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》》》CHAPTER  1

INTRODUCTION

▶▶ Lung cancer

Lung cancer is one of the most common cancers, and is a leading cause of cancer mortality 
among both men and women. Following the high number of new cases in prostate cancer in 
men, and breast cancer in women, the second most frequent cancer is related to the lung and 
bronchus (Fig.1). An estimated 131,880 Americans will have died in 2021 because of lung 
cancer, which is the largest proportion of all predicted cancer deaths [1].

Figure 1. Ten leading cancer types expected to be diagnosed, and the estimated deaths, in 
Americans in 2021. Figure courtesy of the American Cancer Society, Atlanta, United States.

Therefore lung cancer has the highest mortality rate in the U.S., with a 5-year relative 
survival rate for stage IV lung cancer being 4% [2]. If the 5-year relative survival rates for 
different stages are merged, the survival rate for small cell lung cancer is only 6%, whereas 
the rate for non-small cell lung cancer is 23% [2].

▶▶ Pulmonary nodules

A lung nodule can be an early sign of lung cancer. Lung nodules normally range from 5 
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mm to 30 mm in diameter but nodules larger than 30mm have a higher probability to be 
malignant. In most cases (more than 95%), nodules are not cancer and will not spread to 
other parts of the body. According to the Fleischner 2017 guideline [3], pulmonary nodules 
can be categorized according to their composition, into solid and sub-solid groups, as shown 
in Fig.2. Sub-solid nodules can be subdivided into ground glass and part-solid nodules. 
The ground glass nodule is higher in density than the surrounding tissue but does not 
obscure the vascular structures, while the part-solid nodule is a mixture of both solid and 
ground-glass nodules in appearance. The morphological information, such as calcification, 
sphericity, margin, lobulation, speculation, etc., can be used to classify lung nodules further. 
The measurement of the features, size and density, is of importance for the diagnosis of 
lung cancer.

Figure 2. Categories of pulmonary nodules with various densities.

▶▶ Computed tomography and dosage

A computed tomography (CT) scan is normally used by radiologists to detect and diagnose 
lung cancer. It presents the objects inside the human body by gathering information from 
different angles based on X-rays. The radiation is absorbed when x-rays pass through 
tissues. Hounsfield Unit (HU) values are a measure for this x-ray absorption and correlate 
with tissue density. For example, the HU value of soft tissue ranges from +100 to +300, 
whereas of cortical bone it ranges from +1800 to +1900. 

The radiation exposure of a CT examination can be grouped into dosages from 
standard-dose (5–7 mSv per scan), and low-dose (1–2 mSv per scan), to ultralow-dose (0.1–
0.2 mSv per scan) [4]. Among the three different radiation groups, low-dose CT (LDCT) is 
recommended by the U.S. Preventive Services Task Force for lung cancer annual screening 
[5].
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▶▶ Lung cancer screening trials

More than half of lung cancers are diagnosed at an advanced stage, whereas only 21% of 
lung cancers are found at stage I [2]. The reason for this phenomenon is that early cases do 
not normally show symptoms. The accurate detection and analysis of small lung nodules are 
fundamental steps for radiologists to diagnose lung cancer early, thus lowering the mortality 
risk of patients, as well as reducing healthcare costs. Many trials have been conducted 
to find appropriate strategies for lung cancer screening, but only two were randomized, 
adequate powered trials namely the National Lung Screening Trial (NLST) and the Dutch–
Belgian lung-cancer screening trial (NELSON) study. The NLST was established in the 
United States and 53,454 participants enrolled. The results of this study demonstrated that 
the participants who underwent three annual rounds of low-dose computed tomography (CT) 
had a 15 to 20 percent lower lung cancer mortality rate compared to those who underwent 
chest radiography [6]. Additionally, the underpowered UK Lung Cancer Screening 
(UKLS) pilot trial showed that early detection of lung cancer was feasible and over 80% 
of early stage lung cancers could undergo a potentially curative treatment [7]. Moreover, 
the underpowered Multi-center Italian Lung Detection (MILD) trial recently reported that 
using LDCT reduced lung cancer mortality by 39% at 10 years [8]. Compared with the 
NLST trial, this trial provided additional evidence that prolonging the screening to beyond 
5 years could improve the early detection and even lower the lung cancer mortality rate. 
Last but not least, the recent results from the NELSON showed high-risk participants had 
a significantly lower lung-cancer mortality rate following volume CT screening compared 
with no screening with a mortality reduction after 10 years of 24% in males and 39% in 
females [9].

After the detection of relevant pulmonary nodules during lung cancer screening, the 
standardization of the follow-up and nodule management is of great importance. The Lung 
Imaging Reporting and Data System (Lung-RADS) provides management recommendations 
for lung nodules in CT scans, including size, type, and malignancy level [10]. Details of 
the Lung-RADS protocol are described in Fig.3. Each suspicious nodule on a scan can be 
categorized according to the assessment protocol by radiologists. 

▶▶ Lung cancer treatment

If lung cancer is diagnosed, it can be treated with different approaches, such as surgery, 
chemotherapy and radiation therapy, depending on the cancer type and stage. Lung cancer 
has two main types, small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC). 
SCLC and NSCLC account for around 15 and 85% of all lung cancers, respectively [11]. 
SCLC is often diagnosed at an advanced stage because it is usually asymptomatic in the ear-
ly stages. Chemotherapy and radiation therapy are commonly used to shrink or kill this type 
of lung cancer. Surgery, where surgeons resect the cancer tissues, is generally not effective 
for SCLC because it is often found after the lung cancer has metastasized to other parts of 
the body. In such cases, other treatments can only be applied to mitigate the patients’ symp-
toms. Compared to SCLC, NSCLC is diagnosed more frequently at an early stage. Since 
NSCLC is less sensitive to chemotherapy or radiation therapy, surgery is a good option to 
cure patients if they are diagnosed with early stage non-small cell lung cancer (ES-NSCLC) 
but some tumors are not appropriate for an operation, including those in stages I to IIIA 
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Figure 3. Lung Imaging Reporting and Data System Version 1.1. Figure courtesy of the 
American Cancer Society, United States.
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[12]. The reasons can be that the tumors are too small or the patients are too old. Radiation 
therapy can provide a good alternative to treat these patients. Cyberknife and stereotactic 
body radiation therapy (SBRT) are two new methods of radiation therapy [13]. There 
are chemotherapy options for treating more advanced NSCLC, consisting of traditional 
methods that target rapidly dividing cells and newer agents that are aimed at specific genetic 
aberrations. Although many treatment plans are effective at killing cancer, they also harm 
normal cells and impact individuals’ quality of life. Hence, it is important to consider the 
side effects and the patient’s overall health, no matter which treatment approach is selected.

▶▶ Machine learning techniques

The recent developments in computer aided diagnosis for Radiology have led to the further 
development of artificial intelligence to enhance detection and classification of pathology in 
radiological images most successfully in brain, chest and prostate so far.

Machine learning is a subset of artificial intelligence where a computer system builds 
up a mathematical model to solve one specific task. The subfields of artificial intelligence 
are presented in Figure 4. Based on what kind of data is available, the training scheme 
of machine learning can be divided into unsupervised, semi-supervised, and supervised 
learning. In unsupervised learning, a machine learning model tends to explore and cluster 
discriminative features from unlabeled data [14]. An example is that a model can be 
designed to separate species of birds according to their color, shape and size, without being 
a specialist in ornithology. Regarding semi-supervised learning, only a few labels are known 
and this prior knowledge is used to predict labels for a larger amount of unlabeled data [15]. 
This task is particularly effective in extracting information from the data which needs an 
enormous amount of labeling effort. The other training scheme is supervised learning where 
the data is fully labeled by expert reviewers. These labels are utilized to train and evaluate 
the model [16]. For instance, to identify whether an x-ray image contains an abnormality, 
such as pneumothorax, by a supervised model, expert readers like trauma surgeons should 
provide labels that supervise the model to learn related features. In this thesis, the described 
work includes data which was completely annotated by expert reviewers. Therefore, our 
models were developed in a supervised manner.

Figure 4. Subfields of artificial intelligence.
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Machine learning techniques include some traditional models, such as decision trees, 

support vector machines, logistic regression, and Naive Bayes Classifier. To implement 
a system using traditional machine learning techniques for lung nodule detection, 
differentiable rule-based nodule patterns including shape, sphericity, edge, and density 
need to be defined. These patterns are measured by various feature extraction algorithms. 
After acquiring the patterns, the traditional models are trained iteratively to categorize 
cases into nodule or non-nodule groups using their pre-defined characteristics [17-19]. 
However, the performance can vary significantly between different studies using the same 
data since the performance highly relies on the inference of the experts and the selection of 
rule-based patterns [20]. A promising alternative is to use machine learning algorithms to 
independently extract patterns for lung nodule detection.

▶▶ Deep learning techniques

Deep learning is an advancement in machine learning, allowing the computer system to 
learn multi-level characteristics directly from the data without inference. When the data 
is fed into the deep learning model, features are automatically extracted from the nodule 
images in different layers. More specifically, low level features like edges and colors 
can be learned in the earlier layers. As the layer deepens, more abstract information, like 
roundness, can be identified. Finally, the last layer gives the location of suspicious nodule 
candidates or the likelihood of being a true positive finding. 

Deep learning techniques mainly consist of recurrent neural networks (RNNs) and 
convolutional neural networks (CNNs). RNNs have recurrent connections in the hidden 
layers which allow previous outputs to affect the current input and output. Therefore, RNNs 
are able to capture sequential data features, for example the dependency between musical 
notes in a melody, and the associations between time series images. Another popular deep 
learning architecture is CNNs. The most important component in CNNs is the convolutional 
layer since the convolutional operation in this layer allow the network to extract spatial 
features of targets and relationships between objects.

With the development of computational resources and a large amount of useable data, 
CNNs have been successfully applied in the field of medical imaging. For example, utilizing 
current and prior CT scans, a team from Google proposed a CNN-based system to predict 
lung cancer risk [21]. The performance of the system was promising (AUC, 0.94) for 6,716 
cases in the NLST. Another study included 6 types of non-enhanced CT examinations of 
7,240 individuals to train and evaluate a CNN-based system in calcium scoring [22]. The 
results showed that although the scan protocols and population groups varied, the developed 
system using CNNs can produce robust and accurate quantification of coronary calcium. 
CNNs can also improve breast cancer discrimination in mammograms. One study collected 
88,994 screening mammograms retrospectively to establish a CNN-based model and a 
risk-factor-based logistic regression model for assessing the risk of cancer [23]. The study 
found that the proposed hybrid CNN-based model, which considered image features and 
traditional risk factors, outperformed the single clinical model. The study also indicated that 
the hybrid CNN-based model can substantially improve cancer prediction accuracy.
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▶▶ Thesis outline

The aim of this thesis is to develop and evaluate deep learning based systems in order to 
optimize lung cancer screening procedures and improve health care.

The first part of the thesis focuses on the implementation of accurate deep learning 
based systems for pulmonary nodule detection in screening programs to help detect early 
lung cancer. In Chapter 2, inspired by a routine clinical procedure, the maximum intensity 
projection (MIP) technique, an automatic nodule detection system using convolutional 
neural networks is proposed. The system is developed based on the LUNA16 dataset that 
includes 888 CT scans with 1186 nodules. In Chapter 3, the system is tested on low-
dose CT scans from a lung cancer screening program to verify the effectiveness and 
generalizability of the MIP based system for finding lung nodules in clinical practice. The 
aim of the system is to also rule out negative scans to reduce radiologists’ workload. In 
order to improve the efficiency of the deep learning-based system that applies maximum 
intensity projections for nodule detection, the effect of slab thickness is worthy to be 
investigated. Chapter 4 analyzes the performance of the previously proposed MIP-based 
system with sixteen different slab thickness settings for nodule detection and determines the 
optimal setting. MIP can boost the overall performance of the system with an improvement 
in small nodule detection. However, some small nodules are missed and it is still 
challenging to identify non-solid ones on thick MIP images. To increase the performance 
further on small nodules and other types of nodules, Chapter 5 describes a deep learning-
based nodule detection system that does not only utilize the maximum intensity projected-
based images with the optimal slab thickness, but also takes coronal and sagittal planes 
into account. The detection system is optimized with more advanced convolutional neural 
networks compared to the previously developed system. 

The second part of the thesis is dedicated to guiding individualized clinical decisions 
on early stages of non-small cell lung cancer and to select high-risk patients who could 
benefit from a combined treatment. Chapter 6 presents prognostic models for predicting 
the survival outcome after radiation therapy of lung tumors using deep learning. Images 
features were automatically extracted from pre-treatment CT scans and significant clinical 
factors were selected by univariable and multivariable analyses. The value of taking images 
features, clinical factors, and both recurrence and survival prediction features, is assessed.

In the last part of the thesis, Chapter 7, the main contributions of the previous 
chapters are discussed in a general perspective. Recommendations for future studies are 
also presented.
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