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Abstract

This thesis presents the development and evaluation of a computer-aided diagnostics
system for lung cancer screening. Utilizing advanced image analysis techniques, the
system enhances the lung cancer screening process by exploring 3D CNNs for segmenting
and classifying pulmonary nodules in low-dose CT images.

Early lung cancer detection is critical, and computer-aided diagnostics assist
radiologists by automating image analyses. The study comprehensively investigates 3D
CNNs for nodule segmentation and classification. Using a public low-dose CT dataset, the
architecture learns intricate spatial features for accurate nodule segmentation.
Classification capabilities are tuned to distinguish benign and malignant nodules.

Results show promise, enhancing lung cancer screening efficiency. Integration of
3D CNNs improves nodule segmentation, generating accurate 3D predictions.
Classification performance advances accurate malignant nodule identification, aiding
informed clinical decisions.

In conclusion, this thesis contributes to computer-aided diagnostics by presenting a
novel lung cancer screening approach using 3D CNNs. Results highlight the developed
system's viability as a valuable tool for radiologists, streamlining the detection and
classification of pulmonary nodules in low-dose CT images.

Keywords: computer-aided diagnostics, lung cancer screening, 3D CNN, nodule

segmentation, nodule classification, low-dose CT images.
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1 Introduction

Lung cancer is by far the leading cause of cancer death among both men and women,
making up almost 25% of all cancer deaths [1]. Each year, more people die of lung cancer
than colon, breast, and prostate cancers combined [2]. Lung cancer ranks as the most
prevalent cancer among men and is the second most common among women [3]. The
reported cancer stats from World Health Organization - WHO classify lung cancer as the
deadliest one with 1.8 million deaths and 2.21 million new cases in 2020 [4]. Individuals
who currently smoke or have smoked in the past are at an elevated risk of lung cancer due
to the presence of more than sixty carcinogenic substances in tobacco smoke [5].

Early detection of lung cancer can increase the survival chance of the patients
significantly. If lung cancer is diagnosed at an earlier stage, before it has spread, it is more
likely to be successfully treated [5]. Typically, symptoms of lung cancer do not appear until
the disease is already at an advanced stage. Even when lung cancer does cause
symptoms, many people may mistake them for other problems, such as a virus infection or
long-term effects from smoking. This may delay the diagnosis. Thus, delayed diagnosis
contributes to the high mortality rates of lung cancer [6].

The risks of the invasive biopsy (Appendix A.1l Lung cancer screening methods) are
many and the procedure can be very stressful and difficult for the patients [7]. During an
invasive procedure, the patient may experience pain, discomfort, and loss of blood and there
is also a risk of getting an infection or pneumonia. Screening tests can help detect cancer
at an early stage before symptoms appear. When abnormal tissue or cancer is found early,
it may be easier to treat or cure. By the time symptoms manifest, cancer may have
advanced and metastasized, thereby rendering it more challenging to treat.

The low-dose computed tomography (LDCT) is defined by the National Cancer
Institute at the National Institutes of Health (NIH) as a procedure that uses a computer linked
to an X-ray machine that gives off a very low dose of radiation to make a series of detailed
pictures of areas inside the body [8]. The pictures are taken from different angles and are
used to create three-dimensional (3D) views of tissues and organs. LDCT is recommended
as a screening test for adults who have a high risk of developing lung cancer based on their
age and smoking history [9].

The screening process and protocols utilized in traditional methods are quite

demanding in terms of time and expertise [9]. Reviewing the computed tomography (CT)
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scan results of a patient to diagnose the condition requires significant time and experience
from professionals. A deep-learning lung cancer computer-aided diagnosis system can help
doctors, technicians, and patients by making the screening process much faster and even
more accurate than the traditional method [10].

In the medical imaging field, computer-aided detection (CADe) or computer-aided
diagnosis (CADXx) is a computer-based system that helps doctors make decisions swiftly
[11]. Medical imaging involves processing image data that medical practitioners and doctors
have to evaluate and analyze for abnormalities quickly. Analysis of imaging in the medical
field is a very crucial task because imaging is a basic modality to diagnose any disease at
the earliest, but it is also important for the image acquisition process to not harm the human
body. CAD is a technology that includes multiple elements like concepts of artificial
intelligence (Al), computer vision, and medical image processing. The main application of
the CAD system is finding abnormalities in the human body. Among all applications, tumor
detection is particularly crucial, as unsuccessful screening can lead to cancer development
[5], [12] .

1.1 Types of pulmonary nodules

Pulmonary nodules manifest in various forms, each exhibiting distinctive radiological
features that contribute to their classification and clinical interpretation [13]. This thesis
embarks on a thorough investigation of these diverse nodule types, aiming to provide a
comprehensive understanding of their intricate characteristics.

The well-circumscribed nodule, for instance, presents with clearly defined borders
and is often associated with benign pathologies. On the other hand, the juxta vascular
nodule poses challenges due to its proximity to blood vessels, making accurate identification
and differentiation crucial. Nodules with pleural tails extend linearly from the lung
parenchyma to the pleura, while juxta pleural nodules are attached to the pleural surface,
posing distinct challenges in assessment. The realm of sub-solid nodules further
complicates matters, with lesions exhibiting both solid and ground-glass components,
necessitating refined analytical approaches. Among sub-solid nodules, pure ground-glass
nodules, characterized by their hazy appearance, present a particularly intriguing subset.
FiYoceU! ¢6 UjycUacs "~ jeyalUgldd ddpicts samplds fearions o Us
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Figure 1.1.1 Pulmonary Nodule Samples

Amidst these variations, the overarching issue of subjectiveness in nodule
interpretation emerges. This subjectivity underscores the importance of standardized
reporting systems like LUNG-RADS, which provide a structured framework for radiologists
to consistently classify and communicate their findings [14]. Moreover, with the growing
prominence of lung cancer screening initiatives, an in-depth analysis of these diverse

nodular entities becomes increasingly vital.

1.2 Literature search and findings

In the course of the literature review using the Publish and Perish tool [15] to query academic
databases, our investigation was centered on the integration of deep learning techniques
for lung cancer screening. Within this expansive domain, we identified and focused our
research on three pivotal challenges: nodule detection, segmentation, and classification.
The literature survey uncovered a diverse array of methodologies, ranging from established
paradigms like two-dimensional (2D) convolutional neural networks (CNNs) and three-
dimensional (3D) CNNs to more advanced techniques such as autoencoders and
transformer models. Beyond these conventional approaches, our exploration extended to
the examination of custom and innovative models, highlighting novel strategies that exhibit
potential in augmenting the precision and efficacy of lung cancer detection. This thorough
examination of the literature serves as a robust framework for our research, informing our
endeavors to address these challenges and contribute substantially to the evolving
landscape of deep learning applications in lung cancer screening.

We also extracted the performance metrics utilized in these studies, by collecting the
guantitative benchmarks employed to assess the efficacy of the proposed models. This
holistic analysis of datasets, preprocessing steps, data augmentation methods, model

architectures, and performance metrics serves as a comprehensive foundation for our



research. A detailed literature search procedure is described in Appendix (A.2 Literature

review procedure).

1.3 CADx challenges

Developing a Computer-Aided Diagnosis (CADx) system for lung nodules using deep
learning algorithms presents a complex landscape, encompassing challenges that
significantly shape the process. Our literature review underscored three primary hurdles as
mentioned above, that underscore the intricacy of this task.

Nodule detection stands as a cornerstone challenge. The system must accurately
locate potential nodule candidates within the intricate context of lung CT scans. This entails
generating precise regions of interest (ROIs) in both 2D and 3D settings, requiring
sophisticated algorithms that can navigate through extensive datasets while minimizing the
risk of overlooking critical nodules.

Subsequently, nodule segmentation emerges as a crucial obstacle. Precisely
outlining the boundaries of nodules, whether in 2D or 3D, is vital for downstream analysis.
Segmentation not only supports accurate measurement but also facilitates comprehensive
assessment of internal nodule properties, a prerequisite for reliable classification.

Nodule classification poses yet another significant challenge. Differentiating between
benign and malignant nodules, while concurrently reducing false positives, demands
advanced classification models proficient in identifying intricate patterns within nodule
characteristics. This classification phase serves to inform clinicians, aiding in informed
decision-making and prioritizing nodules that warrant closer evaluation.

The significance of CADx systems in the context of lung nodule screening becomes
apparent as they augment and enrich the capabilities of radiologists, providing valuable
assistance to doctors in the diagnostic process as well. During the screening process, CADx
systems streamline tasks vulnerable to human subjectivity and errors. By precisely
detecting nodules, accurately delineating their contours, and offering robust classification
performance, CADx systems amplify the sensitivity and specificity of screenings. This, in
turn, enables radiologists to direct their proficiency towards thorough and accurate
evaluations, ultimately leading to early identification and intervention in potential
malignancies. The synergy between CADx systems and medical professionals has the
potential to reshape lung cancer screening and diagnosis, optimizing healthcare resources,

mitigating false readings, and ultimately improving patient health outcomes.
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1.4 Databases

The utilization of robust and diverse databases is pivotal in the development, training, and
evaluation of methodologies aimed at enhancing the accuracy of pulmonary nodule
detection and diagnosis. A review of the literature reveals that CT databases have
consistently served as the cornerstone for these endeavors. Notably, two databases have
prominently shaped the landscape of research in this domain. The Lung Image Database
Consortium image collection (LIDC-IDRI) [16] stands as a monumental international
resource, encompassing diagnostic and lung cancer screening thoracic CT scans enriched
with meticulously marked-up annotated lesions. This publicly accessible database emerged
from a collaborative initiative involving seven academic centers and eight medical imaging
companies, yielding a comprehensive repository of 1018 cases. Each case comprises
clinical thoracic CT scan images and XML files documenting the outcomes of a meticulous
two-phase annotation process conducted by experienced thoracic radiologists. The LIDC-
IDRI database's unique approach of independent and unblinded-read phases facilitated the
identification of lung nodules without enforced consensus, fostering robustness in nodule
classification.

LUNA16 [17], an essential derivative of LIDC-IDRI [16], offers a refined subset
focused on enhancing algorithmic training and assessment. Comprising 888 CT scans with
a slice thickness equal to or smaller than 2.5 mm, this database facilitates 10-fold cross-
validation by splitting data into ten subsets. The LUNA16 challenge tasked participants with
locating possible nodules and determining their probability of being a nodule & a binary
classification endeavor that mirrored real-world diagnostic challenges. The creation of
LUNAL16 exemplifies the evolution of database design toward specialized training and
evaluation, accommodating the intricacies of pulmonary nodule analysis.

Beyond LIDC-IDRI and LUNAL1G, other noteworthy databases contribute to the field's
progression. The ELCAP Public Lung Image Database [18] furnishes a valuable resource
for evaluating computer-aided detection systems. Boasting fifty low-dose whole-lung CT
scans with radiologist-identified nodule locations, this database addresses the need for
benchmarking performance while mimicking clinical scenarios. The SPIE-AAPM-NCI
LungX [19] dataset, comprising seventy CT scans, was instrumental in the LUNGx
Challenge [20], which sought to advance quantitative image analysis methods for classifying
malignant and benign lung nodules. This collaborative effort underscores the intersection

of multidisciplinary expertise in fostering comprehensive solutions.
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Essentially, the integration of these varied databases, including LIDC-IDRI, LUNA16,
ELCAP, and SPIE-AAPM-NCI LungX unveils a dynamic ecosystem that empowers
researchers to refine methodologies, validate innovations, and ultimately push the
boundaries of pulmonary nodule detection and classification. Through these databases, the
field navigates toward a future where diagnostic accuracy and clinical impact converge to

revolutionize lung cancer management.

1.5 Preprocessing methods

In the context of developing CADx systems for lung nodules using deep learning algorithms,
a comprehensive set of data preprocessing techniques plays a pivotal role. These
preprocessing steps intricately prepare the raw data within a dataset for subsequent training
and analysis, greatly influencing the performance of the deep learning models. Among the
several preprocessing techniques, some key procedures have emerged as critical factors in
enhancing the accuracy and reliability of the CADx systems, as evidenced by the findings
of previous studies.

An essential initial step involves the conversion of pixel values to Hounsfield units
(HU). The Hounsfield scale, a standardized quantitative scale for radiodensity, allows for
the transformation of raw pixel values into a scale that encapsulates the radiodensity of
various tissues and materials. This facilitates accurate discrimination of different
substances and aids in removing unnecessary elements, such as air, from the scans.
Resampling for isotropy addresses the variance in pixel spacing among CT scans, ensuring
uniform distances between slices. This enhances the compatibility of the dataset for CNNs
and deep learning methods, promoting consistent and accurate analyses.

Lung segmentation, another preprocessing step, generates lung segmentation
masks by isolating the lung parenchyma and removing extraneous artifacts, such as organs
and bones. The goal is to establish a focused region of interest containing the inner lung
area, while also considering the presence of tissue around the lungs for the potential
detection of juxta-pleural nodules.

Normalization of HU values within a standardized range constitutes another crucial
procedure, with common thresholds employed to eliminate unnecessary radiodensity
variations. Zero centering, which involves subtracting the mean pixel value from all images

to establish a mean of zero, enhances data consistency and facilitates convergence during



model training. Notably, the mean pixel value is calculated from all images within the dataset
to ensure comprehensive normalization.

Patch extraction constitutes a fundamental step for training deep learning models.
To this end, samples of nodules are extracted from nodule databases, often categorized
based on experienced radiologists' annotations. These annotations guide the combination
of benign and malignant classes, subsequently serving as labels for model training. The
corresponding regions of interest, or nodule patches, are then cropped and can be extracted
as 2D or 3D patches, incorporating volumetric information from axial, coronal, and sagittal
views. These multi-view patches capture a comprehensive perspective of the nodule's
structural characteristics, enriching the training process.

Collectively, these data preprocessing methods orchestrate a comprehensive
transformation of raw lung CT data, rendering them amenable to robust and accurate
training of deep learning models. By mitigating noise, standardizing radiodensity, and
focusing on relevant features, these preprocessing steps pave the way for more precise and

effective CADx systems.

1.6 Data augmentation

Data augmentation is a series of techniques that are commonly used in machine and deep
learning applications to generate synthetic training data, effectively to bolster model
performance. In numerous studies analyzed within our literature review, a recurrent focus
has been on mitigating the dataset imbalance prevalent in datasets like LIDC-IDRI. This
imbalance arises when certain classes are underrepresented or overrepresented, prompting
researchers to adeptly employ a range of traditional data augmentation methods. These
encompass diverse transformations such as rotations, translations, scaling, shear, flips,
crops, and the replication of nodule samples. Furthermore, approaches have been devised
to balance the representation of positive and negative nodule samples by adjusting their
sampling rates. In tandem, modern data generation techniques, including the utilization of

Generative Adversarial Networks (GANs), have gained prominence.

1.7 Motivation

The motivation driving the development of this lung cancer CADx system employing 3D

deep neural networks to extract volumetric features stems from the pressing need for

enhanced accuracy and efficiency in lung nodule diagnosis. Conventional methods often
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grapple with the intricate 3D nature of lung CT scans, struggling to capture the full scope of
nodule characteristics. By harnessing the power of 3D deep neural networks, this system
aspires to revolutionize the analysis process by comprehensively examining volumetric
data. This approach is anticipated to uncover nuanced spatial relationships and intricate
patterns that may be obscured in traditional 2D analyses. The goal is to enable earlier and
more accurate detection of lung nodules, ultimately leading to timely intervention and
improved patient outcomes. Through the amalgamation of advanced deep learning
techniques and volumetric insight, this CADx system seeks to address the inherent
challenges of lung nodule diagnosis, enhancing diagnostic precision in the realm of lung

cancer screening.



1.8 Thesis objectives

This thesis is designed with a set of comprehensive objectives aimed at advancing the field
of lung cancer diagnosis through the development of an efficient and accurate CADx
system. Firstly, it endeavors to conduct a comprehensive literature review focused on the
primary challenges identified earlier, exploring studies that have demonstrated noteworthy
experimental outcomes. This involves extracting vital information such as databases used,
preprocessing strategies employed, data augmentation techniques applied, and proposed
methodologies. Secondly, the research aims to identify publicly accessible lung cancer
LDCT datasets, thereby expanding the availability of data crucial for robust training and
evaluation. In pursuit of standardization, the thesis further seeks to establish a well-defined
experimental protocol, outlining the procedures required to effectively train deep CNN
architectures tailored for lung cancer screening. Finally, the culmination of this effort
involves the deployment of the trained models and the subsequent execution of
comprehensive tests to evaluate the CADx system's performance. This multifaceted
approach aspires to contribute to the refinement and advancement of lung cancer
diagnostics, culminating in a CADx system capable of aiding medical professionals in
making accurate and timely assessments, thereby potentially enhancing patient outcomes.



2 Related works

From our comprehensive literature review, we detected 3 main challenges in developing a
computer aided diagnostics system for lung cancer screening. These are pulmonary nodule
detection, segmentation, and malignancy classification. Previous studies have explored
these challenges extensively using many approaches (Appendix A.2-Literature review
procedure). In this section, related works for the pulmonary nodule segmentation and

malignancy classification tasks are summarized.

2.1 Nodule segmentation works

A nodule segmentation algorithm aims to segment a nodule region. In this segmentation
task, a mask is calculated around the nodule and with that mask, the nodule is separated
from other tissues. The segmentation of a nodule can be done in 2D or 3D space. CT
scans contain rich volumetric information, so a 3D segmented nodule can provide useful
information about the shape and the morphology of the nodule in a classification task. The
preprocessing and augmentation of data constitute crucial stages that significantly impact
the performance of a deep learning model. These steps aim to refine the raw data within a
dataset, preparing it for the training process, and simultaneously generate synthetic samples
to mitigate the risk of overfitting by altering the original data. Standard preprocessing
techniques applied to lung CT databases include resampling for isotropy, conversion of pixel
values to HU, lung parenchyma segmentation, normalization, resizing, cropping, and more.
Depending on the deep learning model's input, nodule samples or patches are extracted
based on radiologist annotations. These patches can be either 2D or 3D, considering the
volumetric information in DICOM files. Synthetic data generation involves common methods
such as rotations, flips, rescaling, contrast and brightness transformations, among others.
The table (Table A.2.1 Nodule Segmentation - Preprocessing steps per work) reports the
datasets, preprocessing steps and augmentation methods employed by prior studies in their
works while table (Table A.2.2 Nodule Segmentation - Performance per work) reports the

reported performance.
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2.1.1 Two-dimensional Convolutional Neural Networks (2D CNN)

Singadkar et al. [21] presented a groundbreaking approach in lung nodule segmentation
with their novel deep residual deconvolutional network. This end-to-end architecture
incorporated multi-level contextual information, automatically learning nodule-sensitive
features from 2D CT images to enhance segmentation performance. Despite achieving an
impressive Dice Similarity Coefficient (DSC) score of 94.97% on the LIDC-IDRI dataset, it's
crucial to note the lack of cross-validation and detailed preprocessing steps in their study.
Wang's et al. [22] Central Focused Convolutional Neural Networks (CF-CNN) stands
out for its ability to effectively segment lung nodules from heterogeneous CT images. By
capturing nodule-sensitive features from both 3D and 2D CT images simultaneously,
Wang's model achieved average DSCscor es of 82. 15 %NIDR dafaéet i n t
and 80.02%N11.09 in an i.n\btabygethreidapprdachpxcédlladint e d a
juxta-pleural nodule segmentation, a challenging task, demonstrating a promising average
DSC score difference of only 1.98% when compared with inter-r adi ol ogi st sd con
the LIDC-IDRI dataset.
Roy et al. [23] introduced a synergistic combination of deep learning and shape-
driven level sets for accurate lung nodule segmentation. Their approach involved a deep
fully convolutional network for coarse segmentation and shape-driven level sets for fine
segmentation, achieving an impressive average DSC scor e of 93%NO0. 11 o
nodulesinthe LIDC-l DRI dataset and 9dbe&ibh0. 08 on pl eur a
Khan et al. [24] introduced a deep learning framework using the VGG19 network for
the joint segmentation and classification of lung nodules in CT images. The framework
consists of two main components: VGG-SegNet for nodule segmentation and a pre-trained
VGG19 for classification. For the segmentation task demonstrated impressive results were
achieved a Dice similarity coefficient (DSC) of 0.91, which indicates a high degree of
accuracy in the overlap between the predicted segmentation and the ground truth. The

metrics of this work were evaluated using the LIDC-IDRI and Lung-PET-CT-Dx dataset.

2.1.2 Three-dimensional Convolutional Neural Networks (3D CNNSs)

A Nested Three-Dimensional Fully Connected Convolutional Network for lung nodule
segmentation has been introduced in [25]. Leveraging a single encoder, this model
achieved promising resultswithaDSCof 0. 845N0. 007 and Intersect
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0. 738N0. 0 1128b6d inmut site2 Bhe housing unit structure and encoder-decoder
connections through concatenation demonstrated the network's efficacy.

Tang et al. [26] proposed a unified model for pulmonary nodule detection, false
positive reduction, and segmentation, exhibited substantial improvements in nodule
detection accuracy by 10.27% compared to baseline models. The model achieved a state-
of-the-art DSC of 83.10%, emphasizing its robust performance and contributions to
enhancing pulmonary nodule detection and segmentation tasks. The shared underlying
feature extraction backbone and end-to-end training showcased the effectiveness of their
comprehensive approach.

Another study [27], employed a 2D-3D cascaded CNN for comprehensive lung
nodule analysis, integrating segmentation, detection, and classification. The SqQuUExUNet
segmentation framework, combined with a 2D-3D cascaded CNN approach for detection,
demonstrated sensitivity of 90% and a DSC of 80%. The study's holistic strategy showcased

the potential for combining multiple tasks within a unified framework.

2.1.3 U-Net

Usman M. [28] proposed a semi-automated 3D segmentation method for lung nodules,
employing a two-stage process. In the first stage, a 2D ROI containing the nodule was used
for patch-wise exploration along the axial axis using an adaptive ROI algorithm. In the
second stage, the volume of interest (VOI) was further explored along the coronal and
sagittal axes using Residual U-Nets. The method achieved promising results with DSC
scores of 85.29% N 9.78 in axial, 84. 7gte
vi ews, averaging at 87.5% N 10.58.
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Original Ground Truth Res-Unet + AROI [5] DEHA-Net + AROI

Dice score = 86.0% Dice score = 92.5%

e =

Dice score = 86.6% Dice score = 96.8%

Figure 2.1.1 DEHA-Net visual results comparison[28]

Pezzano G. [29] took a unique approach by using a U-net based network to learn the
context of nodules through two masks representing background and secondary-important
elements in CT scans. The subtraction of these masks successfully extracted the nodule
area, yieldngan i mpressive | oU score of 76.6 N
The masks generated by Pezzano's network closely resembled those produced by
radiologists, as validated by the Kolmogorov-Smirnov test [30].

A novel approach introduced in a recent study [31] leveraging synthetic CT images
with distinctive color patterns to represent evolving nodule features for detection and
segmentation. Using a modified U-Net architecture, the method achieved a DSC of 93.14%,
Recall of 91.76%, Precision of 93.3%, True Positive Rate of 2.3%, and a False Positive Rate
of 0.21%. This innovative approach enhances the accuracy and efficiency of lung nodule
segmentation by effectively incorporating inter-slice information through synthetic images.

Two studies, RAD-Unet [32] and SMR-Unet [33], focused on enhancing traditional U-
Net models. RAD-UNet incorporated a residual network module and a pyramid pooling
module, achieving a mean loU of 87.76% and 88.13%, demonstrating improved lung nodule

semantic segmentation performance. SMR-UNet introduced self-attention, multi-scale
13



features, and residual structures, achieving a DSC index of 0.9187 and an loU of 0.8688,
surpassing the traditional U-Net model by 4.22% and 4%, respectively.

Another study [34] introduced a novel deep learning architecture designed for lung
cancer nodule detection with a focus on reducing false positives. It incorporates receptive
regularization in both the convolution and deconvolution layers of the V-Net model. Nodule
classification is carried out using a combination of SqueezeNet and Residual Network
(ResNet), termed the nodule classification network (NCNet). Post-processing involves
image enhancement on 2D slices through increased intensity using pseudo-color or
fluorescence contrast. The RFR V-Net demonstrates impressive segmentation
performance, achieving a DSC of 95.01% and an IoU of 0.83. The NCNet achieves a
sensitivity of 98.38% and a low rate of false positives per scan (FPs/Scan) at 2.3 for 3D
representations. The proposed approach, combining RFR V-Net and NCNet, exhibits
substantial improvements over existing CAD systems for lung nodule detection.

A Coarse-to-Fine Lung Nodule Segmentation approach [35], utilizing image
enhancement and a Dual-Branch U-Net (DB U-Net), demonstrated effective segmentation.
The DB U-Net achieved DSC of 83.16% and 81.97% on the LIDC dataset and an additional
dataset, showcasing its accuracy in lung nodule segmentation.

An accurate segmentation approach [36] introduced an improved U-Net
convolutional network incorporating Batch Normalization (BN) for enhanced performance.
Operating at a resolution of 321 32, the improved U-Net achieved a DSC of 0.8623,
demonstrating its accuracy in segmenting various types of lung nodules.

Evo-GUNet3++ [37] a novel approach using evolutionary algorithms to optimize
UNet-based architectures for efficient 3D lung cancer detection. Achieving a DSC of 0.972,
sensitivity of 0.977, and positive predictive value (PPV) of 0.923, Evo-GUNet3++
demonstrated effectiveness in accurate semantic segmentation for lung cancer detection,
outperforming baseline performances and showcasing the potential of evolutionary
algorithms in UNet-based architecture optimization.

Additionally, AWEU-Net [38] was proposed for lung nodule detection and
segmentation in CT images, utilizing a two-stage process. In the first stage, a fine-tuned
Faster R-CNN model localizes the nodules. In the second stage, the segmented regions are
refined using a U-Net architecture enhanced with position attention-aware weight excitation
(PAWE) and channel attention-aware weight excitation (CAWE) blocks. The method

achieved impressive results with Dice scores of 89.79% and 90.35%, and Intersection over
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Union (loU) metrics of 82.34% and 83.21% on the LUNA16 and LIDC-IDRI datasets,

respectively.

2.1.4 Residual Networks

Liu et al. [39] proposed an innovative approach utilizing a residual block-based dual-path
network to extract both local features and rich contextual information from lung nodules.
The method takes advantage of multi-view and multi-scale features from CT images,
showcasing effectiveness in segmenting small and juxtapleural nodules. The implemented
CDP-Res Net achieved an i mpressive average .DSC
Notably, the model's segmentation accuracy was reported to be slightly superior to that of
human experts, emphasizing its potential for accurate nodule segmentation.

Building upon Liu's [39] work, Cao. et al. [40] proposed a model designed to
simultaneously capture multi-view and multiscale features of different nodules in CT images.
The model combines intensity and CNN features using a unique pooling method called the
central intensity pooling layer (CIP). This layer extracts intensity features from the center
voxel of the block, while a CNN is employed to obtain convolutional features from the same

center voxel. To address overfitting, the authors introduced a weighted sampling strategy

for training sample selection. The met hod achieved a remad kabl

on the LIDC-IDRI dataset, highlighting its potential for robust lung nodule segmentation.

Additionally, Yu et al. [41] proposed a lung nodule segmentation and recognition
algorithm based on deep learning using 3D CT images. The method involves two main
components: a 3D Res U-Net for segmentation and a 3D ResNet50 for classification. The
3D Res U-Net uses residual units in place of common convolutional layers and combines
Dice loss and cross-entropy loss to improve accuracy and convergence. The 3D ResNet50
replaces 2D with 3D convolutional layers for better spatial feature extraction. The 3D Res
U-Net achieved a Dice coefficient above 0.8 for nodules larger than 10 mm, while 3D
ResNet50 achieved a classification accuracy of 87.3% and an AUC of 0.907 on the LIDC-
IDRI dataset.

These studies collectively demonstrate the effectiveness of residual networks in lung
nodule segmentation, showcasing advancements in leveraging multi-view and multiscale

features for improved accuracy and performance.

15

C



2.1.5 Generative Adversarial Networks (GANS)

CSE-GAN, a 3D conditional generative adversarial network tailored specifically for lung
nodule segmentation, has been introduced [42]. In this novel approach, the generator
functions as a segmentation network, responsible for producing accurate segmentation
mask images. Simultaneously, the discriminator operates as a classification network,
distinguishing between authentic and generated segmented nodule masks. This adversarial
setup encourages the generator to improve its segmentation capabilities continually.

A key innovation in CSE-GAN lies in the integration of a concurrent spatial and
channel squeeze and excitation module within both the generator and discriminator. This
module enhances segmentation performance by enabling the network to focus on critical
spatial and channel-wise features during the segmentation process. This dual application
of the squeeze and excitation module contributes to improving classification accuracy as
well.

To validate the proposed model, an Indian lung nodule dataset collected from a local
hospital is introduced. This dataset serves for both validation and generalizability testing,
providing a diverse set of cases for the model to learn from. CSE-GAN demonstrates
noteworthy results on two distinct datasets i the LUNA test set and the local dataset.
Specifically, the model achieves DSC of 80.74% and 76.36% on these datasets, indicating
a high level of accuracy in lung nodule segmentation. Additionally, sensitivities of 85.46%
and 82.56% further underscore the effectiveness of CSE-GAN in accurately identifying and

segmenting lung nodules.
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Figure 2.1.2 Block diagram of the proposed CSE-GAN [42]

2.1.6 Transformers

TPFR-Net is a U-shaped model designed for lung nodule segmentation, specifically
addressing challenges related to global dependencies, computation efficiency, and feature
loss during up-sampling [43]. TPFR-Net employs a unique encoder that integrates
convolution and transformer modules for both local and global feature extraction. This
allows for multiscale and channel attention convolutions to be incorporated effectively. To
manage the computational demands of the transformer's self-attention layer, the authors
ingeniously fuse it with the pooling layer. Additionally, a novel feature reorganization
strategy, utilizing dual-attention mechanisms, is implemented to maximize feature retention
during up-sampling. The loss function is enhanced by combining Binary Cross-Entropy
(BCE), Dice, and Hausdorff Distance (HD Loss) to give due emphasis to segmentation
boundaries. The deep supervision strategy further ensures the authenticity and reliability of
image information post feature reorganization. Evaluated on datasets of varying dimensions
(641 64, 961 96, and 1281 128), TPFR-Net showcases remarkable results with a DSC of
91.84% and a sensitivity of 92.66%, highlighting its effectiveness in lung nodule
segmentation. This model proves to be a promising advancement in addressing the
challenges associated with global dependencies and feature loss during up-sampling in lung

nodule segmentation tasks.
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DPBET is introduced as a unique Cascade-Axial-Prune transformer (CAP-Trans)
model for lung nodule segmentation [44]. DPBET utilizes a hybrid CNN-Transformer
architecture to maximize the benefits of both convolutional and transformer blocks, allowing
for effective capture of local details and global semantic representations. To enhance
boundary information, the authors employ edge detection operators, constructing boundary
enhancement datasets for the edge path to provide additional edge prior knowledge. The
encoding method, termed "Down-Attention Sample (DASample),” is introduced in the edge
path, leveraging channel and spatial attention to increase the perceptual field for multi-scale
lung nodule information. Evaluated on a 64l 64 dataset, the CAP-Trans model achieves
impressive segmentation results with a DSC of 89.86% and an average sensitivity of
90.50%. This highlights the model's effectiveness in accurately delineating lung nodules
and showcases its potential for advancing lung nodule segmentation tasks by incorporating
a hybrid CNN-Transformer architecture and innovative boundary enhancement strategies.

The DEHA-Net [45] introduces a novel lung nodule segmentation framework
incorporating a dual-encoder-based hard attention network and an adaptive ROI
mechanism. The framework operates in two stages: firstly, a 2D ROI is generated along
the axial axis using DEHA-Net, leveraging initial input from a radiologist or CADe system.
An adaptive ROI algorithm then extends the generation of ROIs to surrounding slices,
facilitating 3D mask reconstruction. In the second stage, ROIs are generated along sagittal
and coronal views using the 3D mask obtained in the first stage, with DEHA-Net applied for
segmentation along these views. The final 3D segmentation mask is produced by a
consensus module. Notably, this pipeline avoids resizing, mitigating issues associated with
input and output rescaling. The dual-encoder-based CNN achieves promising results with
a DSC of 87.91%, sensitivity of 90.84%, and positive predictive value of 89.56%,

demonstrating the effectiveness of DEHA-Net for accurate lung nodule segmentation.

2.1.7 Other nodule segmentation works

A novel Dual-Task Region-Boundary Aware Neural Network [46] for pulmonary nodule
segmentation incorporates a hierarchical feature module for capturing multi-scale
information, a boundary-guided module to model boundaries explicitly, and a feature
aggregation module for fusing boundary and multi-scale features. The proposed region-
boundary aware loss function enhances the relationship between regions and boundaries,
resulting in improved segmentation performance. The method achieves superior

segmentation results on the LIDC-IDRI and LUNA16 datasets, particularly excelling in small
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and non-solid nodules. Utiliziinga3DU-Net architecture with a 64
proposed method demonstrates promising performance metrics, including a DSC of
82.48%, loU of 70.86%, Sensitivity of 82.74%, Precision of 84.10%, and Average Surface
Distance of 0.310 mm, highlighting its suitability for accurate pulmonary nodule
segmentation.

DAS-Net [47] is a lung nodule segmentation method that leverages an adaptive dual-
attention module and a novel 3D shadow mapping layer. The adaptive dual-attention
module enhances the model's ability to perceive detailed information on the 3D nodule
surface, improving segmentation accuracy. The 3D shadow mapping layer is introduced to
construct the basic structure of the network, ensuring feature-rich extraction with a reduced
number of parameters and computational efficiency. DAS-Net, with a dimension of
161 1281 128, outperforms state-of-the-art methods in lung nodule segmentation tasks. The
evaluation metrics demonstrate its superiority, withaDSCof 92. 05% N 3. 08, =
90.81% N 66D86, 3a8d N 1.87 mm, showcasNehig the

accurate 3D lung nodule segmentation with a compact parameter configuration.

2.2 Nodule classification works

A nodule malignancy classification algorithm aims to determine whether a detected nodule
is benign or malignant. The classification of a nodule can be performed using 2D image
slices or 3D volumetric data, allowing for a comprehensive assessment of the nodule's
characteristics across multiple dimensions. Classification works follow very similar
preprocessing steps to the segmentation works outlined in the previous section. Similarly,
in Table A.2.3 Nodule Classification - Preprocessing steps per work, we demonstrate the
datasets, preprocessing steps and data augmentation methods employed by prior studies
while Table A.2.4 Nodule Classification - Performance per work reports the performance

metrics.

2.2.1 Single-view

Da Silva et al. [48] employed a CNN alongside Particle Swarm Optimization (PSO) to
optimize hyperparameters, achieving a remarkable accuracy of 97.62%, sensitivity of
92.20%, specificity of 98.21%, and an area under curve (AUC) of 0.955 on the LIDC-IDRI

database. Bhandary et al. [49] explored a Modified AlexNet (MAN) architecture with
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Ensemble-Feature-Technique (EFT), showcasing the model's superiority with a
classification accuracy of 97.27%, sensitivity of 98.09%, specificity of 95.63%, and an AUC
of 0.995.

Tran et al. [50] introduced a novel 15-layer 2D CNN, incorporating focal loss, resulting
in a highly accurate model with 97.2% accuracy, 96.0% sensitivity, 97.3% specificity, and
an AUC of 0.982 on the LUNA16 challenge database. Moreover, Al-Shabi et al. [51]
proposed Gated-Dilated (GD) networks, achieving an accuracy of 92.57%, sensitivity of
92.67%, and AUC of 0.9514, outperforming traditional CNNs. Suresh et al. [52] developed
a CNN with Generative Adversarial Networks (GAN), achieving a classification accuracy of
93.9%, specificity of 93%, sensitivity of 93.4%, and an AUC of 0.934, demonstrating the
impact of GAN-generated synthetic samples.

Huang's et al. [53] novel approach combined Deep Transfer Learning CNN (DTCNN)
and Extreme Learning Machine (ELM), achieving 94.57% accuracy, 93.69% sensitivity, and
95.15% specificity on LIDC-IDRI. Zhao et al. [54] explored modified CNN strategies with
transfer learning, attaining an AUC of 0.94, sensitivity of 91%, and an overall accuracy of
88%. In addition, Ali et al. [55] introduced transferable texture CNN networks, achieving
high performance on the LIDC-IDRI dataset and demonstrating the efficacy of transfer
learning on smaller datasets. Naik et al. [56] combined Fractalnet and CNN, vyielding a
model with high sensitivity (97.52%) and AUC (0.98), addressing the overfitting problem with
drop-path in the Fractalnet architecture.

Computational intelligence techniques were explored in another study [57], achieving
improvements in accuracy, precision, sensitivity, and specificity using a U-net-based
network. The ensemble framework, F-LSTM-CNN, proposed for benign-malignant
classification, integrated nodule attributes and images, achieving an accuracy of 0.955,
sensitivity of 1, specificity of 0.937, and an AUC of 0.995.

In another work [58] Suresh et al. proposed a NROI-based feature learning using
DCNN which demonstrated outstanding performance with a classification accuracy of
97.8%, specificity of 97.2%, sensitivity of 97.1%, and an AUC of 0.9956. Residual-
Transformer networks [59] are proposed in literature, showcasing improved accuracy (AUC
of 0.9628) and overall effectiveness in classifying lung nodules. LDNNET [60], proposed
for robust classification, exhibited excellent performance without extensive preprocessing,
emphasizing its versatility and robustness. The reported metrics for a voxel resolution of
80180 include sensitivity of dS$pecHi@yod0r994584afk cur a
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Bilinear Convolutional Neural Network (BCNN) [61] introduced for lung nodule classification
achieved an accuracy rate of 91.99% and an AUC rate of 95.9%, highlighting the efficacy of
the proposed architecture.

Additionally, transfer learning techniques for the automatic characterization of
Solitary Pulmonary Nodules (SPNs) [62] demonstrated peak accuracy of 94%, addressing
the challenges of small datasets and showcasing the benefits of transfer learning and data
augmentation.

These advancements collectively underscore the evolving landscape of deep
learning in lung nodule classification, emphasizing improved model architectures,
optimization strategies, and computational intelligence integration for enhanced clinical

accuracy and reliability.

2.2.2 Multi-view

Nibali et al. [63] adopted a three-column ResNet architecture to assess the impact of
curriculum learning, transfer learning, and varying network depth on malignancy
classification. By using three 2D planar views instead of a full 3D volume, their model
achieved a sensitivity of 91.07%, specificity of 88.64%, AUC of 0.9459, and an accuracy of
89.90%, showcasing computational efficiency compared to other multi-view approaches.

On a different front, Xie et al. [64] introduced a multi-view knowledge-based
collaborative (MV-KBC) deep neural network model, utilizing nine views for nodule
classification. Despite competitive performance metrics with an accuracy of 91.60%,
specificity of 94%, and AUC of 95.70%, the model's drawback lay in its large size (nine sub-
models) and significant computational requirements.

Kang et al. [65] proposed a 3D multi-view convolutional neural networks (MV-CNN)
for lung nodule classification, exploring binary and ternary classifications. Achieving a lower
error rate and higher performance metrics (Sensitivity: 95.60%, Specificity: 93.94%, AUC:
0.99) than similar works, this study highlighted the efficacy of 3D MV-CNN in diverse
classification tasks.

Meanwhile, in another work Xie et al. [66] proposed the Transferable Multi-Model
Ensemble (TMME) algorithm, leveraging pre-trained ResNet-50 models for nodule
characterization. In experiments on the LIDC-IDRI database, TMME achieved a
classification accuracy of 93.4%, sensitivity of 91.43%, and specificity of 94.09%,

underscoring the effectiveness of transfer learning for accurate nodule classification.

21



A retrospective study [67] developed a deep learning (DL) algorithm for lung nodule
classification, showcasing superior performance with an AUC of 0.93 and clinical relevance
compared to existing models. Additionally, MV-CRecNet, a novel model architecture for
pulmonary nodule identification, demonstrated superior performance in accuracy,
sensitivity, specificity, and AUC compared to alternative model architectures. These studies
collectively advance the landscape of lung nodule classification, introducing innovative
approaches and demonstrating promising outcomes in accuracy and clinical applicability.

Another work [68] introduced a novel model architecture, MV-CrecNet which
leverages Multi-view Convolutional Recurrent Neural Networks (MV-CNN). The
comparative performance of MV-CRecNet is assessed alongside various other model
architectures, employing 2D MV-CNN and 3D MV-CNN with different input sizes (20 x 20),
(30 x 30), and (40 x 40). The reported metrics for a voxel resolution of (20 x 20) include an
accuracy of 0.97, sensitivity of 0.98, specificity of 0.97, and an AUC of 0.99. These results
underscore the effectiveness of the proposed MV-CRecNet in pulmonary nodule
identification, showcasing superior performance in terms of accuracy, sensitivity, specificity,
and AUC compared to alternative model architectures.

2.2.3 Three-dimensional classifiers

Several 3D classifiers for lung nodule classification have been developed over the past few
years, Causey et al. [69] proposed a predictive model employing a deep learning CNN.
Despite achieving high sensitivity of 94.80%, specificity of 94.30%, accuracy of 94.60%, and
an AUC of 0.984, the model's major limitation lies in its reliance on manual specification of
the nodule region of interest, making it less automated. Dey et al. [70] evaluated multiple
3D CNNs, introducing a 3D multi-output DenseNet (MoDenseNet) with transfer learning.
The model achieved an accuracy of 90.40%, specificity of 90.33%, sensitivity of 90.47%,
and AUC of 0.948, showcasing robust performance, especially with transfer learning on a

challenging private dataset.
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Figure 2.2.1 The layout of the two CNN networks [69]

Xu et al. [71] developed lightweight 3D CNN models, demonstrating that shallower
networks outperformed deeper ones. Despite achieving a high accuracy of 92.65% and
specificity of 95.87%, their sensitivity of 85.58% was relatively lower. Ren et al. [72]
proposed a novel manifold regularized classification deep neural network (MRC-DNN),
achieving a classification accuracy of 0.90 on the LIDC-IDRI validation set, with sensitivity
and specificity of 0.81 and 0.95, respectively.

In addition, several other innovative approaches have been introduced. The Self-
supervised Transfer Learning Framework driven by Visual Attention (STLF-VA) [73]
demonstrated competitive performance with an accuracy of 92.36%, sensitivity of 91.62%,
specificity of 93.08%, AUC of 97.17%, and precision of 92.99%. The ProCAN network [74]
incorporating non-local network enhancement and curriculum learning, outperformed state-
of-the-art methods with an AUC of 98.05% and an accuracy of 95.28%.

The Multi-View Coupled Self-Attention Network (MVCS) [75] addressed depth
di mension relations and achieved notabl e
resolution, including an accuracy of 91.25%, sensitivity of 89.10%, specificity of 93.39%,
precision of 91.59%, AUC of 91.25%, and F1-score of 90.19%. This study [76] focused on
early detection of lung cancer utilized a 3D Convolutional Neural Network (CNN) with a
Multiview-one-network strategy, achieving an AUC of 0.97, accuracy of 97.17%, F-score of
0.92, precision of 0.87, and recall of 0.94. These advancements collectively contribute to
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the evolving landscape of 3D lung nodule classification, showcasing innovative approaches
and promising outcomes in accuracy and clinical applicability.

Another study [77] proposed a lung nodule classification algorithm that integrates CT
imagery with biomarker annotation and volumetric radiomic features. The algorithm
employs a 3D CNN and a Random Forest. The performance is analyzed and compared

across different combinations: using only imagery, only biomarkers, combined

i magand yoi omackebs nhed andmagéuwmetric radi omi c

combination of imagery, biomarkers and volumetric features. The reported results for a
voxel resol ution of 32 pi x el s Réceiver2 Opgrating
Characteristic - Area Under the Curve (ROC -AUC) of 0.8674. This comprehensive
approach leverages multiple data modalities to enhance the classification of lung nodule
malignancy suspicion levels. Jung H. [78], introduced a 3D DCNN with shortcut and dense

layer connections achieved high sensitivity of 95.4% and a notably low false-positive rate.

2.2.4 Auto Encoders

Silva et al. [79] proposed a transfer learning approach utilizing a Convolutional Auto-
Encoder (CAE) as a feature extractor, followed by a Multi-layer Perceptron classifier.
Despite achieving a sensitivity of 78.9% and an AUC of 0.928 when trained from scratch,
the model's performance improved to a sensitivity of 84.8% and an AUC of 0.936 on the
LIDC-IDRI dataset. While these metrics are lower compared to other studies, the transfer
learning approach showcases the potential of leveraging pre-trained autoencoder features
for malignancy binary classification.

Another study [80] introduced an unsupervised feature extraction method employing
multiple convolutional autoencoders for various 2.5-dimensional medical images, achieving
high performance in detecting cerebral aneurysms and lung nodules with AUCs exceeding
0.96. This highlights the versatility and effectiveness of autoencoders in unsupervised
feature extraction across different medical imaging applications.

In the CKAK pipeline [81], a method aimed at reliable lung nodule diagnosis, the
authors effectively fused clinical and Al knowledge at both feature and decision-making
levels. The proposed scale-aware feature extraction block (SAFE) integrates multi-scale
contextual features using a lightweight Transformer, demonstrating superior accuracy in
benign-malignant classification (92.82%), AUC (97.40%), sensitivity (87.69%), and

el
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the potential of combining clinical expertise with Al knowledge for robust lung nodule

diagnosis, meeting clinical requirements for a reliable CAD system.

2.2.5 Multi-task Learning

Zhai. et al. [82] extracted nine 2D views from a candidate nodule cube from different
projection angles. Then, for each view, they constructed a 2D Multi Task-CNN model, which
consisted of a nodule classification branch and an image reconstruction branch. Finally,
they obtained the classification results by the weighted fusion of the prediction results of the
nine 2D MT-CNN models. The implementation of transfer learning improved their metrics
slightly with an AUC of 0.9559 in the LIDC-IDRI dataset, and 0.973 in the LUNA16 challenge
dataset, but the reported sensitivity performance of 87.74% in LIDC-DRI, and 84.00% in the
LUNAL16 challenge dataset is lower than other classification approaches. Authors state that
there is no information communication between different views before fusion, thus rich
contextual information and features are probably lost.

Zia et al. [83] addressed intra-class variation and inter-class similarity using a multi-
deep model (MD model) for lung nodule classification. The model includes multi-scale
dilated convolutional blocks, dual deep convolutional neural networks, and multi-task
learning components. With reported performance metrics of almost 91% in sensitivity,
specificity, and accuracy, this approach aims to overcome challenges related to diverse
imaging modalities.

Another study [84] introduced a deep learning-based multi-task learning (MTL) model
with attention modules for analyzing lung nodule attributes in CT images. This model,
processing entire image volumes and simultaneously scoring multiple nodule attributes,
achieved notable performance on the LIDC-IDRI dataset, with an accuracy of 94.7%,
sensitivity of 96.2%, specificity of 82.9%, precision of 97.8%, and AUC of 95.9. The

incorporation of attention modules enhances interpretability and clinical relevance.

2.2.6 Transformers

In the domain of Transformers, the Multi-Granularity Dilated Transformer (MGDFormer) [85]
was introduced for lung nodule classification. This model aimed to learn pixel-wise global
attention for robust long-range global representation and employs a Local Focus Scheme
(LFS) to enhance focus on local discriminative features. With competitive performance
metrics, including an AUC of 98.5%, accuracy of 96.1%, precision of 95.9%, sensitivity of

94.4%, and F1-Score of 95.2%, MGDFormer demonstrated effectiveness in addressing
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challenges related to local and global information, making it a promising model for lung

nodule classification.

2.2.7 Other nodule classification works

Capsule networks (CapsNets) were employed for the first time as individual experts within
a mixture of experts (MoE) framework in the proposed MIXCAPS [86] model for lung nodule
malignancy prediction. The study revealed how CapsNet itself can be considered an MoE
framework, making MIXCAPS a hierarchical MoE technique. The output of the gating model
was explored for potential correlations with hand-crafted nodule features, enhancing the
interpretability of MIXCAPS. The analysis demonstrated that individual CapsNet experts
specialize in different subsets of the dataset, and the gating model determines their
contributions, showcasing how experts' activations change with different data subsets.
MIXCAPS achieved robust generalizability, as illustrated through extension and evaluation
on a separate dataset associated with a different prediction task. The reported metrics for
an input size of 801 80I 3 slices include sensitivity of 89.5%, specificity of 93.4%, accuracy
of 90.7%, and an AUC of 0.956. These findings highlight the effectiveness of the proposed
MIXCAPS model in lung nodule malignancy prediction and its potential for interpretability

and generalization.
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Figure 2.2.2 Proposed MIXCAPS [86]

DC-GAN [87] proved effective in generating realistic SPNs, leading to a notable
increase in FF-VGG19's classification accuracy on the LIDC-IDRI dataset by +7% to 92.07%

and on the CT dataset by 5% to 84.3%. The reported metrics, with a voxel resolution of
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321 32, include an accuracy of 92.1%, sensitivity of 89.3%, specificity of 94.8%, and an AUC
of 92.1%. These results underscore the efficacy of the proposed methodology, combining
DC-GAN for realistic nodule generation and FF-VGG19 for improved classification accuracy
in lung nodule malignancy assessment.

A groundbreaking study [88] introduced a novel approach utilizing neural architecture
search (NAS) for automatic exploration of 3D network architectures. This method achieves
an exceptional accuracy/speed trade-off, integrating the convolutional block attention
module (CBAM) into networks to enhance the reasoning process. The use of A-Softmax
loss during training fosters the learning of angularly discriminative representations. Notably,
this study marks the first attempt to use NAS for pulmonary nodule classification. The
model's reasoning process aligns with physicians' diagnosis, contributing to explainability,
and the proposed ensemble strategy achieves high comparability with previous state-of-the-
art methods while utilizing significantly fewer parameters. With reported metrics for a voxel
resolution of 321 321 32, including an accuracy of 90.77%, sensitivity of 85.37%, specificity
of 95.04%, and an F1 Score of 89.29, these results underscore the efficacy of the proposed
3D NAS method, CBAM module, A-Softmax loss, and ensemble strategy for achieving
efficient, explainable, and discriminative representations in pulmonary nodule classification.

Another innovative study [89] adopted a multi-step approach for pulmonary nodule
classification. The MIXUP method was employed to construct virtual training data for
enhanced data diversity, followed by the use of the 3D dual-path network (3D DPN) to
extract nodule features. The Gradient Boosting Machine (GBM) algorithm was then applied
to differentiate pulmonary nodules using both deep features and raw nodule pixels. Spatial
and contextual features are captured using the RAN and SE modules, with a novel multi-
scale attention module proposed to capture multi-scale attentive features.  This
comprehensive approach, incorporating various techniques such as data augmentation,
advanced network architectures, and attention mechanisms, yields robust pulmonary
nodule classification with reported results, including an accuracy of 91.9%, sensitivity of
91.3%, a false positive rate of 8.0%, and an F1-score of 91.0%.

Additionally, another study [90] introduced a novel approach, 3D Axial-Attention, for
lung nodule classification, aiming to improve efficiency compared to regular non-local
networks. The 3D Axial-Attention operates on each axis independently, requiring less
computing power. To address the invariant position problem, 3D positional encoding is

added to shared embeddings. The proposed method outperforms state-of-the-art
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approaches on the LIDC-IDRI dataset, achieving an AUC of 96.17, accuracy of 92.81,
precision of 92.59, and sensitivity of 92.36. This highlights the effectiveness of the 3D Axial-
Attention approach in enhancing lung nodule classification performance.
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3 Methods

The objective of the present thesis is to develop deep learning models that can be
incorporated into a lung cancer computer-aided diagnostics system and assist doctors with
the screening. Our vi sion is to create a support.i
scan, where a semantic segmentation model pre-labels suspicious nodules and another
model classifies their malignancy. These predictions are presented to the doctors for their
review and speed-up their diagnosis.

In this Chapter, we describe our observations from the Exploratory Data Analysis that
was conducted in the LIDC-IDRI database, our hypotheses, and the experiment setting,
which includes the data preparation, architectures used, and methods.

3.1 Exploratory Data Analysis

Before defining our experiment protocol, it is important to understand the nature of our data.
This includes exploring our data to understand the structure and format. From the literature,
most of the studies used the publicly available LIDC-IDRI database [16], or its Kaggle
competition subset LUNA16 [17], while some studies used private data. For this thesis, we
preferred to use only publicly available data and as a result, we decided to use data from
the LIDC-IDRI database. To extract information and labels from the database we used the
pylidc python package to load the CT scans and the corresponding metadata. This
supplementary report contains the Exploratory Data Analysis results. In this section we

represent some useful counts we retrieved from our data.

3.1.1 Scan class

This section contains information on the scan object. The pylidc.Scan class encompasses
a subset of the DICOM attributes linked with the CT scans within the LIDC dataset. These
attributes serve as valuable query parameters for accessing the dataset. It is noteworthy

that we obtained the remaining metadata directly from the DICOM header.

3.1.1.1 Slice spacing

The slice_spacing property, represented as a floating-point value, is computed as the
median of the differences between the coordinates of consecutive slices within a scan.
These coordinates are referred to as the slice_zvals. Although the “slice_spacing™ attribute

generally aligns with the slice_thickness, it is important to note that this alignment is not a
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strict rule and may vary. Additionally, itis crucial to understand that the “slice_spacing does
not necessarily indicate uniform spacing between all slices, although this is commonly
observed. This property plays a pivotal role in characterizing the arrangement and
relationships between the slices in a scan dataset.

Table 3.1 LIDC scans slice thicknesses range and counts

Slice thickness Scans
O 1mm 97
Imm - 2mm 478
2mm - 2.5mm 322
2.5mm - 3mm 117
>3mm 4

Slice Spacing Histogram

200 A

Count
=
w
o

100 A

50 A I
0- T

0.5 1.0 1.5 2.0 2.5 3.0 3.5
Spacing Bins (mm)

Figure 3.1 Slice spacing histogram

3.1.1.2 Pixel spacing

The pixel_spacing attribute, represented as a floating-point value, corresponds to a Dicom
attribute (0028,0030) that typically consists of two values. In the context of the LIDC dataset,
all scans share identical resolutions within the transverse plane. As a result, only one value
is utilized to represent this attribute in the LIDC. This property is crucial for understanding
the spatial relationship between pixels in medical images, aiding in accurate measurements

and assessments during medical image analysis.

Table 3.2 LIDC scans pixel spacing ranges and counts

Slice pixel spacing Scans
O1mm 39
1lmm - 2mm 412

30



2mm - 2.5mm 124
2.5mm - 3mm 322
>3mm 121

Pixel Spacing Histogram

0.2 0.4 0.6 0.8 1.0 1.2 1.4
Spacing Bins (mm)

Figure 3.1.1 LIDC-IDRI scans pixel spacing ranges and counts

3.1.2 Annotation class

The Nodule model class serves as a comprehensive container for encapsulating vital
information derived from the meticulous annotations of physicians regarding nodules of a
size equal to or greater than 3mm, within the context of a specific medical scan. Each
nodule instance encompasses a series of contours, wherein each contour corresponds to
the precise outline drawn for the nodule across individual scan slices. This model class
encompasses a spectrum of qualitative attributes that collectively offer a multidimensional

representation of the nodule's characteristics is shown in Table 3.3.
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Table 3.3 LIDC-IDRI Nodule characteristics and annotations

Attribute Possible Values Description
Subtlety 1,2,3 4.5 Difficulty of detection, ra‘mgln_g frcl>m Extremely Subtle' to
Obvious
Internal Structure 1,234 Internal composition of the‘ nodule, gategorlzed,as Soft Tlssue,
Fl uid OAi T O
Calcification 1,2.3,4.5 Pattern of, CaIC|f|cAat|,on, i nc
ONementral 6, O0Absent
. The three-dimensional shape of the nodule, like 'Linear’,
Sphericity 12,345 "Ovoid/'Lineard, 60Ovoido,
Margin 1,2,3 4.5 Description of nodule me}rgln's'well—dlefmed nature, e.g., 'Poorly
Defined', 'Sharp’, etc.
Lobulation 1,2,3 4.5 Degree of lobulation, from l\_lo I'_obulatlon to 'Marked
Lobulation'.
Spiculation 1,2.3. 4,5 Extent of spiculation Presence, ranging frlom No Spiculation' to
Marked Spiculation'.
Radiographic solidity and internal texture, including ‘Non-
Texture 12,345 Solid/GGO', 'Solid!, etc.
Subjective likelihood of malignancy, considering patient
Malignancy 1,2,3,4,5 characteristics and labeled from 'Highly Unlikely' to 'Highly

Suspicious'.

The subtlety attribute, represented by an integer within a predefined range, gauges
the complexity of nodule detection. A higher value on this scale indicates an easier detection
process, encompassing categories like 'Extremely Subtle' to '‘Obvious’, enabling clinicians
to gauge the intricacy of identifying the nodule within the scan. The internal Structure
attribute encapsulates the module's internal composition, employing categories such as
'Soft Tissue', 'Fluid’, 'Fat’, and 'Air', illuminating the diverse tissue constituents within the
nodule.

Calcification patterns are captured through the calcification attribute, utilizing
descriptors such as 'Popcorn’, ‘Laminated’, 'Solid’', and more, thereby providing insights into
the presence and arrangement of calcified regions. The nodule's three-dimensional form is
captured by the sphericity attribute, quantifying its roundness with values like 'Linear’,
'Ovoid’, and 'Round’, enhancing the understanding of its morphological characteristics.

Details regarding the nodule's margin definition are encoded within the margin
attribute, presenting categories ranging from 'Poorly Defined' to 'Sharp’, delineating the
clarity of its boundary. Lobulation, another crucial aspect, is quantified by the lobulation
attribute, with degrees ranging from 'No Lobulation' to 'Marked Lobulation’, providing an

assessment of the nodule's surface irregularities.
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Moreover, the presence of spiculation, or spike-like projections, is expressed through
the spiculation attribute, capturing varying levels of spiculation extent. Texture, reflecting
the internal solidity of the nodule in radiographic terms, is evaluated using labels such as
'‘Non-Solid', 'Solid/Mixed', and others. Lastly, the attribute malignancy provides a subjective
evaluation of the potential malignancy of the nodule, considering factors like the patient's
profile, with gradations like 'Highly Unlikely' to 'Highly Suspicious’, facilitating an informed

assessment of the nodule's clinical significance.
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In summary, the Nodule model class amalgamates a rich array of attributes, each
representing distinct facets of nodules' radiographic and morphological properties. This
holistic framework equips medical professionals with a nuanced understanding of nodules,
enabling more accurate diagnoses and facilitating informed clinical decisions. This class
contains nodule-specific attributes. Each nodule has a unique ID. The pylidc library has a
built-in function to group nodules based on the annotation coordinates in the scan. The

following figure demonstrates the label counts for each attribute.
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Figure 3.1.2 Label distribution of nodule characteristics in LIDC-IDRI database
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3.1.3 Three-dimensional nodule samples

3D MNodule Visualization 2D Nodule Visualization

0 5 10 15 20 25

Figure 3.1.3 Three-dimensional (3D) nodule sample

3D GGO Nodule 2D GGO Nodule (axial-view)

OHMW-"-U"O‘\-..]

25 30

0 5 10 15 20

Figure 3.1.4 Three-dimensional (3D) Ground-glass opacity (GGO) nodule sample
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3D Juxtrapleural Nodule

2D Juxtrapleural Nodule (axial-view)

Figure 3.1.5 Three-dimensional (3D) juxtapleural nodule sample

2D Solid Nodule (axial-view)
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Figure 3.1.6 Three-dimensional (3D) solid nodule sample

3.1.3.1 Nodule diameter
The concept of "diameter" involves estimating the maximum axial plane diameter of a nodule

through the utilization of its annotated contours. This estimation serves as a valuable metric
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for assessing the size of nodules in medical imaging. However, it is important to note that
the current estimation method does not incorporate situations in which the diameter extends
beyond the nodule's boundary or traverses through internal cavities within the nodule. As a
result, while this estimation provides a useful approximation of the nodule's size, it may not
capture certain complex spatial configurations. This consideration underscores the need
for further refinement and advanced techniques to comprehensively characterize nodules in
medical image analysis.

The analysis of nodule diameters was organized into distinct groups based on their
sizes. These groupings facilitate a comprehensive understanding of nodule characteristics.
The diameters were categorized as follows: nodules with diameters less than or equal to 5
mm, those ranging from 5 mm to 10 mm, nodules spanning 10 mm to 15 mm, nodules within
the 15 mm to 20 mm range, and nodules with diameters exceeding 20 mm. This
categorization aids in gaining insights into the distribution and prevalence of nodules of
varying sizes within the studied dataset. By counting the nodules falling into each diameter
group, we acquire valuable information about the distribution of nodule sizes, which

contributes to a more detailed and informative analysis of the dataset.

Table 3.4 Nodule diameter distribution and counts

Nodule diameter Nodule counts
O 5 mm 349
5mm - 10mm 3.886
10mm - 15mm 1.325
15mm - 20mm 553
> 20mm 746
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Nodule Count per Diameter Group
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Figure 3.1.7 Nodule diameter distribution

After completing this stage, we gained more knowledge about our scan data and the
labels. Using this knowledge, we will define the experiment protocol and design and
implement our data preprocessing strategy.

Figure 3.1.8 Nodule annotation
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3.1.3.2 Nodule visualization example using PyLIDC

Scan Info
Patient ID: LIDC-IDRI-0078
Slice thickness: 3.000 mm
Pixel spacing: 0.650 mm

Annotation Info

Subtlety Obvious 5
InternalStructure Soft Tissue 1
Calcification Absent 6
Sphericity Ovoid 3.
Margin Near Sharp 4
Lobulation No Lobulation 1
Spiculation No Spiculation 1
Texture Solid 5
Malignancy Indeterminate 3

X Show Contours

Figure 3.1.9 LIDC-IDRI sample annotation
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3.2 Hypotheses

In our exploration of pulmonary nodule analysis within CT scans, we have outlined a series
of hypotheses that will steer our research endeavors. These hypotheses form the guiding
principles that will shape our experiments and propel us toward a deeper understanding of
the subject. Our investigation focuses on two main areas: nodule segmentation, where we
aim to precisely locate and define nodules, and nodule malignancy classification, where we
strive to categorize nodules based as benign or malignant. Through these hypotheses, we
aim to leverage advanced techniques to unveil valuable insights, contributing to the

advancement of medical imaging analysis and its impact on patient well-being.

3.2.1 Nodule semantic segmentation

Usage of a semantic segmentation model to generate nodule candidates from a CT scan
patch. This approach will provide us with pixel-level predictions for any nodules contained
in the patch. Using this model output, we will be able to construct a mask over the nodule
area.
1 Hypothesis 1. Train a 3D ResNet (transfer learning) to segment pulmonary nodules
in a 3D CT scan patch

3.2.2 Nodule malignancy classifiers

1 Hypothesis 1. Fine-tune a 3D CNN to classify nodules as benign or malignant
1 Hypothesis 2. Fine-tune a 3D CNN using masked nodules to classify nodules as

benign or malignant
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4 Modeling approach

Our modeling approach revolves around two key strategies: semantic segmentation and
classification. For semantic segmentation, we employ advanced architectures like the 3D
HighResNet. This model excels at extracting intricate details from three-dimensional data,
making it a perfect fit for complex medical scans. It even learns from brain parcellation,
enhancing its ability to accurately segment brain regions. This approach helps us precisely
outline nodule structures within volumetric data. For the malignancy classification task, we
turned to the 3D ResNet18. It is a powerful adaptation of a proven architecture, enabling
us to classify volumetric medical scans efficiently. In essence, our approach involves
utilizing advanced models to extract valuable insights from medical images using

segmentation and classification techniques.

4.1 Semantic segmentation architecture i 3D HighResNet

Built on the foundation of residual connections, the 3D HighResNet model addresses
gradient vanishing issues and supports deep network structures. It excels at learning
complex three-dimensional features from raw data, enabling automatic extraction of
anatomical and functional details present in brain scans. The architecture's emphasis on
representation learning transforms brain parcellation into a data-driven problem rather than
one reliant on hand-engineered features.

One notable aspect is the model's use of brain parcellation as a pretext task. This
auxiliary training approach demonstrates the architecture's capacity to learn meaningful
brain representations, ultimately enhancing its performance on the primary task of brain
segmentation. The model's efficacy is validated through extensive experiments on diverse
brain imaging datasets, showcasing its ability to accurately segment distinct brain regions.

In summary, the 3D HighResNet architecture presents an innovative solution for 3D
brain parcellation. By leveraging the ResNet principles and emphasizing representation
learning, it offers a compact and efficient means to address the complexities of volumetric

neuroimaging data.
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Network Building Blocks 3D HighRESNET
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Figure 4.1.1 3D HighResNet architecture

4.2 Classification architecture i 3D ResNetl18

The 3D ResNet18 architecture is an extension of the ResNet architecture that has been
adapted to work with three-dimensional volumetric data. ResNet architectures are
renowned for their ability to train very deep neural networks by mitigating the vanishing
gradient problems through residual connections. The 3D ResNet18 architecture is effective
for tasks such as medical image analysis due to its capacity to learn hierarchical features
from volumetric data. It enables the network to capture both low-level local features and
high-level global context, which is crucial for tasks like lung nodule detection and
segmentation.

The 3D ResNetl8 architecture follows the foundational principles of ResNet,
introducing residual blocks that allow the network to efficiently learn and represent complex
features. The architecture consists of a series of convolutional layers grouped into residual
blocks of varying depths. Each residual block contains convolutional layers followed by
batch normalization and ReLU activations, while the final layer in each block incorporates a
skip connection that directly adds the input to the output. This skip connection allows
gradients to flow freely, preventing degradation in the learning process even as the network
becomes deeper.

In the 3D version, the convolutional layers within each residual block operate on

three-dimensional data, accommodating the volumetric nature of medical images. The
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architecture retains the fundamental ResNet building blocks, such as the basic block and
bottleneck block, but adapts them to the 3D context.

In the case of 3D ResNet18, the architecture comprises multiple residual blocks with
3D convolutional layers. The overall depth of the network is significantly shallower
compared to more advanced variants like ResNet50, making it computationally more
efficient while still retaining the benefits of residual learning.

To tailor the 3D ResNet18 architecture to specific tasks, modifications can be made
to accommodate task-specific input sizes, output classes, and loss functions. Data
augmentation, regularization techniques, and transfer learning can also be incorporated to
enhance generalization and improve performance.

In summary, the 3D ResNetl8 architecture extends the ResNet concept to three-
dimensional volumetric data, utilizing residual blocks to train deep neural networks
effectively. By integrating skip connections and 3D convolutional layers, the architecture
excels in capturing intricate features from medical images, making it a valuable asset for

tasks demanding detailed analysis of volumetric data.

Network Building Blocks 3D ResNet18

______________________________________________________________________________

| |
| |
| |
! i Convl . BN @ RelLU . Max-pooling 6 SE-Basic-Block |
I I
| |
|

i @ Conv2_x ' Conv3_x ' Conv4_x @ Convb_x i
I I
| |
| Global average pool Fully connected layer !

3D input

Figure 4.2.1 3D ResNet18 architecture
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5 Implementation

5.1 Data preprocessing

Based on our hypotheses we will need volume patches for training the semantic
segmentation models and nodule patches to train the classification models. We performed
the following operations to prepare our data for training.
Scan level:
1 Filtered out CT scan with over 2.5mm spacing between slices
1 Converted CT scan values to Hounsfield units (HU)
f Resample scan and mask to uniform spacing of 11 11 1 mm using the pixel
spacing and slice thickness
Data normalization between -1 and 1

Save the resampled volume and masks to Nifti images

Nodule level:

1 Filtered out nodules with less than 3 annotations and with a diameter less than
3mm

1 Nodule grouping. We used the built-in function of pylidc to group nodules
based on their position

1 Consensus nodule mask extraction. We combined all the masks that the
doctors annotated and using 50% Consensus + extracted an average mask

1 Nodule characteristics extraction. There were disagreements between some
of the annotations generated by the doctors so we developed a method to
extract the most common label per characteristic.

1 Extract 3D and save nodule crops as Nifti images
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Figure 5.1.1 Preprocessing pipeline
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The decision not to segment the lung parenchyma in our study was driven by the
specific context of juxta-pleural nodules. Juxta-pleural nodules, owing to their proximity to
the pleural lining, often exhibit intricate relationships with the surrounding lung tissue.
Segmenting the lung parenchyma would potentially obscure or alter the spatial relationship
between these nodules and the pleural boundary, which could have a direct impact on
accurate nodule analysis and classification. By maintaining the contextual integrity of the
juxta-pleural nodules in relation to their neighboring lung tissue, we aimed to ensure that the
analysis accurately captured the unique characteristics of these nodules. This strategic
choice aligns with our objective to provide precise insights into nodule attributes,
acknowledging the significant implications that the lung parenchyma segmentation could

have on the analysis of juxta-pleural nodules.

CT slices 3D Malignant Nodule i . .
2D Malignant Nodule (axial-view)

17.5
15.0
12.5
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2.5

0.0

Figure 5.1.2 Preprocessed data sample.
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5.1.1 Processed scan counts

With the dataset now preprocessed according to the specified criteria, we are ready to
conduct our experiments. The counts provided here reflect the dataset after it has been
filtered based on the earlier described parameters. This prepares us for a more targeted
and effective experimental phase, utilizing data that aligns closely with our research

objectives and criteria.

Table 5.1 Processed scan counts

Slice thickness Scans count Grouped Nodule counts
O1mm 97 151
Imm-2mm 478 678
>2mm 322 363

5.1.2 Grouped nodule malignancy labels

Table 5.2 Grouped nodule malignancy labels

Malignhancy Labels Grouped Nodule counts
Highly Unlikely 155
Moderately Unlikely 222
Indeterminate 465
Moderately Suspicious 178
Highly Suspicious 172
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5.2 Patch extraction and data augmentation

CT volumes are typically very large and it is hard to fit entire volumes to the memory while
training. Instead of loading the entire scan, we decided to use a patch-based extraction
pipeline.

To efficiently handle the loading and preprocessing of LDCT data for our patch-based
analysis, we harnessed the capabilities of PyTorch 0. PyTorch 10 is a specialized library
tailored to the unique requirements of medical imaging data. It provided us with the tools
necessary to seamlessly load and augment our CT images, ensuring that they were
appropriately prepared for subsequent analysis

We developed a patch-based extraction method to extract 3D volumes and use them
as training samples. These 3D patches are extracted online during training so in each epoch
the patches are different and this is one of the methods we used to avoid overfitting on the
training set. On top of that, we applied data augmentation techniques in the 3D space.
More specifically we applied the following transformations:

1 Random flip

 Random affine

1 Random elastic deformation
1

Random swap
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Augmented Samples

Figure 5.2.1 Data augmentation example

These transformations are randomly applied to the training data at the start of each
epoch.

In our methodology, we implemented a 10:1 probability ratio for extracting a 3D patch
containing a nodule sample, extracting four patches from each scan. This approach of
probabilistic patch extraction allowed us to dynamically obtain 3D patches that are highly
likely to contain nodule samples, while also maintaining a chance of extracting patches

without nodules. To enhance the diversity of our training data, we applied transformations
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to it in each epoch. However, for the validation and testing datasets, we only performed
patch extraction without additional transformations. This strategy ensures a robust training
process while maintaining the integrity of the validation and testing data for accurate model

evaluation.
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Figure 5.2.2 Patch extraction pipeline

5.3 Dataset split

In this thesis, a 5-fold cross-validation approach was employed to rigorously evaluate the
performance and generalization capabilities of the developed models. By partitioning the
dataset into five subsets and iteratively training and testing the model on different
combinations of these subsets, we ensured a comprehensive assessment of its
effectiveness. This approach not only minimized the potential for overfitting but also

provided a robust estimation of the model's predictive power across diverse data instances.

5.3.1 Nodule segmentation dataset

An essential component of conducting experiments and evaluations in machine learning
and deep learning research is the appropriate division of the dataset into training, validation,
and test subsets. The data split strategy plays a crucial role in assessing the generalization
performance of the models and ensuring their robustness. We applied a data split to our
preprocessed dataset of 80% for training and 20% for validation. We further split the
validation to extract a test using 10% of the validation set. We also generated a filtered
dataset that contains only scans with at least one nodule. The following table represents

the number of scans per set:

Table 5.3 CT scans split

Set Number of scans Scans with at least one nodule
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Train 716 389
Validation 144 78
Testing 36 20

5.3.2 Nodule classification dataset

Given the limited number of samples in the 'Highly Unlikely' and 'Highly Suspicious'
categories, we merged these with the 'Moderately Unlikely' and 'Moderately Likely' classes,
respectively. This merging was done to create a new dataset tailored for our binary
classification problem. Additionally, we chose not to include the ‘Intermediate’ class in our
classification experiments, concentrating solely on the more clearly defined categories to

ensure more distinct and reliable classification outcomes.

Table 5.4 Classification nodule samples count

Class Labels Sample Nodule counts
Benign 377
Malignant 350
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5.4 Training experiments

Our model architecture, a critical component of our project, was elegantly constructed using
PyTorch Lightning. PyTorch Lightning is a high-level wrapper around PyTorch that abstracts
away many of the intricacies of training deep learning models. We encapsulated our model
definition within a lightning class, which streamlined our workflow. This class not only
encapsulated the architecture but also incorporated the optimizer and loss functions.

One of the standout features of PyTorch Lightning is its ability to handle the complete
training pipeline with ease in parameters setting. By leveraging its built-in training loop, we
were able to focus on the higher-level aspects of our research, allowing PyTorch Lightning
to efficiently orchestrate the core training and evaluation processes by managing the
training, validation, and testing steps. The Lightning trainer executed our defined
experiments and saved weight checkpoints based on the criteria we specified. This
functionality was especially useful for maintaining a record of the model's progress
throughout training. By automatically checkpointing the weights at specific intervals, we
safeguarded our progress against unexpected interruptions.

Experiment tracking and metrics logging were essential for gaining insights into our
model's performance and behavior. To accomplish this, we incorporated the wandb
(Weights & Biases) library. wandb provided us with a robust framework for tracking
experiments, logging metrics, and visualizing results. This streamlined our experimentation
workflow, enabling us to make data-driven decisions and fine-tune our model based on real-
time insights.

In conclusion, our project was empowered by a series of powerful tools and libraries.
PyTorch 10 facilitated the efficient handling of medical imaging data, PyTorch Lightning
simplified our model architecture and training process, and wandb enhanced our experiment
tracking and metric logging capabilities. Through the synergistic use of these libraries, we
were able to conduct thorough analyses, make informed decisions, and achieve meaningful

results.

5.4.1 Nodule segmentation

Hyperparameters
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The first loss function we used for our binary semantic segmentation problem was
BCEWithLogitsLoss combining a Sigmoid layer and the BCELoss in one single class. The
function is described by the following formula ( 1 ):
6 6 OcMeé "QQO It FfhidI "QUPE D Q@ ¢ b e i &£ QWE T i
(1)

Where:

1 inputis the input tensor representing the logits from the model.

1 target is the target tensor containing binary labels (0 or 1).

1 pos_weight is an optional weight to balance positive and negative examples (default is
1).

1 pos_loss is the binary cross-entropy loss for positive examples.

1 neg_loss is the binary cross-entropy loss for negative examples.

1 The binary cross-entropy loss for positive and negative examples is defined as:

1 pos _| os d(input)i | og (

1 neg_loss= 1 | ai@pud)

Where U is the sigmoid function, and log is the natural logarithm.

Putting it all together, the BCEWithLogitsLoss combines the positive and negative
losses with an optional weight to form the final loss function used during the training of binary
classification models.

The other utilized loss function for our binary semantic segmentation problem, was
the Dice Loss, a well-suited metric for assessing the performance of models in scenarios
where the task involves distinguishing between two classes. The Di ce LoOSs s-,
Dice coefficient, is defined by the formula ( 2 ):
¢ Ot 0Qi i ghldo Q¢ ¢

Y& QHRQ T

oQLe i ip
(2)

Where:

1 p denotes the predicted binary segmentation mask,

1 g denotes the ground truth binary segmentation mask,

1 Intersection(p,g) represents the intersection of the predicted and ground truth masks,
1

Union(p,g) represents the union of the predicted and ground truth masks,
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1 Dis a small constant added to the denominator to prevent division by zero.

A lower Dice Loss indicates improved alignment between the predicted and ground
truth masks. The Dice Loss is particularly advantageous for binary segmentation tasks,
contributing to robust model performance even when faced with imbalanced datasets.

Throughout the training process, the model fine-tunes its parameters to minimize the
Dice Loss, thereby enhancing its capability to accurately delineate the regions of interest in
the binary segmentation images.

We began our training with an initial learning rate of 0.001. To dynamically adapt to
the training progress, we incorporated a Learning Rate (LR) Scheduler, which effectively
reduced the learning rate when the loss function reached a plateau. Throughout the training
process, we employed the Stochastic Gradient Descent (SGD) [91] as our optimization
algorithm during training. We performed 2 training rounds with different loss functions. First,
we trained the model for 60 epochs using BCE as our loss function and then by using the

model's checkpoint we continued the training for another 80 epochs using Dice loss.

Table 5.5 Segmentation hyperparameters.

Learning Batch Loss

Model rate (LR) LR Scheduler Epochs size function Optimizer
. BCEWith
3D HighResNet 0.001 StepLR 60 8 LogitsLoss SGD
3D HighResNet 0.0001 StepLR 80 8 Dice loss SGD
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5.4.2 Nodule classification

Hyperparameters

For the binary malignancy classifier, we used pre-trained weights and froze the first 10
layers of the network. Using this transfer learning technique, we will reduce the training time
and reach model convergence in fewer epochs than training the network from scratch. We

used CrossEntropyLoss as the loss function ( 3 ):
OISIIOFJOIQSI’]HIMD(EEIIQQOL.T 0 Wi "ANDAE Qe Q0 GAbdy 6 0

(3)

Where:

1 inputis the input tensor representing the raw logits from the model.

1 target is the target tensor containing class labels (as integers).

1 N is the number of classes.

1 softmax(input) applies the softmax function to the logits, converting them into
probabilities.

The CrossEntropyLoss ( 3 ) computes the negative log likelihood of the predicted
probabilities for the correct class. It implicitly applies the softmax function to the model's
output and then calculates the log likelihood.

The initial learning rate was 0.0001 and we reduced it on the plateau of the loss

function in the validation data. The optimizer we used was Adam.

Table 5.6 Classification hyperparameters

Learning rate LR Batch . .
Model (LR) Scheduler Epochs size Loss function Optimizer
3D Resnetl18 0.0001 StepLR 100 4 CrossEntropyLoss Adam

We experimented with two different input shapes, and we performed the same
experiment using masked nodules as inputs. More specifically, in the first set we used

multiple slices from all three views (sagittal, coronal, transverse) while in the second
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experiment we used a single slice per view from the center of the nodule. This resulted into

three slices per nodule.

0
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Figure 5.4.1: Nodule representation in different views

5.5 Evaluation Metrics

In order to assess the performance of our segmentation and classification models, it is
essential to utilize robust evaluation metrics. These metrics provide quantitative insights
into the accuracy and reliability of the predictions made by our models. This section outlines
the evaluation metrics we employ to measure the effectiveness of our segmentation and
classification approaches.  The metrics chosen help us gain a comprehensive
understanding of how well the models are performing in terms of both segmentation
accuracy and classification precision. The following subsections delve into the specific
evaluation metrics used for segmentation and classification, shedding light on their

mathematical formulations and significance in gauging model performance.

For evaluating our segmentation performance, we will measure:

1 loU: Intersection over Union (loU) is a commonly used evaluation metric for measuring
the segmentation performance. It calculates the overlap between the predicted
segmentation and the ground truth segmentation. The mathematical equation for loU (

4) is as follows:

TP
Intersection over Union (IoU) = TP FN - FP

(4)

where TP (True Positive) represents the number of pixels correctly classified as positive,
FP (False Positive) represents the number of pixels incorrectly classified as positive,
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and FN (False Negative) represents the number of pixels incorrectly classified as
negative.

1 DICE: Another evaluation metric for segmentation is the DICE score, which measures
the similarity between the predicted segmentation and the ground truth segmentation.

The mathematical equation for the DICE score is as follows:
2xTP

DICE =
= 2xTP+ FP+ FN

(5)

The evaluation metrics for the classification model will be:
1 Precision: Precision measures the proportion of correctly predicted positive instances
out of the total instances predicted as positive. It is calculated as the ratio of true

positives (TP) to the sum of true positives and false positives (FP).
TP
TP+ FP

Precision =
(6)

1 Recall: Recall, also known as sensitivity or true positive rate, measures the proportion
of correctly predicted positive instances out of all actual positive instances. It is
calculated as the ratio of true positives (TP) to the sum of true positives and false

negatives (FN).

TP

| [
Recall = 7 p 7N

(7)

1 Accuracy: Accuracy measures the overall correctness of the model's predictions. Itis
calculated as the ratio of the sum of true positives and true negatives (TN) to the sum of

true positives, true negatives, false positives, and false negatives.

TP+ TN
TP+TN+ FP+FN

Accuracy =
(8)

1 F1 score: The F1 score is the harmonic mean of precision and recall. It provides a

single metric that combines both precision and recall. It is calculated as:
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Precision x Recall
F1 score = 2 x

Precision 4+ Recall

(9)

57


https://www.codecogs.com/eqnedit.php?latex=%5Ctext%7B%7BF1%20score%7D%7D%20%3D%202%20%5Ctimes%20%5Cfrac%7B%7B%5Ctext%7B%7BPrecision%7D%7D%20%5Ctimes%20%5Ctext%7B%7BRecall%7D%7D%7D%7D%7B%7B%5Ctext%7B%7BPrecision%7D%7D%20%2B%20%5Ctext%7B%7BRecall%7D%7D%7D%7D#0

6 Experiment results

In this chapter, we present the experimental outcomes of our analysis, encompassing both
nodules’ semantic segmentation and characteristics classification. = The semantic
segmentation results demonstrate the effectiveness of our proposed methodology in
accurately predicting the boundaries of nodules within CT scans. Furthermore, in the
classification domain, our model showcases remarkable proficiency in categorizing nodules

malignancy.

6.1 Segmentation performance

We conducted 3 training rounds with different loss functions (Nodule segmentation). In the
first round we used the pre-trained weights of HighRes3DNet trained on an MRI brain
dataset. For each next round we used the best checkpoint from the previous run. For this

work we run the experiment for a single fold.

Table 6.1 Nodule segmentation performance

HighRes3DNet Performance

Round Set Epochs Loss function Loss loU DICE

1 Validation 80 Binary Cross Entropy 0.246 68.02% 79.3%
2 Validation 120 DICE_loss 0.229 71.00% 81.97%
3 Validation 60 Binary Cross Entropy 0.008 72.99% 82.88%
Evaluation Testing - DICE_loss 0.222 71.82% 82.65%
Similar state-of-the-art work [46] 70.86% 82.48%

The following figure (Figure 6.1.1: Segmentation predictions) demonstrates the ground truth
mask compared to the model predictions. More prediction results can be found at Appendix
section A.3.1.
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Figure 6.1.1: Segmentation predictions
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6.2 Classification performance

We evaluated the performance of our malignancy classifier by calculating key metrics such
as accuracy, precision, recall, and the F1-score. To enhance the reliability of our findings,
we implemented a 5-fold cross-validation technique, which served to further validate our
classification performance. Subsequently, we computed the average values of these
metrics based on the data obtained from our 5-fold cross-validation process, providing a

comprehensive assessment of the classifier's efficacy along different experiments (Nodule

classification).
Table 6.2 3D ResNet18 validation performance
3D ResNet18[64, 64, 64] - Validation set

Fold Precision Recall Accuracy F1
1 77.63% 80.98% 84.62% 79.27%
2 90.19% 82.19% 86.26% 86.00%
3 86.67% 92.84% 89.31% 89.65%
4 80.75% 89.25% 87.79% 84.79%
5 89.24% 84.89% 85.50% 87.01%

AVG 84.90% 86.03% 86.70% 85.34%

Table 6.3 3D ResNet18 (masked input) validation performance

3D ResNet18[64, 64, 64] (masked input) - Validation set

Fold Precision Recall Accuracy F1
1 81.49% 92.31% 86.92% 86.56%
2 87.48% 87.07% 86.26% 87.27%
3 88.09% 82.70% 90.84% 85.31%
4 84.58% 86.51% 90.84% 85.53%
5 88.98% 89.41% 88.55% 89.19%
AVG 86.12% 87.60% 88.68% 86.78%
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Table 6.4 3-view ResNet18 validation performance

3-view ResNet18 - Validation set (5-fold average)

Input size Precision Recall Accuracy F1

[32, 32, 3] 76.54% 74.50% 74.31% 75.50%
[64, 64, 3] 74.62% 69.06% 73.94% 71.73%
[96, 96, 3] 72.42% 76.19% 74.31% 74.25%

Table 6.5 3-view ResNet18 (masked input) validation performance

3-view ResNet18(masked input) - Validation set (5-fold average)

Input size Precision Recall Accuracy F1

[32, 32, 3] 76.44% 73.58% 74.49% 74.98%
[64, 64, 3] 76.08% 75.24% 77.06% 75.65%
[96, 96, 3] 72.20% 77.09% 70.27% 74.56%

Table 6.6 Classification testing performance

ResNet18 i Average Performance Summary - Testing set

Experiment Precision Recall Accuracy F1
(64, 64, 64] 83.78% 71.41% 76.98% 77.10%
[64, 64, 64] (masked) 82.72% 70.51% 77.78% 76.12%
[32, 32, 3] 80.29% 67.92% 74.83% 70.27%
[32, 32, 3] (masked) 78.39% 71.41% 75.38% 74.73%
[64, 64, 3] 80.29% 71.35% 76.48% 75.55%
[64, 64, 3] (masked) 78.69% 69.18% 74.61% 73.62%
[96, 96, 3] 77.92% 75.86% 76.48% 76.87%
[96, 96, 3] (masked) 63.04% 70.28% 69.88% 66.46%

Our model's ability to precisely outline these regions holds significant promise for
enhancing clinical diagnosis and treatment planning while the achieved classification
accuracy underscores the potential utility of our approach in aiding radiologists to make
informed decisions regarding nodule characteristics. Collectively, these results signify the
successful fusion of advanced techniques in medical imaging analysis, with implications for

advancing both nodule localization and characterization in clinical practice.
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7 Experiment conclusions

Employing 5-fold cross-validation greatly improved the dependability of our results, adding
to the credibility of the conclusions derived from our study. This method of validation, where
the dataset was divided into five parts and each part was used as a test set while the others
were used for training in turn, provided a more robust evaluation of our models. It helped in
mitigating biases that could arise from a single train-test split and offered a more
comprehensive assessment of the model's performance across different subsets of data.
Our segmentation model demonstrated performance levels that were on par with
some of the current state-of-the-art 3D models. This comparison indicates that our
approach, while possibly simpler or different in methodology, is effective and competitive in
the field. Such findings underscore the potential of this model in practical applications and

open up possibilities for their further development and refinement.

7.1 Nodule segmentation

The results we achieved were encouraging, with the model successfully segmenting the
nodules in most of the scans. However, we noticed that the edge cases, where the model
encountered difficulties, predominantly involved types of nodules that were
underrepresented in our dataset, such as ground glass opacity (GGO), or occurred in scans
that were particularly complex or the nodule size was ultra small. This observation highlights
areas where our model needs further refinement to enhance its accuracy and reliability,

especially in handling these less common or more challenging scenarios.
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7.2 Nodule classification

We conducted experiments using a 3D ResNet18 classification network, designed to predict
the malignancy of nodules with good accuracy. Our findings were quite positive, with the
network making correct predictions in most cases. There were only a few instances of
incorrect predictions or misclassifications, indicating the effectiveness of the ResNetl18
architecture in this application. This suggests that with further refinement, the model could
achieve even higher levels of accuracy in nodule malignancy prediction.

Given that our initial dataset was imbalanced and small in size, enhancing it with a
more diverse range of data could lead to improved performance, especially in less common
or 'edge case' scenarios. By incorporating a broader spectrum of data, we expect to address
the limitations posed by the initial dataset's constraints, thereby refining our model's ability

to handle a wider variety of cases with greater accuracy.
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8 CADXx Inference

During the inference phase of the computer-aided diagnosis (CADx) system, the primary
goal is to seamlessly integrate the nodule segmentation predictions into the classification
model, culminating in a comprehensive analysis of lung cancer characteristics. This critical
step fuses the intricate details garnered from both the volumetric data and the nodule
segmentation model, providing a holistic assessment for informed medical decision-making.

Below, we outline the functionality of a comprehensive CADx system utilizing our models.

A Low-dose Lung CT scan

Pre-processing

Nodule Characteristics
Classification

Nodule Segmentation

@| Outputs:
v {Cancer Probability, 3D Nodules}

Figure 8.1 CADXx pipeline

In the initial stage of the analysis, the CADx system begins by processing CT scan
data and its accompanying metadata, such as pixel and slice spacings. This metadata is
crucial for accurate interpretation of the scan. The system then standardizes the data by
adjusting it to a consistent spacing of 1T 1T 1

Following this, the data enters the 3D segmentation phase within the CADx system.
In this phase, the volumetric image data is segmented into small, three-dimensional
sections. The 3D segmentation model then methodically examines these sections, using
its sophisticated neural network to identify and outline lung nodules. The accurate
localization and definition of these nodules are key for the next stage of classification.

The process then advances to the classification of nodule characteristics, focusing
specifically on malignancy. In our study, we concentrated on developing a malignancy
classifier. However, the methodology we employed for this purpose can be adapted to train

classifiers for a full range of nodule characteristics. This approach demonstrates the
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versatility and potential scalability of our system in addressing various aspects of nodule
analysis. By applying similar techniques, it is feasible to create classifiers that can assess
other critical characteristics of nodules, thereby enhancing the comprehensiveness and
accuracy of the CADx system in diagnosing and understanding lung cancer. Ultilizing the
information on nodule positions and outlines obtained from the segmentation phase, the
system assesses each nodule's specific features such as size, shape, and texture. This
analysis, powered by advanced machine learning algorithms and domain-specific
knowledge, discerns various attributes of each nodule.

Ultimately, the analysis results from the nodule characteristic classifiers are
synthesized. This integration of data results in a detailed and informative report on the
nodules. This report, enriched by the comprehensive analysis conducted by the CADx
system, provides valuable insights to medical professionals, aiding in the diagnosis and
treatment of lung cancer.

In summary, the CADx system's inference process is a sophisticated journey from
data standardization through segmentation to classification, culminating in a valuable
diagnostic output. This intricate interplay of data processing and model analysis exemplifies
the transformative impact of advanced technology on medical diagnostics, particularly in

lung cancer screening.

A -5 N
v & - @
-] &
Loz PACS Lung CADx el FELLI
acquisition evaluation generation

Figure 8.2 Diagnosis pipeline
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9 Limitations and future work

The present study was limited by the data quality and quantity (see Discussion Chapter). In
the context of future developments, we remain committed to improving our methodology.
We are actively engaged in the exploration of alternative dimensions within our approach,
seeking to unearth valuable insights that can propel our research forward. This exploration
involves a thorough investigation into a variety of 3D architectures, each characterized by
distinct capabilities and nuances. The goal of this ongoing exploration is to uncover the
optimal configuration that effectively addresses our segmentation and classification tasks.
Furthermore, our investigation extends to the influence of varying kernel sizes within our
models. Understanding the impact of different kernel sizes is pivotal, as it directly affects
the model's ability to capture features at different scales within the input data. Through
systematic experimentation with varying sizes, we aspire to identify configurations that
maximize the accuracy and robustness of our predictions.

An additional avenue of exploration is the integration of multiple classification heads
into a unified network. This strategic consolidation not only streamlines the architecture but
also enhances the model's comprehensive understanding of the data. By jointly processing
diverse attributes and characteristics, we anticipate a significant enhancement in
classification performance.

In summation, our forthcoming efforts will continue to encompass a multifaceted
exploration involving diverse 3D architectures, kernel sizes, and the integration of
classification heads for predicting all the nodule attributes. Through this methodical and
forward-looking experimentation, we are dedicated to refining our approach, ultimately
achieving an advanced grasp of medical images and yielding accurate segmentation and
classification outcomes. This approach, underpinned by rigorous exploration, holds the
promise of shaping the future direction of our research. One prospective enhancement
involves the incorporation of attention mechanisms into existing models, specifically
focusing on segmentation and classification tasks. Attention mechanisms can refine the
model's focus on pertinent regions, thereby potentially improving accuracy and reducing
false positives.

Another avenue for advancement involves the creation of nodule embeddings, with
storage in a vector database, facilitating efficient retrieval and comparison. With the

incorporation of a Large Vision Model (LVM) [92] in the context of lung cancer screening
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using deep learning, the research trajectory gains an additional layer of complexity and
potential. The introduction of LVM, akin to a Large Language Model (LLM) [93] but endowed
with vision capabilities, opens up innovative possibilities for seamless integration of visual
information into the analysis process. Moreover, the creation of nodule embeddings within
the LVM framework, stored in a vector database, holds promise for efficient representation
and retrieval of visual data. Expanding the LVM's capabilities to engage in real-time
interactions with healthcare professionals, showcasing visually similar cases from historical
data, could revolutionize the diagnostic decision-making process. As the research
advances, the critical importance of interpretability and explainability remains, ensuring that
the fusion of linguistic and visual information not only improves accuracy but also provides
a transparent and understandable foundation for clinical application. Multi-modal models

are the future of machine learning.
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10 Discussion

In this thesis, we explored the potential of using 3D convolutions to extract rich features from
our volumetric CT data. This approach proved to be much more computationally expensive
than 2D approaches but our networks were able to extract and learn meaningful features
from the volumetric data. Data quality and quantity are the most important factors for
building a high-performance network but disagreements in labeling can confuse the network.
An annotation guide developed by doctors and Al domain experts can improve the quality
of the future dataset. Collecting and annotating the entire scan is a challenging and very
time-consuming task. Model-assisted labeling can help with this task by pre-labeling the CT
scans and the doctor will perform a quality check and correct any mislabeled annotations.
This approach could help collect and annotate larger volumes of data and use them in an
active learning process to improve the performance of the models. Model serving and
privacy is a crucial part of a CADx system and can be explored in a future study. Data
preprocessing strategy is also a critical aspect of building a robust model. With this thesis,
we explored 3D patch extraction methods to generate training patches on the fly, generate
synthetic samples by applying transformations, and fit the patches data to the memory. This
thesis was focused on experiments using 3D convolutions to extract spatial features but
more experiments can be made using different architectures and or datasets. Exploring the
lung segmentation approach may improve the results. Patient info like age, gender, and
smoking habits could be used as labels to develop models that assess a cancer risk score
based on a patient's history and demographics. This will provide patient information along
with model predictions to the doctors in an interactive medical report. This is highly
important for monitoring the patient over time as follow-up scans can be easily compared
and provide feedback on treatment progression.

In our literature research, we comprehensively gathered information from the
datasets used, preprocessing procedures, data augmentation techniques, architectural
designs, and reported performance metrics. Our analysis encompassed state-of-the-art
deep learning approaches like 2D & 3D CNNs, autoencoders, and fast-growing and
promising approaches, such as transformers. Furthermore, we assessed the credibility of
each study by examining whether the authors presented lucid and comprehensive

explanations of their methodologies and adhered to machine learning best practices.
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Through these efforts, we provided a current and in-depth viewpoint on this dynamic and
rapidly expanding field of study.

In this work we were limited by the constraints that the LIDC-IDRI database
introduces. The dataset we used was limited in terms of the number of scans, and there
was a significant imbalance in the distribution of nodule characteristics. For certain
characteristics, such as texture and calcification, there were only a few examples per class.
This scarcity of data for specific classes poses a challenge, as training classifiers on such a
limited dataset can lead to overfitting. The models, in this case, might become overly
tailored to the training data, particularly towards the classes with the most samples, resulting
in a biased performance that does not generalize well to new, unseen data. Addressing this
data imbalance is crucial for developing more robust and accurate models. Also, the very
small sample size of some classes raised concerns about underfitting, wherein the model
might fail to capture the underlying patterns due to the limited amount of training data
available.

Labeling inconsistency and disagreements can be problematic while training a deep
learningmodel. The mask | abels produced by the doctor
and confusing our model. Our solution to this was to extract the average mask. The same
issues had to be faced while extracting the nodule characteristic. Furthermore, there were
disagreements between some of the annotations generated by the doctors so we developed
a method to extract the consensus label per characteristic.

By using a patch extraction method, we were able to efficiently extract and load 3D
patches of our volumetric LDCT data. The queue approach helped utilize all the computing
power of our machine by loading patches to the memory before they were requested by the
data loader. This helped us manage our memory better but also dynamically create new
training samples in each epoch of our experiments.

The decision not to perform lung parenchyma segmentation within our study was
motivated by the specific context of juxta-pleural nodules. Given their proximity to the
pleural lining, these nodules exhibit intricate relationships with the surrounding lung tissue.
Segmentation of the lung parenchyma could potentially disrupt or modify these spatial
relationships, impacting the accuracy of nodule analysis and subsequent classification. Our
study's emphasis on accurately capturing the unique attributes of juxta-pleural nodules led
us to preserve the contextual integrity of their proximity to the pleural boundary. By avoiding

lung parenchyma segmentation, we aimed to ensure that our analysis provided a precise
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representation of these nodules, acknowledging the potential implications that parenchyma
segmentation could introduce to the analysis of juxta-pleural nodules. This strategic
decision aligns with our overarching goal of offering detailed insights into nodule
characteristics within their anatomical context.

We experimented with 3D versions of the popular architecture ResNet to extract
contextual information from the LDCT images. This experiment requires significantly more
computational power and memory but also more efficient data loading and management
processes and adding more layers would increase these requirements exponentially. Our
findings show that our models perform on par with other leading-edge studies in the field.
With additional fine-tuning of our model's parameters, we have the potential to enhance our
performance even further. This suggests that our approach not only holds its ground against
current advanced systems but also has significant room for optimization and improvement.

The inference stage of the computer-aided diagnosis (CADx) system effectively
combines nodule segmentation with a classification model to provide a thorough
assessment of lung nodule malignancy. This process includes standardizing data spacing,
breaking down volumetric data into 3D segments, and using a 3D segmentation model to
detect nodules. The system then uses the identified nodule locations and outlines to classify
nodule characteristics, examining aspects such as size, shape, texture, and surrounding
features. The combined results offer a detailed view of each nodule, enhancing medical
reports and providing doctors with crucial information for lung cancer diagnosis and
treatment. The complex interaction between data and models in the CADx system highlights
its potential to revolutionize medical diagnostics, particularly in lung cancer screening.

Importantly, the development of operational CADx systems that gather data and
refine models over time is essential. These systems are not just vital tools for medical
professionals; they also represent an opportunity for continual improvement. By consistently
collecting data and progressively refining their models, these operational systems are
designed to evolve, adapt, and steadily improve their diagnostic accuracy. This ongoing
cycle of data gathering, model enhancement, and practical application could lead to more
precise and reliable CADx systems, significantly benefiting patient care and advancing the
medical diagnostics field.

The importance of interpretability and explainability in medical applications,
particularly in the context of deep learning models for lung cancer screening, cannot be

overstated. In healthcare, where decisions directly impact patient outcomes, understanding
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the reasoning behind an algorithm's predictions is crucial for gaining the trust of healthcare
professionals and ensuring the responsible integration of artificial intelligence into clinical
practice. Interpretability refers to the ability to understand the internal mechanisms and
decision-making processes of a model, while explainability involves providing clear and
understandable reasons for a model's predictions. In the realm of medical applications,
these aspects are paramount for several reasons. Firstly, interpretability and explainability
contribute to the validation and assessment of the reliability of deep learning models.
Healthcare professionals need to be confident in the accuracy and relevance of the
predictions made by these models, especially when dealing with critical decisions such as
disease diagnosis and treatment planning. Secondly, these aspects are essential for
fostering collaboration between machine learning systems and human practitioners.
Clinicians must comprehend how a model arrives at a particular diagnosis or
recommendation to make informed decisions and provide the best possible care to their
patients. This collaborative approach, where Al systems augment human expertise, can
lead to more accurate and timely diagnosis.

Additionally, in the context of regulatory compliance and ethical considerations,
interpretability and explainability are crucial. Regulatory bodies often require transparency
in the functioning of medical Al systems, and patients have the right to understand the basis
of the decisions affecting their health. Transparent models not only facilitate regulatory
approval but also contribute to building public trust in the application of Al in healthcare. In
the specific domain of lung cancer screening, where the consequences of a misdiagnosis
can be severe, having interpretable and explainable models ensures that clinicians can
confidently rely on Al systems as valuable tools, ultimately improving patient outcomes.
Therefore, as the field progresses, the emphasis on interpretability and explainability
remains integral to the responsible deployment of deep learning models in medical

application.
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Appendix A

A.1 Lung cancer screening methods

Lung cancer screening
procedures

Invasive Non-invasive

Biopsy - Tissue sampling

3

> LDCT image

Bronchoscopy

Chest X-rays

Needle Biopsy <

Lung Cancer Risk
Assessment Models

Thoracoscopy

Mediastinoscopy —

Figure A.1.1: Taxonomy of invasive and non-invasive lung cancer screening

procedures

Invasive procedures concern physically entering the body, like using a scope to look
inside the lungs or taking a piece of lung tissue for testing. If a suspicious nodule is
detected through imaging, doctors may perform a biopsy to obtain tissue samples for
a definitive diagnosis. This invasive procedure involves extracting a small piece of
tissue for pathological examination [94]. Some methods for achieving that are the
following:

1 Bronchoscopy: A thin, flexible tube with a camera (bronchoscope) is inserted
through the nose or mouth and into the airways to examine the lungs and collect
tissue samples for biopsy [95].

1 Needle Biopsy: A needle is used to extract a tissue sample from a suspicious
lung nodule or lymph node for examination under a microscope. There are
different types of needle biopsies, including transthoracic needle biopsy and

endobronchial ultrasound-guided biopsy [96].



1 Thoracoscopy or Video-Assisted Thoracoscopic Surgery (VATS): These
minimally invasive surgical procedures involve making small incisions in the chest
to access and biopsy lung tissue or remove a suspicious nodule [97].

1 Mediastinoscopy: This procedure involves making a small incision in the neck
and inserting a scope to examine and sample lymph nodes in the area between
the lungs (mediastinum) [98].

These methods can give us a clear diagnosis and help plan treatment.
However, these procedures pose numerous risks to patients, including pain,
discomfort, potential blood loss, and an elevated risk of infection or pneumonia.
Moreover, these procedures can be emotionally and physically taxing for the patient
and require more recovery time [94].

These adverse effects underscore the urgent need for alternative, less invasive
approaches to lung cancer screening, where deep learning technologies offer a
promising avenue for improvement.

Nowadays, modern medical imaging techniqgues and tools employed by
healthcare professionals have revolutionized patient screening, minimizing the need
for invasive procedures and discomfort. Non-invasive procedures like low-dose CT or
X-ray imaging, don't require physical entry into the body. These procedures are
generally less uncomfortable and risky, but they might not always provide as much
detailed information or accuracy in diagnosing lung cancer. Non-invasive procedures
include:

1 Chest X-rays: Historically, chest X-rays have been one of the primary tools for
detecting lung abnormalities. They provide a two-dimensional image of the chest
and can reveal the presence of lung nodules or other suspicious lesions.
However, their sensitivity in detecting early-stage lung cancer is limited [99],
[100].

1 Low-dose Computed Tomography (LDCT) Scans: Computed Tomography scans
have become a more advanced and widely adopted method for lung cancer
screening. These scans use a series of X-rays to create detailed cross-sectional
images of the chest. Low-dose CT (LDCT) scans, in particular, have gained
prominence in recent years due to their ability to detect smaller nodules and

early-stage cancers [101], [102].
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1 Lung Cancer Risk Assessment Models: Doctors often employ risk assessment
models to identify individuals at a higher risk of developing lung cancer. These
models take into account factors such as age, smoking history, and family history
to stratify patients into different risk categories [103].

The choice between invasive and non-invasive procedures depends on the
patient's situation and what the doctors need to find out. It's essential to consider both
options carefully for lung cancer detection. The use of low-dose computed tomography
(CT) scans for lung cancer screening has become increasingly popular due to their
ability to detect pulmonary nodules at an early stage. However, interpreting these
images requires expertise and time, which can lead to delays in diagnosis and
treatment. They often lack in terms of sensitivity and objectivity required for optimal
results [104]. These limitations underscore the urgency of exploring innovative, non-
invasive, and more efficient approaches to lung cancer screening. To address this
challenge, computer-aided diagnostic (CAD) systems have been developed to assist
radiologists and other medical professionals in identifying and classifying pulmonary
nodules.

These computer-assisted methods have significantly enhanced the capabilities
of healthcare professionals in lung cancer screening and diagnosis. They not only
improve the accuracy of detection but also streamline the workflow, leading to more
efficient patient care and timely interventions when necessary. These methods can be

discriminated in Figure A.1.2.
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Image Analysis
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Figure A.1.2: Common computer assisted methods for lung cancer screening

Deep learning, a subset of artificial intelligence, has emerged as a promising
technology to enhance the accuracy and efficiency of lung cancer screening [105].
Deep learning algorithms have shown great promise in improving the accuracy and
efficiency of CAD systems, enabling them to automatically detect, segment, and
classify pulmonary nodules in low-dose CT scans.

However, the choice of image modality plays a pivotal role. Researchers
commonly utilize two primary modalities: 2D and 3D low-dose CT scans. The selection
depends on the available data and the specific objectives of the screening program.
Typically, a CT scan contains multiple slices and therefore both 2D and 3D option are
available. Once the modality is determined, preprocessing steps are crucial to prepare
the data for deep learning models. This includes candidate nodule generation to
identify potential cancerous regions, resampling for uniformity, and lung masking to
isolate the relevant structures. Finally, the model architecture is a critical component
(Figure A.1.3). It involves selecting and configuring deep learning architectures, such
as Convolutional Neural Networks (CNNs), 3D CNNs, Autoencoders and Deep Auto
Encoders, to effectively analyze the pre-processed images and accurately detect lung
cancer nodules or anomalies. Moreover, the utilization of synthetic data generation
and data augmentation techniques holds significant importance due to the typically

limited size of the datasets. The taxonomy presented to Figure A.1.3 will drive this
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research and organize the presentation of the various deep learning methods used for

lung cancer screening comprehensively.

Deep Learning
Architectures for
Lung cancer screening
2D CNN < Auto
X Encoders
3D CNN < » Transformers
DNN < »  AlexNet
R-CNN < » Unet
ResNet < > Other

Figure A.1.3: Most common deep learning methods for lung cancer screening
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A.2 Literature review procedure

From this literature review, we focused on investigating prior research efforts dedicated
to the detection, segmentation, and classification of pulmonary nodules within low-
dose CT scans, leveraging the capabilities of deep learning models.
Several review papers (F G Yoe U! g6 Uy cUae “~jeyalUgidd

b} y d ¢ bale. been published over the past decade on the subject of computer
assisted lung cancer screening using machine learning. Older reviews focused on both
traditional machine learning and deep learning methods [106], while more recent ones
[107] have shifted their focus primarily the field of deep learning. Only few reviews
[107] provide extensive details about the datasets, preprocessing methods and
architecture details while advanced data augmentation methods that involve
generative adversarial networks (GANSs) for synthetic data generation are reported in
this review [107]. This recent review [108] reports state-of-the-art deep learning

methods but overlooks the current research trend of transformer techniques.

Table A.2.1: Literature review

Review Publication Date range Datasets Preprocessing Methods
Date

[109] 2018 2009-2018 yes yes Traditional ML, DL
[106] 2018 2006-2017 few (2) briefly Traditional ML, DL
[110] 2019 1990-2020 no no Traditional ML, DL
[111] 2020 2009-2018 yes yes Traditional ML, DL
[112] 2021 2005-2020 yes no Non-DL, DL
[107] 2021 2015-2020 yes yes DL, GAN
[113] 2022 2015-2021 yes briefly CNN
[114] 2022 2020-2021 no no Traditional ML, DL
[108] 2023 2018-2023 yes no DL
Ours 2024 2015-2023 yes yes CNN, DL, RNN, AE,

GAN, Transformers
In our research, we comprehensively gathered information from the literature

on the datasets used, preprocessing procedures, data augmentation techniques,
architectural designs, and the reported performance metrics in the three tasks of
interest - namely, pulmonary nodule detection, segmentation, and classification. Our
analysis encompasses state-of-the-art deep learning approaches (CNN,
autoencoders) and fast-growing and promising approaches, such as transformers.
Furthermore, we assessed the credibility of each study by examining whether the

authors presented lucid and comprehensive explanations of their methodologies and



adhered to machine learning best practices. Through these efforts, we provide a
current and in-depth viewpoint on this dynamic and rapidly expanding field of study.
Given the vast number of studies published in recent years, our methodology
aimed to ensure a rigorous and meticulous filtering process to isolate the most relevant
and high-quality research. In our literature research, we employed the web scraping
tool "Publish or Perish" [15] to enhance the efficiency of our literature search. This tool,
driven by input parameters such as keywords and a specified year range, retrieves the
most pertinent publications from Google Scholar. Upon initial investigation, it became
evident that the field of lung nodule detection encompasses a multitude of diverse
methodologies. In pursuit of a more comprehensive understanding of this subject, we
opted to employ multiple keywords in our literature exploration. Table A.2.2: Query
keywords and descriptions describes the queries used during our literature search:

Table A.2.2: Query keywords and descriptions

Query Keywords Description

. ] Research on lung nodule detection using deep learning
Lung nodule detection deep learning

techniques.
Lung nodule convolutional neural Studies involving convolutional neural networks (CNNSs)
networks for lung nodule detection.

) Research on the segmentation of lung nodules, often a
Lung nodule segmentation N ) )
critical step in detection.

) Investigations into the use of transfer learning for lung
Lung nodule transfer learning )
nodule detection.
Lung nodule Generative Adversarial Utilizing GANSs to generate synthetic data for lung
Networks synthetic data nodule detection.
Studies involving convolutional auto-encoders for lung

Lung nodule convolutional auto-encoders .
nodule analysis.

Our initial step involved sifting through a substantial population of 1,200 studies.
During the first filtering phase, we applied a preliminary screening by examining the
titles of these publications. This preliminary step allowed us to eliminate studies that
were not directly aligned with the scope and objectives of our review. Through this
process, we successfully narrowed down our selection to 560 studies that showed
potential for inclusion in our analysis.

To further refine our selection, we conducted the second filtering phase. Here,
we delved deeper into the studies by assessing their abstracts and methodologies.

This phase was crucial in ensuring that the selected studies not only exhibited
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relevance but also demonstrated a sound research design. By applying this stringent
criterion, we were able to eliminate studies that lacked the necessary depth and rigor
in their approach. This led us to a more focused set of 216 studies that provided a
strong foundation for our review.

In the third and final filtering phase, we aimed to identify studies with exceptional
performance metrics. We focused on publications that reported high-performance
indicators such as accuracy, sensitivity, specificity, and area under the curve (AUC),
all exceeding the threshold of approximately 90%. Additionally, we prioritized studies
that exhibited a high DICE score, further emphasizing the quality and accuracy of their
results. This approach allowed us to spotlight studies that showcased the most
promising outcomes in terms of lung nodule detection, segmentation, and
classification, resulting into 110 studies to analyze.

Throughout our filtering process, we also took into account the impact factor of
each publication. Factors such as the publication year, the number of citations, and
the reputation of the journal were considered as indicators of the study's influence
within the field. This consideration provided us with an additional layer of insight into
the significance and relevance of the studies. By employing this meticulous approach
to study selection, we were able to curate a refined and high-quality collection of
research articles that formed the basis of our review. In this thesis we report our finding

for the segmentation and classification works.
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A.2.1Literature review tables

Table A.2.1 Nodule Segmentation - Preprocessing steps per work

Author Year Dataset Preprocessing Data augmentation Deep Architecture
LIDC-IDRI, private Central Focused Convolutional
[22] 2017 set 3D-PA, 2D-PA, na Neural Networks (CF-CNN)
Cascaded Dual-Pathway
[39] 2019 LIDC-IDRI 3D-PA n/a Residual Network
[23] 2019 LIDC-IDRI 2D-PA, PSEG, Re n/a SegNet, deep fully
convolutional network
26] 2019 LIDC-IDRI 3D-PA n/a 3D DCNN
[
[21] 2020 LIDC-IDRI 2D-PA n/a Deep residual deconvolutional
network, TL
[28] 2020 LIDC-IDRI 2D-PA, No Deep Residual U-Net
[40] 2020 LIDC-IDRI 3D-PA n/a DB-ResNet, CF-CNN
29 2020 LIDC-IDRI 2D-PA Ro, Zoom, Paddin U-net
9
[27] 2021 LIDC-IDRI, LNDb, TH, PSEG, Maximum intensity Ro, Blur, No, Rand pixels to 2D CNN

ILCID

projection

Zero




2D-PA, synthetic pseudo-color

[31] 2021 LIDC-IDRI . Intensive augmentations U-Net
image.
Ro, Transpose, Affine
[34] 2022 LUNA16 TH, No, 3D-Pa Transform. Fl, Br, Contrast V-net
TH, Contrast ench, PSEG,
[35] 2021 LIDC-IDRI, SHCH Lesion Localization With Fl, Ro, Cr, deformation 2D-3D U-net
Region Growing
LIDC-IDRI, .
[38] 2021 LUNA16 Cr, 2D-PA, Upscale Ro, FI, elastic transform Faster R-CNN
[36] 2021 LIDC-IDRI PSEG, 2D-PA Ro, Fl, Sh, Zoom, Cr U-net
[41] 2021 LIDC-IDRI PSEG, TH, Re, 3D-PA n/a 3D res U-net
[24] 2021 LIDC-IDRI 2D-PA, Re n/a VGG-SegNet
[25] 2022 hospital data 3D-PA Ro, Mirroring 3D FCN
[42] 2022 LUNAL16, ILND TH, BD_TQiaii?plmg for patch-based augmentation 3D GAN
3D Dual Attention Shadow
[47] 2022 LIDC-IDRI TH, No, 3D-PA Ro, Sc, Fl Network (DAS-Net)
[44] 2022 LIDC-IDRI 2D-PA Ro, Tr, F Transformer
[45] 2023 LIDC-IDRI grayscale thresholding, No, Re n/a Dual-encoder-based CNN
LIDC-IDRI, . .
[32] 2023 AHAMU-LC window selection, No Fl RAD - U-net
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LIDC-IDRI, private

Cr, Sc, Br, Contrast, Sat,

[33] 2023 2D-PA ; SMR - U-net 2D
set Random noise
Ro, random luminance,
[43] 2023 LIDC-IDRI 2D-PA random gamma rays, U-shaped hybrid transformer
Gaussian noise, hue/sat
LIDC-IDRI,
[46] 2023 LUNALG TH, No, Re3D-PA n/a 3D U-net based
[37] 2023 LIDC-IDRI mask generation n/a GUNet3++

Abbreviations: Rs: Resampling, Rz: Resize, PA: Patch (2D or 3D), Cr: Crop, No: Normalization, Ro: Rotate, Sc: Scale, Tr: Translate, TH: Threshold (HU), Fl:

Flip, Du: Duplicate
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Table A.2.2 Nodule Segmentation - Performance per work

sensitivity/recall

Author Year Dataset Deep Architecture Input size Segmentation type DSC (%) loU (%) (%)
Central Focused 82.15N 1
LIDC-IDRI, Convolutional 572 1 ! LIDC
[22] 2017 private set Neural Networks 31351 3 3D, 2D 80. 02N 1 i i
(CF-CNN) Private set
Cascaded Dual- 5 .
[39] 2019 LIDC-IDRI Pathway Residual 65 | 6! 2D, 3D(mask) 81. 58N1:
Network
SegNet, deep fully 5 3
[23] 2019 LIDC-IDRI convolutional 128 | 2D 93 NO. 1:
network
[26] 2019 LIDC-IDRI 3D DCNN n/a 3D 83.10N8 71. 85N.
Deep residual 5
[21] 2020 LIDC-IDRI deconvolutional 512151 2D 94.97, 88.68
network, TL
(28] 2020 LIDC-IDRI  D€eP Rﬁ;'td“a' U- 1287112 3D 87.5R 1
[40] 2020  UDCADRI  DPRESTELCEE g1 35 3D 82.74 K
[29] 2020 LIDC-IDRI U-net 6471 64 2D - 76. 6N
[27] 2021 LIDC-IDRI, 2D CNN 9671 96 2D 80
LNDDb,
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ILCID

[31] 2021 LIDC-IDRI U-Net 256125 2D 93.14 - 91.76
[34] 2022 LUNAL6 V-net 967 961 3D 95,01 83
LIDC-IDRI, . 2D-3D (3- ) ] ]
[35] 2021 i 2D-3D U-net <lices) 2D-3D 83.16/81.97
LIDC-IDRI, . 82.34 /
[38] 2021 LUNALS Faster R-CNN 2247122 2D 89.79 /90.35 o501 -
[36] 2021 LIDC-IDRI U-net 32732 2D 86.23 - -
[41] 2021 LIDC-IDRI 3D res U-net 48 T 19 3D 80.5 - 80.5
224 1 2
[24] 2021 LIDC-IDRI VGG-SegNet hannels 2D 90.49 82.64 -
[25] 2022 h%zﬁga' 3D FCN 1287128 3D 84.5 73.8
[42] 2022 LLI"L\'I\?SF" 3D GAN 64 1 64 3D 80.74/76.36 : 85.46 / 82.56
3D Dual Attention
[47] 2022 LIDC-IDRI  Shadow Network 161 1281 3D 92.05 - 90.81
(DAS-Net)
[44] 2022 LIDC-IDRI Transformer 641 64 2D 89.86 - 90.50
[45] 2023 LIDC-IDRI D”a"e”é?\?ﬁr'based 512151 2D 87.91 - 90.84
32 2023 ) RAD - U-net 512151 2D - 87.76/88.13 -
LIDC-IDRYI,

97



AHAMU-LC

LIDC-IDRI,

, - U-net T . . -
[33] 2023 ofivate et SMR-U-net 2D 128712 2D 91.87 86.88
. 641 64,
[43] 2023 LiDc-ipri U-Shaped hybrid 96 1 9 2D 91.84 92.66
transformer -
128712
[46] 2023 L:_Duc;’\l"ADlFé" 3DU-netbased 64 1 64 3D 82.48 70.86 82.74
- et3++ n/a . - .
37 2023 LIDC-IDRI GUNet3 / 2D 97.2 97.7
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Table A.2.3 Nodule Classification - Preprocessing steps per work

Author Year Dataset Preprocessing Data augmentation Deep Architecture
[63] 2017 LIDC-IDRI Rs, 2D-PA, No Ro, Sc (only in the test set) ResNet
[65] 2017 LIDC-IDRI 3D-PA, MV Ro 3D MV-CNN + SoftMax
[66] 2017 LIDC-IDRI 2D-PA, Rs, Rz Ro, Sh, FI, Tr ResNet-50, TL
[64] 2018 LIDC-IDRI Rs, Rz, MV, Cr, 2D-Pa Tr, Ro, FI MV-KBC
[69] 2018 LIDC-IDRI 3D-PA, QIF extraction Ro, Sc, shifted up to 30% CNN+ Random Forest
[70] 2018 LIDC-IDRI + Rs, 3D-PA, No - 3D DenseNet, TL

Private set

[48] 2018 LIDC-IDRI Rs, - CNN + PSO
[78] 2018 LUNA16 Re, 3D-PA Tr, Ro 3D DCNN
[50] 2019 LUNA16 2D-PA Ro, FI Novel 2D CNN
[51] 2019 LIDC-IDRI No, Cr, 2D-PA Ro, Sc, Gaussian Blurring Novel 2D CNN
[54] 2019 LIDC-IDRI Re, 2D-PA Ro, Fl CNN, TL
[49] 2020 LIDC-IDRI Rs, Th yes but no info MAN (modified AlexNet), TL
[52] 2020 LIDC-IDRI 2D-PA Tr, Ro, Sc, GAN* CNN, TL
[58] 2020 LIDC-IDRI, private dataset Cr, 2D-PA - DTCNN, TL

(FAH-GMU)
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[71] 2020 LIDC-IDRI, DeepLNDataset No, Cr, 3D-PA Tr, Fl 3D CNN
[55] 2020 LIDC-IDRI, LUNGx Challenge Re, No, 2D-PA Tr, Ro, Fl 2D CNN, TL

database
[72] 2020 LIDC-IDRI Cr, 3D-PA Adjust sampling rate MRC-DNN
[79] 2020 LIDC-IDRI Re, No, Th, Cr, 3D-PA Sampling different slices CAE, TL

from the same nodule to
achieve a better class
balancing
[82] 2020 LIDC-IDRI, LUNA16 Re, No, Cr, 3D-PA, 2D-PA Tr, Ro, FI Multi-Task CNN
[56] 2020 LUNA16 Cr, 2D-PA down sampling the negative Fractalnet and CNN
samples, Ro

[83] 2020 LIDC-IDRI Re Sc(zoom), FL, Ro DCNN
[67] 2021 NLST, DLCST 3D-PA, 2D-PA (9 views) n/a 2D CNN 9 views, 3D CNN
[60] 2021 LUNA16/Kaggle DSB 2017 raw data to png Ro,H-Fl, clip, blurry Dense Convolutional Network

dataset (DenseNet)
[68] 2021 LIDC-IDRI / ELCAP 2D-PA, 3D-PA n/a 2D MV-CNN 3D MV-CNN
[86] 2021 LIDC 3D-PA, zero-padding n/a

Capsule networks
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(CapsNets)

[88] 2021 LIDC-IDRI 3D-PA, padding, Cr F 3D NAS method, CBAM
module, A-Softmax loss, and
ensemble strategy to learn
efficient,
[87] 2021 LIDC-IDRI 2D-PA n/a Deep Convolutional
Generative Adversarial
Network (DC-GAN)/ FF-
VGG19
[61] 2021 LUNA16 TH, 2D-PA, balancing Ro, FI BCNN [VGG16, VGG19]
samples combination with and without
SVM
[76] 2021 LUNA16 n/a n/a 3D CNN
[62] 2021 pet-ct private, n/a Ro,Fl, Shift 2d cnn
LIDC-IDRI
[89] 2021 LIDC-IDRI 3D-PA, Re Fl, Pad 3D DPN _ attention mech
[77] 2021 LIDC-IDRI 3D-PA n/a 3D CNN + biomarkers
[90] 2021 LIDC-IDRI Re, 3D-PA, No Ro 3D attention
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[74] 2022 LIDC-IDRI and LUNGx Re, 3D-PA, TH, No Ro ProCAN

[58] 2022 LIDC-IDRI 2D-PA Ro, Tr DCNN

[59] 2022 LIDC-IDRI Re, 2D-PA Ro, overlays on the axial, Transformers

coronal, and sagittal slices

[84] 2022 LIDC-IDRI interpolation, TH Fl, Ro CNN-based MTL model that

incorporates multiple
attention-based learning
modules

[85] 2022 LIDC-IDRI Re, Rz, No Ro Transformers

[75] 2022 LUNA16 3D-PA, No Fl, Gaussian noise 3D ResNet + attention

[73] 2023 LIDC-IDRI / TC-LND Dataset/ No, 3D-PA, Sc Ro, FI STLF-VA

CQUCH-LND

[81] 2023 LIDC-IDRI Re, No n/a Transformer

[57] 2023 LIDC-IDRI Re, 2D-PA, Re Fl, Brightness, contrast, Sc F-LSTM-CNN

[80] 2023 private TH,3D-PA n/a CAE

Abbreviations: Rs: Resampling, Rz: Resize, PA: Patch (2D or 3D), Cr: Crop, No: Normalization, Ro: Rotate, Sc: Scale, Tr: Translate, TH: Threshold (HU), Fl:

Flip, Du: Duplicate.
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Table A.2.4 Nodule Classification - Performance per work

Deep . S 0 e o o o o Accuracy
Author  Year Dataset Architecture Input size Sensitivity/Recall (%) Specificity (%) Precision (%) AUC (%) (%)
[63] 2017 LIDC-IDRI ResNet 64164 91.07 88.64 - 94.59 89.90
3D MV-CNN + N [40, 50, 60]
[65] 2017 LIDC-IDRI SoftMax NI NT 6 s 95.60 93.94 - 99 -
[66] 2017 LIDC-IDRI ResNet-50, TL 200120 91.43 94.09 - 97.78 93.40
[64] 2018 LIDC-IDRI MV-KBC 224122 86.52 94 97.50 91.60
NT NT S
[69] 2018 LIDC-IDRI CNN + Random 147 51 31, 94.80 94.30 i 98.4 94.60
Forest
S[5, 3]]
N [50, 10]
[70] 2018 LDC ORI ¢ 3D DenseNet, S [5,10] 90.47 90.33 i 95.48 90.40
rivate set TL DI
NI NI S
[48] 2018 LIDC-IDRI CNN + PSO 28128 92.20 98.64 - 95.5 97.62
[78] 2018 LUNAL6 3D DCNN 3 ‘é ¢ i ‘; 0 95.4/ 1 FP i i 0.910 (FROC) ;
[50] 2019 LUNA16 Novel 2D CNN 641 64 96.0 97.3 - 98.2 97.2
[51] 2019 LIDC-IDRI Novel 2D CNN 32132 92.67 - - 95.14 92.57
[54] 2019 LIDC-IDRI CNN, TL 53153 91 - - 94 88
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MAN (modified

[49] 2020 LIDC-IDRI AlexNet) + 327 32 : 95.70 91.60
SVM, TL
[52] 2020 LIDC-IDRI CNN 227722 98.09 95.63 99.5 97.27
[58] 2020 L'DC"DSG'*t private- DTCNN 527 502 93.4 93 93.4 93.9
[71] 2020 LIDC-IDRI, 3D CNN 647 64 93.69/ 100 95.15/ 100 94.9 94.57/ 100
DeepLNDataset
LIDC-IDRI, LUNGx
[55] 2020 Challenge CNN, TL N[32, 48, 64] 85.58 95.87 94 92.65
NT NT N
database
[72] 2020 LIDC-IDRI MRC-DNN 647 64 97.19 i 99.1 96.69
[79] 2020 LIDC-IDRI CAE, TL 3273217 81 95 : 90
LIDC-IDRI, . ;
[82] 2020 o Multi Task CNN 807 801 84.8 i 93.6 ;
Fractalnet and < 0.955(LIDC), )
[56] 2020 LUNA16 N 647 64 87.74, 84.00 88.87, 96.80 0.973LUNA)
[83] 2020 LIDC-IDRI DCNN 507 50 97.52 86.76 98 94.06
2D CNN 9
671 2021 NLST,plesT  EOCTR N 224722 90.67 90.80 : 90.73
Dense
LUNA16/Kaggle Convolutional 64164,
[60] 2021 5B 9017 dataset Network 647 64T - - 93 -
(DenseNet)
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[68]

2021

LIDC-IDRI /
ELCAP

2D MV-CNN 3D
MV-CNN

98.2

99.45

98.83

[86]

2021

LIDC

Capsule
networks
(CapsNets)

3D NAS

(20x20),
(30x30) and
(40x40)

98

97

99

97

[88]

2021

LIDC-IDRI

method, CBAM
module, A-
Softmax loss,
and ensemble
strategy

801 80T
slices

89.5

93.4

95.6

90.7

[87]

2021

LIDC-IDRI (SPN
only)

Deep
Convolutional
Generative
Adversarial
Network (DC-
GAN)/ FF-
VGG19

85.37

95.04

90.77

[61]

[76]

2021

2021

LUNA16

LUNA16

BCNN [VGG16,
VGG19]
combination
with and without
SVM

32132

89.3

94.8

92.1

92.1

3D CNN

50 | 5

95.9

91.99
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pet-ct private,

[62] 2021 LIDC-IDRI (SPN 2D CNN 641 6417 94 - 87 97 97.17
only)
[89] 2021 LIDC-IDRI 3D.DPN - 32132 92.7 95.2 - 94 94
attention mech
771 2021 LIDC-IDRI 3D CNN + 327321 913 (FP rate of 8.0%) . . : 91.9
biomarkers
[0] 2021 LIDC-IDRI sDattention > 2! 321 . . . 86.74 .
slices
74) 2022  -ID&IDRIand ProCAN 3273271 92.36 . 92.59 96.17 92.81
LUNGx
[58] 2022 LIDC-IDRI DCNN 321 321 - - - 98.05 95.28
[59] 2022 LIDC-IDRI Transformers 52152 97.1 97.2 99.56 97.8
CNN-based
MTL model that
incorporates 5
[84] 2022 LIDC-IDRI multiple 321 32 - - - 96.28 92.92
attention-based
learning
modules
[85] 2022 LIDC-IDRI Transformers 641 64 96.2 82.9 97.8 95.9 94.7
[75] 2022 LUNA16 3D ResNet + 32732 94.4 95.9 98.5 96.1
attention
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LIDC-IDRI/ TC-

[73] 2023 LND Dataset/ STLF-VA 3271327 89.10 93.39 91.59 91.25 91.25
CQUCH-LND

[81] 2023 LIDC-IDRI Transformer 6471647 : 91.62 93.08 92.99 97.17 92.36

[57] 2023 LIDC-IDRI F-LSTM-CNN 807 80T | 87.69 95.38 - 97.40 92.82

[80] 2023 private CAE 2247224 100 93.7 - 99.5 95.5
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A.3 Model predictions

This appendix section contains plots of our nodule segmentation model predictions

A.3.1Nodule segmentation predictions
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Figure A.3.1.1: Segmentation predictions i
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Figure A.3.1.2: Segmentation predictions ii
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Figure A.3.1.3: Segmentation predictions iii
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Figure A.3.1.4: Segmentation predictions iv
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