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Abstract

Lung cancer is the leading cause of cancer-related mortality worldwide and remains a major
health burden in Palestine. According to the Palestine Annual Health Report 2024, lung and
bronchus cancers accounted for 316 newly diagnosed cases (10.5 per 100,000 population) and
266 deaths, with 85% occurring among males. These epidemiological patterns highlight the
urgent need for locally validated Al solutions that support early lung cancer detection and robust
clinical decision-making, particularly in resource-limited healthcare settings where radiological
expertise and structured screening programs remain limited.

This study proposes a dose-aware hybrid deep-learning—machine-learning framework for multi-
class Lung-RADS classification using heterogeneous chest CT datasets collected from multiple
Palestinian institutions. The framework integrates optimized contrast enhancement, deep feature
extraction using VGG16, and five classical machine-learning classifiers (LR, SVM, RF, GB,
and DT). Contrast enhancement was systematically evaluated using two subsets of 120
malignant cases, one LDCT and one SDCT which is demonstrating that the hybrid CLAHE-
USM provided the most balanced improvements (EME = 20.648, PSNR = 19.711, SSIM =
0.912). Dose-optimized parameters, including a clip limit of 3 for LDCT and 4 for SDCT,
confirmed the importance of dose-specific preprocessing in stabilizing image quality.

The classification results obtained across the LDCT, combined, external validation, and clinical
validation datasets demonstrate that the proposed VGG16-machine learning framework
provides robust and consistent performance for Lung-RADS-based nodule risk stratification.

On the LDCT dataset, all classifiers achieved clinically meaningful performance, although
variability was observed across Lung-RADS categories. GB and decision tree classifiers
demonstrated powerful performance in LR2 and higher-risk categories, achieving accuracies
above 0.85. A clear performance improvement was observed with increasing risk of malignancy.
For LR4A and LR4B, most classifiers achieved higher accuracy than in lower-risk categories,
reflecting the greater structural distinctiveness of high-risk nodules.

The most important performance gains were observed on the combined LDCT-SDCT dataset,
particularly for LR3 and LR4A-LR4B. In this setting, SVM and RF achieved near-ceiling
performance, with accuracies exceeding 0.97 and AUC values approaching unity. External
validation on an independent test set from Al-Makassed Hospital further confirmed the
robustness of the proposed framework. For LR2, all major classifiers achieved accuracies above
0.84, whereas for LR4B, all major classifiers achieved accuracies above 0.86.

The most stringent assessment of diagnostic performance was provided by Clinical validation
on biopsy-confirmed LR4B cases from Augusta Victoria Hospital. SVM achieved the highest
accuracy and AUC, followed closely by LR.



Overall, this framework demonstrates strong potential as a practical decision-support tool for
improving Lung-RADS-based risk stratification and supporting early lung cancer detection in
resource-constrained healthcare settings.

Keywords: Lung, Pulmonary Nodules, Cancer, Deep Learning, Machine Learning, Computed
Tomography, Low-Dose, Standard-Dose.
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Chapter 1

Introduction

Lung cancer represents a significant global public health burden (WHO, 2023) and remains one
of the most prevalent and fatal malignancies in Palestine, where it contributes substantially to
cancer incidence and mortality and is frequently identified at advanced stages. (The Annual
Health Report for 2024, n.d.). This chapter begins by setting the clinical and public health
context of the study, outlining the global and national epidemiology of lung cancer,
summarizing key risk factors, and reviewing current strategies for screening and early detection,
with particular emphasis on low-dose CT. It then discusses the limitations of conventional CT
interpretation, such as inter-reader variability, high false-positive rates, and the practical
difficulties of consistently applying structured reporting systems like Lung-RADS in everyday
practice. Against this backdrop, the chapter introduces the emerging role of artificial intelligence
and deep learning in pulmonary nodule detection and risk stratification, leading to a problem
statement that is specifically anchored in the Palestinian healthcare setting. Finally, it presents
the research justification, objectives, questions, hypotheses, expected contributions, and overall
thesis structure, providing a clear roadmap for the development and evaluation of the proposed
dose-aware Al framework for Lung-RADS-based nodule classification.

1.1 Overview of Lung Cancer

Lung cancer (LC) represents one of the most serious global health challenges, responsible for
substantial illness and death each year. It develops when abnormal lung cells proliferate
uncontrollably, forming malignant growths within pulmonary tissue(WHO, 2023).
Histologically, lung cancer is classified into two main categories based on the microscopic
appearance of tumor cells: Non—Small Cell Lung Cancer (NSCLC), which accounts for
approximately 80-85% of cases, and Small Cell Lung Cancer (SCLC), representing about 15—
20%(Inamura, 2017; Zheng, 2016). LC remains a major public health concern worldwide due
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to its high incidence and mortality rates. According to the International Agency for Research on
Cancer (IARC), lung cancer was the leading cause of cancer-related deaths globally in 2022,
with nearly 2.5 million new cases and over 1.8 million deaths, representing approximately
12.4% of all newly diagnosed cancers and 18.7% of total cancer deaths(Bray et al., 2024; Ferlay
J,2024).

Lung cancer ranks first among males and second among females in both incidence and
mortality(Bray et al., 2024). The estimated number of prevalent cases of lung cancer over 5
years for both sexes in 2022 is 6%(Ferlay J, 2024). Whereas, in most countries 5-year survival
rate with little variation according to human development accounts below 20%(Bray et al.,
2024).

Lung cancer is one of the most common cancer cases in Palestine. According to the Palestine
annual health report dataset records of 2024, lung cancer and bronchus occupy the third place
with a total of 316 new cases of lung and bronchus, representing an incidence rate of 10.5 cases
per 100,000 population. (The Annual Health Report for 2024, n.d.). as shown in Figure 1.1

Breast IS 19.5
Colorectum I 18.5
Bronchus and Lung — 10.5
leukaemia m— 7.7
Thyroid . 7.7
Bladder — 7.6
Non-Hodgkin's... s 6.5
Uterus '- 4.4
Prostate _- 4.4
stomach _- 3.9

0 5 10 15 20 25
Incidence rate per 100,000

pop.

Figure 1.1 Incidence Rate per 100,000 Population for the Top Ten Reported Cancers in the
West Bank, Palestine 2024. Adapted from (The Annual Health Report for 2024, n.d.)

In addition, lung cancer ranks second place in males after colorectal cancer with an incidence
of 17.5, but in ninth place for the female population with an incidence of 3.3(The Annual Health
Report for 2024, n.d.), as described in Figure 1.2 (a&b).
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Colorectum

18.3 Breast 39.2
Bronchus & Lung 17.5 Colorectum
Bladder Thyroid
Prostate Endometrial
Leukaemia Leukaemia
Non-Hodgkin's... Non-Hodgkin's...
Kidney, renal... Ovary
Thyroid Stomach
Stomach Bronchus & Lung
Pancreas Hodgkin's...[m 2.9
0.0 10.0 20.0 0.0 50.0
Incidence rate per 100,000 male Incidence rate per 100,000 female

a population b population

Figure 1.2 Top ten cancer incidence rates among males (a) and females (b) per 100,000. West
Bank, Palestine, 2024. Adapted from (The Annual Health Report for 2024, n.d.)

Moreover, the ten most common causes of cancer-related deaths were generally more frequent
among males than females, except for breast cancer. For instance, lung cancer represents the
primary cause of cancer-related deaths in West Bank- Palestine, responsible for 266 deaths,
where 85% of these cases occurred among males(The Annual Health Report for 2024, n.d.), as
shown in Figure 1.3. The estimated 5-years survival rate of lung cancer and bronchus from 2019
to 2024 was 24% (The Annual Health Report for 2024, n.d.)

Bronchus & Lung 16.2

Colorectum

Breast

Pancreas 5.6

Brain & Nervous system 5.1
Stomach 4.8
Bladder 4.3

4.1
3.9
34

0.0 2.0 4.0 6.0 8.0 10.0 120 140 16.0 18.0
Percentage

Leukaemia
Prostate
Non-Hodgkin's Lymphoma

Figure 1.3 Top ten causes of cancer deaths in the West Bank, Palestine (2024). Adapted from
(The Annual Health Report for 2024, n.d.)
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Several diagnostic methods for lung cancer can be used, including physical examinations,
Medical Imaging modalities (such as Chest X-rays and computed tomography scans, Magnetic
Resonance Imaging, etc), bronchoscopy to visualize the airways, and histopathologic analysis
with tissue biopsy to determine the specific subtype (NSCLC versus SCLC). Moreover,
molecular and genetic tests are used to identify genetic mutations and biomarkers that guide the
best treatment options and plans(Xiang et al., 2013). These global and national statistics
emphasize the significant public health issue of lung cancer and the urgent need to identify the
major factors contributing to its expansion.

1.2 Risk Factors, Screenings and Diagnostic Challenges in Lung Cancer

Tobacco smoking is widely recognized as the dominant etiological contributor to lung
carcinogenesis, which remains the most well-established cause of lung cancer. In addition to
smoking, many other related factors increase susceptibility to lung cancer, including genetic
factors, occupational exposures (such as asbestos, silica, and radon), and environmental air
pollution. A comprehensive understanding of these risk factors is essential for identifying high-
risk populations and implementing effective screening and prevention strategies (Corrales et al.,
2020; Malhotra et al., 2016). Notably, tobacco exposure has been directly associated with
approximately 85% of lung cancer cases, underscoring the critical importance of targeted
screening among high-risk individuals to enable early detection and improve survival
outcomes(WHO, 2023).

Treatment options for lung cancer depend on multiple factors, including histological subtype,
patient comorbidities, and disease stage at diagnosis. Despite advances in diagnostic techniques
and therapeutic approaches, most patients continue to be diagnosed at advanced stages, when
curative treatment is often no longer feasible(WHO, 2023). Consequently, the implementation
of effective screening programs remains a cornerstone strategy for reducing lung cancer—related
mortality(“Reduced Lung-Cancer Mortality with Low-Dose Computed Tomographic
Screening,” 2011).

Several screening modalities have been investigated, including sputum cytology, chest
radiography, and, most notably, low-dose computed tomography (LDCT), which is superior in
detecting early-stage disease(Xiang et al., 2013). Early lung cancer screening tests for high-risk
individuals using sputum cytology and chest radiography did not demonstrate a statistically
significant reduction in disease-specific mortality(Manser et al., 2013). However, a major
turning point occurred with the National Lung Screening Trial (NLST), which reported a 20 %
reduction in lung-cancer mortality among high-risk individuals screened with low-dose
computed tomography (LDCT) compared with chest X-ray. This reduction was observed
among patients aged 55-74 years who had a 30-pack-year history of smoking or were former
smokers who had quit within the previous 15 years(“Reduced Lung-Cancer Mortality with Low-
Dose Computed Tomographic Screening,” 2011). Based on this evidence, the implementation
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of LDCT screening is endorsed by the American College of Radiology (ACR), emphasizing the
weight of appropriate patient selection, high-quality low-dose CT acquisition, expert
interpretation by qualified radiologists, and structured reporting systems to ensure optimal
outcomes(Kazerooni et al., 2016). Detection of pulmonary nodules remains challenging and
susceptible to variations among readers, despite management guidelines.

Despite established management guidelines, pulmonary nodule detection remains challenging
and is susceptible to inter-reader variability. Recent studies have demonstrated that artificial
intelligence (Al)-based computer-aided detection (CAD) systems can significantly enhance
radiologists’ performance. CAD assistance has been shown to reduce oversight of pulmonary
nodules, particularly among less experienced readers, resulting in improved detection of both
medium-sized (6—10 mm) and small nodules (3—6 mm). With CAD support, overall sensitivity
increased from 68.0% to 85.1%, while average reading time decreased by 11.3%, highlighting
both diagnostic and workflow benefits (Kozuka et al., 2020). Another study evaluated
radiologists’ performance in lung cancer detection, comparing readers from cancer-specialized
and non-specialized centers. In this investigation, thirty radiologists independently interpreted
60 chest CT examinations. The overall mean sensitivity among all readers was 0.749. When
stratified by institutional background, radiologists from specialized cancer centers demonstrated
a slightly higher sensitivity (0.80) compared with those from non-specialized centers (0.719),
indicating that experience and training environment may influence diagnostic accuracy(Al
Mohammad et al., 2019).

Radiological image interpretation is inherently dependent on human visual assessment and
cognitive decision-making processes, which are inherently subject to variability and potential
error, affecting the overall accuracy of lung cancer diagnosis. The NLST reported false-positive
rates of 21% for LDCT and 9% for chest radiography, with 7% and 4% of false-positive cases,
respectively, leading to invasive diagnostic procedures. These false positives may increase
patient anxiety, require additional follow-up imaging, and occasionally result in unnecessary
invasive testing (Croswell et al., n.d.). Although LDCT is associated with higher false-positive
rates due to its superior sensitivity for detecting small pulmonary nodules, this trade-off enables
earlier cancer detection and substantial mortality reduction, reinforcing the need for structured
reporting systems and advanced decision-support tools to minimize unnecessary interventions.

Conversely, false-negative findings represent another limitation of screening programs, with
studies reporting that up to 15% of lung cancers may be missed, and false-negative rates ranging
from 8% to 15% (Horeweg et al., 2014; Veronesi et al., 2014). To accelerate the diagnostic
process and reduce radiologists’ workload, deep learning (DL) methods have emerged as
powerful tools in medical image analysis. These approaches not only aid in detecting and
characterizing pulmonary nodules but also contribute to analyzing histopathological slides of
various cancers. In particular, convolutional neural networks (CNNs) have shown remarkable
performance in classifying histopathology images of lung, brain, skin, breast, and colorectal
cancers.
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For instance, a previous study achieved three-class classification of lung cancer histology,
normal tissue, adenocarcinoma, and squamous cell carcinoma, using architectures such as
ResNet-50, VGG-19, Inception-ResNet-V2, and DenseNet. These models employed triplet loss
functions to maximize inter-class separation and minimize intra-class variation, thereby
enhancing feature representation and diagnostic accuracy(Hejbari Zargar et al., n.d.). These
findings underscore the transformative potential of deep-learning techniques in lung-cancer
imaging and highlight their capacity to address current research gaps.

1.3 Problem Statement

Lung cancer remains the leading cause of cancer-related deaths worldwide, with an incidence
of 12.4% (Ferlay J, 2024). According to the Palestinian Health Information Center (PHIC),
Annual Health Report 2024, Ministry of Health, bronchus and lung cancer ranks third among
the most common cancers in the West Bank, with an incidence rate of 10.5 per 100,000
population. It is also one of the leading causes of cancer mortality, with 266 reported deaths in
2023-85% occurring among males(Palestinian Health Information Center, 2025).

Evidence from major international randomized trials has demonstrated that low dose computed
tomography (LDCT) screening enables the detection of up to 70% of lung cancers at early, more
treatable stages, where survival rates exceed 65% (de Koning et al., 2020). In organized
screening programs, the effectiveness of LDCT is strongly supported by standardized reporting
and risk stratification systems, most notably Lung Imaging Reporting and Data System (Lung-
RADS)(American College of Radiology, 2022; Christensen et al., 2024a), which was created to
reduce false-positive findings, standardize follow-up recommendations, and enhance clinical
decision-making. The lack of a structured screening framework highlights the need for
advanced, reproducible tools that can assist with LDCT interpretation and risk classification,
especially in resource-limited healthcare settings.

Accurate interpretation of chest CT scans is challenging due to the subtle appearance of lung
nodules, variations in scanner protocols, radiologist fatigue, and differences in experience.
Recent studies have shown that artificial intelligence (AI) systems can improve diagnostic
accuracy, increase sensitivity for small or non-solid nodules, and reduce inter-observer
variability(Peters et al., 2024)(D. Liu et al., 2024)(Y. Zhang et al., 2021). However, most Al
models have been developed on international datasets, with limited application to Palestinian
clinical imaging.

This gap highlights the urgent need for Al-based diagnostic solutions tailored to local imaging
conditions and population characteristics. Therefore, this study aims to develop and validate a
hybrid deep learning—machine learning model for accurate lung nodule detection and
classification using CT images from Palestinian healthcare facilities, with the goal of improving
early diagnosis and supporting clinical decision-making.
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1.4 Research Justifications

Lung cancer remains the leading cause of cancer-related mortality worldwide, and survival is
strongly dependent on early detection. Although low-dose CT (LDCT) screening has
demonstrated significant reductions in mortality, its effectiveness is limited by high false-
positive rates, the presence of subtle early-stage nodules, and variability in radiologists’
interpretations. Detecting small pulmonary nodules is particularly challenging because visibility
and accurate characterization depend on nodule size, morphology, associated parenchymal
abnormalities, underlying disease, and technical CT acquisition parameters. These challenges
highlight the need for advanced computational tools that enhance diagnostic accuracy, improve
consistency, and support radiologists in distinguishing between benign and malignant
nodules.(Peters et al., 2024; “Reduced Lung-Cancer Mortality with Low-Dose Computed
Tomographic Screening,” 2011)

Artificial intelligence (AI) has emerged as a promising solution to these limitations. Recent
studies show that Al-assisted interpretation significantly increases sensitivity for detecting small
pulmonary nodules (3—10 mm), reduces reading time, and decreases the likelihood of
overlooked abnormalities(Kozuka et al., 2020). Transfer learning and pretrained convolutional
neural networks further improve diagnostic performance by enabling robust feature extraction
from limited annotated datasets. These approaches also address key sources of, variability,
including imaging noise, protocol differences, and heterogeneous nodule morphology, while
contributing to reductions in false-positive rates, one of the major limitations of LDCT screening
programs.

Despite the development of standardized reporting frameworks such as the Fleischner
guidelines(MacMahon et al., 2017a) and the ACR Lung-RADS system(American College of
Radiology, 2022; Christensen et al., 2024a), their real-world application remains complex.
Radiologists must evaluate hundreds of CT slices per examination within a highly
heterogeneous lung parenchyma and apply increasingly detailed criteria for nodule
characterization, contributing to interpretive variability, diagnostic uncertainty, and inconsistent
management recommendations. Al-driven systems therefore hold considerable potential to
standardize assessment, improve reproducibility, and integrate imaging features directly with
established reporting guidelines.

This need is especially critical in Palestine, where lung cancer constitutes a significant health
burden, yet no national LDCT screening program currently exists. Furthermore, no Al-based
systems for pulmonary nodule classification have been developed or validated using Palestinian
clinical CT datasets, limiting the applicability of models trained on external populations. This
gap underscores the importance of developing a reliable, population-specific Al framework
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capable of supporting radiologists and improving early detection within the local healthcare
system.

Given these clinical, technical, and regional gaps, this research is justified in its aim to develop
and validate an integrated Al framework that enhances image quality, extracts discriminative
features, and performs accurate Lung-RADS-based nodule classification. Such a system has the
potential to improve diagnostic consistency, reduce false positives, and support earlier detection
of lung cancer in Palestinian healthcare settings.

1.5 Research Objectives

The overarching aim of this study is to design, develop, and evaluate hybrid deep learning—
machine learning models for accurate lung nodule classification using CT images. The intended
outcome is to enhance diagnostic accuracy, reduce radiologist interpretation variability, and
support early lung cancer detection within the Palestinian healthcare system.

Specific Research Objectives

1. To develop and curate a cross-modality chest CT dataset from Palestinian healthcare
facilities, ensuring the identification of robust, dose-invariant radiological features and
a diverse representation of normal lung parenchyma, benign nodules, and biopsy-
confirmed malignant lesions.

2. To investigate and implement optimal preprocessing and enhancement techniques, and
to develop a Hybrid VGG16 + ML Lung-RADS classification pipeline capable of
achieving high sensitivity and specificity while maintaining computational efficiency
suitable for resource-constrained clinical environments.

3. To develop and evaluate a hybrid classification framework in which deep features
extracted from a pre-trained VGG16 backbone are classified using traditional machine-
learning algorithms, with performance assessed through quantitative metrics and clinical
validation on biopsy-confirmed cases.

1.6 Research Questions

This research aims to address the following key questions related to developing and evaluating
a hybrid lung-nodule classification framework within the Palestinian healthcare context:

1. How effectively can a hybrid VGGI16-based deep learning and machine learning
(DL+ML) Lung-RADS classification pipeline identify, classify, and monitor suspicious
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lung nodules with diagnostic performance comparable to expert radiologists while
maintaining real-time or near—real-time processing efficiency?

2. Which preprocessing, enhancement, and optimization techniques most significantly
improve the performance of the automated classification system when applied to a
multimodal chest CT dataset combining publicly available low-dose CT images and
standard-dose clinical CT scans obtained from Palestinian healthcare facilities?

3. To what extent can the proposed automated chest CT interpretation framework provide
reliable and consistent decision support for radiologists working in Palestine,
particularly across diverse imaging conditions, scanner types, and acquisition protocols?

1.7 Research Hypotheses

Based on the identified research questions and objectives, this study proposes the following
hypotheses.

1. Advanced preprocessing, particularly the combined CLAHE and unsharp masking
approach, will significantly improve lung nodule classification accuracy compared
with standard preprocessing methods.

2. Hybrid models integrating VGG16 feature extraction with classical machine learning
classifiers will outperform standalone deep learning or traditional machine learning
approaches in lung nodule classification.

3. The proposed hybrid Al framework will demonstrate strong generalization across
multimodal chest CT datasets, including both public LDCT scans and standard-dose
CT images from Palestinian healthcare facilities.

1.8 Study Contributions

This study presents an integrated Al framework for lung nodule classification that combines
optimized image enhancement, VGG16-based deep feature extraction, and classical machine
learning classifiers aligned with Lung-RADS v2022. It represents the first effort to develop and
validate a Lung-RADS-based Al system using biopsy-confirmed CT data from Palestinian
hospitals, addressing a critical gap in regional clinical Al research. By applying CLAHE and
unsharp masking, the framework improves the visibility of small, low-contrast pulmonary
nodules, enabling more reliable feature extraction and classification. The study further conducts
a systematic evaluation of VGG16 deep feature embeddings in combination with logistic
regression, random forest, gradient boosting, and decision tree classifiers to identify the most
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effective configuration for Lung-RADS classification. Collectively, the proposed approach
demonstrates strong potential as a clinical decision-support tool, with the capacity to reduce
diagnostic variability and assist radiologists in early lung cancer detection, particularly in
healthcare settings without established low-dose CT screening programs.

1.9 Thesis Structure

This thesis comprises six chapters that systematically address the research questions and present
the study’s findings.

Chapter One establishes the research foundation by introducing lung cancer detection
challenges in Palestine. It outlines the problem statement, research questions, objectives, and
hypotheses, thereby defining the scope and motivation of the study.

Chapter Two provides essential technical and clinical background, including the histological
types and imaging characteristics of lung cancer, radiological features of pulmonary nodules,
clinical screening and diagnostic procedures, reporting systems, and the role of medical imaging
in lung cancer detection. This chapter serves as a knowledge bridge between the clinical problem
context and the proposed computational solutions.

Chapter Three presents a comprehensive review and critical analysis of relevant literature,
covering image preprocessing in lung CT imaging, deep learning and computer-aided
processing methods for lung cancer analysis, transfer learning strategies, and related Al-based
frameworks. This chapter identifies key research gaps and positions the present study within the
broader scientific context.

Chapter Four describes the proposed methodology in detail, including data curation,
preprocessing pipelines, feature extraction, machine-learning classification, and evaluation
strategies. Ethical considerations and implementation details are also addressed to ensure
methodological rigor and reproducibility.

Chapter Five presents the experimental results, structured around contrast enhancement
performance, classification outcomes, different validation tests, and longitudinal case analyses.
Quantitative metrics, comparative evaluations, and statistical results are reported to objectively
assess the proposed framework.

Chapter Six discusses the findings in relation to the original research objectives, examines their
clinical and practical implications, analyzes study limitations, and outlines directions for future
research. The chapter concludes by summarizing the main contributions of this work toward
advancing lung cancer classification in resource-constrained healthcare environments.
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Chapter 2

Clinical and Theoretical Background

This chapter outlines the key clinical and technical foundations underlying lung cancer
assessment on chest CT. It begins with the epidemiology and CT characteristics of pulmonary
nodules, focusing on radiologic features that inform malignancy risk. The role of low-dose CT
(LDCT) screening and the structure of Lung-RADS v2022 are then introduced, alongside
distinctions between LDCT and standard-dose CT (SDCT) that affect image quality and model
performance. The chapter also summarizes essential image-processing and enhancement
techniques, as well as core deep learning principles relevant to feature extraction in medical
imaging.

Emphasis is placed on approaches that improve robustness across heterogeneous CT acquisition
protocols, reduce false positives in low-dose CT screening, and enable practical deployment in
resource-limited settings, including those in Palestine.

2.1 Histological Types and Imaging Characteristics of Lung Cancer

A clear understanding of lung-cancer histology provides the essential foundation for interpreting
imaging findings and developing advanced diagnostic tools. Lung cancer remains a major global
health challenge despite significant advances in medical imaging and diagnostic technology.
Early and accurate detection remains essential for enhancing survival rates and informing
effective treatment strategies. In general, lung cancer is mainly classified into two primary
histological categories based on the microscopic characteristics of tumor cells: Non-Small Cell
Lung Cancer (NSCLC) and Small Cell Lung Cancer (SCLC). NSCLC accounts for
approximately 80-85 % of all cases and includes three fundamental subtypes, adenocarcinoma
(55%) with two main types of adenocarcinomas are in situ and invasive lung
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adenocarcinoma(Pang et al., 2020), squamous-cell carcinoma (35%), and large-cell carcinoma
(10%), each differing in growth pattern, location, and prognosis. In contrast, SCLC is identified
by growing rapidly, invading early into other organs and tissues, with a powerful correlation to
tobacco smoking, which represents about 15-20 % of cases (Ciofiac et al., 2024).

Lung cancer in the early stage is classified pathologically into 4 types: Firstly, Invasive
adenocarcinoma is mostly a wall-like growth, acinar, papillary, and solid; secondly,
Adenocarcinoma in situ is a localized small adenocarcinoma with a diameter of the lesion of 3
cm or less; thirdly, Squamous cell carcinoma has common lobulation features; lastly, SCLC is
a lung mass growing beside the long axis of the bronchus(Pang et al., 2020). These CT images
of the four pathological types of lung cancer are shown in Figure 2.1.

(a) (b) (©) (d

Figure 2.1 CT Imaging Examples of Major Lung Cancer Histological Subtypes.

(a) invasive adenocarcinoma, (b) squamous cell carcinoma; (c) small cell lung cancer; (d)
adenocarcinoma in situ. Adapted from (Pang et al., 2020)

Furthermore, a previous study using CT scan images found that SQCC and SCLC subtypes tend
to be centrally located, with internal cavitations being more common in SQCC cases. In contrast,
ADC tends to be observable peripherally and in a solid texture (Ciofiac et al., 2024). These
histological differentiations are clinically significant because they affect imaging appearance,
staging, treatment planning, and survival outcomes. The correlation between histological
subtype and its CT appearance provides the basis for understanding how tumor biology
manifests radiologically.

2.2 Radiological Features of Pulmonary Nodules

Pulmonary nodules may constitute either non-cancerous (benign) or cancerous (malignant)
growths. Benign nodules are non-invasive lesions that do not spread into or damage surrounding
tissues. They usually grow slowly and are sometimes detected incidentally. In most cases,
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benign nodules can be surgically removed, with minimal possibility of recurrence. However,
large benign nodules may occasionally compress neighboring organs, such as blood vessels or
nerves, leading to clinical symptoms. On the other hand, malignant nodules are composed of
cancerous cells that can invade neighboring tissues and spread to distant organs via the
lymphatic system or bloodstream. This aggressive process of district invasion and distant spread
is referred to as metastasis(Chand Bansal et al., n.d.). Awareness of these fundamental biological
differences provides the basis for radiologic assessment and Al-based classification of
pulmonary nodules as benign or malignant.

Lung nodules are commonly characterized on chest computed tomography (CT) as small,
rounded, or irregular opacities that are well or poorly defined, with diameters up to 3 cm. Lung
nodules can be evaluated effectively when CT scans are done, with contiguous thin sections
reconstructed (<1.5 mm in thickness), and include off-axis reconstructions, enabling precise
depiction of small lesions(J. G. Nam & Goo, 2022). Furthermore, the optimum evaluation and
measurement CT imaging techniques for nodules are achieved using lung window setting and a
sharp filter (edge-enhancing reconstruction). Whereas nodules could be rendered partially
invisible when viewed using the mediastinal window setting. It is recommended to use similar
CT parameters and reconstruction techniques during follow-up examinations, including dose
reduction techniques, slice thickness, and the reconstruction filter, to reduce interscan
differences(MacMahon et al., 2017b; J. G. Nam & Goo, 2022).

Lung nodules have different classifications according to their appearance on CT scan,
specifically their attenuation characteristic (density) and the presence or absence of ground-
glass opacity (GGO)(MacMahon et al., 2017b; J. G. Nam & Goo, 2022). Nodules with
homogeneous soft-tissue attenuation are classified as solid, whereas those containing any
ground-glass component are considered subsolid. As well as a hazy area of increased attenuation
in the lung with preserved bronchial and vascular markings, which refers to ground-glass
opacity. In addition, Subtypes of Sub-solid nodules are part-solid nodules and pure ground-glass
nodules (GGNs). A part-solid nodule consists of a combination of ground-glass and solid
attenuation, while a pure GGN only contains a ground-glass component (J. G. Nam & Goo,
2022), which is presented in Figure 2.2.
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Figure 2.2 Examples of Pulmonary Nodules with varying Morphological appearances.

(A) Pure ground-glass nodule exhibiting hazy increased attenuation without obscuring bronchial
or vascular margins. (B) Part-solid nodule containing both ground-glass and solid elements. (C)
Solid nodule characterized by uniform soft-tissue attenuation. Adapted from (J. G. Nam & Goo,
2022)

Multiple factors and imaging characteristics have been linked to an increased likelihood of
malignancy. Notably, marginal spiculation has long been recognized as one of the strongest
radiologic indicators of cancer, with recent studies confirming its strong association with
malignant nodules(MacMahon et al., 2017b). Nodule location also contributes to malignancy
risk, particularly when lesions are situated in the upper lobes, which show a predilection for
primary lung cancer, most often in the right lung(MacMahon et al., 2017b). However, the
relationship between nodule multiplicity and malignancy is not linear. Data from both the
NELSON trial and the PanCan model demonstrated that patients with one to four nodules
exhibit a progressively higher risk of primary lung cancer, whereas those with five or more
nodules show a comparatively lower malignancy risk(MacMahon et al., 2017b). This inverse
association suggests that multiple nodules are more often related to benign etiologies, such as
prior granulomatous infection. Compared with solitary nodules, the presence of multiple
nodules is therefore associated with a relative reduction in cancer risk(MacMahon et al., 2017b).

Moreover, growth rate varies widely depending on nodule morphology and histologic subtype.
For solid malignant nodules, an increase in diameter of approximately 26% corresponds to a
doubling in volume, with most exhibiting volume-doubling times (VDTs) within the 100-400-
day range(MacMahon et al., 2017b). In contrast, subsolid cancerous nodules, which often
represent primary adenocarcinomas, tend to grow much more slowly, with mean doubling times
ranging from 3 to 5 years(MacMahon et al., 2017b). The comprehensive evaluation of
pulmonary nodules, based on morphology, attenuation, location, and growth behavior, provides
the essential framework for determining the risk of malignancy and guiding patient
management. These radiologic parameters are also the fundamental imaging features utilized in
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traditional computer aided detection (CAD) systems and deep-learning algorithms, which aim
to enhance radiologists’ accuracy and diagnostic efficiency.

2.3  Clinical Lung Cancer Screening and LDCT Reporting System

In 1980, the American Cancer Society (ACS) withdrew its recommendation for routine lung
cancer screening with chest X-rays in smokers after multiple randomized trials conducted in the
1970s showed no clear mortality benefit(Wolf et al., 2024).

Thirty-three years later, evidence from the National Lung Screening Trial (NLST) demonstrated
that three annual rounds of LDCT screening conducted a 20% reduction in lung cancer mortality
compared with chest radiography(“Reduced Lung-Cancer Mortality with Low-Dose Computed
Tomographic Screening,” 2011b; Wolf et al., 2024). Based on these findings, the ACS issued a
new recommendation supporting annual LDCT screening for adults aged 55-74 years with a
smoking history of at least 30 pack-years, who were either current smokers or had quit within
the past 15 years, and who did not have life-limiting comorbidities(Wender et al., 2013; Wolf
et al., 2024).

The updated 2013 ACS guideline also incorporated emerging evidence on LDCT effectiveness,
lung cancer risk among long-term former smokers, the potential benefits and harms of screening
beyond age 80, screening considerations for adults with an anticipated life expectancy greater
than five years, and revised assessments of radiation-related risks using modern imaging doses.

The most recent ACS recommendations advise annual low-dose CT (LDCT) lung cancer
screening for adults aged 50-80 years who currently smoke or formerly smoked and are
considered high risk due to a >20 pack-year smoking history. Notably, the ACS no longer
recommends using the number of years since quitting (YSQ) as a criterion to initiate or
discontinue screening in eligible former smokers who meet the age and pack-year
threshold.(Wender et al., 2013)

Efforts to establish lung cancer screening strategies date back to the late 1950s and early 1960s,
when combinations of sputum cytology and chest radiography (CXR) were tested in high-risk
individuals. These approaches, however, did not demonstrate a reduction in lung cancer
mortality compared with CXR alone. In 2000, Berlin further noted that the existing trials did
not provide convincing evidence that annual CXR failed to reduce mortality, underscoring
ongoing uncertainty regarding effective screening modalities.(Berlin, 2000)

Clear evidence emerged decades later with the National Lung Screening Trial (NLST), whose
first results were published in 2011. The NLST demonstrated a 20% relative reduction in lung
cancer mortality among high-risk individuals screened annually with LDCT compared with
those screened using CXR. This landmark finding established LDCT as the superior modality
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and directly informed subsequent updates to ACS screening guidelines(“Reduced Lung-Cancer
Mortality with Low-Dose Computed Tomographic Screening,” 2011b).

Annual low-dose CT (LDCT) is recommended for lung cancer screening because early detection
substantially improves the likelihood of effective treatment. However, LDCT screening has
several important limitations. Not all lung cancers are detected by LDCT, and not all cancers
identified at an early stage will prevent mortality. Additionally, LDCT screening is associated
with a considerable risk of false-positive findings, often necessitating repeat imaging and, in
some cases, invasive diagnostic procedures such as biopsies to distinguish malignant lesions
from benign or incidental abnormalities(Wender et al., 2013).

LDCT screening is characterized by a relatively high rate of benign, noncalcified nodule
detection. Across published studies, thresholds for defining a positive finding and nodule
detection rates per screening round vary widely. Most trials reported only baseline or baseline
plus first-round detection rates; the NLST was unique in reporting results across three
consecutive screening rounds. In the NLST LDCT arm, 27.3% of participants had a positive
screen in the first round, and 39.1% had at least one abnormal LDCT result across all three
rounds(“Reduced Lung-Cancer Mortality with Low-Dose Computed Tomographic Screening,”
2011b; Wender et al., 2013).

According to the American College of Radiology Imaging Network (ACRIN) NLST protocol,
individuals with indeterminate or positive findings were recommended to undergo follow-up
diagnostic, evaluation, including repeat LDCT, limited thin-section CT, or additional testing, at
intervals of 3, 6, 12, or 24 months, depending on nodule size and malignancy suspicion. Many
participants with small nodules and low concern for malignancy required only a second LDCT
for confirmation; if no interval growth was observed, no further imaging was recommended
until the next annual screening round. If interval growth or suspicious morphological changes
were noted, earlier repeat imaging (3—6 months) or more definitive diagnostic procedures were
pursued. Importantly, most individuals with abnormal LDCT findings required only follow-up
imaging to determine whether a detected nodule was enlarging(Wender et al., 2013).

Although LDCT uses a relatively small amount of ionizing radiation, repeated annual screening
does entail a minimal lifetime risk of radiation-induced cancer. Nonetheless, current evidence
indicates that the benefits of LDCT screening clearly outweigh the very low radiation risk,
particularly in high-risk individuals.(Wender et al., 2013)

The ACR-STR Practice Parameter for Lung Cancer Screening CT outlines the technical and
reporting standards for low-dose CT (LDCT) in high-risk, asymptomatic adults aged 50-80
years with >20 pack-years of smoking. LDCT is the only imaging test proven to reduce lung
cancer mortality, and therefore must be performed with optimized low-dose parameters because
screening may continue annually for decades. The primary goal of LDCT is early detection of
suspicious pulmonary abnormalities, with additional evaluation of incidental thoracic findings
following the ACR-SABI-SPR Thoracic CT Practice Parameter(ACR—STR, n.d.).
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A standard lung cancer screening CT should be performed using multidetector helical
acquisition during a single breath-hold, extending from the lung apices to the costophrenic
angles. Axial images must be reconstructed at <2.5 mm, with 1.0 mm or thinner slices preferred
to optimize nodule detection. Maximum Intensity Projection (MIP) images can further increase
sensitivity for small pulmonary nodules, and multiplanar reconstructions (MPRs) are
particularly useful for characterizing juxtapleural nodules. All scans should be obtained at full
suspended inspiration, covering the entire lung volume, with a patient-specific field of view.
Intravenous contrast is not used for screening examinations. Interpretation and reporting of
LDCT screening studies must follow the ACR Lung-RADS v2022 classification scheme.
Appropriate window and level settings should be applied to evaluate all relevant anatomy within
the scan range, including lung parenchyma, mediastinum, pleura, chest wall, bones, lower neck,
and upper abdomen.(ACR-STR, n.d.)

Pulmonary nodules and focal lesions should be reported systematically, specifying anatomic
location (lobe and segment), series and image number, size, attenuation characteristics (e.g., soft
tissue, calcification pattern, fat content), nodule type (solid, ground-glass, or part-solid), and
margin features (e.g., smooth, lobulated, spiculated). Comparison with prior imaging is essential
for accurate assessment. Direct comparison with previous CT images is strongly recommended
rather than relying solely on earlier reports. When evaluating temporal changes, radiologists
should review both the oldest available and the most recent prior examinations to identify subtle
progression. Volumetric nodule analysis may also be incorporated to improve accuracy in
assessing growth.(ACR-STR, n.d.)

The American College of Radiology (ACR) introduced the Lung CT Screening Reporting and
Data System (Lung-RADS) version 1.0 in 2014 to standardize CT reporting for lung cancer
screening, provide consistent management recommendations, and support systematic outcomes
monitoring(Christensen et al., 2024a). The most recent update, Lung-RADS v2022, was
released in November 2022, coinciding with National Lung Cancer Awareness Month. This
version was developed by the ACR Lung-RADS Committee, which includes 15 experts in
diagnostic radiology, thoracic surgery, and pulmonary medicine representing a wide range of
clinical practice settings(Christensen et al., 2024a).

Lung-RADS Category: Each screening exam is assigned a Lung-RADS category from 0 to 4,
based on the nodule with the highest level of suspicion.
Lung-RADS Management: Follow-up intervals are determined from the date of the exam
interpretation. For example, a Lung-RADS 2 finding requires a 12-month screening LDCT from
the date of the current exam. Management of category 4A lesions follows a stepped approach,
depending on whether stability or reduction in size is demonstrated on follow-up
imaging(American College of Radiology, 2022).
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In the Practicing Audit Definitions, categories 1 and 2 are considered a negative screen, while
categories 3 and 4 are classified as a positive screen. Importantly, a negative result does not rule
out the presence of lung cancer(American College of Radiology, 2022).

Accurate nodule measurement is essential for correct classification. Nodule size is determined
by calculating the mean diameter, using the long and short axes measured to one decimal place
(mm), and reporting the average to one decimal place. These measurements should be performed
on thin axial slice axial CT images to reflect the true nodule dimensions. However, multiplanar
reconstructions may be used when it’s necessary to delineate the true maximal nodule
dimension. When available, volumetric measurements should be reported to the nearest whole
number in mm?*(American College of Radiology, 2022).

Size thresholds apply both to newly detected nodules and existing nodules that enlarge into a
higher size category. If a nodule crosses a new size threshold for another Lung-RADS category,
regardless of whether it meets the formal definition of growth, it must be reclassified
accordingly. A nodule is considered to have grown if its mean diameter increases by >1.5 mm
(or >2 mm? in volume) within a 12-month interval(American College of Radiology, 2022).

Lung-RADS distinguishes two types of slow-growing nodules(American College of Radiology,
2022):

e Slow-growing non-solid (ground-glass) nodules:

A ground-glass nodule that shows gradual enlargement across multiple screening exams but
does not exceed the >1.5 mm growth threshold in any 12-month period may remain classified
as Lung-RADS 2 until it meets criteria for another category, such as developing a solid
component, in which case it should be managed according to the part-solid nodule
criteria(American College of Radiology, 2022).

e Slow-growing solid or part-solid nodules:

A solid or part-solid nodule showing growth over several exams, where the increase exceeds
1.5 mm in any 12-month interval, is considered suspicious and may be categorized as Lung-
RADS 4B. These lesions may not demonstrate increased metabolic activity on PET/CT;
therefore, biopsy or surgical evaluation is often the most appropriate management strategy.

Finally, when prior imaging is unavailable, a temporary Lung-RADS 0 may be assigned until
comparison studies become available, after which a definitive Lung-RADS category can be
applied(American College of Radiology, 2022).
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e Juxtapleural Nodules

Screen-detected peri-fissural nodules that meet specific size and morphological, criteria, namely
solid density, a triangular, ovoid, or lentiform shape, and a maximum diameter <10 mm, are
generally regarded as benign. These lesions most commonly represent intrapulmonary lymph
nodes, and multiple studies have reported a 0% malignancy rate for nodules fulfilling these
characteristics(Christensen et al., 2024a).

Recent evidence shows that up to 32% of solid nodules measuring 6—10 mm in mean diameter
is juxta-pleural (including peri-fissural, costal pleural, peri-mediastinal, and peri-diaphragmatic
locations). Importantly, none of these nodules were malignant when evaluated using the same
size and morphological criteria established for peri-fissural nodules(Christensen et al., 2024a).

Expanding the peri-fissural nodule classification framework to encompass all juxta-pleural
nodules, regardless of their pleural location, has been shown to reduce false-positive rates and
improve Lung-RADS specificity without compromising diagnostic sensitivity. These
Juxtapleural Pulmonary Nodules described clearly in Figure 2.3 (A, B, C) (Christensen et al.,
2024a).
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Figure 2.3 Juxtapleural Pulmonary Nodules. Adapted from (Christensen et al., 2024a)
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(A) Schematic illustration of the anatomical distribution of juxtapleural nodules, including
perimediastinal, perifissural, costal pleural, and peridiaphragmatic locations, shown in axial
(A1) and sagittal (A2) planes. (B) Juxtapleural nodules with a mean diameter < 10 mm that are
solid, have smooth margins, and exhibit oval, lentiform, or triangular morphology (arrows) are
considered benign and classified as Lung CT Screening Reporting and Data System (Lung-
RADS) category 2. Representative benign examples include perimediastinal (B1), perifissural
(B2), costal pleural (B3), and peridiaphragmatic (B4) nodules. (C) Juxtapleural nodules that do
not meet Lung-RADS 2 criteria (arrows) are classified according to size and composition,
including a 9-mm solid round costal pleural nodule (Lung-RADS 4A; C1), an 11-mm solid
lobulated peridiaphragmatic nodule (Lung-RADS 4A; C2), and a 15-mm part-solid costal
pleural nodule with a 6-mm solid component (Lung-RADS 4A; C3). Adapted from (Christensen
et al., 2024a)

Lung-RADS v2022 provides detailed recommendations for managing pulmonary and airway
findings that may resemble malignant nodules but frequently represent benign infectious,
inflammatory, or obstructive processes. Accurate classification is essential to prevent
unnecessary diagnostic procedures while preserving the high specificity and sensitivity of lung
cancer screening.

1. Suspected Infectious or Inflammatory Pulmonary Findings

Some CT abnormalities detected during lung cancer screening may reflect an indeterminate
infectious or inflammatory process rather than malignancy. In these situations, short-term
follow-up is recommended to allow potential resolution and to exclude an underlying suspicious
lesion.

1.1. Lung-RADS 0: Indeterminate Findings Requiring 1-3 Month Follow-up

A temporary Lung-RADS 0 category with repeat LDCT in 1-3 months may be assigned when
the following abnormalities are present:

e Segmental or lobar consolidation

e Multiple newly appearing nodules (>6)

o Large solid nodules (=8 mm) developing over a short interval

e New nodules in high-risk clinical contexts (e.g., immunocompromised patients)

e Any finding that obscures lung parenchyma and may conceal a malignant nodule
The follow-up examination must be reclassified based on the most suspicious finding.

1.2. Findings More Consistent with Malignancy
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New solid or part-solid nodules whose morphology favors malignancy over infection, and that
meet Lung-RADS 4B size criteria, should be directly categorized as Lung-RADS 4B, prompting
diagnostic imaging or clinical evaluation.

1.3. Infectious Findings That Do Not Require Short-term Follow-up

Some characteristic infectious patterns do not require 1-3-month reevaluation, including:
e Tree-in-bud nodularity
e New ground-glass nodules < 3 cm

These findings should be assessed using standard Lung-RADS size and composition criteria,
most commonly corresponding to Lung-RADS 2 with 12-month LDCT. These Findings
described in Figure 2.4 (A, B, C)

"A1

Figure 2.4 Infectious or Inflammatory Findings. Adapted from (Christensen et al., 2024a)

(A) Lung cancer screening (LCS) findings suggestive of an infectious or inflammatory process
include new segmental or lobar consolidation (A1, arrow), the rapid appearance of large new
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nodules (> 8 mm) over a short interval (A2, arrow), or the presence of multiple new nodules
(A3). Such findings are typically classified as Lung CT Screening Reporting and Data System
(Lung-RADS) category 0 when clinical suspicion for infection or inflammation is high, with a
recommendation for short-interval follow-up low-dose CT (LDCT) at 1-3 months to confirm
resolution. Subsequent classification is based on the most concerning residual finding at follow-

up.

(B) A 55-year-old patient with a baseline LCS CT previously classified as Lung-RADS 3 (not
shown) underwent a 6-month follow-up LDCT, which demonstrated a new lobulated soft-tissue
nodule measuring 28 mm in the left lower lobe (B1, arrow). Given the lesion’s size and its
absence on prior imaging, the examination was classified as Lung-RADS 0, favoring an
infectious etiology. Follow-up LDCT at 3 months showed a marked reduction in nodule size
without complete resolution (B2, arrow), with no additional new findings and stability of other
nodules. The study was therefore reclassified as Lung-RADS 2, with a recommendation for
routine annual LCS CT. Had the nodule remained stable, increased in size, or shown minimal
regression, an infectious or inflammatory cause would be less likely, and the examination would
be upgraded to Lung-RADS 4B with a recommendation for diagnostic evaluation.

(C) A 61-year-old patient undergoing annual LCS CT was found to have multiple new bilateral
tree-in-bud nodules with basilar predominance (C2) compared with the prior annual
examination (C1). Although an infectious process was considered most likely, short-interval
follow-up LDCT was deemed unnecessary. Instead, the examination was classified based on the
size and composition of the nodules (solid, <4 mm), corresponding to Lung-RADS category 2.

2. Airway Nodules

Airway abnormalities can reflect secretions, mucous plugging, inflammation, or less,
commonly, airway neoplasms. Lung-RADS v2022 classifies these findings based on location,
morphology, number, and persistence(Christensen et al., 2024a).

2.1. Location
e Segmental or more proximal airway nodules (>3 mm):

Classified as Lung-RADS 4A, with a 3-month LDCT to evaluate for resolution.
e Subsegmental or distal airway opacities:

Typically represent benign mucous plugging or infection and may be classified as Lung-RADS
2 or Lung-RADS 0, depending on the degree of diagnostic uncertainty.

2.2. Morphology

o Features that favor airway secretions include:
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e Tubular or complex configuration
e Internal air

e Absence of soft-tissue density

e Attenuation <21.7 HU

These findings are generally classified as Lung-RADS 2 with 12-month LDCT follow-up.

Airway nodules without these benign features may be assigned Lung-RADS 4A with repeat
imaging at 3 months.

2.3. Number of Lesions

e Single airway nodules are more suspicious for malignancy.
e Multiple airway opacities (tree-in-bud, multifocal mucous impaction) typically reflect
benign infectious or inflammatory etiologies and may not necessitate a 4A designation.

2.4. Persistence on Follow-up
Persistence is the most decisive feature:

e Segmental or proximal airway nodules that persist at 3-month follow-up must be
upgraded to Lung-RADS 4B.

e Further evaluation includes PET/CT (if solid component >8 mm) or clinical assessment
with bronchoscopy.

Unlike pulmonary nodules, persistent airway nodules must not be downgraded despite stability.
2.5. National Comprehensive Cancer Network (NCCN) vs. Lung-RADS Timing Considerations

NCCN guidelines recommend a 1-month follow-up CT for airway nodules, whereas Lung-
RADS v2022 recommends 3 months. Both systems advise bronchoscopy for persistent lesions.
Due to limited comparative data, neither approach has demonstrated superiority. That is
demonstrated in Figure 2.5 (A, B, C) (Christensen et al., 2024a)
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Figure 2.5 Morphological Variants of Airway Nodules. Adapted from (Christensen et al.,
2024a)

(A) In Lung CT Screening Reporting and Data System (Lung-RADS) version 2022, airway
nodules are assessed based on their location, morphology, number, and persistence. Newly
detected airway nodules located at the segmental or more proximal bronchi that lack benign
features are classified as Lung-RADS category 4A, with a recommendation for short-interval
follow-up low-dose CT (LDCT) at 3 months to assess for resolution (Al: left mainstem
bronchus nodule [arrow]; A2: left lower lobe segmental bronchus nodule [arrow]). In contrast,
subsegmental airway nodules are classified as Lung-RADS category 2 (A3: baseline lung cancer
screening [LCS] CT demonstrating a patent subsegmental airway [arrow]; A4: annual LCS CT
showing a new subsegmental airway nodule [arrow]).

(B) The presence of air within an airway nodule, particularly in the absence of a soft-tissue
component and with a mean attenuation of less than 21 Hounsfield units, favors secretions rather
than true nodules (B1-B3, arrows). Multiple tubular airway opacities are suggestive of mucus
plugging (B4, arrows). These findings are typically classified as Lung-RADS category 2.

(C) A 70-year-old patient presenting for annual LCS CT demonstrates a soft-tissue nodule in
the left mainstem bronchus (C1, arrow), classified as Lung-RADS 4A. Follow-up LDCT at 3
months shows persistence of the lesion (C2, arrow). Airway nodules that persist on short-
interval follow-up remain suspicious and are upgraded to Lung-RADS category 4B, prompting
diagnostic evaluation, most commonly with referral for clinical assessment and bronchoscopy.
Adapted from (Christensen et al., 2024a)
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In summary, Lung-RADS standardizes the interpretation of LDCT screening examinations by
assigning each study a category from 0 to 4, based on the nodule with the highest level of
suspicion. Categories 1 and 2 represent negative or benign findings and typically require routine
12-month LDCT follow-up. Category 3 includes probably benign nodules and warrants a 6-
month LDCT. Categories 4A and 4B reflect increasing levels of suspicion for malignancy,
requiring 3-month LDCT, PET/CT, or further diagnostic evaluation, depending on nodule size
and composition. Category 0 indicates an incomplete evaluation, necessitating comparison with
prior imaging or a short-interval follow-up (1-3 months). These categories streamline
management decisions, reduce unnecessary interventions, and enhance the accuracy and
consistency of lung cancer screening interpretations(American College of Radiology, 2022).

2.4 Clinical Thoracic Diagnostic CT Protocols

Thoracic computed tomography (CT) plays a central role in the evaluation of pulmonary
nodules, interstitial lung disease, and thoracic malignancies. Clinical diagnostic protocols vary
according to the specific clinical indication, required spatial resolution, and radiation dose
considerations. The following subsections describe the technical characteristics and clinical
applications of conventional thoracic CT and high-resolution CT (HRCT) protocols.

2.4.1 Thoracic Computed Tomography (CT)

The ACR-SABI-SPR-STR Practice Parameter for Thoracic CT provides comprehensive
standards for the performance of high-quality thoracic CT imaging. CT is the primary modality
for evaluating thoracic pathology and requires familiarity with thoracic anatomy,
pathophysiology, CT acquisition techniques, and radiation safety. The goal of thoracic CT is to
accurately demonstrate normal and abnormal intrathoracic structures to support clinical
diagnosis and management.(ACR-SABI-SPR-STR, n.d.)

Thoracic CT may serve as a primary diagnostic examination or complement chest radiography.
Its clinical indications are broad and include evaluation of abnormalities detected on previous
imaging, lung cancer screening, staging and follow-up of thoracic malignancies, assessment of
metastatic disease, characterization of cardiothoracic manifestations of systemic disorders,
evaluation of congenital and acquired cardiovascular abnormalities, investigation of suspected
pulmonary embolism or pulmonary hypertension, assessment of parenchymal and airway
disease, trauma evaluation, CT-guided interventions, and assessment of chest wall, pleural, and
mediastinal pathology. Thoracic CT is also essential for surgical and radiotherapy planning,
monitoring response to oncologic therapies, evaluating postoperative complications, and
assessing complex infections, particularly in immunocompromised patients. Appropriate
documentation of signs, symptoms, and relevant clinical history is necessary for appropriate
protocol selection.(ACR-SABI-SPR-STR, n.d.)

36



A routine thoracic CT examination extends from the lung apices to the posterior costophrenic
sulci. Standard reconstructions use 3—5 mm axial slices with soft-tissue and high-spatial-
frequency kernels, while thin-section imaging (<1.2 mm) is preferred when volumetric
reconstructions or detailed parenchymal assessment are required. Coronal and sagittal
reformations at similar slice thickness enhance anatomic evaluation. Maximum intensity
projection (MIP) slabs (5—10 mm) support pulmonary nodule detection, whereas minimum
intensity projection (MinIP) images (<10 mm) assist in assessing emphysema and air trapping.
Most scans are obtained during suspended full inspiration. For low-dose CT examinations, such
as lung cancer screening or nodule surveillance, the scan range should be restricted to the lungs.
Field-of-view reduction supports optimal spatial resolution, particularly for high-resolution
imaging. Use of intravenous contrast depends on the clinical indication. Reporting should follow
the ACR Practice Parameter for Communication of Diagnostic Imaging Findings.(ACR, n.d.;
ACR-SABI-SPR-STR, n.d.)

2.4.2 High-Resolution Computed Tomography (HRCT)

The ACR-SPR-STR Practice Parameter for HRCT of the Lung defines standards for the
performance and clinical use of HRCT in evaluating diffuse parenchymal lung disease. HRCT
is primarily used for known or suspected interstitial lung disease (ILD). Its main objective is to
detect, characterize, and quantify parenchymal and small-airway abnormalities using
standardized nomenclature.

HRCT relies on thin-section imaging (<1.5 mm, preferably <1.0 mm) reconstructed with a high-
spatial-frequency kernel to optimize visualization of fine pulmonary detail. With modern
multidetector CT (MDCT), HRCT employs near-isotropic volumetric data acquired in a single
breath-hold, improving spatial resolution and diagnostic accuracy. Indications for HRCT
include evaluation of diffuse lung disease (obstructive, restrictive, or interstitial), assessment of
small airway disease, estimation of fibrosis extent, guidance for biopsy site selection, and
evaluation of occupational lung diseases such as pneumoconiosis. Reporting should adhere to
the ACR Practice Parameter for Communication of Diagnostic Imaging Findings.(ACR, n.d.;
ACR-SPR-STR, n.d.)

2.5 Medical Imaging in Lung Cancer

The evaluation of lung cancer relies on several imaging modalities, including chest radiography,
computed tomography (CT), magnetic resonance imaging (MRI), and hybrid techniques such
as positron emission tomography combined with CT (PET/CT). Among these, chest radiography
remains the most performed diagnostic imaging test worldwide for the assessment of numerous
pulmonary diseases. Its advantages include simplicity, low cost, minimal radiation exposure,
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and wide availability. Standard posteroanterior (PA) and lateral radiographic views obtained in
the standing position provide optimal visualization and can reveal subtle parenchymal
abnormalities. However, small lesions may still be obscured by overlying anatomical structures.
Dual-energy radiography, which acquires images using both high- and low-energy X-rays, has
demonstrated improved detection of pulmonary nodules and may enhance screening
performance.(de Wever et al., 2011)

Historically, chest radiography was the first modality evaluated for lung cancer screening, and
multiple large, randomized trials in the United States and Europe investigated its effectiveness.
The consistently disappointing results from these studies, showing no significant mortality
reduction, led to the abandonment of chest radiography as a screening tool. Although limited
for early detection, chest radiography still plays a role in staging by demonstrating lesion size,
post-obstructive atelectasis, pleural effusion, or signs of extrapulmonary spread. Nevertheless,
it lacks the ability to accurately assess chest wall invasion or subtle mediastinal disease(de
Wever et al., 2011).

Computed tomography (CT) represents the second most important modality in thoracic imaging
and has become central to lung cancer diagnosis and staging. Advances in multidetector CT
(MDCT) technology have significantly enhanced diagnostic capabilities. Improved temporal
resolution allows rapid acquisition of thin-section images during a single breath-hold,
facilitating optimal contrast enhancement and minimizing motion artifacts. The increased spatial
resolution of MDCT enables continuous thin-slice acquisition, improving the quality of
multiplanar reconstruction (MPR) images. Coronal and sagittal MPRs are particularly valuable
for assessing the relationship of tumors to adjacent anatomical structures that may not be well
evaluated on axial images alone, thereby increasing radiologists’ confidence when evaluating
fissural involvement, diaphragmatic invasion, or mediastinal extension. See Figure 2.6 (a, b, ¢)
(de Wever et al., 2011)
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Figure 2.6 Incidental Detection of a Nodular Lesion in the Right Upper Lobe. Adapted from
(de Wever et al., 2011)

(a) Axial CT image in the mediastinal window, (b) axial CT image in the lung window, and (¢)
coronal multiplanar reconstruction demonstrating a right upper lobe nodule with a pleural tail
(arrow). Adapted from (de Wever et al., 2011)

Additional MDCT reconstruction techniques, such as maximum intensity projection (MIP) and
three-dimensional (3D) rendering, further enhance diagnostic performance. MIP images
improve the detection of small pulmonary nodules and have been shown to reduce the number
of overlooked early cancer, see Figure 2.7. They also minimize radiologist workload by
reducing the number of images requiring review compared with conventional thin-slice axial

39



datasets. Three-dimensional airway reconstructions facilitate the identification of mild or focal
airway stenoses and can produce endoluminal views that resemble bronchoscopic images.

CT remains the imaging modality with the highest sensitivity for pulmonary nodule detection.
Moreover, technical developments in MDCT have allowed reductions in radiation dose without
sacrificing diagnostic utility. Low-dose CT (LDCT) has emerged as the preferred modality for
lung cancer screening in high-risk individuals. Clinical trials and real-world screening programs
have shown that LDCT detects a high proportion of early-stage non-small cell lung cancers at
baseline, with decreasing detection rates on subsequent annual examinations. Although LDCT
may yield false-positive findings, structured diagnostic algorithms have minimized unnecessary
invasive procedures, improving the overall safety and effectiveness of screening.

—

Figure 2.7(a) Axial 5-mm CT image shows no definite lung nodule, with only a subtle
irregularity in the right upper lobe (arrow). (b) Corresponding MIP image clearly reveals a
pulmonary nodule (square), illustrating the improved sensitivity of MIP for small nodules.
Adapted from (de Wever et al., 2011)

Magnetic resonance imaging (MRI) has historically played a limited role in lung evaluation due
to several inherent challenges. These limitations include its high susceptibility to motion
artifacts caused by cardiac pulsation and respiratory motion, the intrinsically low proton density
of lung parenchyma, and the marked signal loss at air—soft tissue interfaces. Consequently, for
many years MRI was considered primarily a problem-solving modality, used selectively in cases
where CT was insufficient. Typical indications included:

e assessing tumor invasion of the chest wall or mediastinal structures, particularly in
superior sulcus (Pancoast) tumors.

e differentiating between solid and vascular hilar masses.

e evaluating diaphragmatic dysfunction; and

e staging and monitoring treatment response in mediastinal lymphoma

Recent advancements, however, have expanded the clinical utility of MRI in thoracic oncology.
Whole-body MRI (WBMR) has demonstrated increased sensitivity for the detection of distant
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metastatic disease and may play an important role in comprehensive staging. In addition,
diffusion-weighted imaging (DWI) has emerged as a powerful functional technique that
provides information on tumor cellularity and cell membrane integrity. Because water mobility
i1s more restricted in tissues with high cellular density, such as malignant tumors, DWI enables
improved tumor detection, characterization, and treatment response assessment. see Figure 2.8.
As these applications continue to advance, MRI is increasingly used as a complementary tool,
particularly in situations where CT findings are inconclusive

Figure 2.8 Axial magnetic resonance (MR) images of the right upper lobe. (a) T1-weighted
and (b) T2-weighted images demonstrate a nodular lesion (arrow). (c) Post contrast T1-
weighted image shows contrast enhancement of the lesion (arrow). Adapted from (de Wever et
al., 2011)

Positron emission tomography (PET) is a highly sensitive and specific functional imaging
modality that enables in vivo visualization of metabolic activity within human tissues. In
thoracic oncology, the most commonly used radiotracer is fluorodeoxyglucose (FDG), a glucose
analogue. After cellular uptake through glucose transporters, FDG is phosphorylated but not
further metabolized, resulting in intracellular trapping. Because malignant cells exhibit
increased glucose metabolism, they accumulate significantly higher levels of FDG compared to
normal tissue. The standardized uptake value (SUV) is the most widely used semi-quantitative
metric for evaluating FDG accumulation(de Wever et al., 2011).

Integrated PET/CT systems combine the metabolic information provided by PET with the
anatomical detail of CT within a single imaging session. This integrated approach offers several
diagnostic advantages, including improved detection of lesions not clearly visible on CT or PET
alone; enhanced anatomical localization of abnormal FDG uptake; better delineation of lesions
from surrounding structures; and more accurate characterization of lesions as benign or
malignant.

PET/CT is regarded as the most accurate noninvasive imaging technique for assessing the T-
stage of lung cancer. A key advantage is its ability to distinguish viable tumor tissue from distal
obstructive atelectasis, a distinction that is often difficult on CT alone Figure 2.9. By integrating
metabolic and anatomical data, PET/CT significantly improves diagnostic confidence, staging
accuracy, and treatment planning in lung cancer.(de Wever et al., 2011)
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Figure 2.9 Integrated PET/CT of a central left lung tumor. (a—b) Axial CT images show a central
tumor with associated retro-obstructive atelectasis. (¢) PET demonstrates FDG uptake within
the tumor but not within the atelectatic lung, enabling accurate tumor localization on fused
PET/CT images. Adapted from (de Wever et al., 2011)
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Chapter 3

Literature Review

This chapter describes the main evolutions in Al-based analysis of pulmonary nodules on chest
CT, providing the conditions needed to position the present study within the existing research
landscape. It reviews key approaches in nodule detection, deep learning—based classification,
radiomics, multimodal fusion, enhancement techniques, and Lung-RADS-aligned risk
stratification.

The literature is structured to highlight prevailing trends, recurring dataset limitations, and
challenges such as dose variability, inconsistent preprocessing pipelines, and limited external
validation. Particular attention is given to studies that incorporate both LDCT and SDCT data,
apply enhancement techniques, or address multi-class nodule classification, as these themes
closely align with the objectives of this thesis. Together, the gaps identified across prior research
underscore the need for a dose-aware, enhancement-optimized Lung-RADS classification
framework.

3.1 Image Preprocessing in Lung CT Computer-Aided Diagnosis

Image preprocessing is a fundamental component of lung CT based computer-aided diagnosis
(CADx) systems, playing a crucial role in determining the performance, robustness, and
generalizability of deep learning models. Raw CT data acquired in clinical practice are
inherently heterogeneous due to variations in scanner manufacturers, acquisition protocols,
reconstruction kernels, slice thickness, and radiation dose. Consequently, the objective of
preprocessing is to transform these raw data into a standardized and structured representation
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that enhances image quality, reduces irrelevant variability, and ensures compatibility with
downstream learning algorithms.

A broadly consistent preprocessing pipeline has been adopted across recent studies, typically
including conversion of raw pixel values to Hounsfield Units (HU), spatial resampling to
isotropic voxel resolution, lung parenchyma segmentation, intensity windowing and
normalization, and dataset-level intensity centering(Marinakis et al., 2024). These steps are
configured not only to improve visual image quality but also to stabilize feature distributions
and optimize the learning behavior of convolutional neural networks.

The conversion of raw image intensities into the standardized Hounsfield Unit (HU) scale is the
initial core step in lung CT preprocessing. The HU scale is derived by linearly transforming the
measured linear attenuation coefficients, such that distilled water at standard temperature and
pressure is assigned a value of 0 HU, whereas air is defined as —1000 HU. This standardized
representation enables consistent tissue characterization across scanners and acquisition
settings, independent of photon statistics or detector configuration. By mapping tissues to well-
defined HU ranges, lung parenchyma, soft tissues, and high-density structures such as bone can
be reliably distinguished. HU-based thresholding is therefore commonly employed to suppress
unwanted components, including surrounding air and non-pulmonary regions, thereby
improving contrast and focusing the analysis on relevant lung-specific anatomies(Marinakis et
al., 2024).

After HU conversion, spatial resampling is applied to address geometric inconsistencies
inherent in volumetric CT data. Clinical CT scans often display anisotropic voxel spacing, with
in-plane resolution differing from slice thickness. Such non-uniformity can distort anatomical
proportions and adversely affect convolutional operations, particularly in three-dimensional
deep learning models. To mitigate these effects, studies typically resample CT volumes to an
1sotropic voxel resolution, ensuring equal spacing along all spatial axes. In investigations using
benchmark datasets such as LIDC-IDRI(Armato, McLennan, Bidaut, McNitt-Gray, et al., 2011)
and LUNA16(Setio et al., 2017a), an isotropic resolution of 1 mm x 1 mm x 1 mm is commonly
adopted. Accurate spatial feature extraction is facilitated by this standardization, which
improves reproducibility across studies and enhances the robustness of learned
representations(Marinakis et al., 2024).

Another critical preprocessing stage is represented by Lung segmentation, which aims at
isolating the lung parenchyma from surrounding anatomical structures, including the chest wall,
ribs, mediastinum, and adjacent soft tissues. Removing these irrelevant regions reduces
background noise, limits feature contamination and decreases computational complexity.
Significantly, segmentation algorithms must be designed with particular care near the pleural
boundaries. Juxta-pleural nodules may lie at or slightly beyond the lung edge, and excessively
aggressive segmentation risks excluding clinically relevant findings. Accordingly, most studies
preserve a narrow peripheral margin around the lungs to ensure that subtle nodular structures
are retained during mask generation.
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Intensity windowing and normalization are applied to further enhance image quality and
learning stability, following spatial and anatomical standardization. Lung CT images span a
wide dynamic range of HU values, typically from approximately —1024 HU to values exceeding
2000 HU. To assert pulmonary structures and suppress high-density tissues such as bone,
intensities are commonly clipped to a lung-specific window of —1000 to 400 HU. This
windowing strategy, widely adopted in challenges such as LUNAI16(Setio et al., 2017a),
enhances local contrast within the lung parenchyma while reducing the influence of irrelevant
high-intensity regions. Following clipping, voxel values are linearly normalized to a fixed range,
most often [0, 1], to ensure numerical stability and prevent any single intensity range from
dominating the learning process. This normalization procedure is mathematically expressed in
Equation. (Marinakis et al., 2024)
- X min

Normalized Value = ——— (1)
Xmax — Xmin

where X denotes the current value, X,,;,1s the minimum value, and X,,,,, 1s the maximum
value.

As a final improvement step, zero-centering is applied considerably to improve optimization
efficiency during network training. Zero-centering shifts the normalized intensity distribution
so that its mean becomes zero, facilitating faster convergence and more stable gradient updates.
This is completed by subtracting a global mean pixel value that is computed across the entire
dataset from each voxel. For example, the LUNA16 dataset(Setio et al., 2017a) reports an
average normalized pixel intensity of approximately 0.25, which is subtracted from all images
after normalization. CT scanners are calibrated to produce consistent HU measurements; per-
image mean subtraction is discouraged, as it may introduce bias. Instead, the mean must be
calculated over the entire dataset to ensure a stable and representative normalization. This
preprocessing step is expressed in Equation 2 (Marinakis et al., 2024).

Zero_centered_image = image_pixel_values — Pixel_Mean (2)

where image pixel values denote the image array values, and PIXEL MEAN is the average
value of the dataset.

Collectively, a coherent and widely adopted pipeline that forms these preprocessing steps, which
enhances lung CT image quality, reduces inter-scan variability, and improves the robustness and
generalizability of deep learning—based CADx systems. By standardizing spatial resolution,
intensity distributions, and anatomical focus, this preprocessing framework provides a definitive
foundation for accurate pulmonary nodule detection and classification.
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3.2 Patch and ROI Extraction

Another essential preprocessing step is patch extraction. For training deep learning models
designed for pulmonary nodule detection, segmentation, or classification, nodule samples must
be extracted from the available CT datasets. Using radiologist-provided pixel-level annotations,
pulmonary nodules were first localized and directly defined as regions of interest (ROIs). Each
ROI was obtained by cropping a volumetric region centered on the nodule annotation, with an
additional contextual margin included to preserve surrounding anatomical information. These
ROIs were subsequently used to generate representative training samples. Depending on the
network architecture, the samples were generated as two-dimensional slices or three-
dimensional patches. Three-dimensional patches, often referred to as multi-view patches,
preserve volumetric information across the axial, coronal, and sagittal planes, thereby providing
richer contextual information.(Marinakis et al., 2024)

In the LIDC-IDRI dataset(Armato, McLennan, Bidaut, McNitt-Gray, et al., 2011), radiologists
assign each nodule a malignancy score ranging from 1 to 5. Common practice in the literature
is to merge classes 1 and 2 (Highly Unlikely and Moderately Unlikely) into a single benign
category, and to combine classes 4 and 5 (Moderately Suspicious and Highly Suspicious) into a
malignant category. Class 3, representing an indeterminate category, is typically excluded due
to its diagnostic uncertainty.(Marinakis et al., 2024)

3.3 Data Augmentation in Lung CT

Data augmentation is a critical preprocessing step that can substantially improve the
performance and generalization of deep learning models. Its primary purpose is to generate
synthetic variations of the training data to reduce overfitting and enhance model robustness.
Augmentation is especially important when dealing with imbalanced datasets, where one or
more classes are underrepresented.

To address class imbalance, traditional augmentation techniques such as rotations, translations,
scaling, shearing, flipping, cropping, and duplicating nodule samples are commonly applied to
increase the diversity of training examples. Another approach involves adjusting the sampling
rates of positive and negative nodules to ensure a more balanced distribution across classes. In
addition to these classical methods, more advanced data generation techniques, such as
Generative Adversarial Networks (GANs), have been explored to create realistic synthetic
nodules for improved model training.(Marinakis et al., 2024)
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In addition to the anatomical and geometric preprocessing steps described above, intensity-
based contrast enhancement is frequently used to improve the visibility of lung structures and
pulmonary nodules before model training.

3.4 Contrast-Enhancement Techniques (HE, AHE, CLAHE)

Contrast enhancement is fundamental to CT interpretation. Clinically, radiologists adjust
window width (WW) and window level (WL) to optimize visualization of soft tissues, lung
parenchyma, and bone, each requiring distinct window settings, as seen in Figure 3.1 Although
digital viewing systems allow rapid switching between window presets, repeatedly adjusting
WW/WL can be inefficient. Computational enhancement methods that simultaneously improve
visibility across multiple tissue ranges can therefore streamline interpretation.

(b)

Figure 3.1 Chest CT image shown with multiple window settings: (a) original image and
optimized brightness/contrast for (b) soft tissue, (c) bone, and (d) lung parenchyma. Adapted
from (Jin et al., 2001a)

Within histogram-based enhancement methods, two important techniques are Histogram
Equalization (HE) and Contrast Limited Adaptive Histogram Equalization (CLAHE)(Jin et al.,
2001a). Both have shown strong potential for improving the quality and diagnostic usefulness
of medical images. In many CT images, important features occupy only a small portion of the
available grayscale range. Contrast enhancement techniques expand this limited grayscale
region so that the structures of interest are displayed with greater clarity while maintaining the
overall image quality. The goal is to determine a suitable transformation between the original
gray levels and the output intensities so that the contrast between adjacent structures is
maximized.

Histogram-based techniques are among the most widely used computational approaches for
contrast enhancement in medical imaging. They aim to expand the limited grayscale range
occupied by diagnostically relevant features, thereby improving the separation between adjacent
structures. Histogram Equalization (HE) redistributes intensities to approximate a uniform
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histogram, effectively enhancing global contrast in images with narrow tonal ranges. However,
HE often amplifies noise and produces artificial-looking images, making it less suitable for
diagnostic CT (Jin et al., 2001a).

Adaptive Histogram Equalization (AHE) improves upon HE by computing local histograms
within pixel neighborhoods, enabling spatially adaptive enhancement. Yet, AHE tends to over-
amplify noise in homogeneous regions and may introduce halo or ring artifacts around strong
edges.

Contrast-Limited Adaptive Histogram Equalization (CLAHE) was designed to reduce these
limitations. CLAHE applies histogram equalization to small image tiles but constrains the
amplification of local histograms using a clipping limit, thereby suppressing noise while
preserving fine structural detail. Bilinear interpolation between neighboring tiles ensures smooth
transitions without boundary artifacts.

A multi-scale framework using AHE was described by(Jin et al., 2001a), who applied AHE at
different dyadic decomposition levels with window sizes adapted to each sub-band’s frequency
content. In qualitative comparisons among unsharp masking, HE, AHE, and CLAHE, expert
readers consistently preferred CLAHE-processed images for providing balanced enhancement
without excessive noise. Consequently, CLAHE has become a widely accepted reference
method for local contrast enhancement in CT and other modalities. Beyond CT, CLAHE has
been successfully applied in ultrasound, MRI, and X-ray imaging to enhance lesions and subtle
structures while maintaining noise stability. Its advantages include controlled local
enhancement, robustness to intensity heterogeneity, computational efficiency, and preservation
of diagnostic detail. Nonetheless, performance remains sensitive to parameter selection, and
CLAHE may not address global intensity disparities or may produce unnatural contrast
transitions in smoothly varying regions.

Recent research has explored noise-aware variants, hybrid global local enhancement pipelines,
and deep learning-based methods for automated parameter optimization, further improving the
adaptability and performance of CLAHE in clinical imaging workflows.

The study by (Jin et al., 2001a) compared several enhancement methods, including unsharp
masking, HE, AHE, and CLAHE, shown by Figure 3.2. Expert radiologists consistently
preferred the CLAHE-processed images, noting that they provided clearer structural detail
without over-enhancement or noise amplification. Based on their findings, CLAHE was selected
as the reference enhancement method for subsequent analyses.
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~(b)

Figure 3.2 Contrast enhancement of a chest CT image using traditional techniques: (a) original
image; (b) unsharp masking; (c) histogram equalization (HE); (d) adaptive histogram
equalization (AHE); and (e) contrast-limited adaptive histogram equalization (CLAHE).
Adapted (Jin et al., 2001a)

3.5 Unsharp Masking and Fractional-Derivative Filters

CT images often contain low-quality pixels, distortions, and various anomalous details that can
obscure lesion visibility and contribute to false detections. Image enhancement is therefore
necessary to mitigate these issues. One of the most widely used enhancement methods is unsharp
masking (UM), which generates a sharpened output image by adding a scaled high-pass—filtered
version of the input image back to the original. Although effective for contrast and edge
enhancement, conventional UM suffers from notable limitations: it tends to overshoot high-
contrast regions, introduces unwanted artifacts, and amplifies existing noise in the CT
scan.(Satish et al., n.d.; Shukla et al., 2022a)

To address these issues, previous study (Shukla et al., 2022a) have proposed integrating
fractional-derivative-based operators with UM. In particular, combining a Grunwald-Letnikov
(GL) fractional derivative mask with a Laplacian framework has been shown to improve texture,
edge definition, and overall contrast. The GL mask, an extension of the classical Euler method,
acts as a refined high-pass operator, reducing the excessive noise amplification characteristic of
traditional UM.
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In the modified approach, the CT image is first converted to grayscale, after which the GL
fractional derivative mask is applied and scaled using a factor between 0 and 1. The resulting
filtered image is then added back to the original grayscale image to produce the enhanced output.
Comparative results as provide in Figure 3.3 demonstrate that the modified UM technique
alleviates over-brightness and noise amplification, outperforming conventional UM in terms of
noise suppression, contrast improvement, and edge sharpening. An increase in the EME
percentage corroborates the visual enhancements achieved by the proposed method(Shukla et
al., 2022a).

(a) (b)

Figure 3.3: Unsharp masking comparison: (a) original image, (b) conventional UM, and (c)
GL-based improved UM. Adapted from(Shukla et al., 2022a)
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3.6 Comprehensive Literature Review of the study

Deep learning has rapidly advanced the detection and classification of pulmonary nodules on
chest CT images. Early CAD systems based on handcrafted features have been replaced by 3D
CNNs, transfer learning, and multi-scale architectures, which greatly improve nodule
identification and benign—malignant discrimination. Recent trends emphasize attention
mechanisms, lightweight models for real-time use, and CT enhancement techniques such as
super-resolution to boost CAD accuracy. Multimodal approaches integrating radiomics, clinical
data, and longitudinal CT information further enhance malignancy prediction. Collectively,
these advances point toward more accurate, efficient, and clinically integrated Al tools for lung
cancer screening and diagnosis.

This section synthesizes major research contributions in lung nodule detection and classification
over the past decade. Studies are reviewed in sequential and methodological order, highlighting
datasets used, preprocessing pipelines, deep learning architectures, and evaluation metrics. Each
study’s strengths and limitations are analyzed to identify gaps relevant to the development of
the proposed framework.

(J. Gong et al., 2018) proposed an automated computer-aided detection (CADe) scheme for
pulmonary nodule detection that combines 3D tensor filtering with local image feature analysis.
The system was evaluated on two benchmark datasets: LUNA16(Setio et al., 2017b) and
ANODEOQ9(B. S. M. P. M. et al. van Ginneken, 2010). LUNA16 comprises 888 CT scans with
1,186 nodules extracted from the LIDC-IDRI database (slice thickness >2.5 mm, 120-140 kV,
40-627 mA), with each nodule annotated by four radiologists and the reference standard defined
as nodules >3 mm agreed upon by at least three radiologists. ANODEO9 provided an
independent validation set of five CT scans containing 39 nodules from the NELSON trial,
reconstructed at 0.7 mm thickness and annotated by expert radiologists.

The proposed CADe workflow included lung volume segmentation, isotropic CT resampling,
andidate detection using a 3D tensor filtering algorithm with local feature analysis, boundary
refinement via 3D level-set segmentation, and feature selection using a Correlation-based
Feature Selection (CFS) evaluator. Final classification was performed using a random forest
classifier, with comparisons to J48 decision tree, logistic regression, and SVM models. Using
10-fold cross-validation, the method achieved a sensitivity of 79.3% at 4 false positives per scan
(FP/scan) on LUNA16 and 84.62% at 2.8 FP/scan on ANODE(09. The combination of
volumetric tensor filtering and machine-learning-based false-positive reduction demonstrated
clear improvements in candidate detection and overall robustness.

However, several limitations were identified, including the small size of the independent
ANODEQ9 validation set, lack of detailed nodule subtype labels, and assumptions that nodules
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are ball- or dot-like, which may reduce accuracy for irregular or attached lesions. Additionally,
the study lacked clinical validation, leaving the real-world applicability of the system untested.

(L. Gong et al., 2019) proposed a fully automated computer-aided detection (CADe) system for
pulmonary nodule detection using 3D deep convolutional neural networks augmented with
squeeze-and-excitation residual (SE-ResNet) modules. The framework integrates a 3D U-Net—
based region proposal network (RPN) for candidate generation with a 3D SE-ResNet classifier
for false-positive reduction, enabling accurate identification of nodules across a broad size range,
including very small lesions (<5 mm). The system was assessed on the LUNA16 dataset(Setio et
al., 2017b), comprising 888 CT scans and 1,186 nodules, with reference labels established by the
consensus of at least three of four expert radiologists. Performance was evaluated using tenfold
cross-validation to ensure robustness.

The method demonstrated high detection capability, achieving sensitivities of 93.6% and 95.7%
at 1 and 4 false positives per scan, respectively, and a CPM score of 0.904. Its strong
performance on multi-size nodules, particularly extremely small nodules, was emphasized as a
major advantage. Nonetheless, the study acknowledged several limitations, including the
substantial computational burden of 3D DCNNs, challenges in segmenting nodules with
irregular shapes or adjacent structures, and underrepresentation of certain nodule types within
the LUNA16 dataset(Setio et al., 2017b). The authors highlighted the need to extend the system
toward diagnostic classification in future work to enhance its clinical utility.

(Kozuka et al., 2020) evaluated whether a deep learning—based CAD system could enhance
pulmonary nodule detection by less experienced radiologists and reduce reading time. The
reference standard for nodules >3 mm was established by a panel of three expert radiologists
(26, 6, and 12 years of experience). Two senior radiologists independently marked all nodules,
and disagreements were resolved by a third expert. This expert consensus served as the gold
standard for evaluating reader performance.

Two less experienced radiologists (5 and 1 year of experience) then interpreted 120 chest CT
scans in two sessions: first without CAD, and after a 14-day interval, with CAD assistance.
True-positive, false-positive, and false-negative findings were determined based on agreement
with the expert-derived gold standard. The CAD system, built on a two-stage Faster R-CNN
architecture comprising a region proposal network (RPN), ROI pooling, and
classification/regression heads, analyzed 1-mm reconstructed images and detected solid, part-
solid, calcified, and ground-glass nodules.

CAD support substantially improved detection performance. Overall sensitivity increased from
20.9% to 38.0%, with significant gains for small nodules (3—6 mm: 13.7% to 32.4%) and
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medium nodules (6—-10 mm: 33.3% to 47.6%). Although PPV decreased slightly (70.5% to
61.8%), the F1-score rose from 32.2% to 47.0%, and reading time decreased by 11.3%. CAD
alone achieved a sensitivity of 70.3%, PPV of 57.9%, and an F1-score of 63.5%, highlighting
its potential value as an assistive tool for novice readers.

The authors noted several limitations: absence of histologic confirmation, reliance on 1-mm
thin-slice images rather than standard 5-mm clinical protocols, and possible unfamiliarity of
junior readers with thin-slice interpretation. Lower sensitivity compared with prior literature
likely reflected reader inexperience and the inherent ambiguity of defining lung nodules,
especially ground-glass and pleural-adjacent lesions. The study emphasized the need for broader
validation and the integration of automated nodule detection to support more reliable
deployment in clinical settings.

(S. Zhang et al., 2019a) presented a transfer learning-enhanced convolutional neural network
based on the classic LeNet-5 architecture for pulmonary nodule classification using thoracic CT
images from the LIDC-IDRI dataset(Armato, McLennan, Bidaut, McNitt-Gray, et al., 2011).
Their approach employed a two-stage binary classification scheme: initially differentiating
malignant nodules from non-nodule structures >3 mm, followed by classifying malignant
nodules into serious- and mild-malignant categories according to radiologist-assigned
malignancy scores. Image annotations were provided by four experienced thoracic radiologists,
and the dataset was divided into training (80%), validation (10%), and testing (10%) subsets.
To mitigate the constraints of limited sample size, the authors applied rotation- and shift-based
augmentation and incorporated transfer learning to enhance feature representation. Ten-fold
cross-validation was used to evaluate model robustness and generalizability.

The LeNet-5 model demonstrated strong performance, achieving 97.041% accuracy in
distinguishing malignant nodules from non-nodules and 96.685% accuracy in differentiating
malignancy severity, outperforming AlexNet on the same dataset. Despite these favorable
results, the authors acknowledged key limitations, including reliance on transfer learning,
restricted availability of annotated training data, and potential loss of spatial detail resulting
from resizing CT images from 512 x 512 to 64 x 64, which may limit broader clinical
applicability.

(Y. Wang et al., 2020) introduced a multi-path, multi-scale convolutional neural network
(ConvNet) for classifying pulmonary nodules as benign or malignant, addressing the wide
variability in nodule size, shape, and appearance in CT scans. The architecture employs multi-
scale convolutional layers to capture both fine-grained local details and broader global
structures, while parallel feature-extraction paths enhance representation diversity. The model
was trained and evaluated on the LUNGx Challenge dataset(Armato et al., 2015a) using fivefold
cross-validation. Preprocessing included contrast normalization and extensive augmentation
random rotations (0—359°), horizontal-vertical flips, and 20% bounding-box translations to
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generate spatial variability and reduce overfitting. Implemented in Caffe and optimized with
Adagrad, the proposed ConvNet achieved a sensitivity of 0.887, specificity of 0.924, and an
AUC of 0.948, marking a 14% improvement over state-of-the-art unsupervised approaches and
surpassing several existing ConvNets. When used as a CADx tool, it further enhanced
radiologists’ diagnostic performance, yielding a 23% increase in AUC.

Despite these strengths, the study faced limitations, including a small dataset, class imbalance,
and the need for manually cropped nodule regions, which limits scalability and clinical
applicability. The authors recommended integrating automated nodule detection in future work
to support fully end-to-end medical imaging workflows.

(Raza et al., 2023) introduced Lung-EffNet, a transfer-learning framework built on
EfficientNetB1 for classifying lung CT images into three categories: benign, malignant, and
normal. The study used the IQ-OTH/NCCD dataset(alyasriy, 2023) consisting of 1,097 CT
slices (120 benign, 561 malignant, 416 normal) and applied an 80:20 train—test split.
Preprocessing included lung-region cropping to remove irrelevant background, resizing to 240
x 240 x 3, standardization, normalization, and label encoding. To address severe class
imbalance, the authors implemented targeted augmentation in the training set: benign images
were augmented 13-fold, malignant 2-fold, and normal 3-fold using rotations, flips, brightness
changes, zoom, and spatial shifts. EfficientNet variants (B0O—-B4) were fine-tuned for 50 epochs,
with 10% of training images randomly selected each epoch for validation to monitor overfitting;
EfficientNetB1 demonstrated the strongest performance.

Lung-EffNet achieved 99.10% accuracy, 98.63% precision, and ROC-AUC values between
0.97 and 0.99, outperforming several state-of-the-art CNNs. The model showed perfect
precision for malignant cases and high specificity for normal images, highlighting the
effectiveness of targeted augmentation and fine-tuning in enhancing discriminative
performance.

The authors noted limitations related to the small dataset size, the risk of overfitting inherent to
deep CNNSs, and restrictions on publicly available annotated medical data. They recommended
expanding datasets, exploring synthetic augmentation methods such as GANs, and validating
the framework on larger, multi-institutional cohorts to improve generalizability.

Saha, Ganie, Pramanik, and colleagues (Saha et al., 2024) introduced VER-Net, an ensemble
transfer-learning framework for multiclass lung cancer detection using CT images. The model
integrates VGG19, EfficientNetB0, and ResNet101 to enhance feature representation across
four lung cancer classes. The dataset, sourced from Kaggle, initially contained 1,000 CT images
of adenocarcinoma, squamous cell carcinoma, and large-cell carcinoma, which were expanded
to 1,653 images through random oversampling. Image preprocessing involved standardization,
normalization, and resizing to 460 % 460 x 3, followed by data augmentation using shear (0.2),
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zoom (0.2), rotation (24°), and both horizontal and vertical flipping. The final dataset was
divided into training (64.48%), testing (26.98%), and validation (8.52%) subsets. VER-Net
demonstrated strong performance, surpassing eight competing transfer-learning models and
achieving 91% accuracy, 92% precision, 91% recall, and an F1-score of 91.3%. These results
highlight the effectiveness of ensemble fusion in stabilizing predictions and improving
multiclass discrimination relative to individual CNNs.

Despite its strengths, the study acknowledged several challenges, including potential distortions
introduced by aggressive augmentation, the inclusion of low-resolution images in parts of the
dataset, and increased computational demands inherent to ensemble architectures. The authors
suggested that future work explore more efficient variants of the model and extend the
framework to chest X-ray analysis and lung cancer severity assessment.

(Kumaran S et al., 2024a) proposed an integrated deep learning framework for lung cancer
classification that combines features extracted from three pretrained CNNs, VGG16, ResNet50,
and InceptionV3. The study used the publicly available IQ-OTH/NCCD dataset(alyasriy, 2023),
comprising 120 benign, 561 malignant, and 416 normal CT images collected from an oncology
center in Iraq. Preprocessing included resizing to 256 x 256 pixels, grayscale conversion,
normalization, and augmentation (rotation, translation, and Gaussian blurring). Class imbalance
was addressed using SMOTE. Features generated by the three CNN backbones were
concatenated and passed through dense layers to perform final classification. The model
achieved high performance, with an overall accuracy of 98.18% and strong precision, recall,
and F1-scores across all categories. It demonstrated near-perfect detection of malignant cases
and robust discrimination of benign and normal images, indicating the benefit of multi-
architecture feature fusion. Grad-CAM visualizations were used to highlight salient regions
influencing network predictions, improving interpretability from a clinical perspective.

However, the authors noted several limitations, including limited dataset diversity, potential
demographic and acquisition-related biases, and challenges in generalizing performance to
broader clinical environments. They emphasized the need for validation on heterogeneous
datasets, improved model explainability, and strategies to enhance computational efficiency for
real-world deployment.

(Majumder et al., 2024) proposed MENet, an ensemble deep learning framework that integrates
the prediction outputs of three pretrained CNN architectures: Xception, InceptionResNetV2,
and MobileNetV2, that using a fuzzy ranking fusion strategy based on the Mitscherlich function.
This approach was designed to exploit complementary feature representations from each
network and enhance overall classification robustness.

The model was trained and tested on two CT datasets: the [Q-OTH/NCCD dataset(alyasriy,
2023), comprising 120 benign, 561 malignant, and 461 normal images, and the LIDC-IDRI
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dataset (Armato, McLennan, Bidaut, McNitt-Gray, et al., 2011)for external generalization.
Transfer learning was applied to each base network prior to ensemble fusion. MENet achieved
99.54% accuracy on IQ-OTH/NCCD and 95.75% accuracy on LIDC-IDRI, outperforming
individual classifiers and several prior state-of-the-art models. The results underscore the
effectiveness of ensemble strategies in stabilizing predictions across heterogeneous imaging
datasets.

Despite its strong performance, the model exhibited reduced sensitivity for micro-nodules (<3
mm) and generated false-positive and false-negative predictions that could impact clinical
applicability. The authors also noted challenges in comparing results across studies due to
dataset inconsistencies and highlighted the need for lightweight architectures and improved
interpretability to facilitate real-world deployment.

(Kumar et al., 2024) developed a deep learning—based decision support system for lung cancer
prediction, focusing on improving diagnostic accuracy across four CT-based categories: normal
lung (Class 0), large cell carcinoma (Class 1), adenocarcinoma (Class 2), and squamous cell
carcinoma (Class 3). Using 1,000 DICOM images from the LIDC-IDRI dataset(Armato,
McLennan, Bidaut, McNitt-Gray, et al., 2011), the authors applied transfer learning to three
pretrained CNN architectures: ResNet-50, EfficientNet-B3, and ResNet-101, each fine-tuned to
classify the four categories. Data augmentation was employed to mitigate overfitting, and an
ensemble fusion strategy was used to stabilize predictions and enhance robustness. Models were
trained using the Adam optimizer (learning rate = 0.001) for 35 epochs with a batch size of 32,
incorporating batch normalization, dropout, fully connected layers, and softmax activation.

The ensemble framework achieved superior performance relative to all individual models,
reaching 99.44% accuracy and 100% precision for squamous cell carcinoma, demonstrating the
diagnostic value of combining multiple pretrained architectures. However, the authors noted
several challenges, including the limited dataset size, potential overfitting, and reliance on a
narrow range of model architectures. They emphasized the need for larger and more diverse
imaging datasets, improved annotation quality, and further architectural refinement to enhance
clinical applicability and generalizability.

(Klangbunrueang et al., 2025) investigated the performance of a pretrained VGG16 model for
CT-based lung cancer detection in a three-class classification setting. Using 1,097 CT images
from a public dataset, the authors applied rotation, scaling, and flipping for augmentation and
adapted VGG16 through ImageNet-based transfer learning followed by fine-tuning on the
medical dataset. Model performance was assessed using a 10% holdout test set to ensure that
evaluation data remained unseen, with the authors noting that cross-validation was not
implemented due to computational limitations. To enhance interpretability, Grad-CAM
heatmaps were generated and overlaid on CT images, with radiologists annotating relevant areas
such as nodules and lesions. This approach provided visual confirmation that the network’s
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attention aligned with clinically meaningful regions, thereby improving confidence in model
decisions.

Among all evaluated architectures: including ResNet50, MobileNetV2, and InceptionV3,
VGG16 achieved the highest accuracy (98.18%), establishing it as a strong baseline model for
lung cancer classification using 2D CT images. However, the authors acknowledged limitations
related to the small dataset size, manual data splitting, and reliance on 2D inputs, which may
restrict generalizability. They recommended future work involving larger datasets, 3D or multi-
view imaging, and the exploration of advanced architectures such as Vision Transformers or 3D
CNNs, as well as the use of interpretable Al techniques like SHAP or LIME.

(UrRehman et al., 2024) proposed a customized CNN architecture incorporating a dual attention
mechanism to enhance the detection and classification of pulmonary nodules, particularly
addressing challenges related to limited labeled samples and background interference in CT
images. The model was trained on the LUNA16 dataset and used SimplelTK for preprocessing,
with data augmentation applied to broaden sample variability. Training employed stochastic
gradient descent with adaptive learning-rate scheduling and binary cross-entropy loss to
optimize convergence. The proposed framework demonstrated strong diagnostic capability,
achieving 94.69% sensitivity and an AUC of 98.00%, outperforming several recent approaches
and showing reliable discrimination between benign and malignant nodules. The study also
acknowledged practical constraints, including the high memory and computational demands of
3D architectures, the need to balance accuracy with available computing resources, and
challenges in selecting optimal decision thresholds for clinical deployment.

(Canayaz et al., 2024) proposed an integrated deep learning framework for pulmonary nodule
analysis, combining classification and segmentation to support early lung cancer diagnosis. The
dataset consisted of CT images from a clinical cohort: 199 images from 29 malignant cases, 202
images from 68 benign cases, and 343 normal lung images from 67 patients, used across both
tasks. For segmentation, the authors employed U-Net, LinkNet, and FPNet architectures with
InceptionV3, DenseNetl21, and SeResNet101 backbones, while nodule classification was
performed using their hybrid C-EffxNet model. All models were trained with the Adam
optimizer (learning rate 0.0005), categorical cross-entropy loss, batch size 8, and 100 epochs.
The proposed system demonstrated strong performance. C-EffxNet achieved 97.98% accuracy,
98.02% precision, and an F1-score of 0.9798, with a Cohen’s kappa of 0.969. For segmentation,
the best results reached a Jaccard index of 0.8026 and a Dice coefficient of 0.8877, indicating
robust delineation of nodule boundaries across architectures. The authors noted that clinical
applicability could be further improved through larger datasets and a unified interface
combining both segmentation and classification in a single workflow.

(Li et al., 2023) proposed a multimodal, graph-based deep learning framework for multiclass
classification of lung adenocarcinoma nodules, representing one of the first attempts to integrate
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convolutional radiomics, semantic clinical descriptors, and graph neural networks (GNNs)
within a unified predictive model. The study included 338 patients, divided into 80% training
and 20% testing, with fivefold cross-validation. Regions of interest extracted from CT scans
were processed through both CNNs and radiomics pipelines, and the resulting feature sets were
fused using a graph-embedding representation module. A graph database incorporating nine
semantic and clinical attributes such as nodule type, spiculation, lobulation, vacuole sign, air
bronchogram, vessel morphology, tumor—lung interface, and pleural indentation, served as the
structural foundation for GNN-based node classification.

To address incomplete or uncertain graph connections, an edge-generation network using GCN-
based convolution and sigmoid functions was introduced to improve relational consistency and
model stability. Node classification was performed using Graph Convolutional Networks
(GCN) and Graph Attention Networks (GAT), with standard data augmentation applied to ROI
patches. Classical machine-learning models (SVM, Random Forest, AdaBoost) were included
as baselines. The multimodal GNN framework outperformed traditional classifiers and achieved
performance comparable to state-of-the-art deep learning approaches, reporting an accuracy of
66.3%, AUC of 75.9%, Fl-score of 64.0%, and MCC of 48.4%. Incorporating the edge-
generation module consistently improved predictive performance, while the combined use of
semantic and clinical features enhanced model interpretability and better aligned predictions
with radiological reasoning.

Limitations included the instability of graph construction due to subjective semantic
annotations, challenges in augmenting multimodal data, and reliance on accurate manual
labeling of nodule signs, which restricts applicability in fully automated workflows. The authors
highlighted the need for more robust graph-building strategies and improved multitask detection
of radiological signs to support broader generalizability.

(Qiu et al., 2022) proposed a deep learning approach leveraging sequential CT imaging to
distinguish benign from malignant pulmonary ground-glass nodules (GGNs). The retrospective
study included 762 patients, with 508 used for model development (1,524 CT sections) and 256
reserved for testing. A DenseNetl21-derived network was employed to extract temporal
features from two CT scans obtained at different time points, capturing longitudinal changes in
nodule appearance. Data augmentation techniques including random shifts, rotations, flips, and
zooming were applied to reduce overfitting, and the model was pretrained on ImageNet and
fine-tuned using the GGN dataset. Extracted deep features were combined with clinical
predictors and incorporated into a malignancy-prediction framework using ridge regression.
Model performance was benchmarked against two trained radiologists through an observer
study. The integrated model achieved an AUC of 0.841, outperforming a junior radiologist and
performing comparably to a senior radiologist. Diagnostic accuracy improved for larger nodules
(>10 mm) and with longer follow-up intervals, emphasizing the added value of temporal
imaging features.
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The authors noted limitations, including potential selection bias due to the single-center
retrospective design and the limited interpretability of the deep learning model. They
highlighted the need for external validation to strengthen generalizability and for future methods
capable of enhancing transparency in model decision-making.

(Y. Liu et al.,, 2024) investigated whether incorporating the fibrotic microenvironment
surrounding lung nodules could improve malignancy classification on chest CT. Their
framework used two datasets: the publicly available LIDC-IDRI dataset (n = 1018) for nodule
segmentation and model pre-training, and an in-house cohort of 1088 CT scans collected from
4500 patients for classification. In the in-house dataset, a senior radiologist annotated each
nodule with a single-point marker using the VGG Image Annotator (VIA) tool.

Two 3D deep learning models were employed: a segmentation network to localize nodules and
a classification network designed to differentiate malignant from benign nodules while also
detecting fibrotic tissue in the surrounding parenchyma. To assess the contribution of the
microenvironment, the authors generated three types of inputs: (1) nodule-only volumes, (2)
nodules with their immediate microenvironment, and (3) nodules supplemented with semantic
fibrosis metadata derived from a 3D attention-gated network (3D AG-Net). Classification was
performed on 64 % 64 x 64 voxel patches using biopsy findings and radiologist reports as ground
truth, and performance was evaluated through ten-fold cross-validation. The results
demonstrated that including microenvironment information improved malignancy prediction,
and the addition of fibrosis metadata yielded the highest accuracy and AUC. These findings
highlight the potential diagnostic value of fibrosis-related contextual features, given their higher
prevalence around malignant nodules.

Several limitations were noted. Shrinking nodules were automatically labeled as benign, which
may underestimate classification accuracy because some decreasing lesions can still represent
malignancy. In addition, segmentation errors such as partial removal of nodule boundaries or
leakage of surrounding tissue could propagate into the classification stage and influence
performance estimates. The authors suggested that more advanced segmentation approaches
(e.g., AMSUnet or Dual-Branch U-Net) may reduce such errors. To their knowledge, this study
is the first to evaluate the contribution of the fibrotic microenvironment in deep learning—based
lung nodule classification.

(Lin et al., 2024) developed a multi-task learning framework that integrates deep learning,
handcrafted radiomics, and clinical variables to support comprehensive lung nodule
characterization, including benign—malignant classification, pathological subtype prediction,
and Lung-RADS scoring. The study utilized three datasets: LUNA16 (n = 1004) for
benign/malignant classification, the Lung Nodule Received Operation (LNOP) cohort (n =
1027) for pathological subtype prediction, and the Lung Nodule in Health Examination (LNHE)
dataset (n = 1525) for Lung-RADS categorization. A stacked ensemble based on an AutoGluon-
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Tabular classifier combined features extracted from a modified 3D CNN architecture
(NASLung), radiomics features generated using PyRadiomics, and structured clinical
information such as patient demographics and nodule characteristics. Image preprocessing
included voxel resampling, Hounsfield unit normalization, and cropping to standardize input
volumes. Three-dimensional tumor ROIs were manually segmented slice-by-slice by
experienced thoracic specialists using a Python-based GUI, applying a lung window to ensure
precise delineation of nodule boundaries while excluding mediastinal and chest wall structures.
Model performance was evaluated using ten-fold cross-validation across the three tasks. The
integrated model achieved 92.8% accuracy for benign—malignant classification, an F1-score of
75.5% for pathological subtype prediction, and an Fl-score of 80.4% for Lung-RADS
classification. Results showed higher accuracy for clearly defined categories such as Lung-
RADS 2 and 4B/4X, whereas intermediate categories (Lung-RADS 3 and 4A) were more
challenging, reflecting their inherent ambiguity. The model demonstrated strong discriminative
ability for severe categories, achieving 93.3% accuracy for the 4B/4X group.

The authors identified several limitations. Manual segmentation was required to extract
radiomics features, limiting scalability and introducing operator dependency. Additionally, the
model could not incorporate temporal assessment of nodule growth an essential component of
Lung-RADS categorization because longitudinal CT scans were unavailable. They emphasized
that future research should integrate automatic or semi-automatic segmentation tools and
temporal imaging analysis to more accurately model growth patterns and improve Lung-RADS
risk stratification

(K. Wang et al., 2025) proposed an integrated predictive framework that combines radiomics
and 2.5D deep transfer learning (DTL) to distinguish benign from malignant Lung-RADS 3 and
4A nodules. Their multicenter retrospective cohort included 298 patients from three institutions.
Dataset allocation consisted of a training set (n=172) and test set (n=75) from Center 1, with an
independent validation set from Centers 2 and 3 (n=51). Clinical variables such as age, gender,
smoking status, and nodule characteristics were also included to enhance diagnostic modeling.

The authors developed three models: a radiomics-only model (Rad), a DTL model, and a fused
deep transfer radiomics (DTR) model. Radiomics features comprising shape descriptors, first-
order intensity metrics, and texture features were extracted from manually segmented ROIs
using PyRadiomics. Reproducibility was assessed through intraclass correlation coefficients
(ICC), retaining features with ICC > 0.75. Highly correlated features (Pearson r > 0.9) were
removed to reduce redundancy. Least Absolute Shrinkage and Selection Operator (LASSO)
regression with 10-fold cross-validation was then applied for final feature selection and to
minimize overfitting. For DTL, the slice with the largest ROI cross-sectional area was selected,
together with 1 and +2 adjacent slices, producing a 2.5D five-slice representation that
preserved spatial context. Deep features were extracted from the penultimate layer of the
optimized network, selected using cross-entropy loss and Grad-CAM visualization. Principal
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component analysis (PCA) was used to reduce dimensionality and enhance feature compactness.
Classification across all models was performed using Support Vector Machines. For the
integrated DTR approach, deep and radiomics features were fused using a pre-fusion strategy.
Hyperparameters for both LASSO and SVM were optimized using cross-validation.

The DTR model demonstrated the best performance, achieving AUCs of 0.975 (training), 0.851
(testing), and 0.727 (external validation), and showing strong specificity (0.895) and a high
positive predictive value (0.956). These findings suggest that combining radiomics with deep
semantic features can enhance risk stratification for indeterminate Lung-RADS categories and
potentially reduce unnecessary follow-up interventions. However, the study is limited by its
modest sample size, restricted focus on Lung-RADS 3 and 4A nodules, and the inherent
selection bias of a retrospective design. Broader validation across diverse populations and
nodule categories is needed to confirm the model’s clinical utility.

(Jeong et al., 2024) analyzed a dataset of 970 chest CT scans collected at the Kangbuk Samsung
Medical Center (KBSMC) between 2017 and 2019, of which 832 were reviewed by radiologists
500 with pulmonary nodules and 332 without. All nodule annotations were performed
independently by three radiologists. The dataset, retrieved from the PACS system, also included
scanner and demographic metadata. Their study investigated the effectiveness of a deep
learning—based slice thickness reduction (STR) technique, designed to reconstruct 1-mm thin-
slice images from 5-mm scans to enhance CAD performance. Using a retrospective dataset of
687 chest CT scans, the authors applied VUNO Med LungCT-Al, a CNN-based super-
resolution model trained on paired thick- and thin-slice CT images. The training used MSE loss,
the ADAM optimizer (learning rate = 0.0001), and augmentation techniques such as rotation
and flipping. Since only 5-mm images were available, the 5-mm STR model was exclusively
used. The STR technique demonstrated meaningful gains, improving CAD AUC from 0.867 to
0.902 and increasing nodule-level sensitivity from 0.826 to 0.916, particularly for small nodules.
It also improved differentiation of ground-glass versus part-solid nodules, enhancing diagnostic
precision. However, as the authors acknowledge, the single-center design limits generalizability,
and the absence of true 1-mm reference scans prevents fully independent validation. As a result,
qualitative assessments were based on synthetic 1-mm reconstructions rather than true ground
truth. Future studies should incorporate multi-center datasets and real thin-slice references to
more rigorously evaluate STR performance.

(Mahmoud et al., 2025) presented a recent evaluation of lightweight deep learning architectures
for lung cancer classification in CT images, aiming to establish efficient models suitable for
deployment in resource-limited clinical environments. The study compared three pretrained
lightweight networks, MobileOne-S0, FastViT-S12, and MambaOut-Femto using two
heterogeneous datasets that differed in scanner vendors, reconstruction kernels, and institutional
protocols. The private dataset included 274 cases (936 images) acquired on Siemens Definition
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AS+ scanners, while the public Jian dataset (Jian et al., 2024)contained 95 cases (308 images)
reconstructed using GE, Siemens, and UIH systems with high-frequency kernels (B60f, B70f).

Model performance was optimized using a held-out 70/15/15 split to select the best
hyperparameter configuration, which was then applied across stratified 5-fold cross-validation
to assess robustness. Training incorporated standard augmentation and early-stopping strategies,
and evaluation metrics included AUC, accuracy, recall, specificity, and class-wise performance.
Across both datasets, MambaOut-Femto achieved the strongest balance of accuracy, speed, and
memory efficiency, outperforming the other lightweight models and demonstrating clear
suitability for low-resource clinical settings. The authors noted limitations such as small dataset
size, slice-level partitioning effects, and limited generalizability, underscoring the need for
larger multi-institutional validation and more quantitative interpretability assessments.

A recent study (J. Liu et al., 2024) developed and validated an interpretable radiomics-based
model to distinguish likely benign from likely malignant pulmonary nodules using synthetic
LDCT images generated from standard-dose CT (SDCT) scans. The study demonstrated that
synthetic LDCT images are both feasible and effective for building a relatively accurate
radiomics model. This approach helps address the limited availability of annotated LDCT
datasets and may contribute to improved lung cancer detection while reducing false-positive
rates. Using degraded SDCT images also provides a practical solution to data scarcity, enabling
training on both SDCT and synthetic LDCT images and supporting the development of more
generalizable models. The findings further highlight the important contribution of shape and
size features to improving classification performance. To generate synthetic LDCT images,
SDCT scans were degraded using a sinogram-domain low-dose simulation technique described
by (Zeng et al., 2015). The dataset was divided into training, validation, and testing sets.
Radiomic features were extracted using PyRadiomics, and three feature sets were evaluated: (1)
shape and size (SS) features only, (2) all features excluding SS features, and (3) all features.
Feature selection was applied to each subset, and multiple machine-learning models were
trained and validated. SHAP (Shapley Additive exPlanations) analysis was used to interpret the
final model predictions(Lundberg et al., n.d.). The results showed that synthetic LDCT images
can be used effectively for radiomics-based lung nodule classification. A logistic regression
model using only three shape and size features achieved high performance, reinforcing the
relevance of these features within the dataset. The use of degraded SDCT images provided a
practical solution to the limited availability of annotated LDCT scans.

The study has several limitations. The dataset was not specifically designed for nodule
classification or screening, and the work remains preliminary, requiring further validation. Due
to the absence of paired LDCT-SDCT data, the degradation method could not be fully validated.
External validation is also needed to confirm the findings. Although the analysis was based on
the large, multi-center LIDC-IDRI dataset (Armato, McLennan, Bidaut, McNitt-Gray, et al.,
2011) and therefore relatively robust, additional testing on independent datasets would
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strengthen the conclusions. Future work should include validating the model on external datasets
and training deep learning models on degraded SDCT images to compare their performance
with other state-of-the-art approaches.
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3.7 Analysis of Literature Review

This section is highlighted every study contribution and its limitation and how our study fills
theses gaps.

(J. Gong et al., 2018) proposed a CADe system for pulmonary nodule detection combining 3D
tensor filtering with machine-learning—based false-positive reduction, evaluated on
LUNA16(Setio et al., 2017a) and ANODEO9(B. van Ginneken et al., 2010). However, the study
focused solely on detection, relied on heterogeneous datasets without dose-aware analysis, used
limited external validation, and lacked clinical or standardized risk stratification.

(L. Gong et al., 2019) developed a high-performing 3D CNN-based CADe framework using U-
Net and SE-ResNet architectures for pulmonary nodule detection, achieving strong sensitivity
on LUNA16. Nevertheless, evaluation was restricted to internal cross-validation, without
external or clinical validation, dose-aware modeling, or clinically standardized risk
classification.

(S. Zhang et al., 2019a) proposed a transfer learning—based LeNet-5 CNN for pulmonary nodule
classification using LIDC-IDRI(Armato, McLennan, Bidaut, McNitt-Gray, et al., 2011).
However, evaluation relied on internal cross-validation only, used coarse image down-sampling
that may degrade spatial detail, lacked dose-aware analysis and external or clinical validation,
and did not align classification with standardized clinical risk systems.

(Kozuka et al., 2020) evaluated a deep learning—based CAD system as an assistive tool for less
experienced radiologists and showed improved detection sensitivity and reduced reading time.
However, the study lacked histopathological validation, relied on thin-slice (1-mm) images
rather than standard clinical protocols, did not assess dose variability, and focused on reader
assistance rather than clinically standardized risk stratification or external validation.

(Y. Wang et al.,, 2020) proposed a multi-path, multi-scale CNN for benign—malignant
pulmonary nodule classification, evaluated on the LUNGx Challenge dataset(Armato et al.,
2015a). However, the study relied on a small and imbalanced dataset, required manually
cropped nodules, used internal cross-validation only, and lacked dose-aware analysis, automated
end-to-end workflows, and external or clinical validation.

(Raza et al., 2023) proposed Lung-EffNet, an EfficientNet-based transfer-learning framework
for lung CT image classification using the IQ-OTH/NCCD dataset(alyasriy, 2023). However,
the study relied on a small single-source dataset with slice-level labels, used internal train—test
splitting only, lacked dose-aware analysis, clinical (biopsy) validation, and alignment with
standardized clinical risk stratification frameworks.

(Saha et al., 2024b) proposed VER-Net an ensemble transfer-learning framework for multiclass
lung cancer classification using a Kaggle CT dataset, (Saha et al., 2024b) proposed VER-Net.
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However, the study relied on a single non-clinical dataset with aggressive augmentation, used
internal validation only, lacked dose-aware analysis and biopsy-confirmed outcomes, and did
not align predictions with standardized clinical risk frameworks.

(Kumaran S et al., 2024b) proposed a multi-CNN feature fusion framework for lung cancer
classification using the IQ-OTH/NCCD dataset. However, the study relied on a single-source
dataset with internal validation only, lacked dose-aware analysis and biopsy-confirmed
outcomes, and did not align predictions with standardized clinical risk stratification, limiting
generalizability to real-world clinical settings.

An ensemble CNN framework for lung CT classification (Majumder et al., 2024) proposed
MENet, which is evaluated on IQ-OTH/NCCD and LIDC-IDRI. However, the study relied on
slice-level datasets with internal validation, lacked dose-aware analysis and biopsy-confirmed
outcomes, showed reduced sensitivity for micro-nodules, and did not align predictions with
standardized clinical risk stratification.

(Kumar et al., 2024) developed an ensemble deep learning decision-support system for
multiclass lung cancer prediction using LIDC-IDRI. However, the study relied on a limited
single-source dataset with internal validation only, lacked dose-aware analysis and biopsy-
confirmed outcomes, and did not align predictions with standardized clinical risk stratification,
restricting real-world generalizability.

(Klangbunrueang et al., 2025) evaluated a VGG16-based transfer-learning model for three-class
lung cancer classification using 2D CT images. However, the study relied on a small single-
source dataset with a simple holdout split, lacked cross-validation, dose-aware analysis, 3D
contextual modeling, and biopsy confirmed or standardized clinical risk stratification, limiting
generalizability.

(UrRehman et al., 2024) proposed a dual-attention CNN for pulmonary nodule classification,
evaluated on LUNA16. However, the study relied on a single benchmark dataset with internal
evaluation only, lacked dose-aware analysis, external or clinical validation, and standardized
risk stratification, while high computational demands limit practical clinical deployment.

(Canayaz et al., 2024) proposed a combined segmentation classification deep learning
framework for pulmonary nodule analysis using a small clinical CT cohort. However, the study
relied on limited single center data, lacked dose-aware analysis, external or biopsy confirmed
validation, and did not align classification outputs with standardized clinical risk stratification,
constraining generalizability and clinical deployment.

(L1 et al., 2023) proposed a multimodal graph based deep learning framework combining CNN
features, radiomics, and semantic clinical descriptors for multiclass lung adenocarcinoma
classification. However, the approach relied on manually annotated semantic features, exhibited
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modest classification performance, lacked dose-aware analysis, external or biopsy confirmed
validation, and faces scalability challenges for fully automated clinical deployment.

(Qiu et al., 2022) proposed a longitudinal deep learning model combining sequential CT
imaging and clinical predictors for classifying pulmonary ground-glass nodules. However, the
study was limited by a single center retrospective design, internal validation only, lack of dose-
aware analysis and biopsy-confirmed outcomes, and absence of standardized clinical risk
stratification, restricting generalizability.

(Y. Liu et al., 2024) investigated incorporating fibrotic microenvironment features into deep
learning—based lung nodule malignancy classification using LIDC-IDRI and an in-house cohort.
However, evaluation relied on internal cross-validation only, involved heuristic label
assumptions, lacked dose-aware analysis and standardized risk stratification, and remains
sensitive to segmentation errors affecting clinical robustness.

(Lin et al., 2024) proposed a multi-task framework integrating deep learning, radiomics, and
clinical variables for lung nodule classification and Lung-RADS scoring using LUNA16 and
in-house datasets. However, the approach relied on manual segmentation, internal cross-
validation only, lacked dose-aware and longitudinal growth modeling, and showed reduced
performance for intermediate Lung-RADS categories, limiting scalability and clinical
robustness.

(K. Wang et al., 2025) proposed a radiomics-2.5D deep transfer learning framework for risk
stratification of indeterminate Lung-RADS 3 and 4A nodules using a multicenter retrospective
cohort. However, the study relied on manual segmentation, showed declining performance on
external validation, lacked dose-aware and longitudinal growth modeling, and was limited to a
narrow subset of Lung-RADS categories, restricting broader clinical generalizability.

(Jeong et al., 2024) evaluated a deep learning—based slice thickness reduction (STR) technique
to enhance CAD performance on chest CT. However, the study relied on a single-center
retrospective cohort, lacked true thin-slice (1-mm) ground truth for independent validation, did
not assess dose-aware effects, and used synthetic reconstructions, limiting generalizability and
clinical reliability.

(Mahmoud et al., 2025) evaluated lightweight deep learning architectures for lung cancer
classification on heterogeneous CT datasets to support deployment in resource-limited settings.
However, the study relied on small slice-level datasets, used internal cross-validation only,
lacked dose-aware and volumetric modeling, biopsy-confirmed clinical validation, and
alignment with standardized clinical risk stratification frameworks, limiting -clinical
generalizability.

(J. Liu et al.,, 2024) developed an interpretable radiomics model for pulmonary nodule
classification using synthetic LDCT images generated from SDCT scans based on LIDC-IDRI.
However, the approach relied on simulated rather than true LDCT data, lacked paired LDCT-
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SDCT validation, external clinical testing, dose-aware modeling on real acquisitions, and
alignment with standardized clinical risk stratification.

Across the reviewed literature, most computer-aided approaches for lung nodule and lung cancer
analysis focus on either nodule detection or binary/multiclass classification, often relying on
single public datasets, internal cross-validation, and slice-level or manually cropped inputs.
Heterogeneous CT acquisitions are commonly treated as pooled cohorts, without explicit
consideration of radiation dose variability, and preprocessing pipelines are typically fixed rather
than optimized for differences between low-dose screening CT (LDCT) and standard-dose
diagnostic CT (SDCT). Clinical applicability is further constrained by the frequent absence of
biopsy-confirmed ground truth, independent external validation, and alignment with
standardized clinical reporting frameworks. In addition, many methods depend on manual
segmentation, simulated LDCT data, or non-clinical datasets, limiting scalability and real-world
generalizability. Even studies incorporating radiomics, ensemble learning, or Lung-RADS
scoring often lack dose aware modeling, temporal growth assessment, or robust validation
across multi-source clinical data.

To address these gaps, the present study proposes a dose-aware, enhancement-optimized
machine-learning framework for lung nodule risk assessment that is explicitly aligned with
Lung-RADS v2022. The framework integrates clinically acquired LDCT and SDCT data,
applies systematic preprocessing and contrast enhancement optimization tailored to dose
conditions, and leverages deep feature extraction combined with classical machine-learning
classifiers for robust multi-class risk stratification. Unlike prior work, model performance is
evaluated using a multi-level validation strategy, including clinical validation with biopsy-
confirmed cases, external validation on an independent hold-out test set, and additional testing
on a combined multi-source lung CT dataset, thereby strengthening both generalizability and
clinical reliability. Collectively, this study advances existing CADe and CADx systems beyond
detection-centric or dataset specific solutions toward a clinically actionable, dose-robust, and
Lung-RADS which aligned decision-support framework suitable for real-world deployment.
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Chapter 4

Methodology

This chapter outlines the methodology employed in this research, which integrates data curation,
preprocessing, machine learning, and evaluation to develop a robust framework for advanced
lung cancer detection. The methodology is structured into several key component, each designed
to address specific challenges in medical imaging and ensure the reliability and accuracy of the
proposed system.

Figure 4.1 provides an overview of the overall methodology, illustrating the workflow from
enhancement and preprocessing to model training, validation, and performance evaluation.

4.1 Data Curation

Data curation is central to this study and spans the entire data lifecycle, from ethical approval
and secure acquisition to preprocessing and analysis readiness. A structured workflow is used
to ensure data quality, integrity, and usability for developing robust and generalizable machine
learning models. After obtaining ethical approvals and protecting patient confidentiality,
heterogeneous chest CT scans are collected from multiple clinical settings and systematically
organized, annotated, and augmented to address class imbalance, protocol variability, and
labeling reliability. This process ensures a high-quality dataset that reflects real-world clinical
conditions. The following subsections outline the ethical framework, data acquisition, and key
data preparation and annotation procedures.
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4.2 Ethical statement

This research was conducted under full ethical oversight, with primary approval granted by the
Deanship of Scientific Research at Al-Quds University, Abu Dis. The study protocol underwent
rigorous evaluation and received formal approval from the university’s Institutional Review
Board (IRB) Ref No: 433/REC/2024. Prior to initiating data collection, comprehensive ethical
clearance was obtained from the administration and ethics committee of each hospital involved.

A robust framework for data protection and patient confidentiality was strictly implemented
throughout the study. All patient-identifiable information including names, contact details,
medical record numbers, and treatment dates was systematically removed during the data
extraction phase. The de-identification process followed standardized protocols to ensure full
compliance with institutional regulations and internationally recognized ethical guidelines
governing research involving human subjects.

Public LDCT dataset is available on Mendeley Data: Preprocessing CL=3 (LDCT)
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Figure 4.1 Overview of the proposed pipeline for automated lung nodule classification in chest
CT
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4.3 Data Collection and Labeling

Data were retrospectively collected from two institutions: diagnostic chest CT scans from Al-
Makassed Hospital and biopsy-confirmed chest CT cases from Augusta Victoria Hospital. The
collection period extended from 2024 to 2025.

The primary dataset consists of approximately 46 helical thoracic CT scans collected from the
Picture Archiving and Communication Systems (PACS) of the two participating hospitals. All
imaging data were standardized and archived in Digital Imaging and Communications in
Medicine (DICOM) format to ensure adherence to medical imaging standards and to support
future interoperability. Of these scans, nine included confirmatory biopsy results, which were
incorporated into the final clinical validation of the proposed framework.

Standardized imaging protocols were applied to maintain diagnostic relevance. All CT scans
were reviewed and adjusted using two clinically established window settings: the mediastinal
window (width: 350400 Hounsfield Units [HU]; level: 40-60 HU) for evaluation of
mediastinal structures, and the lung window (width: 1500—-1600 HU; level: =400 to —700 HU)
for detailed assessment of the lung parenchyma. Image reconstructions were generated with
slice thicknesses ranging from 0.9 mm to 3 mm, providing high-resolution cross-sectional
visualization suitable for nodule detection and morphological analysis.

The study employed defined inclusion and exclusion criteria to ensure data quality and
diagnostic reliability. Eligible cases were required to have a histopathologically confirmed
diagnosis and a radiologist-verified chest CT report. Cases were excluded if the patient was
younger than 18 years, if the lung-window thin-section slice thickness exceeded 3 mm, or if the
CT examination was not fully evaluable. Non-evaluable scans included those with severe
motion artifacts, such as patient breathing or movement, or incomplete lung coverage in which
part or all of the lung fields could not be adequately visualized.

This study utilized a multimodal imaging dataset that combines two complementary CT
acquisition protocols: one for routine diagnostic-dose chest CT scans and another for low-dose
CT scans. The primary dataset was collected from Al-Makassed Hospital, comprising a total of
2,212 cases from patients who underwent routine diagnostic-dose chest CT scans during clinical
care. These cases were retrospectively classified into Lung-RADS categories based on
radiological findings and clinical follow-up. Of these, 674 cases were classified as normal
(LR1), 342 as benign (LR2), and 1,196 as malignant, with 515 cases in LR4A and 681 cases in
LR4B.

In addition to the primary dataset, the study incorporated the publicly available Lung cancer
segmentation dataset with Lung-RADS class (D. Nam, 2024), which contains 1,721 cases with
confirmed Lung-RADS classifications. These cases were distributed as follows: 749 cases in
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LR1,107inLR2, 138 in LR3, 177 in LR4A, and 515 in LR4B. By strategically combining these
two datasets, consisting of both standard-dose and low-dose CT imaging, the model is able to
learn discriminative features that are robust across different radiation dose regimens, thereby
improving its clinical applicability for screening populations.

Two board-certified radiologists with expertise in thoracic imaging independently performed
the standardized Lung-RADS categorization for the Al-Makassed cohort to ensure diagnostic
consistency. The classification process followed a structured protocol: First, each radiologist
independently reviewed the complete imaging history for every patient to assess temporal
progression and accurately characterize lesion dynamics. To minimize bias, the radiologists
were blinded to all clinical information and evaluated only the imaging data. For each patient,
all chest CT scans obtained within the preceding 12-month period were collected whenever
available; if no prior scans existed, the available examination was treated as the baseline. This
approach ensured consistent follow-up assessment. Lesion growth was identified based on
measurable changes across this interval, with particular emphasis on nodules demonstrating
progression over shorter timeframes, as such rapid growth is more clinically meaningful for
predicting malignancy risk. Second, they identified the precise slice ranges containing
suspicious nodules. Third, using the standardized Lung-RADS calculator (McKee et al., 2015),
they assigned each case to one of the four risk categories: LR1 (benign findings), LR2 (low
probability of malignancy), LR3 (intermediate concern), and LR4 (subdivided into LR4A and
LR4B based on probability of malignancy). Following independent labeling, both radiologists
participated in a consensus session to discuss discordant cases and achieve a unified
classification scheme. This multi-reader approach reduces individual bias and enhances the
reliability of the reference standard.

Lung-RADS v2022 (American College of Radiology, 2022; Christensen et al., 2024b) served
as the reference clinical standard for label definition, model training, and performance
evaluation across all machine-learning classifiers. The American College of Radiology (ACR)
developed Lung-RADS as a standardized reporting and management system for lung cancer
screening CT(American College of Radiology, 2022). In this study, Lung-RADS categories
were employed as a unified risk-stratification labeling framework across both low-dose CT
(LDCT) and standard-dose diagnostic CT (SDCT) to ensure consistent and clinically
interpretable outputs, while acknowledging that the guideline is primarily intended for screening
applications. Furthermore, Lung-RADS version 2022 explicitly recognizes that prior
examinations used for category assignment may include either a previous screening CT or a
diagnostic CT, supporting the inclusion of diagnostic CT in longitudinal comparison when
assessing Lung-RADS categories. Notably, Lung-RADS was applied in this work as a
standardized risk-stratification framework rather than as a screening protocol(American College
of Radiology, 2022).
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To address the limited number of cases, and enhance model generalization, we implemented
data augmentation techniques (Z. Zhong et al., 2017) specifically designed for lung CT imaging.
Our augmentation pipeline included random rotations (+7°), horizontal flips, and slight
brightness adjustments (£10%)(Z. Zhong et al., 2017). These transformations effectively
expanded our training dataset to a total of 5,856 CT cases, while maintaining the characteristic
appearance of lung lesions in CT images, improving model robustness against variations in
scanning angle, tissue orientation, and image acquisition settings.

4.4 Data Partitioning, Experimental Design, and Validation Strategy

To ensure robust model generalization across heterogeneous imaging conditions, the proposed
framework firstly was trained using publicly low dose CT(LDCT) dataset(D. Nam, 2024) which
is meticulously annotated by expert radiologists according to the Lung-RADS classification
system. Significantly the dataset served as the core reference for model initialization and early
feature learning. Thereafter a combined multi-source dataset was structured by integrating local
standard-dose diagnostic chest CT (SDCT) images and the same publicly available low-dose
chest CT (LDCT) images (D. Nam, 2024). This design enables the models to learn feature
representations that are robust to variations in radiation dose, scanner type, and acquisition
protocol.

To state an unbiased evaluation of real-world clinical data, a separate hold-out test set was
reserved exclusively from the Al-Makassed Hospital diagnostic SDCT cohort. This subset
consisted of 90 CT images and was completely withheld from all stages of model development,
including training, internal testing, cross-validation, preprocessing optimization, and data
augmentation. The hold-out dataset was used solely for final performance evaluation, thereby
providing an independent assessment on real world local clinical data.

The remaining CT images drawn from both the local diagnostic SDCT data and public LDCT
(D. Nam, 2024) datasets that were merged to form the development cohort. This combined
dataset was subsequently divided into training and internal testing subsets using an 80:20 split,
where 80% of the data was allocated for model training and 20% for internal testing. Data
partitioning was performed at the patient level (case based) to prevent overlap between subsets,
to preserve data independence and represents the real clinical data use. Significantly, case-based
data partitioning helps prevent overfitting that reflecting true feature generalization not just
memorizing, doesn’t exploit the intra patient similar anatomy.

Following data splitting, data augmentation was applied exclusively to the training subset to
address the limited number of cases and enhance model generalization. Augmentation strategies
specifically designed for lung CT imaging (Z. Zhong et al., 2017) including random rotations
(£7°), horizontal flipping, and slight brightness adjustments (+£10%). These transformations
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effectively expanded our training dataset to a total of 5,856 CT cases, while maintaining the
characteristic appearance of lung lesions in CT images, improving model robustness against
variations in scanning angle, tissue orientation, and image acquisition settings .

This hierarchical data-splitting strategy is comprising an external local hold-out test set, a
combined SDCT & LDCT development cohort, and a training only augmentation scheme,
which ensures fair evaluation, prevents information leakage, and supports the development of
dose-aware and clinically generalizable machine-learning models.

4.5 Clinical CT Acquisition Settings and Scanner Variability

All CT scans used in this study were obtained retrospectively from routine clinical practice; no
examinations were acquired specifically for research purposes. As a result, the dataset naturally
includes variability in scanner models, acquisition parameters, and reconstruction settings. This
heterogeneity was intentionally preserved, as it reflects real-world diagnostic conditions and
strengthens the generalizability of the proposed framework.

Chest CT examinations were collected from two major Palestinian tertiary hospitals: Al-
Makassed Hospital and Augusta Victoria Hospital. All scans correspond to standard-dose
diagnostic CT (SDCT) protocols. Low-dose lung cancer screening is not currently implemented
in Palestine; therefore, the dataset represents routine diagnostic and oncologic imaging rather
than screening-optimized acquisitions.

At Al-Makassed Hospital, chest CT scans were acquired using a Philips Incisive 128-slice CT
scanner with automatic exposure control (DoseRight Smart mA), which dynamically adjusts
tube current based on patient size and attenuation. HRCT examinations were performed at 100—
120 kVp, with dose modulation resulting in variable mAs across slices. Typical acquisition
settings included thin collimation, low pitch, and short rotation times, with radiation dose levels
consistent with standard diagnostic chest CT. Reconstructions were tailored to the clinical task,
using thicker slices for mediastinal evaluation and thin, overlapping slices for lung parenchyma
assessment.

In addition to dedicated chest CT, combined chest-abdomen studies were routinely performed
using standard diagnostic protocols, with lung-specific reconstructions generated when
clinically indicated. These protocols reflect common thoracoabdominal imaging practice in
oncologic care.

Biopsy-confirmed malignant cases were obtained from Augusta Victoria Hospital and acquired
using a Siemens SOMATOM go.Top 128-slice CT scanner under a contrast-enhanced chest—
abdomen—pelvis oncology protocol. Scans were performed at 120 kVp with moderate mAs
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settings and reconstructed using overlapping axial slices and a medium-soft kernel, consistent
with routine clinical oncology imaging.

The use of two different CT platforms introduces realistic variability in image noise, contrast,
and reconstruction characteristics. Rather than being a limitation, this variability enhances the
external validity of the study by exposing the model to multi-center, real-world imaging
conditions. It also motivated the use of robust preprocessing strategies, including dose-aware
normalization and contrast-limited adaptive histogram equalization (CLAHE), to ensure stable
feature representation across scanners and acquisition protocols.

4.6 Image Preprocessing and Enhancement

Given the inherent challenges of low-dose CT imaging, which suffers from increased quantum
noise and reduced contrast-to-noise ratio compared to standard-dose acquisitions, a
preprocessing strategy was implemented to optimize image quality across both acquisition
protocols. We systematically evaluated five preprocessing techniques: median filtering for noise
reduction, histogram equalization for global contrast enhancement, unsharp masking for edge
enhancement, contrast-limited adaptive histogram equalization (CLAHE), and a combined
CLAHE with unsharp masking approach. Recent literature demonstrates that CLAHE followed
by unsharp masking provides superior results compared to CLAHE alone for medical image
analysis. Accordingly, this combined approach was selected for subsequent processing (Al-
Areqi et al., 023).

CLAHE was carefully calibrated separately for standard-dose and low-dose images to address
their distinct signal characteristics. For low-dose acquisitions, a higher clip limit was applied to
aggressively enhance contrast in low-contrast regions while recovering subtle features necessary
for malignancy discrimination. For standard-dose images, a more conservative clip limit was
employed to increase conspicuity of clinically relevant structures while avoiding introduction
of artifactual noise amplification that could degrade model performance. Following CLAHE
enhancement, unsharp masking was applied to accentuate nodule boundaries and enhance
textural details. This adaptive preprocessing strategy ensures that the feature extraction process
captures clinically meaningful patterns from both imaging modalities while minimizing dose-
related artifacts and noise-induced degradation.

To capture fine-grained spatial information, we included images reconstructed with thin-slice
protocols (slice thickness < 1.5 mm), which enhance the spatial resolution of small nodules and
subtle texture variations critical for early-stage cancer recognition and precise three-dimensional
morphological assessment (Jeong et al., 2024)
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4.7 Feature Extraction Using Transfer Learning

To overcome the limitations of hand-crafted features and the computational burden of training
deep networks from scratch on limited medical imaging datasets, we employed transfer learning
with VGG16 as the feature extraction backbone (Simonyan & Zisserman, 2015). VGG16, a sixteen-
layer convolutional neural network pre-trained on the ImageNet dataset, has demonstrated
superior performance for lung imaging applications compared to contemporary architectures
including VGG19, ResNet50, and DenseNet201 (Al-Areqi, Celebi, et al., 2023). This
architecture excels at learning hierarchical spatial features through its sequence of 3x3
convolutional filters interspersed with max-pooling operations, enabling efficient extraction of
multi-scale textural and morphological information from CT images. The model's relatively
modest computational requirements, combined with its proven effectiveness in medical imaging
domains, make it particularly suitable for this application.

For feature extraction, the pre-trained VGG16 network was utilized without fine-tuning; the
convolutional layers retained their ImageNet-learned weights to preserve generalization
capacity, and features were extracted from the penultimate fully connected layer (FC2), which
has dimensionality of 4096. This approach yields a rich, abstract representation of image content
that captures both low-level pixel-scale details (edges, textures) and high-level semantic patterns
(morphological shapes, spatial relationships). By leveraging this pre-trained feature space, we
avoid the data scarcity problem that often plagues direct application of deep networks to medical
imaging tasks, while benefiting from representations optimized on millions of natural images
that share fundamental visual principles with medical imaging (H. E. Kim et al., 2022).

4.8 Machine Learning Classification

In this study, pulmonary nodules were categorized according to the American College of
Radiology Lung Imaging Reporting and Data System (Lung-RADS), version 2022(American
College of Radiology, 2022; Christensen et al., 2024b), which served as the clinical reference
standard for all machine learning experiments. The Lung-RADS system provides a structured
and standardized framework for lung cancer risk stratification in CT imaging, assigning nodules
to distinct categories that rely on nodule size, composition such as solid, part-solid, or ground-
glass, and associated imaging features. Each category reflects an estimated malignancy risk and
corresponding clinical management recommendation.

In this work, the radiologists' annotated CT images were reviewed and labeled in accordance
with Lung-RADS v2022 guidelines. Nodules were assigned to one of the following categories:
LR1 (negative), LR2 (benign appearance), LR3 (probably benign), LR4A (suspicious), and
LR4B (very suspicious). These Lung-RADS categories were subsequently used as ground-truth
class labels for training and evaluating the machine-learning classifiers. As a result, the
developed models were explicitly designed to learn discriminative imaging patterns that
correspond to clinically meaningful Lung-RADS risk levels, rather than arbitrary or purely data-
driven class definitions.

75



By adopting Lung-RADS as the reference framework, the proposed machine-learning system
ensures direct clinical interpretability, alignment with radiologist workflow, and applicability to
real-world lung cancer screening and diagnostic settings.

In this study, pulmonary nodules were categorized according to the American College of
Radiology Lung Imaging Reporting and Data System (Lung-RADS), version 2022(American
College of Radiology, 2022; Christensen et al., 2024b), which served as the clinical reference
standard for all machine learning experiments. The Lung-RADS system provides a structured
and standardized framework for lung cancer risk stratification in CT imaging, assigning nodules
to distinct categories that rely on nodule size, composition (solid, part-solid, or ground-glass),
and associated imaging features. Each category reflects an estimated malignancy risk and
corresponding clinical management recommendation.

Following feature extraction via VGG16, the resulting 4096-dimensional feature vectors were
used to train Five distinct classical machine learning classifiers to comprehensively evaluate the
discriminative capacity of the learned representations. The classifiers employed were logistic
regression (LR)(Lou, 2024), random forest (RF)(Belgiu & Dragu, 2016), gradient boosting
(GB)(Lou, 2024), Support vector machine (SVM)(Sheth et al., 2022) and decision trees
(DT)(Lou, 2024). Each algorithm operates on fundamentally different principles: logistic
regression assumes linear separability in the feature space and provides probabilistic outputs;
random forests aggregate predictions from multiple decision trees with bootstrap sampling to
reduce overfitting and improve generalization; gradient boosting iteratively corrects residuals
from sequential decision trees through gradient descent optimization; and decision trees
partition the feature space hierarchically based on feature importance. By assessing performance
across this diversity of algorithms, we can identify which learning paradigm best captures the
relationship between extracted features and diagnostic categories, while also providing evidence
that the feature representation itself drives model performance, rather than a specific classifier.

4.9 Model Validation and Testing

To ensure robust assessment of model generalization, we implemented a 10-fold cross-
validation strategy applied to the combined dataset of standard-dose and low-dose CT images.
This resampling approach partitions the data into ten equal-sized folds, iteratively trains the
model on nine folds while evaluating on the held-out fold, and aggregates performance metrics
across all iterations. Cross-validation provides robust estimates of model performance while
maximizing the utilization of limited medical imaging data. Reported metrics represent the mean
performance across all ten folds, establishing confidence in the model's ability to generalize to
unseen data.

Additionally, a separate hold-out test set was reserved from the Al-Makassed Hospital cohort
(withheld from all training and cross-validation procedures) to provide an independent external
validation assessment on prospective institutional data. This held-out evaluation specifically
assesses model performance on standard-dose diagnostic CT, quantifying how well features
learned from the combined dataset translate to the original clinical acquisition protocol.
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To further validate clinical applicability, a supplementary cohort of biopsy-confirmed malignant
cases with Lung-RADS category LR4 designations was collected. These histologically verified
positive cases provide high-confidence ground truth for assessing the model's ability to correctly
identify truly malignant lesions, which is the most critical clinical objective for any lung cancer
detection system.

4.10 Performance Evaluation Metrics

Model performance and image quality were assessed using a comprehensive set of quantitative
metrics. For image quality assessment, three key measures were applied: Enhancement Measure
Estimation (EME), Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity Index
(SSIM). The EME metric quantifies local contrast and brightness variations to evaluate the
strength of enhancement, while PSNR measures the fidelity of the enhanced image relative to
the original, with higher values indicating lower distortion. The SSIM metric assesses the
perceptual similarity between enhanced and reference images, emphasizing the preservation of
structural information and visual quality.

For model performance evaluation, standard classification metrics were used, including
accuracy (ACC), positive predictive value (PPV), true positive rate (TPR or sensitivity), F1-
score, and the area under the receiver operating characteristic curve (AUC). Accuracy represents
the proportion of correctly classified samples, PPV reflects the fraction of correctly identified
positive cases among all predicted positives, and TPR measures the ability of the model to
correctly detect positive instances. The F1-score provides a balanced assessment of precision
and recall, while the AUC offers a threshold-independent measure of discriminative
performance and is particularly relevant in medical applications involving class imbalance. In
addition, the training time was recorded to evaluate the computational efficiency of each
classifier.
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Chapter 5

Results

This chapter presents the study results of the proposed lung-nodule analysis framework,
organized around its core components: contrast enhancement, deep feature—based classification,
and multi-dataset validation. First, the performance of the enhancement methods (HE, USM,
CLAHE, and CLAHE-USM) is evaluated using quantitative image-quality metrics, EME,
PSNR, SSIM, and processing time, supplemented by visual comparisons across Lung-RADS
categories. Second, the classification results of various machine-learning models are reported
for LDCT, combined LDCT-SDCT, external institutional, and biopsy-confirmed clinical
datasets using standard performance metrics. Finally, representative longitudinal cases are
included to demonstrate temporal changes in nodule appearance and support the clinical
interpretation of the findings.

5.3 Contrast Enhancement Evaluation

This section evaluates the applied contrast-enhancement techniques within the proposed dose-
aware lung-nodule analysis framework.
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5.3.1 Quantitative Image Quality Assessment of Enhancement Methods

The evaluation of contrast-enhancement techniques on chest CT images demonstrated clear
performance variations across multiple quantitative metrics. Table 5.1 provides a detailed
comparison of Histogram Equalization (HE), Unsharp Masking (USM), Contrast-Limited
Adaptive Histogram Equalization (CLAHE), and a hybrid CLAHE-USM method. The
assessment includes Enhancement Measure Estimation (EME), Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index (SSIM), and processing time.

Table 5.1 Image Quality Assessment (IQA) of Different Contrast Enhancement Methods
Across a Subset of 120 Malignant LDCT Lung Cancer Cases

IQA Metric Original HE USM CLAHE CLAHE-USM
EME 10.543 17.862 14.095 17.214 20.648

PSNR 00 20.898 29.415 21.596 19.711

SSIM 1.000 0.942 0.992 0.940 0912

Time (ms) 0.000 0.511 0.880 0.519 0.601

e HE: Histogram Equalization;, USM: Unsharp Masking

Results show that the hybrid CLAHE-USM approach produced the highest average EME value
(20.648), indicating superior local contrast enhancement and improved visibility of malignant
pulmonary nodules, especially in LDCT images, where subtle lesions require stronger contrast
amplification. HE (17.862) and CLAHE (17.214) also outperformed the original CT image
(EME = 10.543), demonstrating their effectiveness in enhancing parenchymal contrast. In
comparison, USM achieved a lower EME value (14.095), reflecting more conservative
enhancement but reduced noise amplification. From a noise-preservation perspective, USM
achieved the highest PSNR (29.415), indicating the best maintenance of original image details
with minimal noise. CLAHE (21.596) and HE (20.898) demonstrated moderate PSNR values,
while the hybrid CLAHE-USM method produced the lowest PSNR (19.711) due to its
aggressive local enhancement, which typically increases noise levels. A similar pattern was
observed for SSIM: USM achieved the highest structural similarity (SSIM = 0.992), followed
by HE (0.942) and CLAHE (0.940). The hybrid method showed the lowest SSIM (0.912),
consistent with its stronger intensity redistribution that alters global structure despite improving
lesion conspicuity. In terms of computational efficiency, HE (0.511 ms) and CLAHE (0.519
ms) were the fastest techniques. The hybrid CLAHE-USM method required slightly more
processing time (0.601 ms), while USM was the slowest (0.880 ms) due to its convolution-based
sharpening operations.
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5.3.2 Visual Comparison Across Lung-RADS Categories

To complement the quantitative analysis, visual comparisons were performed on representative
LDCT cases spanning different Lung-RADS categories.

Similarly Figure 5.1 & 5.2 presents a visual comparison of the same anatomical region processed
with the Original, HE, USM, CLAHE, and CLAHE-USM techniques. This comparison
demonstrates how each enhancement method reveals nodule details across different Lung-
RADS malignancy risk levels (LR2, and LR4B), highlighting differences in contrast, boundary
sharpness, and textural clarity. Corresponding EME scores are included to quantitatively support
the visual improvements, demonstrating the superior contrast enhancement achieved by CLAHE
and USM-based approaches while preserving structural integrity.

d)USM (EME: 10.879) ¢) USM & CLAHE (EME: 11.613)

Figure 5.1 Visual Comparison of Enhancement Methods Across Lung-RAD 4B
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a) Original (EME: 7.599)

d)USM (EME: 12.033) ¢) USM & CLAHE (EME: 13.568)

Figure 5.2 Visual Comparison of Enhancement Methods Across Lung-RAD 2

The visual results are consistent with the quantitative metrics, demonstrating how enhancement
choices influence lesion conspicuity and structural appearance across risk categories.

5.3.3 Optimization of CLAHE Parameters Across Dose Levels

Table 5.2 presents the quantitative evaluation of CLAHE across different clip limits for both
standard-dose and low-dose CT subsets. The table reports EME, PSNR, and SSIM values for
each configuration, enabling direct comparison of how varying the clip limit affects contrast,
noise visibility, and structural similarity. For the LDCT subset, a clip limit of 3 yielded the most
balanced combination of EME (19.485), PSNR (20.896), and SSIM (0.929). For the standard-
dose CT subset, a clip limit of 4 produced the highest EME value (20.648), with corresponding
PSNR and SSIM values of 19.711 and 0.912, respectively.

Table 5.2 (a): Optimization of the CLAHE Clipping Parameter Across Subsets of 120
Malignant Cases from the LDCT and 120 cases from Al-Makassed Lung Cancer Datasets.

CT Type Metric CL=0.5 CL=1 CL=2 CL=3 CL=4

Regular EME 14.280 14.592 15.416 16.332 20.648
PSNR 39.581 36.261 31.368 28.049 19.711
SSIM 0.998 0.997 0.994 0.988 0.912
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Table 5.2 (b): Optimization of the CLAHE Clipping Parameter Across Subsets of 120
Malignant Cases from the LDCT and 120 cases from Al-Makassed Lung Cancer Datasets.

CT Type Metric CL=0.5 |CL=l CL=2 CL=3 CL=4

Low-dose EME 12.952 14.127 16.260 19.485 23.116
PSNR 33.510 28.365 23.579 20.896 17.878
SSIM 0.996 0.988 0.961 0.929 0.867

Note: LDCT scans were processed using a grid size of 16x16 and an EME block size of 250,
while standard-dose CT scans were processed using a grid size of 4x4 and an EME block size
of 100. These settings reflect dataset-specific parameter configurations applied during CLAHE
optimization.

Figure 5.3 & 5.4 displays the visual effect of increasing the CLAHE clip limit on both LDCT
and standard-dose CT images. Higher clip limits correspond to stronger local contrast
enhancement and increased noise visibility.
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a) Original b) CLAHE 0.5 ¢) CLAHE 1.0
<«—— Higher PSNR/Lower Noise ————— Higher EME / Nodule Visibility —p»

d) CLAHE 2.0 f) CLAHE 4.0
<«— Higher PSNR/ Lower Noise ——————— Higher EME / Nodule Visibility ——}»

Figure 5.3 Impact of Clip Limits on CLAHE Performance on SDCT images

¢d 631 &)

N s
a) Original b) CLAHE 0.5 ¢) CLAHE 1.0

«——— Higher PSNR / Lower Noise Higher EME / Nodule Visibility —

N
d) CLAHE 2.0 ¢) CLAHE 3.0 f) CLAHE 4.0
«¢——— Higher PSNR/ Lower Noise Higher EME / Nodule Visibility —— )

Figure 5.4 Impact of Clip Limits on CLAHE Performance on LDCT images
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5.4 Classification Performance Results

Using images processed with the optimized enhancement settings, classification performance
was evaluated across multiple Lung-RADS categories and datasets.

5.4.1 LDCT Dataset

Table 5.3 presents the comparative performance of the evaluated classification algorithms
across different Lung-RADS stages on the LDCT dataset. The ensemble-based methods
consistently achieved higher classification accuracy and F1-scores than linear and margin-based
classifiers, indicating better discrimination of lung nodule categories. For the LR2 stage,
gradient boosting and decision tree classifiers achieved the highest accuracy and F1-score (ACC
= 0.8615, F1 = 0.8790), with gradient boosting incurring substantially higher computational
time. Logistic regression and random forest showed moderate accuracy (ACC = 0.7462) but
exceptionally high AUC values, suggesting strong ranking capability despite lower class-wise
sensitivity. In contrast, support vector machines exhibited poor accuracy and sensitivity across
stages, although AUC values remained high, reflecting limited practical utility under the
selected decision thresholds.

At the LR3 stage, overall performance declined across all models, reflecting increased
classification difficulty. Gradient boosting achieved the best balance between accuracy and F1-
score (ACC = 0.7557, F1 = 0.7902), followed closely by the decision tree classifier, while
logistic regression and random forest demonstrated comparable but lower performance. Similar
trends were observed for the LR4A and LR4B stages, where gradient boosting and decision tree
classifiers again delivered the strongest overall performance in terms of accuracy and F1-score,
with logistic regression maintaining competitive results and consistently minimal execution
time. Random forest models provided stable but slightly inferior performance, whereas support
vector machines remained the weakest performers despite relatively high AUC values.

Across all stages, decision tree classifiers offered a favorable trade-off between predictive
performance and computational efficiency, achieving accuracy and F1-scores comparable to
gradient boosting at a fraction of the computational cost. These findings indicate that tree-based
models are particularly well suited for LDCT-based Lung-RADS classification, especially in
clinical settings where both accuracy and real-time applicability are critical.
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Table 5.3 Comparative Performance of Classification Algorithms on the LDCT Dataset

Stage Classifier | ACC PPV TPR F1-Score | AUC Time (S)
LR2 LR 0.7462 | 0.9120 |0.7462 |0.7859 |0.9982 | 0.1
SVM 0.4115 |0.8904 |0.4115 |0.4618 |0.9930 |04
RF 0.7462 | 0.9120 |0.7462 |0.7859 |0.9865 | 1.8
GB 0.8615 |0.9317 [0.8615 [0.8790 |0.9200 |18.3
DT 0.8615 |0.9317 |0.8615 |0.8790 |0.9200 |0.1
LR3 LR 0.6947 | 0.8307 |0.6947 |0.7382 |0.8142 |0.1
SVM 0.5038 [ 0.8901 |0.5038 |0.5611 |0.8854 |0.3
RF 0.6947 | 0.8307 |0.6947 |0.7382 | 0.8736 | 2.1
GB 0.7557 | 0.8782 [0.7557 |0.7902 |0.8992 | 19.5
DT 0.7519 [ 0.9100 |0.7519 |0.7890 | 0.8556 | 0.1
LR4A LR 0.8357 [ 0.9105 |0.8357 |0.8506 |0.9950 | 0.1
SVM 0.4821 [0.8576 |0.4821 [0.5063 |0.9811 |03
RF 0.7607 | 0.8921 |0.7607 |0.7851 | 0.9901 | 1.5
GB 0.8500 | 0.8581 [0.8500 |0.8518 |0.9455 |22.5
DT 0.8500 | 0.8581 | 0.8500 |0.8518 |0.9620 |0.1
LR4B LR 0.7906 | 0.8772 | 0.7906 |0.7996 |0.9915 | 0.1
SVM 0.6594 | 0.8414 |0.6594 |0.6670 |0.9818 |04
RF 0.7906 [ 0.8772 | 0.7906 [0.7996 |0.9942 |2.0
GB 0.7969 | 0.8794 [0.7969 |0.8056 | 0.9899 |23.5
DT 0.7969 | 0.8794 | 0.7969 | 0.8056 | 0.8556 | 0.1

e  ACC: Accuracy; PPV: Precision; TPR: Sensitivity; AUC: Area Under the Curve

These results reflect the baseline performance of each classifier under low-dose imaging
conditions.

5.4.2 Combined Dataset

Table 5.4 reports the comparative performance of the classification algorithms on the combined
lung dataset, which integrates LDCT and standard-dose CT images. The classification
performance improved markedly across all Lung-RADS stages compared with the LDCT-only
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setting, indicating that the inclusion of heterogeneous imaging data enhanced model robustness
and feature discriminability.

For the LR2 stage, all classifiers achieved high accuracy, with logistic regression and decision
tree models providing a favorable balance between accuracy and computational efficiency.
Logistic regression attained the highest accuracy (ACC = 0.8961) and a strong F1-score, while
random forest and gradient boosting delivered comparable but slightly lower performance at
higher computational cost. Support vector machines showed competitive accuracy but lower
AUC, suggesting reduced ranking stability relative to other methods.

At the LR3 stage, near-ceiling performance was observed for most models. Random forest and
support vector machine classifiers achieved the highest accuracy and F1-scores (ACC > 0.977),
accompanied by excellent AUC values approaching unity, indicating highly reliable
discrimination. Logistic regression and gradient boosting also performed strongly, while
decision trees maintained high accuracy with negligible execution time, underscoring their
practical suitability.

Similar trends were evident for the LR4A and LR4B stages, where support vector machines
consistently delivered the best overall performance, achieving near-perfect accuracy, F1-scores,
and AUC values. Logistic regression and gradient boosting remained highly competitive, while
random forest and decision tree classifiers showed slightly reduced but still strong performance.
Across all stages, execution times remained low, with decision trees and support vector
machines offering the fastest inference.

Collectively, these results demonstrate that the combined lung dataset substantially improves
classification performance and generalization across Lung-RADS categories. The findings also
indicate that multiple classifiers can achieve clinically meaningful accuracy, with model
selection guided by the desired balance between predictive performance and computational
efficiency.

Table 5.4 (a): Comparative Performance of Classification Algorithms on the Combined Lung
Dataset

Stage Classifier | ACC PPV TPR F1-Score | AUC Time (S)
LR2 LR 0.8961 | 0.8858 | 0.8961 |0.8826 |0.9885 | 0.1
SVM 0.8575 [ 0.8795 |0.8575 |0.8298 |0.8285 |3.3
RF 0.8704 | 0.8853 | 0.8704 |0.8498 |0.9225 |0.7
GB 0.8639 | 0.8802 | 0.8639 | 0.8406 | 0.8901 |12.7
DT 0.8812 | 0.8848 | 0.8812 |0.8681 |0.8510 [0.4
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Table 5.4 (b): Comparative Performance of Classification Algorithms on the Combined Lung
Dataset

Stage Classifier | ACC PPV TPR F1-Score | AUC Time (S)
LR3 LR 0.9085 09363 |0.9085 |0.9182 |0.9924 |3.1
SVM 0.9773 109779 09773 |0.9759 |0.9998 |0.2
RF 0.9798 [0.9803 |0.9798 |0.9787 |0.9987 |1.7
GB 0.9572 09558 | 0.9572 |0.9530 |0.8945 | 0.1
DT 0.9467 09468 |0.9467 [0.9967 |0.9898 |0.0
LR4A LR 0.9700 [0.9721 [ 0.9700 |0.9702 |0.9989 |27
SVM 0.9983  [0.9983 [0.9983 |0.9983 |0.9992 |02
RF 0.9483 [ 0.9483 | 0.9483 |0.9483 |0.9850 |22
GB 0.9717 09729 09717 |0.9715 |0.9818 |03
DT 0.9419 [ 0.9449 | 0.9419 |0.9414 |0.9946 |0.1
LR4B LR 0.9435 | 0.9502 |0.9435 [0.9439 |0.9997 |23
SVM 0.9726 | 0.9735 |0.9726 [0.9725 109992 |04
RF 0.9081 [0.9196 |0.9081 |0.9059 |0.9912 |42
GB 09113 09221 [09113 |0.9093 |0.8946 |03
DT 0.8961 |0.8858 | 0.8961 |0.8826 |0.9885 |0.1

e  ACC: Accuracy; PPV: Precision; TPR: Sensitivity; AUC: Area Under the Curve

Overall, combining LDCT and SDCT data resulted in more stable and consistently high
performance across Lung-RADS categories.

5.2.3 External Validation

Table 5.5 provides a detailed assessment of external validation performance on an independent
hold-out dataset from Al-Makassed Hospital, offering a stringent test of model generalizability
under real-world clinical conditions. Across both evaluated Lung-RADS -categories, the
majority of classifiers preserved high accuracy, precision, and sensitivity, indicating that the
learned feature representations and decision boundaries were not overfitted to the development
dataset.

For the LR2 category, performance remained consistently strong across models, with accuracy
ranging from 0.8419 to 0.8846. The support vector machine achieved the highest overall
discrimination, combining the top accuracy (ACC = 0.8846), high precision (PPV = 0.8997),
balanced sensitivity (TPR = 0.8846), and the highest AUC (0.9988), indicating excellent class
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separability. Random forest closely followed, with comparable accuracy (ACC = 0.8825) and
Fl-score (0.8666), suggesting robust ensemble learning behavior under domain shift. Logistic
regression and gradient boosting yielded slightly lower Fl-scores (0.8147 and 0.8114,
respectively), reflecting reduced sensitivity to subtle nodular patterns, while decision trees
showed the lowest AUC (0.9134) but maintained rapid inference times, highlighting their
efficiency-oriented trade-off.

In the LR4B category, all models demonstrated a marked improvement in performance,
reflecting clearer radiological distinctions in higher-risk nodules. Random forest and decision
tree classifiers achieved the highest accuracy, precision, and F1-scores (ACC = 0.9652, PPV =
0.9676, F1 =0.9652), indicating strong and consistent identification of high-risk cases. Logistic
regression and gradient boosting also performed reliably, both reaching an accuracy of 0.9233
with balanced precision and sensitivity, while maintaining very high AUC values (= 0.9775).
Although support vector machines showed a relative reduction in accuracy (ACC = 0.8641),
their AUC remained high (0.9633), suggesting preserved ranking capability despite suboptimal
threshold-level classification.

Across both categories, execution times were minimal for most classifiers, with decision trees
and logistic regression offering near-instantaneous inference, whereas gradient boosting
incurred substantially higher computational cost without proportional performance gains. These
results demonstrate that the proposed framework generalizes well to unseen clinical data, with
tree-based ensemble models providing a strong balance between accuracy, robustness, and
computational efficiency, reinforcing their suitability for deployment in routine clinical
workflows.

Table 5.5 (a): External Validation of the Classification Algorithms on a Hold-Out Test Set
from Al-Makassed Hospital

Base Model | Classifier | ACC PPV TPR F1-Score | AUC Time (S)
LR2 LR 0.8462 | 0.8718 | 0.8462 |0.8147 |0.9799 |0.1

SVM 0.8846 | 0.8997 |0.8846 |0.8694 |0.9988 | 1.0

RF 0.8825 | 0.8981 |0.8825 |0.8666 |0.9733 |0.7

GB 0.8440 [ 0.8703 | 0.8440 | 08114 |0.9766 |12.7

DT 0.8419 [ 0.8636 |0.8419 [0.8095 |09134 |03
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Table 5.5 (b): External Validation of the Classification Algorithms on a Hold-Out Test Set
from Al-Makassed Hospital

Base Model | Classifier | ACC PPV TPR F1-Score | AUC Time (S)
LR4B LR 0.9233  [0.9341 ]0.9233 [0.9232 [0.9910 |0.0
SVM 0.8641 |0.8946 |0.8641 |0.8627 |0.9633 |0.2
RF 0.9652 [ 0.9676 |0.9652 |0.9652 |0.9896 |0.5
GB 0.9233 09341 ]0.9233 09232 |0.9775 |11.6
DT 0.9652 [ 0.9676 |0.9652 |0.9652 |0.9671 |0.1

e ACC: Accuracy; PPV: Precision;, TPR: Sensitivity;, AUC: Area Under the Curve

The external validation confirms that the proposed framework maintains strong performance on
unseen clinical data.

5.4.3 Clinical Validation

Table 5.6 shows the clinical validation results obtained on biopsy-confirmed malignant cases
from Augusta Victoria Hospital, providing a high-confidence evaluation of model performance
under definitive diagnostic conditions. Across all classifiers, performance remained consistently
high, indicating reliable discrimination of malignant nodules within the LRAD 4B category.

Support vector machines achieved the strongest overall performance, attaining the highest
accuracy (ACC = 0.9333), precision (PPV = 0.9412), Fl-score (0.9330), and an AUC
approaching unity (0.9996), reflecting excellent sensitivity to malignant patterns and robust
class separability. Logistic regression also demonstrated strong performance, with high
accuracy (ACC =0.8833) and an AUC of 0.9980, suggesting effective risk stratification despite
its simpler linear decision structure. Tree-based ensemble methods showed slightly reduced but
still clinically acceptable performance. Random forest and gradient boosting achieved
accuracies of 0.8500 and 0.8333, respectively, with corresponding AUC values exceeding 0.94,
indicating stable ranking capability but comparatively lower sensitivity at the chosen thresholds.
The decision tree classifier provided a balanced performance, combining moderate accuracy
(ACC = 0.8422) with relatively high precision (PPV = 0.8885) and minimal computational
overhead.

Execution times were negligible across all models, supporting their feasibility for real-time
clinical use. Overall, the results demonstrate that the proposed classification framework
maintains high diagnostic performance when validated against biopsy-confirmed malignant
cases. The strong performance of support vector machines and logistic regression highlights
their potential utility in clinical decision-support settings, particularly for the reliable
identification of high-risk nodules within the Lung-RADS 4B category.
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Table 5.6 : Clinical Validation of the Classification Algorithms on Biopsy-Confirmed
Malignant Cases from Augusta Victoria Hospital

Stage Classifier | ACC PPV TPR F1-Score | AUC Time (S)
LRAD4B |LR 0.8833 0.9054 0.8833 0.8817 0.9980 0.05
SVM 0.9333 0.9412 0.9333 0.9330 0.9996 0.21
RF 0.8500 0.8535 0.8500 0.8496 0.9456 0.14
GB 0.8333 0.8394 0.8333 0.8326 0.9522 2.3
DT 0.8422 0.8885 0.8422 0.8664 0.9333 0.08

o  ACC: Accuracy; PPV: Precision;, TPR: Sensitivity; AUC: Area Under the Curve

Performance on pathologically verified cases demonstrates the diagnostic reliability of the
proposed classification framework.

5.5 Longitudinal Case Results

Figure 5.5 illustrates a representative longitudinal case demonstrating the appearance of a new
pulmonary nodule during routine follow-up imaging. The baseline CT shows no detectable
lesion, while the subsequent examination performed after 3 months reveals a newly visible solid
nodule. This example highlights how interval imaging can capture early nodule development
and supports the evaluation of temporal changes in lesion visibility and Lung-RADS
categorization.

When LDCT and SDCT cases were merged into a single training and evaluation set, classifier
performance improved and became more consistent across Lung-RADS categories. In LR2, all
models achieved high accuracy (ACC = 0.86-0.896), with LR, RF, and DT surpassing 0.87 and
maintaining strong PPV and F1-scores. This suggests that integrating both dose levels enables
the models to learn more generalizable feature representations that are not tied to a specific noise
or contrast profile.
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Normal Chest CT — Baseline — LR1 Newly Visible Nodule (15 X 6 mm) — 3-Month Follow-Up — LR4B

Figure 5.5 Longitudinal Case Showing a Newly Visible Pulmonary Nodule.

Baseline CT (TO) shows no detectable nodule (LR1). A 3-month follow-up scan (T1)
demonstrates a newly visible solid nodule measuring 15 x 6 mm (LR4B). Images processed
with CLAHE-USM for consistency.

A representative progression case is shown in Figure 5.5, highlighting interval changes in a left

upper lobe lesion between baseline and a 3-month follow-up scan.

Left Upper Lobe Lesion 60 x 40 mm — Baseline — LR4B Left Upper Lobe Lesion 68 x 57 mm — 3-Month Follow-Up — LR4B

Figure 5.6 Longitudinal Case Showing Interval Growth of a Left Upper Lobe Pulmonary
Lesion.

Baseline CT (TO0) shows a left upper lobe lesion measuring 60 x 40 mm. A follow-up scan at 3
months (T1) demonstrates interval growth to 68 x 57 mm. All images are processed using the
CLAHE-USM enhancement method for consistency

These cases visually demonstrate disease progression and support the quantitative findings
reported above.
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Chapter 6

Discussion and Conclusion

This chapter summarizes the key findings of the study and explains their technical and clinical
significance for lung cancer diagnosis in Palestine. It reviews the performance of the proposed
framework and highlights how contrast enhancement, VGG16-based features, and machine-
learning models jointly improve nodule visibility and diagnostic accuracy.

The discussion then addresses clinical relevance in resource-limited settings with high
radiologist workload, considers the role of combining LDCT and SDCT data in improving
robustness, and concludes with key challenges, opportunities for clinical adoption, and future
research directions.

6.1 Discussion of Findings

This section interprets the findings of the proposed dose-aware lung-nodule analysis framework
in relation to the study objectives and existing literature. The discussion focuses on three main
components: the impact of image preprocessing and contrast enhancement, the role of VGG16-
based feature extraction, and the overall classification performance across multiple datasets.
Particular attention is given to the consistency of results across LDCT and SDCT images, as
well as the clinical validation findings.

6.1.1 Image Preprocessing and Contrast Enhancement Optimization

The analysis of contrast-enhancement techniques showed clear differences in their ability to
improve local contrast, preserve structural fidelity, and maintain diagnostic quality across both
LDCT and SDCT images. These observations align with limitations in prior literature (Jin et al.,
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2001b; Toet & Wu, 2014; S. Zhong & Chen, 2016), where enhancement methods were typically
applied with fixed parameters and rarely optimized for different dose levels. By contrast, the
present study introduces a dose-aware evaluation and demonstrates the value of tailoring
preprocessing to the underlying acquisition protocol.

Within this framework, the systematic assessment performed on a subset of 120 malignant
LDCT cases confirmed that the hybrid CLAHE-USM technique delivered the most favorable
performance across all quantitative metrics. Specifically, it achieved the highest Enhancement
Measure Estimation (EME: 20.648), superior Peak Signal-to-Noise Ratio (PSNR: 19.711), and
a strong Structural Similarity Index (SSIM: 0.912), while maintaining minimal computational
overhead (0.601 ms). These results highlight the effectiveness of CLAHE-USM in improving
chest CT image quality and preserving clinically relevant information, particularly in
challenging low-dose imaging scenarios. This great performance reflects the method’s enhanced
ability to increase local contrast and delineate nodule boundaries more clearly. These findings
align with recent studies suggesting that combining local contrast enhancement with edge
sharpening can improve nodule conspicuity (Jin et al., 2001b; Pizer et al., n.d.; Toet & Wu,
2014); however, unlike previous work, the present study optimized enhancement parameters
separately for LDCT and SDCT, yielding more stable results across heterogeneous imaging
protocols. The improved visibility is particularly important for subtle lesions and Lung-RADS
4 nodules, where faint margins or low-attenuation centers may be easily overlooked in standard
reconstructions.

Unsharp masking (USM) produced the highest PSNR (29.415) and SSIM (0.992), showing that
it sharpens lung CT images while largely preserving their original structure. In practical terms,
USM enhances anatomical edges and nodule boundaries without noticeably distorting tissue
intensity patterns. This behavior is well documented in the medical imaging literature (Deng,
2011; Shukla et al., 2022b; S. Zhong & Chen, 2016), where edge-based sharpening has been
shown to improve visual clarity while maintaining structural similarity, particularly in CT-based
lung analysis.

In contrast, histogram equalization (HE) and CLAHE showed slightly lower PSNR and SSIM
values, reflecting a familiar trade-off between boosting contrast and preserving fine structural
detail. Global HE improves overall contrast but can over-enhance homogeneous lung regions,
sometimes obscuring subtle textures (Toet & Wu, 2014). CLAHE addresses this issue by
enhancing contrast locally, which improves visibility of small structures, but when applied alone
it may still alter intensity distributions enough to affect structural similarity. These trends are
consistent with previous low-dose CT enhancement studies, which report improved local
visibility accompanied by modest reductions in similarity metrics (Demir et al., 2023).
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The strength of the proposed CLAHE-USM hybrid approach becomes clear when examining
the EME results in Figure 5.1 and Figure 5.2. This method achieved the highest contrast
enhancement among all techniques, indicating that it effectively combines the local contrast
benefits of CLAHE with the edge-preserving properties of USM. Similar hybrid strategies have
been reported to outperform single-method enhancements in pulmonary CT and other medical
imaging applications, particularly for improving the visibility of subtle lesions without
introducing excessive noise or artifacts(Nanglia et al., 2021; Yim’ et al., n.d.) .

The visual comparisons in Figures 5.1 and 5.2 reinforce these quantitative findings across both
LR4B and LR2 categories. In the original images, nodules appear poorly defined, with blurred
margins and limited contrast against surrounding lung parenchyma, a challenge widely reported
in lung nodule detection studies(Armato et al., 2015b). After applying the CLAHE-USM
enhancement, nodule edges become clearer and parenchymal textures more distinct, improving
both visual interpretation and suitability for automated analysis. Our study results align well
with existing studies and support the proposed hybrid enhancement as a practical and effective
preprocessing step for lung nodule detection and classification (Saha et al., 2024c; Wankhade
& S.,2023).

The differences observed in CLAHE performance between LDCT and SDCT images reflect the
fundamental imaging characteristics of each modality. LDCT scans inherently contain higher
photon noise and reduced contrast-to-noise ratio, which makes soft-tissue distinctions less
apparent and produces less sharply defined nodule boundaries. Under these conditions,
enhancement strategies must carefully balance noise amplification with retrieval of clinically
relevant details. This explains why a clip limit of 3 produced the most favorable combination of
EME, PSNR, and SSIM in the LDCT subset: stronger clip limits introduced excessive noise that
ultimately degraded structural fidelity and reduced the clinical interpretability of the enhanced
images. In our dataset, CLAHE with clip limit 3 achieved an optimal balance, yielding EME =
19.485, PSNR = 20.896, and SSIM = 0.929, demonstrating its effectiveness in enhancing low-
dose CT images while preserving diagnostic information.

In contrast, SDCT images possess higher signal-to-noise ratio and more stable global contrast,
making soft-tissue differences more distinguishable and fine anatomical structures more visible.
These characteristics allow SDCT scans to tolerate, and benefit from, stronger local contrast
enhancement. Accordingly, a clip limit of 4 produced the highest EME values in SDCT cases
while maintaining acceptable PSNR and SSIM performance. In our evaluation, CLAHE with
clip limit 4 achieved EME = 20.648, PSNR = 19.711, and SSIM = 0.912, confirming that
moderate-to-strong local enhancement is optimal for standard-dose CT.

Additionally, the optimization of CLAHE’s grid size and EME block size further supports these
findings. LDCT images benefited from a larger grid size (16x16) and a larger EME block size
(250), which reduced sensitivity to noise and enabled the extraction of more stable local contrast
patterns. In contrast, SDCT images achieved higher enhancement with a smaller grid size (4x4)
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and an EME block size of 100, allowing the algorithm to emphasize fine anatomical details
without being influenced by noise fluctuations. These dose-aware parameter adjustments
directly explain the superior quantitative results and improved visual clarity observed in the
enhanced images, reinforcing the importance of tailoring preprocessing strategies to the specific
characteristics of each acquisition protocol.

Figures 5.3 and 5.4 illustrate the effect of progressively increasing the CLAHE clip limit on
contrast, noise, and nodule visibility in SDCT and LDCT images, highlighting a clear trade-off
between contrast enhancement and noise amplification. As the clip limit increases, local contrast
improves in both dose conditions; however, the tolerance to enhancement differs markedly
between SDCT and LDCT.

In SDCT images (Figure 5.3), the higher intrinsic signal-to-noise ratio allows for stronger
contrast enhancement with minimal quality degradation. Increasing the clip limit progressively
enhances parenchymal texture and vessel-nodule boundaries, with values of 3.0-4.0 providing
the most conspicuous nodules. This visual trend is consistent with the quantitative results, where
a clip limit of 4 achieved the highest EME while maintaining acceptable PSNR and SSIM,
justifying the use of stronger enhancement in standard-dose scans.

In contrast, LDCT images (Figure 5.4) are substantially more sensitive to noise amplification
due to lower photon statistics. While moderate enhancement improves nodule visibility, clip
limits above 3.0 introduce noticeable graininess and intensity heterogeneity that obscure fine
diagnostic details. This observation aligns with the quantitative analysis, which identified a clip
limit of 3 as the optimal balance between contrast improvement and noise control for LDCT.
These results confirm that maximizing contrast alone is insufficient and that noise behavior must
be explicitly considered, particularly in low-dose settings.

The study findings demonstrate that optimal CLAHE performance is dose dependent. LDCT
benefits most from conservative enhancement, whereas SDCT can tolerate and benefit from
stronger contrast amplification. This conclusion is visually reinforced by the inverse relationship
between PSNR and EME highlighted in Figures 5.3 and 5.4 and supports the need for dose-
specific parameter tuning to preserve diagnostic quality.

Compared with previous studies, this work advances current practice by explicitly accounting
for dose variability in preprocessing. For example, (D. Kim et al., 2024) improved nodule
visibility using synthetic thin-slice reconstruction but relied on single-center data and artificially
generated slices. In contrast, the present study demonstrates that an optimized CLAHE-USM
pipeline applied to real LDCT and SDCT data achieves comparable gains while preserving
structural fidelity (Hashemi et al., 2014). Moreover, many prior enhancement and CNN-based
approaches applied fixed preprocessing parameters across all scans (Jin et al., 2001b; Toet &
Wu, 2014; Yasaka et al., 2018), implicitly assuming uniform image characteristics. The results
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here show that such assumptions can lead to suboptimal enhancement, particularly for LDCT.
By demonstrating that contrast enhancement must be tailored to dose conditions, this study fills
an important gap in the literature and strengthens the robustness of subsequent feature extraction
and classification.

6.1.2 Interpretation of VGG16 Feature Extraction

The dose-aware preprocessing strategy developed in this study plays a central role in
determining the quality of the learned representations. By optimizing enhancement parameters
separately for LDCT and SDCT scans, the preprocessing pipeline ensures that VGG16 receives
images with improved local contrast, reduced noise interference, and clearer anatomical
boundaries. This is especially important for thin-slice CT images (< 1.5 mm), which capture
fine-grained spatial information and subtle textural variations that are essential for early-stage
nodule recognition and accurate three-dimensional morphological assessment (Jeong et al.,
2024).

To overcome the limitations of handcrafted radiomic features and the computational constraints
associated with training deep networks from scratch, the proposed framework employs transfer
learning with VGG16 as the feature-extraction backbone. VGGI16, a sixteen-layer CNN
pretrained on the ImageNet dataset, has demonstrated strong performance in thoracic imaging
and has been shown to outperform architectures such as VGG19, ResNet50, and DenseNet201
in similar applications (Al-Areqi, Celebi, et al., 2023). The model’s layered convolutional
structure enables extraction of both low-level visual cues (edges, textures) and high-level
semantic patterns (shape, morphology, spatial relationships), producing a rich 4096-dimensional
representation well suited for nodule characterization.

This approach directly addresses the data-scarcity challenges common in medical imaging,
where limited case numbers and class imbalance often hinder the training of deep models. By
leveraging the pretrained VGG16 feature space, the model avoids overfitting while maintaining
the ability to capture complex, clinically meaningful image characteristics.

Compared with prior work such as (Y. Liu et al., 2024), which relied exclusively on handcrafted
radiomic features, the transfer-learning approach used here provides several advantages.
Radiomic features in Liu’s study were sensitive to LDCT noise, required extensive feature-
selection steps, and were extracted without dose-aware enhancement, factors that reduced
stability and generalizability, particularly across heterogeneous datasets. In contrast, the present
study integrates optimized enhancement with deep feature extraction, yielding representations
that are more robust to noise, more consistent across varying acquisition protocols, and better
suited for downstream classification. These improvements are reflected in the higher AUC
values, stronger cross-modality performance, and consistent results across external SDCT
validation and biopsy-confirmed clinical cases.
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Limitations of handcrafted features extracted from synthetic LDCT images were highlighted in
the radiomics-based model by (J. Liu et al., 2024). Although their framework showed that
simple shape and size descriptors can be predictive, performance was restricted by the absence
of real LDCT variability, the lack of enhancement-aware preprocessing, and the omission of
external validation. The present study addresses these issues by using real LDCT and SDCT
data from multiple scanners, applying dose-optimized enhancement, and extracting high-level
deep features that generalize more reliably across heterogeneous imaging environments.

These findings also build on prior literature that relied either on handcrafted radiomics or on
transfer-learning approaches that were not enhancement- or dose-aware. Radiomic features, as
shown in (Y. Liu et al., 2024), can capture malignancy-related patterns but exhibit instability in
LDCT due to noise sensitivity and limited preprocessing control. Similarly, transfer-learning
studies such as (S. Zhang et al., 2019b), (Raza et al., 2023), and (Kumaran S et al., 2024b) used
VGG16 or EfficientNet but applied uniform preprocessing to single-dose datasets, limiting
feature robustness across varying CT protocols.

In contrast, the present framework integrates dose-specific enhancement with VGG16 feature
extraction, producing more stable and noise-tolerant representations across LDCT and SDCT.
This directly addresses the feature-instability problem noted in previous studies and provides
empirical evidence that preprocessing quality and dose-awareness significantly influence the
discriminative power of deep features in lung nodule analysis.

6.1.3 Interpretation of Classification Performance

The classification results obtained across the LDCT, combined, external validation, and clinical
validation datasets demonstrate that the proposed VGGI16-—machine learning framework
provides robust and consistent performance for Lung-RADS—based nodule risk stratification.
Across all evaluation settings, the models achieved high accuracy, F1-scores, and AUC values
for categories LR2 through LR4B, with only modest performance variation between internal
and external datasets. These findings indicate that the deep features extracted from dose-aware,
enhanced CT images are both discriminative and transferable, supporting reliable generalization
across heterogeneous imaging conditions and clinical environments.

On the LDCT dataset (Table 5.3), all classifiers achieved clinically meaningful performance,
although variability was observed across Lung-RADS categories. Logistic regression and
random forest showed comparable accuracy in LR2 and LR3, accompanied by high precision
and excellent AUC values. This suggests that, following VGG16 feature extraction, the
separation between lower-risk categories is close to linear, allowing simple linear models to
perform effectively. Random forest achieved similar results through ensemble aggregation,
providing increased robustness to feature variability. Gradient boosting and decision tree
classifiers demonstrated particularly strong performance in LR2 and higher-risk categories,
achieving accuracies above 0.85. However, gradient boosting incurred substantially higher
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computational cost, whereas decision trees achieved comparable accuracy with negligible
inference time, highlighting their practical advantage in time- and resource-constrained clinical
settings. Support vector machines showed lower accuracy across LDCT categories, likely due
to sensitivity to high-dimensional feature spaces and residual noise in low-dose scans.
Nevertheless, their consistently high AUC values indicate preserved ranking capability, even
when threshold-based classification was less stable.

A clear performance improvement was observed with increasing malignancy risk. For LR4A
and LR4B, most classifiers achieved higher accuracy than in lower-risk categories, reflecting
the greater structural distinctiveness of high-risk nodules. This trend is clinically important, as
accurate identification of higher-risk Lung-RADS categories directly supports appropriate
triage and follow-up decisions in lung cancer screening workflows.

The most important performance gains were observed on the combined LDCT-SDCT dataset
(Table 5.4), particularly for LR3 and LR4A—LR4B. In this setting, support vector machines and
random forest achieved near-ceiling performance, with accuracies exceeding 0.97 and AUC
values approaching unity. Logistic regression also performed strongly, while gradient boosting
and decision trees maintained high accuracy with differing computational profiles. These results
indicate that increased dataset diversity enhances the ability of certain classifiers, particularly
SVM and RF, to exploit the VGG16 feature space, especially in intermediate- and high-risk
categories where subtle structural cues are critical. These findings demonstrate that joint training
on LDCT and SDCT data, combined with dose-aware preprocessing, produces more stable and
generalizable classifiers than training on LDCT alone.

External validation on an independent test set from Al-Makassed Hospital further confirmed the
robustness of the proposed framework. For LR2, all major classifiers achieved accuracies above
0.84, with support vector machines and random forest showing the strongest performance. In
LR4B, random forest and decision tree classifiers achieved the highest accuracy, while logistic
regression and gradient boosting remained competitive. Although support vector machines
exhibited slightly lower accuracy in this category, their AUC values remained high, indicating
reliable ranking performance.

Clinical validation on biopsy-confirmed LR4B cases from Augusta Victoria Hospital provided
the most stringent assessment of diagnostic performance. In this setting, support vector
machines achieved the highest accuracy and AUC, followed closely by logistic regression.
Random forest, gradient boosting, and decision tree models also maintained strong accuracy and
discrimination, with AUC values exceeding 0.93. Collectively, these results demonstrate that
the proposed VGG16—machine learning framework maintains high diagnostic performance
under real-world clinical conditions, supporting its potential utility as a reliable decision-support
tool for lung nodule risk stratification.
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Figures 5.5 and 5.6 show longitudinal case illustrations that demonstrate the clinical utility of
monitoring suspicious lesions through disease-progression tracking. Figure 5.5 illustrates the
critical role of interval imaging in lung cancer risk evaluation. The baseline CT examination
(TO) showed no detectable pulmonary nodules and was classified as Lung-RADS 1. However,
a follow-up scan acquired three months later (T1) revealed a newly visible solid nodule
measuring 15 x 6 mm, meeting the criteria for Lung-RADS 4B. The transition from a negative
baseline examination to a high-risk category over a short surveillance interval highlights the
dynamic nature of nodule evolution and the importance of timely follow-up imaging.
Importantly, the newly developed nodule demonstrated sufficient structural conspicuity
following dose-aware contrast enhancement (CLAHE-USM), which supports the reliable
feature extraction for machine-learning—based classification. This example reinforces the
clinical value of combining longitudinal assessment with automated risk stratification,
particularly for detecting emerging high-risk lesions that may not be present at initial screening.

Another progression case is illustrated in Figure 5.6, in which a left upper-lobe pulmonary lesion
demonstrates over a short follow-up period, a measurable interval growth. At baseline (T0), the
lesion measured 60 x 40 mm, consistent with a Lung-RADS 4B classification. On the follow-
up scan performed three months later (T1), the lesion had enlarged to 68 x 57 mm. This interval
progression highlights the clinical value of serial CT imaging for monitoring changes in lesion
size and morphology, as such temporal information provides important indicators of aggressive
pathology. All images were processed using the CLAHE-USM enhancement pipeline to ensure
consistent visualization and reliable comparison across time points.

6.2 Conclusion

This study developed and validated a dose-aware deep learning framework for multi-class Lung-
RADS classification using heterogeneous LDCT and SDCT datasets collected from multiple
clinical institutions. By combining optimized contrast-enhancement techniques, VGG16-based
deep feature extraction, and classical machine-learning classifiers, the proposed system
demonstrated strong and consistent performance across internal testing, external validation, and
biopsy-confirmed malignant cases. The findings highlight the importance of dose-specific
preprocessing and cross-modality training in improving generalizability, particularly for
intermediate Lung-RADS categories where diagnostic uncertainty is greatest.

The framework’s stability across different scanners, reconstruction settings, and clinical
environments underscores its potential as a practical decision-support tool, especially in
resource-limited healthcare settings. Although several opportunities for future enhancement
remain, such as incorporating volumetric growth modeling, expanding longitudinal datasets,
and developing adaptive preprocessing pipelines, the present work establishes a robust
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foundation for Al systems designed to improve early lung cancer detection and streamline
radiologist workflow. Importantly, in the context of Palestine, where no formal lung cancer
screening program currently exists, the proposed framework offers a valuable opportunity to
strengthen early detection and risk prediction efforts, helping radiologists identify clinically
significant nodules at earlier, more treatable stages and ultimately bridging critical diagnostic

gaps.

6.3 Future Directions

Several directions emerge for extending this work. First, incorporating true three-dimensional
and longitudinal modeling is essential to capture volumetric morphology, internal heterogeneity,
and growth dynamics that underpin Lung-RADS progression. The integration of 3D CNNs,
volumetric transformer architectures, and automated volume doubling time estimation would
enable more accurate assessment of temporal nodule evolution, which cannot be fully addressed
by the current 2D framework.

Second, expanding the dataset to larger, multi-institutional cohorts with longer follow-up and
greater morphological diversity is critical for improving generalizability. Increased
representation of aggressive, part-solid, and post-treatment nodules would strengthen model
calibration for clinically complex cases and support earlier detection of high-risk progression
patterns.

Third, future studies should evaluate more advanced feature-extraction backbones and hybrid
approaches that combine deep learning with radiomics and clinical variables. Vision
Transformers, hybrid 2D-3D models, and multi-modal fusion frameworks may better capture
subtle textural and contextual cues, particularly in intermediate Lung-RADS categories.

Fourth, further refinement of dose-aware preprocessing is warranted. Adaptive enhancement
strategies that account for contrast use, reconstruction kernels, and scanner-specific parameters
could reduce cross-institution variability and enhance robustness.

Finally, validation in clinically enriched settings incorporating longitudinal imaging for
essential disease progression tracking, patient history, and radiologist feedback would allow
more realistic assessment of performance under diagnostic uncertainty and support the
development of decision-support tools that augment, rather than replace, clinical judgment.
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6.4 Considerations and Challenges

Despite the strong performance of the proposed dose-aware framework across internal, external,
and clinical validation cohorts, several limitations should be considered. First, the analysis is
based on 2D slice-level feature extraction, which, while computationally efficient, cannot fully
capture three-dimensional nodule morphology, volumetric heterogeneity, or growth dynamics.
The lack of consistent longitudinal imaging further restricts assessment of temporal progression,
a key component of Lung-RADS categorization.

Second, the reliability of reference labels may be affected by incomplete clinical context and
imaging history. Lung-RADS assignments were made using single time-point CT scans, often
without prior studies or clinical information. In treated cases, post-therapeutic changes such as
fibrosis or scarring may mimic or obscure malignancy, introducing label uncertainty. In
addition, incomplete or non-diagnostic scans, motion artifacts, low-dose noise, and protocol
variability (e.g., reconstruction kernels, slice thickness, contrast use) further complicated
interpretation, particularly for intermediate-risk categories (LR3 and LR4A).

Third, although data were collected from multiple scanners and institutions, the overall dataset
remains modest compared with large-scale screening cohorts. Rare or complex nodule
phenotypes were under-represented, which may limit calibration for less common presentations.
Moreover, reliance on VGG16, while effective and computationally practical, constrains the
ability to model fine-grained texture patterns that could be better captured by more advanced
architectures such as 3D CNNs or transformer-based models.

Finally, although CLAHE and USM were optimized for LDCT and SDCT, residual variability
arising from heterogeneous acquisition protocols and dose modulation strategies may not be
fully accounted for.
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