important cancer Hospital in Nablus. In Al Watani Hospital I’'ve worked with the Head of the
Radiology Department Dr. Ali Salman and from the IT department Eng. Ahmed AbuSalha.
Regretfully the data was limited as well specifically the control group (healthy people), for instance
in 2023 there have been 500 cases of malignancy reported vs less than 10 cases reported as benign
or healthy. These images are saved on an external server in DICOM format, which can be complex
to manually convert to JPG, especially since each patient's image dataset typically contains
hundreds of slices. Efforts to export these images directly via email have been made, but they've
encountered a significant ethical concern. The exported images still contain patient-specific

details, which raises privacy and confidentiality issues.
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Furthermore, the quality of the collected images was another concern. Data often required
extensive preprocessing to ensure they met the essential quality standards. This preprocessing
involved tasks such as noise reduction, artifact removal, and the standardization of image formats,
all of which were critical to guarantee that the input data was suitable for deployment in deep
learning models.

Lastly, the hardware used for model training also presented its limitations. Although we conducted
training on a computer with reasonably good specifications, it's important to note that more
powerful hardware could have potentially led to better results and enabled a broader range of
experiments to be conducted. These hardware constraints underscored the importance of resource

availability in deep learning research.



104

Chapter 5
Conclusion and Future Work

5.1 Conclusion

Lung cancer remains a significant global health concern, with early detection playing a pivotal role
in improving patient outcomes and reducing mortality rates. Misdiagnosis can lead to delayed
treatment and compromised prognosis, underscoring the importance of accurate and efficient
diagnostic tools in the fight against this formidable disease.

The study and analysis of deep learning and Machine Learning techniques for the detection of lung
cancer, focusing on the most recent DL algorithms can obtain results, even better, then those that
had been obtained by experts. The tuning of the DL parameters improves the classification result,
the result obtained is that the system generates an increase of the classification accuracy, with a
good balance between precision and sensitivity.

In this thesis, the application of advanced techniques in medical image processing, machine
learning, and deep learning have been explored to develop a Lung Cancer Detection System.
Many ML models (DT, SVM, XGB, LGB, Adaboost, and GBM) were applied to the Demographic/
risk factors dataset, the models that achieved the highest classification accuracy were the XGB and
Adaboost with an accuracy of 99.07%. Also, well DL models (CNN, MobileNet, Xception,
DenseNet, VGG16, VGG19, and EfficientNet) were applied to the CT scans dataset to classify the
lung cancer along with various medical images preprocessing and augmentation where the CNN
achieved the optimal performance of 99.70%.

The finding of this study has demonstrated the potential of these innovative approaches in
enhancing the early identification and classification of lung cancer, addressing a crucial gap in

current medical practice.
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This research contributes to the ongoing efforts to advance the field of medical imaging and cancer
diagnosis. The Lung Cancer Detection System we have developed can serve as a valuable tool to
aid medical professionals in making more informed decisions, enabling early intervention,
personalized treatment strategies, and improved patient care. Moreover, this work highlights the
significance of interdisciplinary collaboration between the fields of medicine, computer science,
and artificial intelligence. This synergy is crucial for driving innovation in healthcare and holds

the promise of more accurate and timely lung cancer diagnoses.

5.2 Future Work and Recommendations

Several avenues for further research and development emerge from the findings and limitations of
this study. Firstly, an expansion of the used dataset mainly a local dataset through a collaborative
effort with multiple healthcare institutions could facilitate the acquisition of larger and more
diverse local datasets for lung cancer detection systems. This would address the challenge of data
scarcity and enhance the system's ability to generalize across different patient profiles.

Moreover, advancing image preprocessing techniques by investigating state-of-the-art methods
can further elevate the quality of input data. Furthermore, the investigation of other deep learning
approaches and hybrid models should be on the future agenda. Exploring alternatives to current
models may provide more accurate and efficient solutions for lung cancer detection.

Efforts to achieve real-time processing in clinical settings, with the integration of a user-friendly
graphical interface (GUI), are also worth exploring. This would not only enhance the efficiency
and timeliness of diagnosis but also improve the accessibility of the lung cancer detection system
for healthcare professionals. Finally, collaborating with experts from various disciplines, including
computer science, medicine, and healthcare management, presents a promising approach to

effectively address the multifaceted challenges in lung cancer detection. This collective effort will
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undoubtedly pave the way for a more comprehensive and impactful future in the realm of medical
image analysis and cancer detection.
Collecting and developing a nationally available dataset of Lung cancer images made up of public
or private institutions that consider the types of Lung cancer, its stage, number of patients, number

of images, and type of medical images will be a utile application using DL and ML.
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