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ABSTRACT

Compelling clinical studies have shown that lung cancer screening allows for early
diagnosis and treatment of lung cancer. Despite the high quality CT images available
to the radiologists for decision making, missing lung cancer on the chest radiograph
attributes to errors made by the radiologists in determining whether a lung nodule is
malignant or not, on the basis of medical imaging and other clinical information.
Several research studies have recommended Computer Aided Diagnosis (CADx)
systems which facilitate early detection of lung cancer nodules at more curable stages.
The significant and on-going research areas in CADx systems include automated
segmentation systems and classification models for nodules characterization. The nonavailability of large databases has been a limitation for the training and development of
accurate diagnostic models.
The thesis aims to develop image analysis based methods in 3-D to improve the
performance of CAD systems for lung cancer detection and pathological stage
estimation. The contributed research work was carried out in the areas of segmentation
and cancer diagnostic models respectively which are integral parts of a CAD system.
During the first phase of research, a semi-automatic 3-D segmentation algorithm was
developed for varying nodules sizes and shapes which enables accurate volumetric
assessment and further analysis for nodules characterization in Computed Tomography
(CT) images. The proposed model performs nodule segmentation by incorporating the
geometric and region based properties of a lung nodule in CT images. An adaptive
approach was developed to compute the mean gray level intensity of a lung nodule
which is used as a stopping function besides the gradient properties to enable accurate
nodule extraction from the CT images. The algorithm was tested and validated on
multiple databases including LIDC, FDA, RIDER and CUMC with a mean spatial
overlap of 85%.

viii

As second research contribution, a Bayesian Inversion framework was devised
to predict the cancer occurrence as well as its pathological stage. The proposed
stochastic model was tested on NLST database, a repository of low dose longitudinal
CT data sets and is aimed to address the constraint of limited number of annotated CT
datasets in lung cancer for multi-class classification. To develop the proposed
framework, quantitative imaging features known as radiomic features were extracted
from the segmented nodules (benign and malignant), analyzed and ranked using an
intuitive approach to identify the diagnostic features for cancer and its stage estimation
respectively. The carried out research work showed that Surface Area and Sum Entropy
are the two radiomic features that possess general phenotype/characteristics to
differentiate between benign and cancerous tumors of lung, colon and head and neck
cancer respectively. These highly discriminating features were validated by integration
into non-linear mathematical equation and achieved an accuracy of 97.0% for lung
nodule classification.
Another group of radiomic features was investigated in malignant nodules
which can differentiate between early stage (stage I and stage II) and advanced stage
(stage III and stage IV) cancer. Based on the analysis performed using regularization
method and supervised feature selection, radiomic features which showed strong
discrimination between early and advanced stage cancer were Sphericity, Large
Dependence High Gray Level Emphasis (LDHGLE), Cluster Prominence, Small Area
Emphasis and Strength respectively. These features were integrated into a mathematical
equation for validation and achieved an accuracy of 86.84% when tested on data sets
of malignant nodules with early and advanced stage cancer.
By incorporating the aforementioned formulated equations for cancer and its
stage detection respectively, the proposed stochastic framework predicted the cancer
occurrence as well as its pathological stage with an accuracy of 86%.
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CHAPTER 1
INTRODUCTION

Lung cancer is a leading cause of cancer-related deaths among males and
females world- wide (Bray et al., 2018). It often appears as opaque lesions in the lungs,
referred to as pulmonary or lung nodules. The symptoms of lung cancer typically
manifest at an advanced stage, which makes the treatment least likely to work. A 5year survival rate for detection of non-small cell lung cancer in the initial stages is
approximately 70% whereas, for advanced stages, 1-year survival rate is nearly 20%
(Knight et al., 2017). Thus, early detection and treatment of malignant nodules can help
increase the life expectancy of lung cancer patients. However as aforesaid, the disease
in its early stages is asymptotic and its early diagnosis is a real clinical challenge. As a
first step, the images obtained from the Computed Tomography (CT) screening are
analyzed by a radiologist/clinician for possible existence of cancer.
The errors in screen detected lung cancer occur mainly due to two reasons. The
first and most common cause of mis-diagnosis is the observer error also termed as
decision-making error. In such an error, a clinician or radiologist can misjudge a nodule
due to scanner resolution issues or simply because it could not be recognized hence
causing wrong judgment. Another reason of wrong diagnosis is the nodule
characteristics which include visibility, size and location of the undetected tumor
(Rubin, 2015). It is pivotal to gain insights into the potential approaches to develop
efficient computer aided solution for clinician’s better decision making.

2

1.1 Computer-aided Diagnosis of Lung Cancer
With all the wealth of knowledge available for the estimation of severity of the
disease, the prediction models proposed in the literature are found largely to depend
upon the demographics and clinical history of the patient. Recent advances in image
acquisition procedures, regularization and image analysis have transformed the
quantitative imaging descriptors. These new characteristics could potentially be used as
non-invasive diagnostic or predictive biomarkers for cancer. Radiomics is an emerging
field of study that uses data mining algorithms to extract quantitative features from the
medical images (Philippe et al., 2017). These quantitative features commonly known as
radiomic features provide information about the gray-level patterns and their
associations within a region of interest. The radiomic feature analysis has enabled
breakthrough to the identification of novel prognostic imaging biomarkers resulting in
better understanding of cancer and development of computer aided diagnosis solutions
(Gillies, Kinahan, & Hricak, 2016).
The impact of technology to enable correct diagnosis and enhance radiologist’s
work flow has been a focus of research and has led to the development of computational
systems such as computer aided diagnosis (CADx/CAD) systems. These systems aim
to measure the lesion characterization to determine malignancy and pathological stage
of the cancer which is a difficult task besides identifying the lung nodules on CT images.
CAD systems use three-dimensional methods which can include nodule segmentation
techniques, volumetric analysis, identification of diagnostic quantitative features, and
quantitative methods for nodule classification as benign or malignant as well as for
determining the cancer stage (Nishio, Sugiyama, Ueno, Kuroda, & Togashi, 2018).
Figure 1.1 demonstrates a generalized work flow in practice for the computer aided
diagnosis of lung cancer in CT images.
The key components of a CAD system include segmentation techniques, region
of interest (ROI) analysis and diagnostic/classification models. Lung nodule
segmentation in CT images and its subsequent volume analysis is the first step towards
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Figure 1.1: Work flow of computer -aided diagnosis of lung cancer
:

the development of computer-aided solutions for malignancy detection. An accurate
segmentation of lung nodules in CT images is challenging and is an ongoing research
area for lung cancer diagnosis. Then, important nodule characteristics/features are
computed from the segmented nodule and studied/analyzed. The study of quantitative
imaging data is an emerging field which is known as radiomics and the extracted imaging
features are called radiomic features (Gillies et al., 2016). The radiomic features measure
the overall shape, intensity values within and the surface irregularity of nodules and can
be helpful in the study to establish relationship between features, pathology, genomics
and clinical data.
The segmented tumor images or the computed radiomic features from the tumor
are applied to a diagnostic/classification model for cancer detection.
For classification, several classification methods have been proposed in the
literature among which neural networks is the most common approach adopted for
cancer detection (Tran, Nghiem, Nguyen, Luong, & Burie, 2019; K. Liu & Kang, 2017;
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Venu- gopal et al., 2020). Machine learning classifiers are a second close which have
provided good classification accuracy of lung nodules (W. Wu et al., 2016; C. Chen et
al., 2018; Choi et al., 2018). Deep learning is an emerging approach which has shown
promising results for nodule classification (Jason et al., 2018; Xie et al., 2019). Other
attempts in nodule classification include multivariate logistic regression analysis (Qi et
al., 2019) and radiomic based mathematical likelihood functions (Shakir, Deng,
Rasheed, & Khan, 2019).

1.2 Motivation
Despite the considerable progress made in 3-D image analysis techniques for
lung cancer detection in CT images, CAD performance has suffered due to the
challenges offered by segmentation algorithms, ROI analysis and classification methods
respectively (Yanase & Triantaphyllou, 2019).
Firstly, accurate lung nodule segmentation in 3-D requires the associated
algorithm to be capable of extracting nodule regardless of its shape and size which is
difficult to achieve through single algorithm’s functionalities. The problem arises due
to the attached anatomical structures which possess gray levels similar to the nodule and
are mis-identified by most of the algorithms as a part of the nodule. Since manual
segmentation is a tedious process, automatic algorithms or techniques have been
proposed but those suffer over- segmentation or under-segmentation.
Secondly, the radiomics based techniques have provided personalized prognosis
and treatment plans for cancer patients but the proposed methods have put little emphasis
on radiomics based early lung cancer diagnosis (Shakir et al., 2019). There have been a
few research studies (Xie et al., 2019; Jason et al., 2018; Rodrigues et al., 2018) on
radiomics based cancer stage estimation on low dose CT images which is the
recommended screening method for lung cancer. In these proposed techniques, the
malignancy state is computed as a malignancy score between 1 and 5 rather than the
pathological stage. Moreover, these studies were conducted on neural networks and
machine learning methods which suffer from unsatisfactory data training already
discussed above. Another proposed research by (Yu et al., 2019) detects the pathological
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stage of a malignant tumor only but cannot identify benign nodules. Several radiomic
features images have shown discriminative properties towards lung cancer and were
evaluated to measure the level of influence on the cancer occurrence and its progression
(Shakir et al., 2019). Based on these studies, the importance of radiomic features for the
treatment, monitoring and outcome prediction in lung as well as other cancer has been
highlighted. A drawback of the feature selection methods employed in the aforesaid
research is lack of comparative studies to identify the superior methods (supervised
versus unsupervised) for feature selection for cancer prediction models. The findings on
better feature selection methods can subsequently lead to better and accurate classifiers’
performances.
Although a number of viable diagnostic radiomic features were studied and validated, the current classification models operate using groups/clusters of such features
(Choi et al., 2018; C. Chen et al., 2018; W. Wu et al., 2016). The application of a large
number of radiomic features to classification models results in average to good detection
rates. Finding the optimal number of features to be fed to the classifiers can minimize
redundancy and can potentially improve the cancer diagnosis.
The unavailability of large data sets is still a limitation in making research
progress pertaining nodule classification (C. Zhang et al., 2019). Moreover, majority of
the classification models have adopted machine learning, deep learning or neural network
approaches respectively for cancer detection (Choi et al., 2018; C. Chen et al., 2018;
Venugopal et al., 2020). The aforementioned techniques require training of big volumes
of CT imaging data which is a limitation and makes the models outcomes less reliable
in most of the cases. Kadir and Gleeson in (Kadir & Gleeson, 2018) presented a study
that if sufficient training data is present, then convolutional network with deep learning
can classify the nodules with area under curve in the ranges of 0.90. Furthermore,
several available data sets are not labelled by the experts due to extensive time
demanded which is another challenge in efficient training of classifiers or neural
networks thus leading to ambiguous performance of classifiers.
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1.3 Research Problem Formulation
The problems to develop efficient CAD systems for lung cancer can be addressed by
carrying out research work in the following sub-domains of image analysis methods:
1.

Development of automatic and accurate nodule segmentation algorithms for 3D CT volumes to improve the segmentation performance leading to better
computer aided diagnosis.

2.

Investigation of features selection techniques to obtain and validate radiomic
features for accurate cancer diagnosis as well as cancer stage estimation.

3.

Development of radiomic feature based mathematical approaches which can
diagnose cancer and estimate cancer stages simultaneously while addressing the
challenge of small-sized annotated CT databases at the same time.

1.4 Aims and Objectives of the Research
The aim of the carried out research work is to improve the performance of CAD
systems using 3-D image analysis methods for cancer detection and pathological stage
estimation. In order to achieve the aims of the research, following are the research
objectives in this thesis:
1.

To develop an efficient 3-D segmentation method which can extract nodules
with varying shapes and sizes from the CT images.

2.

To analyze the performance of supervised and unsupervised features selection
methods and optimal number of features for correct cancer diagnosis.

3.

To investigate and validate the 3-D radiomic features which can distinguish
between malignant and benign tumors as well as between pathological stages
(early and advanced stage lung cancer).

4.

To formulate a stochastic method using the investigated diagnostic features
which can detect the nodule as benign or malignant along with its cancer stage in
low dose CT images.
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1.5 Scope, Assumptions and Limitations
The scope of the research is referred to pursuing the following assumptions and
restraints:
1.

A 3-D segmentation algorithm was developed using the CT databases with
available ROI and volumetric estimations.

2.

The 3-D radiomic features based cancer detection techniques were developed
while utilizing the only available public database with longitudinal CT data.

3.

Performance of the carried out research work was largely dependent on small
number of benign tumors data sets publicly accessible.

4.

Phantom studies incorporating synthetic lung nodules were employed in
segmentation algorithm to provide a framework incorporating known truth, thus
allowing to evaluate both bias and variance analysis of volume measurement
error.

1.6 Work Flow of Experimental Research
The workflow of experimental research is demonstrated in Figure 1.2. The
proposed research was carried out in two phases. In phase I, a 3-D algorithm for lung
nodule segmentation from a CT volume was developed using a hybrid deformable
model. The proposed system takes CT scans of lung tumor with its known location as
input. Then, using the mouse click and drag operation, the system user draws an
elliptical region around the tumor on a central slice of the input 3-D volume. The hybrid
system de-noises the ROI using anisotropic filter and enhances the edges of tumor for
further processing. Considering the selected ROI using mouse click and drag operation
as the initial contour in 3-D, the contour is deformed around the nodule using geometric
and regional properties of the ROI. To achieve accurate segmentation, the mean intensity
threshold of the selected tumor is also used as a stopping function. Final contour around
the tumor is obtained when energy functional of the contour reaches its minima using
Gradient Descent optimization algorithm. The final output of the proposed system is 3-D
visualization of segmented tumor along with its volume estimation in milliliter. The
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proposed algorithm was evaluated using Dice Coefficient, mean volume bias,
repeatability and comparative visual assessment with well-known segmentation
methods.
In research phase II, a Bayesian inversion method was developed to predict
cancer and its stage. The prediction of cancer and its stage respectively using the
proposed methods required formulation of two likelihood functions for cancer detection
and stage detection respectively. For the development of first likelihood function, 105 3D radiomic features were computed from a training set of malignant and benign
nodules. For feature reduction, the non-consistent features were removed using test
retest method whereas the one-way Analysis of Variance (ANOVA) test was used to
determine discriminative features towards tumor malignancy. The application of the
aforementioned two methods resulted in a group of diagnostic and reliable features. The
relationship strength of each feature with malignancy or non-malignancy (benign) was
further determined using several feature ranking algorithms. The two most highly ranked
features from the achieved ranking were fit into a non-linear regression equation for tumor
classification as malignant or benign. The developed function was validated on a test
database in terms of accuracy, specificity and sensitivity and was further validated by
training and testing a machine learning classifier namely Support Vector Machine
(SVM) using the investigated diagnostic signatures.
For the formulation of another mathematical equation to estimate cancer stage,
105 3-D radiomic features were extracted from a training database of malignant
nodules. Using the aforementioned feature reduction techniques used for cancer
detection, a group of discriminative and reliable features towards cancer pathological
stages was obtained. A regularization technique known as Least Absolute and
Shrinkage Operator (LASSO) was used to obtain and fit the most diagnostic features for
early stage (I and II) cancer and advanced stage (III and IV) cancer detection into a
regression equation. The developed equation was validated using a test database in terms
of accuracy, specificity and sensitivity and was further validated by training and testing
a SVM classifier using the investigated radiomic signatures. The results were consistent
with the mean ranking obtained using three supervised feature selection methods.
The above two formulated equations were integrated into a Bayesian inversion
framework (particle filter) which takes radiomic features as an input from longitudinal

Figure 1.2: Work flow of experimental research
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CT data of the patients on high risk of cancer. The proposed particle filter is capable of
predicting cancer/malignancy status of a nodule i.e. whether the tumor is benign or
malignant. In case of positive malignancy, the model further predicts the cancer
pathological stage.
The proposed stochastic method was evaluated in terms of accuracy, precision
and recall and its performance was compared with multi-class classification achieved
using a SVM classifier on the benchmark database.

1.7 Scientific Contribution from the Dissertation
The scholar makes scientific contributions to upgrade and add value to the existing
scientific research and results published for early lung cancer detection. For this
purpose, the proposed techniques are developed upon the contemporary methods which
are presented, discussed and included ahead in the dissertation. To summarize, the
following 3-D image analysis algorithms and quantitative methods are proposed which
contribute novelty and originality to detect malignancy along with cancer stage in the
nodules:
1.

A semi-automatic segmentation system is proposed in Chapter 3, which is
capable of performing robust and accurate segmentation in 3-D on small as well
as large nodules of different types. Based on this contribution, a research article
[Section 1.8, Publication 3] has been published. The proposed model performs
nodule segmentation by minimizing the energy functional of contour around
nodule based on nodule’s gradient information and mean intensity value. An
adaptive technique which uses image intensity histogram is devised and
experimentally validated to estimate the desired mean gray level of nodule.

2.

A significant improvement in the lung cancer classification performance has
been presented in Chapter 4 by investigating the features which can discriminate
highly between benign and malignant nodules and among cancer stages of
malignant nodules. The radiomic features identified with high diagnostic power
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for lung cancer classification were found to effectively classify the colon and
head and neck cancer as well. These features were incorporated into a
mathematical equation for the detection of lung, colon, head and neck cancer. It
was shown that malignant tumors across various parts of the body may possess
common traits and a general diagnostic group of distinguishing features
representing various cancer types can be formulated. A research paper
encompassing this contribution has been published [Section 1.8, publication 2].
The achieved results suggest that diagnostic mathematical functions using
general tumor phenotype can be successfully developed for cancer diagnosis.
Furthermore, a group of quantitative imaging features that could significantly
differentiate between early stage (stage I and II) and advanced stage (stage III
and IV) cancer was investigated and validated using a mathematical function on
malignant nodules.
3.

The impact of supervised and unsupervised feature selection techniques on
nodule classification methods is also researched in CT images in Chapter 4. A
research paper has been published which covers the above described research
contribution [Section 1.8, publication 1].

4.

Incorporating the investigated diagnostic features from second contribution, a
Bayesian inversion framework is presented in Chapter 5 for malignancy
detection and its cancer stage estimation in terms of probability. The proposed
model employs longitudinal data of cancer patients or patients at high risk of
cancer and can predict the status of a lung nodule (benign, malignant early stage
or malignant advanced stage).

1.8

List of Research Articles

The following list of research articles is contributed by the scholar. The first five articles
in the list are directly the outcome of research carried out during PhD studies.
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1.8.1

Thesis related publications

1. Radiomics driven Bayesian Inversion Method for Prediction of Cancer and the
Pathological Stage, H Shakir, TMR Khan, Y Deng, H Rasheed, IEEE Journal of
Translational Engineering in Health and Medicine 9, 1-8, 2021.
2. Feature selection for lung cancer classifiers, H Shakir, H Rasheed, TMR Khan,
Journal of Intelligent and Fuzzy Systems, IOS Press, vol. 38, no. 5, pp. 58475855, 2020.
3. Radiomics based likelihood functions for cancer diagnosis, H Shakir, Y Deng,
H Rasheed, TMR Khan, Scientific reports, Nature, 9 (1), 1-10, 2019.
4. 3-D segmentation of lung nodules using hybrid level sets, H Shakir, TMR Khan,
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1.8.2
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Assessment of quality of rice grain using optical and image processing
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Communication, Computing and Digital Systems (C-CODE), 2017.

2.

Multimodal medical image registration using discrete wavelet transform and
Gaussian pyramids, H Shakir, ST Ahsan, N Faisal, IEEE International
Conference on Imaging Systems and Techniques (IST), 1-6, 2015.

3.

Future of mobile human computer interaction research-A review, M Nazir, I
Iqbal, H Shakir, A Raza, H Rasheed, 17th IEEE International Multi Topic
Conference 2014, 20-25, 2014.

4.

Multimodal Medical Image registration using Discrete Wavelet Transform, H
Shakir, ST Ahsan, Journal of Independent Studies and Research, 11 (1), 29,
2013.

5.

Performance Evaluation of Discrete Wavelet Transform for compression of encrypted color images, H Shakir, ST Ahsan, H Rasheed, International Journal of
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Scientific and Engineering Research, 5 (7), 2014.

1.9 Thesis Outline
The thesis is organized in 6 chapters. The formulation of research problem,
motivation, research aims and objectives, and author’s contributions in this thesis are
presented in Chapter 1. An in-depth overview of various components of a CAD system
which includes segmentation models, radiomic feature selection methods and
classification models for malignancy and cancer stage prediction is detailed in Chapter
2. A 3-D lung nodule segmentation method using hybrid level sets is proposed and
evaluated for nodules of varying sizes and shapes in Chapter 3. In Chapter 4, a
framework is developed to identify imaging features which can differentiate between
benign and malignant tumor and also between different stages of cancer. A radiomics
based Bayesian Inversion method incorporating the formulated equations is developed
in Chapter 5 to predict the state of nodule as benign, malignant (early stage) or
malignant (advanced stage).
The research conducted and contributed by the author in the domain of computer
aided diagnosis of lung cancer is concluded in Chapter 6. The limitations of the
developed algorithms are discussed. Furthermore, the future research avenues are
suggested. The above described thesis work flow is outlined in Figure 1.3.
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Figure 1.3: Thesis Work flow
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CHAPTER 2
COMPUTER-AIDED DIAGNOSIS
SYSTEMS

The image analysis approaches are broadly applied in nodule segmentation, features extraction, features analysis to develop classification models for cancer diagnosis. In this
chapter, a literature review of CAD components, which include segmentation models,
features analysis techniques and classification models are discussed which form the
foundation of research carried out in this thesis. In the following sections, after
introducing the types of nodules and imaging modalities for cancer screening, state of
the art 3-D segmentation algorithms and cancer detection models are discussed.
Subsequently, the contribution of the proposed research work is presented.

2.1

Overview of Lung Nodule Types and Screening Modalities

A pulmonary/lung nodule can be categorized as malignant (cancerous) or benign (noncancerous). Large nodules, being greater than 1 cm in diameter, may be diagnosed by
biopsy whereas for smaller nodules, that are too small to biopsy; the diagnostic options
are more limited. In cases where biopsy becomes difficult or life-saving decisions need
to be made, computer aided solutions can offer great assistance to clinicians and
radiologists.
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Besides the size, shape of the nodule also plays an important role while
processing the radiological images for nodule extraction. Therefore, it is essential to
understand the various types of nodules in order to develop segmentation algorithms.
Based on the location and the anatomy, lung nodules can be categorized into three main
types (Gu et al., 2019). The juxta-vascular nodules refer to the nodules that are connected
to blood vessels, whereas juxta-pleural nodules are the lung nodules which are
connected to parenchyma wall or to diaphragm. A solitary nodule is one which does not
have any pulmonary structures or vessels attached. Another type which is not very
common is ground-glass nodule which is termed as shadow nodule since this type of
nodule does not obscure the underlying vascular attachments. In Figure 2.1, examples
of three main types of the nodules including solitary, juxta-pleural and juxta-vascular
nodules are demonstrated using 2-D and 3-D images.
The goal of radiological evaluation of lung nodules is the non-invasive detection
and differentiation of benign from malignant lesions as accurately as possible. The
currently adopted imaging modalities for lung cancer screening are chest radiography,
Magnetic Resonance Imaging (MRI), Positron Emission Tomography (PET) and
Computed Tomography (CT).
Chest radiography is the most commonly ordered radiological examination
among all the available techniques. Single pulmonary nodules seen on chest x-rays are
at least 10 millimeters in diameter (Khan, Al-Jahdali, Irion, Arabi, & Koteyar, 2011).
If they are smaller than that, they are unlikely to be visible on a chest X-ray. The
research work presented by (Ciello et al., 2017) has reported low sensitivity of
radiography for demonstrating significant lesions and a high false-positive rate for the
detection of pulmonary nodules.
Another imaging modality used for lung cancer screening is PET. A PET scan
can help to find out if a nodule is malignant or benign by providing a picture of the
nodule’s metabolic activity level. Malignant cells have faster metabolic rates than
normal cells, so they require more energy and thus absorb more of the radio labeled
substance. Consequently, nodules can light up on PET imaging if they are malignant or
if there is an active inflammation within. However, the accuracy of PET is heavily
dependent on the nodule size and PET screening cannot be relied upon for non-solid
nodules (Mortensen, 2015).
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Figure 2.1: (a) Solitary nodule, (b) juxta-pleural nodule, (c)juxta-vascular nodule,
(d)3- D image of solitary nodule, (e)3-D image of juxta-pleural nodule, and (f)3-D
image of juxta-vascular nodule (Gu et al., 2019)
MRI is comparatively a less popular imaging modality due to its low detection
rate (82.5%) of benign nodules in comparison to CT. However, the detection rate
(97.0%) of malignant tumors is comparable to CT imaging. It can successfully detect
nodules and shows high sensitivity of 87.9% for nodules size > 5mm but exhibits low
sensitivity for nodules size < 5mm (Biederer et al., 2017). Therefore, the role of using
MRI for lung cancer detection remains questionable and its application becomes a
secondary choice. In Figure 2.2, a Multi-detector CT (MDCT) scan and MRI of a lung
nodule of 2.8 mm of a 77 years old woman is compared. The tumor is visible on CT scan
shown using an arrow but cannot be identified on the corresponding MR-T1 VIBE scan.
Here T1 defines the basic pulse sequences in MRI and VIBE stands for 3-D volumetric
interpolated breath-hold sequence.
In comparison to chest radiography, MRI and PET; CT imaging allows an
accurate assessment of growth due to its good contrast (Koning et al., 2020) and has
proven to be the better choice of imaging. The cases of missed nodules and wrong
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Figure 2.2: A 2.8 mm pulmonary nodule in the left upper lobe shown on (a)
MDCT image, (b) MR-T1 VIBE image (Cieszanowski et al., 2016)

diagnosis are comparatively lower on CT images than on PET, MRI and chest
radiography. Hence, CT is the preferred imaging modality for cancer screening by
physicians, surgeons, and oncologists. Figure 2.3 shows an example of a lung nodule
detected on CT image which was earlier missed on chest radiograph. The CT scan of a
patient causes x-rays or radiations to be absorbed by the patient as well to pass through
the body. With the radiations passing through the body, 3-D image of the scanned body
part is created. The radiations absorbed by the body contributes to the the patient’s
radiation dose called effective dose and is measured in millisievert (mSv). The CT
screening recommended dose for lung cancer screening is 1.4 mSv and is called low
dose CT. The low dose CT is reported to detect lung cancer at an earlier stage thereby
reducing the mortality rate by 20% (Ostrowski, Marjański, & Rzyman, 2018).
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Figure 2.3: Comparison of (a) chest radiograph and (b) CT scan in nodule detection
(Ciello et al., 2017)

2.2

Medical Image Segmentation Algorithms
To initiate computer aided diagnosis, CT images are optionally pre-processed to

make the voxels’ size symmetrical in 3-D plane and then de-noised using a suitable denoising filter. Following this practice, the lung nodules are segmented in CT images
using an efficient image segmentation algorithm. In practice, the nodule segmentation
algorithms are primarily developed targeting the variation in size and shape of lung
nodules since some type of nodules are more complicated than the others to segment.
Furthermore, large sized nodules require more processing time than the others and the
developed algorithms often need to integrate techniques which could result in fast
processing time.
A widely used approach for segmentation which has shown promising results in
medical image segmentation is deformable models (Hemalatha et al., 2018).
Deformable models are defined as group of objects or shapes represented by curves or
surfaces within an image domain. These curves or surfaces are supposed to move under
the influence of internal and external forces. The external forces are computed using
image properties computed within the curve or surface itself, whereas the external
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forces are measured from the image data. The internal forces are designed to keep the
model smooth during deformation whereas the external forces are computed to move
the model towards an object boundary or other desired features within an image.
By constraining extracted boundaries to be smooth and incorporating other prior
information about the object shape, deformable models offer robustness to both image
noise and boundary gaps and allow integrating boundary elements into a coherent and
consistent mathematical description. Such a boundary description can then be readily
used by subsequent applications. Moreover, since deformable models are implemented
on the continuum, the resulting boundary representation can achieve sub-pixel accuracy,
a highly desirable property for medical imaging applications. There are basically two
types of deformable models: parametric deformable models and geometric deformable
models. In Figure 2.4, segmentation of object boundaries in medical images (MR
images) using deformable models is shown. In Figure 2.4 (a), an initial circular region
of interest (ROI) in gray color is initialized around a ventricle of human heart in 2D
and the final evolved contour is shown in white. The brain cortical surface is
reconstructed using a parametric surface in Fig. 2.4 (b) from a 3-D MR image.

2.2.1

Parametric Deformable Models
Parametric deformable models represent curves and surfaces explicitly in their

parametric forms during deformation. This representation enables fast real time
execution of the model for boundary detection since it directly interacts with the model.
During curve evolution around object boundaries, the parametric form faces problem
to adapt to the model topology and merging and splitting of the curve can be difficult.
The parametric deformable are generally formulated using energy minimization
principle.
The implementation of energy minimization enables finding a parametric curve
such that the weighted sum of internal energy and potential energy on the curve is
minimum. While the internal energy defines the smoothness or tension of the contour,
the potential energy computes the energy minima at the image boundaries based on the
image data. The curve is initialized in the image domain to determine the object
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boundary under these energies. Mathematically, a deformable curve in 2-D is defined
as C (i) = (X (i), Y (i)), I ϵ [0, 1] where curve moves in the image spatial domain to
minimize the following energy functional (Hemalatha et al., 2018):
(2.1)

𝜀𝜀(𝐶𝐶) = 𝐼𝐼𝐼𝐼(𝐶𝐶) + 𝑃𝑃𝑃𝑃(𝐶𝐶)

Here IE (C) represents the internal energy functional and is defined as (Hemalatha et
al., 2018):
1
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(2.2)

Here w1 and w2 are the parameters to control the contour’s flexibility and strength but
are taken as constants. The first order derivative prevents stretching of the contour and
detects thicker edges of the image. The second order derivative is sensitive to finer
edges, thin lines and noise and enhances such details in the image. The second term of
Eq. (2.1) represents and summarizes the potential energy around the contour C(i) in
continuous space as follows (Hemalatha et al., 2018):
1

𝑃𝑃𝑃𝑃(𝐶𝐶) = ∫0 𝑃𝑃𝑃𝑃(𝐶𝐶(𝑖𝑖))𝑑𝑑𝑑𝑑

(2.3)

The potential energy functional of the contour is computed from the image data using

the object boundaries as well as the other features of interest. This energy functional
has its minima where the features of interest have maxima. The two forces including
internal and potential energy acting together minimize the energy functional around the
boundaries of the object thus evolving the curve around the object. For example, the
potential energy functional for a 2D gray-level image data I ( p, q) that can deform a curve
towards boundaries is given by :
𝑃𝑃𝑃𝑃(𝑝𝑝, 𝑞𝑞) = −𝑤𝑤𝑝𝑝 |∇[𝑔𝑔(𝑝𝑝, 𝑞𝑞) ∗ 𝐼𝐼(𝑝𝑝, 𝑞𝑞)]|2

(2.4)

Here w p is a positive weighting function, g(p, q) is a 2D Gaussian function, ∇ is a

gradient operator applied on the image and ∗ is the 2D convolution operator. In Figure
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Figure 2.4: Parametric model for boundaries extraction in 3-D MR image (C. Xu et
al., 2000) (a) A circular initial ROI and the final evolved contour (b) reconstructed brain
cortical surface
2.5, application of Gaussian potential force to extract the left ventricle wall is shown.
In Figure 2.5 (a), visual demonstration of Gaussian potential forces is given. The
extraction of walls by initializing a circular contour in gray is shown in Figure 2.5 (b)
which is finally deformed around the boundaries in white. The contour C (i) which
minimizes the energy 𝜀𝜀(i) must satisfy the Euler-Lagrange equation:
−
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(2.5)

� + ∇𝑃𝑃(𝐶𝐶(𝑖𝑖, 𝑡𝑡)) = 0

While the first two terms in the above equation represent bending and stretching of the
curve, the third term represents external forces that pulls the curve towards the object
boundaries in the image. The evolving curves in parametric model are called snakes.
The above presented forces in the deformable models are static. For dynamic force
formulation, the evolved contour should satisfy as:
𝑐𝑐1

∂2 𝐶𝐶
∂𝑡𝑡 2

= 𝐹𝐹damp (𝐶𝐶) + 𝐹𝐹int (𝐶𝐶) + 𝐹𝐹ext (𝐶𝐶)

Here c1 represents mass unit and Fdamp is the damping force represented −𝛾𝛾

(2.6)
∂𝐶𝐶
∂𝑡𝑡

here 𝛾𝛾

is the damping coefficient. For image segmentation, c1 is set to zero because the second
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order derivative term can cause the curve to pass over the weak edges of the object. If
c1 is set to zero, the equation of deformable model is given as :
𝛾𝛾

∂𝐶𝐶
∂𝑡𝑡

= 𝐹𝐹𝑖𝑖𝑖𝑖𝑖𝑖 (𝐶𝐶) + 𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒 (𝐶𝐶)

(2.7)

The internal forces are same as the static forces but the external forces can either be
potential or non-potential forces. Examples of external forces are Gaussian potential
force, pressure force, distance potential force, gradient vector flow, interactive force or
dynamic distance force. The external forces can be represented as a sum or
superposition of several external forces as follows:
Fext (C) = F1 (C) + F2 (C) + F3 (C) + ..... + F (C)

(2.8)

where Fext is the total number of forces.

2.2.2

Geometric Deformable Models
Geometric deformable models, on the other hand, can handle topological changes

naturally. These models function on the curve evolution theory and the level set method,
and represent curves and surfaces implicitly as a level set of a higher-dimensional scalar
function. Since the deformation of curve depends on the image data or geometric
measures therefore these models are independent of parameterization. The level set is
higher dimensional function for curve representation computed only after complete
deformation and offers topological adaptivity to be easily addressed. The curve
evolution theory is briefly reviewed as follows. Let a moving curve be represented by
C (s, t) = [X (s, t), Y (s, t)] where s is any parametrization and t is the time. The
movement of the curve along its normal direction is given by the following direction
(Osher & Sethian, 1988):
∂𝐶𝐶
∂𝑡𝑡

�⃗
= 𝑉𝑉(𝜅𝜅)𝑁𝑁

(2.9)

Here K is the curvature of the curve. V (K) is the speed function and determines the speed
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�����⃗represents a unit vector perpendicular to the curve evolution or inward
of the curve. 𝑁𝑁
normal vector, and is given by :
�⃗ =
𝑁𝑁

∇𝐶𝐶

|∇𝐶𝐶|

(2.10)

The curve deformation is given by the following geometric heat equation:
∂𝐶𝐶
∂𝑡𝑡

�⃗
= 𝛼𝛼𝜅𝜅 𝑁𝑁

(2.11)

Here 𝛼𝛼𝜅𝜅 is a positive constant. The above equation is used to smoothen the curve and
has an impact equivalent to elastic internal force used in parametric deformable models.
Constant deformation is defined as:
∂𝐶𝐶
∂𝑡𝑡

�⃗
= 𝑉𝑉𝑜𝑜 𝑁𝑁

(2.12)

Here Vo is coefficient determining the speed and direction of deformation. Using
curvature and constant deformation with the image data, the geometric models stops
the curve at object boundaries after evolution. The implementation of geometric models
is performed using level set method. A level set function is defined as a 2D scalar
function defined in image space and implicitly represents the curve evolution with
respect to time. Let the level set function be represented as ∅(t, x, y), then a zero level set

is a set such that {(x, y)| ∅(t, x, y) = 0} at the boundary of an object. The function is

generally represented as a signed distance function which is positive inside the object’s
boundary and negative outside of it. Figure 2.6 shows the evolution of a curve as a level
set. First a curve is initialized in Figure 2.6 (a). A zero level set is represented as a curve
in black in Figure 2.6 (b). The level set function with its zero level set is shown with
respect to its height map in Figure 2.6 (c). The detail on level sets implementation in
image segmentation has been furnished in Chapter 4 for our proposed model.
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Figure 2.5: Application of Gaussian potential forces to extract the left ventricle wall
(C. Xu et al., 2000) (a) visual demonstration (b) a circular contour in gray and its
deformation in white.

2.2.3

State of the art 3-D Segmentation Models

Among contemporary 3-D segmentation models, deformable models have been an
active area of research for lung nodule segmentation (Shakir, Khan, & Rasheed, 2018).
Deformable models are often referred to as active contours, snakes, balloons and
deformable surfaces. For computational convenience, these models are generally
executed within the level set framework. In the literature surveyed, Yoo et al. (Yongseok,
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Figure 2.6: Curve representation as a level set (C. Xu et al., 2000) (a) Initialization (b)
a zero level set as black circle (c) zero level set in 3-D
Hackjoon, Dong, Kyung, & Sang, 2006) presented a segmentation technique for semisolid nodules by introducing a multi-phase level sets framework. The model proposed
in (K. Chen, Li, Tian, Zhu, & Bao, 2013) incorporated a new fuzzy speed function in
the active contour model to evolve the contour. The speed function computation was
based on the intensity feature and local shape index. Researchers in (Li et al., 2016)
used adaptive local region energy embedded in the active contour model to segment
juxta−vascular nodules. (Jung, Hong, & Goo, 2018) performed segmentation of ground
glass nodules using an asymmetric multi-phase deformable model.
In a broader sense, all the deformable models utilize either region-based or
boundary-based information in the image to evolve the curve around an object. However, boundary-based segmentation exhibit poor convergence in case of noisy or weak
boundaries whereas the region-based active contour model can suffer oversegmentation or under-segmentation if the object is not correctly defined by the region
properties (Yanase & Triantaphyllou, 2019). Hybrid techniques integrating good
features of the region as well as the boundary of the nodule offer good potential for the
development of efficient and accurate segmentation algorithms. In Figure 2.7, a
segmented nodule in 3-D and its position in the lung using axial, sagittal and coronal
view are shown. The segmentation is performed using a hybrid deformable model. Since
automated systems operate without user inputs and are initialized using a seed point
only, the segmentation can become challenging due to the visual similarities of nodule
and its neighboring anatomical structures (Usman et al., 2020). The semi-automatic
segmentation algorithms, on the other hand initialize using a seed point or region of
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interest (ROI) selection from the input and have proven to be more robust. Among the
many semi-automatic 3-D algorithms that are pro- posed in the literature, researchers
in (Kostis, Reeves, Yankelevitz, & Henschke, 2003), (Okada, Comaniciu, & Krishnan,
2005), (Diciotti et al., 2008), (Kuhnigk et al., 2006), (Moltz et al., 2009), (Bendtsen et
al., 2011), (Messay, Hardie, & Tuinstra, 2015) and (H. Liu et al., 2019) proposed
solutions to tackle the complexities due to weak edges, intensity in-homogeneity and
anatomical attachments with the lung nodule.
The method proposed by authors in (Kostis et al., 2003) is aimed at small
pulmonary nodules segmentation and applies to solitary, vascularized, juxta-pleural and
nodules with pleural tail. The nodules are initially segmented using a fixed threshold
and connected component analysis. Next, several morphological operations are
performed to separate the nodules from adjacent high density structures. However, the
method performs segmentation by making several assumptions which may not be
suitable for large sized nodules with diverse gray levels connectivity.
In the study by (Okada et al., 2005), the researchers presented an automated
method which fits an anisotropic Gaussian-based intensity framework to the solid and
opaque nodules. Gaussian mean and covariance are computed best suited to the
Gaussian scale space using mean shift analysis. The volume of the nodule was estimated
by using ellipsoidal geometric approximation instead of a sphere. While the authors have
proposed a novel model to segment non-solid nodules in addition to solid ones, the
application of the method to varying nodule shapes especially irregular nodules is vague
and can be considered a drawback to the algorithm.
A semiautomatic segmentation algorithm for small nodules was proposed by
Diciotti et al. (Diciotti et al., 2008). The algorithm successfully segmented juxtavascular, juxta-pleural, well-circumscribed nodules and nodules with pleural tail. First,
a user con- firms or rejects the pulmonary structures detected by the algorithm. Then,
region growing approach incorporating geodesic distance is adopted in multi-threshold
image to achieve fusion and segregation of gray level regions for tumor segmentation.
The authors in (Kuhnigk et al., 2006) presented a method for the segmentation
of small as well as large sized nodules besides addressing the effect of partial volume
analysis. The proposed algorithm initialized by using region growing method to obtain
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an estimate of connected voxels. Then connected component analysis is carried out to
extract the largest non-segmented connected voxels. Based on the calculations, decision
to apply chest wall separation algorithm is applied. Several morphological operators are
applied to remove the vascular anatomical structures if any attached with the nodule.
A novel segmentation algorithm was proposed in (Moltz et al., 2009) for lung
nodules, liver metastases and enlarged lymph nodes in CT image. The method was
based on a previously published hybrid segmentation method based on thresholding
and morphology. (Moltz et al., 2009) presented an extension of the hybrid method to
address the challenges in segmentation for nodules attached with the non-convex part of
the pleura, liver metastases and enlarged lymph nodes in contact with structures having
similar gray level intensity.
A semiautomatic segmentation algorithm was proposed by (Bendtsen et al.,
2011) using click and grow approach with a seed point input for volumetric assessment
of the nodule. The study attempted to evaluate the feasibility of using volume as an
alternative to the diameter measurement for quantitative analysis of the tumor.
Authors in (Messay et al., 2015) presented three segmentation systems in CT
images based on the level of automation and user interactions. These systems include
fully-automated (FA) system, a semi-automated (SA) system, and a hybrid system. The
FA system requires a seed point initiated by the user whereas the SA system needs 8
control inputs from the user to execute the segmentation algorithm. Better performance
and robustness is experienced even in challenging cases with SA system but at the
expense of increased user interaction. The proposed hybrid system starts with the FA
system. If improved segmentation results are needed, the SA system is then initiated. The
parameters required by the FA or SA systems are adaptively determined for each nodule
in a search process guided by a regression neural network (RNN).
Deep learning has shown promising results in nodule segmentation. A cascaded
dual-pathway residual network was proposed in (H. Liu et al., 2019) for small and juxtapleural nodule segmentation.
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Figure 2.7: (Right) Segmented nodule; (Left) Axial, Sagittal and Coronal view of
lungs with nodule in that order
dual-pathway residual network was proposed in (H. Liu et al., 2019) for small and juxtapleural nodule segmentation. The presented approach incorporated the multi-view and
multi-scale features of different nodules from CT images to extract the nodule from the
CT image. The features comprised of local features and deep contextual information of
lung nodules which were extracted using the residual network. In addition, an improved
weighted sampling strategy was designed to select the training samples.
A deep learning based segmentation method has been proposed by (Usman et
al., 2020). The technique is segregated into two stages. In the first stage, a 2-D ROI
containing the nodule is provided as an input to perform a patch-wise exploration along
the axial axis using a novel adaptive ROI algorithm. This strategy enables the dynamic
selection of the ROI in the surrounding slices to investigate the presence of nodules using
a Deep Residual U-Net architecture. This stage provides the initial estimation of the
nodule utilized to extract the VOI. In the second stage, the extracted VOI is further
explored along the coronal and sagittal axes, in patch-wise fashion, with Residual UNets. All the estimated masks are then fed into a consensus module to produce a final
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volumetric segmentation of the nodule. The algorithm is rigorously evaluated on LIDC
– IDRI dataset, which is the largest publicly available dataset.
A technological comparison of the discussed state of the art 3 -D segmentation
algorithms has been reported in Chapter 3, Table 3.2. In the following section, process
of imaging features extraction from the tumors and their reduction are explained. Then,
different diagnostic models with their applications in classification and pathological
stage estimation of tumor are revisited. Finally, the contribution of scholar in
classification models for malignancy detection and cancer stage detection is explained.

2.3 Radiomic Features Analysis
After the segmentation, segmented nodule is quantitatively analyzed to obtain useful
information regarding its characteristics to determine the malignancy state.

2.3.1

Imaging Features Extraction and their Definition

Radiomic features are extracted from CT images after the image acquisition and Region
of Interest (ROI) segmentation. Subsequently, relationship between the extracted
features from one or more modalities and genomics, pathology and clinical data can be
established. An overview of radiomics study workflow in medical imaging is shown in
Figure 2.8. As mentioned above, the demonstrated work flow is comprised of steps
including image acquisition, processing of radiological imaging data, segmentation of
Region of Interest (ROI), extraction of multiple features and their analysis using
histograms, texture and dynamic curves etc. Based on the analysis, statistical modeling
is carried out to estimate the treatment options.
In general, the features extracted in radiomics can be categorized as semantic
and agnostic features. Semantic features describe the ROIs in terms of shape and
vascular attachments of the tumor whereas the agnostic features describe the tumor’s
texture and diversity in heterogeneity through quantitative measures. The examples of
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Table 2.1: Examples of semantic and agnostic features of radiomics (Avanzo et al.,
2020)
Semantic

Agnostic

Size

Histogram(skewness, kurtosis)

Shape

Harlick features

Vascularity

Wavelets

Spiculation

Laplace transforms

Necrosis

Minkowski function

Attachments

fractal analysis

agnostic and semantic features are given in Table 2.1.
The agnostic features are computed using first, second, or higher order statistical
measures. The first-order statistics describe the texture of the tumor and the relationship
between voxels is calculated using cumulative statistical measures without taking into
consideration the spatial relationships.
The applied statistical measures include histogram calculation to compute the
central tendency of voxels in a ROI like mean, median, maximum and minimum. The
other histogram based calculations include entropy, skewness and kurtosis to measure
the randomness of voxels intensities of the ROI; and asymmetry and flatness of the
histogram of voxels’ values.
In addition to first order statistics, second-order statistics is also used to describe
the texture of the ROI. These statistical measures compute statistical interrelationships
between voxels with similar or dissimilar gray level intensities and quantify the nonrandomness of voxels in an ROI. The textural features are computed using Gray-level
Co-occurrence Matrix (GLCM), or from the Gray-level Run-length Matrix (GLRLM).
The former calculates the probability of occurrence of voxels with similar intensities at
a given offset along a given direction. The latter computes the occurrence of each gray
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level in the voxels along fixed number of directions. The other classes including GLDM,
GLSZM and NGTDM also measure the gray level intensity within the nodule using
second order statistics and quantitative methods including size zone, run length and
differences. A list of 3-D radiomic features belonging to the above mentioned feature
classes extracted from a lung nodule has been reported in Table 2.2 for further
understanding.
Higher-order statistical methods apply filters or mathematical transforms to
identify and extract significant details in an image by inspecting repetitive pattern of
voxels’ gray levels. These include fractal analysis, Minkowski functionals, wavelet
transform, and Laplacian transforms of Gaussian-filtered images, which can extract
areas with increasingly coarse texture patterns.
The semantic features on the other hand, are such estimated features commonly
used in radiology terminology to describe the ROI and so are assessed by an experienced
radiologist in the medical images. Alternatively, computer aided tools have been
developed as well which can be employed to compute many of these features with high
inter-reader agreement. For example, the shape class encompasses features describing
the shape of the nodule.

2.3.2

Dimensionality Reduction and Selection Methods

Very often, several extracted features possess similar characteristics and are redundant.
Thus, prior to feature analysis, the number of extracted features should be reduced first
by removing the redundant features. The process of feature reduction is also called
dimensionality reduction. The dimensionality reduction step offers several advantages
in feature analysis process which are as follows:
1.

The data storage requirement is reduced due to less number of dimensions.

2.

Reducing the number of dimensions lead to less computational cost and time.

3.

A large number of features may impact the performance of the algorithms used
for feature analysis since many algorithms are not developed for a large set of
data inputs.
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Figure 2.8: Overview of radiomics study workflow (Nie et al., 2019)
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Table 2.2: List of 3-D radiomic features from 6 feature classes
Shape

GLDM

GLCM

First Order

GLRLM

GLSZM

NGTDM

I. Maximum 3-D Diameter

14. Gray Level Variance

28. Joint Average

51. Interquartile Range

69. Short Run Low Gray Level Emphasis

85. Gray Level Variance

101. Coarseness

2. Maximum 2-D Diameter Slice

15. High Gray Level Emphasis

29. Sum Average

52. Skewness

70. Gray Level Variance

86. Zone Variance

102. Complexity

53. Uniformity

71. Low Gray Level Run Emphasis

87. Gray Level Non Uniformity
Normalized

103. Strength

31. Cluster Shade

54. Median

72. Gray Level Non Uniformity
Normalized

88. Size Zone Non Uniformity
Normalized

104. Contrast
105. Busyness

3. Sphericity

16. Dependence Entropy

30. Joint Entropy

5. Elongation

17. Dependence Non
Uniformity
18. Gray Level Non
Uniformity

32. Maximum Probability

55. Energy

73. Run Variance

89. Size Zone Non Uniformity

6. Surface Volume Ratio

19. Small Dependence
Emphasis

33. Idmn

56. Robust Mean Absolute
Deviation

74. Gray Level Non Uniformity

90. Gray Level Non Uniformity

7. Volume

20. Small Dependence High
Gray Level Emphasis

34. Joint Energy

57. Mean Absolute Deviation

75. Long Run Emphasis

91. Large Area Emphasis

8. Major Axis

21. Dependence Non
Uniformity Normalized

35. Contrast

58. Total Energy

76. Short Run High Gray Level Emphasis

92. Small Area High Gray Level
Emphasis

9. Surface Area

22. Large Dependence
Emphasis

36. Difference Entropy

59. Maximum

77. Run Length Non Uniformity

93. Zone Percentage

10. Flatness

23. Large Dependence Low
Gray Level Emphasis

37. Inverse Variance

60. Root Mean Squared

78. Long Run High Gray Level Emphasis

94. Large Area Low Gray Level
Emphasis

11. Least Axis

24. Dependence Variance

38. Difference Variance

61. 90 Percentile

79. Run Percentage

95. Large Area High Gray Level
Emphasis

12. Maximum 2-D Diameter
Column

25. Large Dependence High
Gray Level Emphasis

39. Idn

62. Minimum

80. Long Run Low Gray Level Emphasis

96. High Gray Level Zone
Emphasis

13. Maximum 2-D Diameter Row

26. Small Dependence Low
Gray Level Emphasis

40. Idm

63. Entropy

81. Run Entropy

97. Small Area Emphasis

27. Low Gray Level Emphasis

41. Correlation

64. Range

98. Low Gray Level Zone Emphasis

42. Autocorrelation

65. Variance

82. High Gray Level Run Emphasis
83. Run Length Non Uniformity
Normalized

4. Minor Axis

43. Sum Entropy
44. Sum Squares
45 Cluster Prominence

66. 10 Percentile
67. Kurtosis

46. Imc2

68. Mean

84. Short Run Emphasis

99. Zone Entropy
100. Small Area Low Gray Level
Emphasis
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4.

The visualization of the features becomes easy thus their usefulness can be

easily evaluated.
The selection of features from the pool of reduced features then depends upon
the user’s choice and is subjected to the information which can be useful for diagnostic
applications to be designed. Features selection using dimensionality reduction is usually
performed using unsupervised approaches.
Among many methods which have found their applications in dimensionality
reduction (Abdoh, Abo Rizka, & Maghraby, 2018), principal component analysis
(PCA) has stood out and is the most popular approach used by the research community.
PCA technique transforms a large set of extracted features into a smaller set of new
features or variables which are uncorrelated at the maximum. It analyzes relationships
among a large number of features and performs factor analysis to group them into
manageable clusters. The clustering reduces the number of features which in turn
reduces the dimensionality of the data. Each cluster is known as factor or principal
component (PC) and the components contain the features which are interrelated. Thus,
PCA is used to analyze interrelationships among a large number of variables. From the
principal components, the key dimensions can be selected and an analysis simplifies the
complexity in high-dimensional data while retaining trends and patterns. PCA uses an
unsupervised learning method and it clusters the data without any prior knowledge about
the samples labels. The method of eigenvectors- eigenvalues decomposition is used to
compute principal components of the covariance matrix. Let f denote the features matrix
and D denote a diagonal matrix containing Eigen values. Then, the covariance matrix
is given by:
∑ = 𝑓𝑓 𝑇𝑇 𝑓𝑓

(2.13)

𝑑𝑑−1 ∑𝑑𝑑 = 𝐷𝐷

(2.14)

and eigenvectors-eigenvalues decomposition is defined as:

Here d is the matrix with eigen vectors. Another approach which has found its
application in feature reduction is clustering or grouping of features possessing similar
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properties. The inter-cluster correlation is low whereas intra-class redundancy is high
in features clustering (Abdoh et al., 2018). A single feature can be selected from each
cluster

to represent the cluster and its association with the labels can be analyzed.

Visually, the concept of clustering can be demonstrated using cluster heat maps where
features reduction can be performed by retaining one feature from each cluster. One such
heat maps is shown in Figure 2.9 with two prominent clusters. The columns of the heat
map represent individual participants enrolled in a diagnostic breast cancer study and
the rows represent the corresponding features of each participant. One cluster has area,
radius and perimeter as the three similar features and the other cluster with compactness,
concavity and concave points as three similar features can be easily identified.
After features reduction, it is of utmost importance to select the features which
can help in identifying the malignant tumors. Features selection can be broadly
performed using methods of supervised and unsupervised selection. Unsupervised
feature selection techniques group the features according to some important common
intrinsic characteristic properties and are usually used for clustering purpose. These
techniques do not utilize labels information to evaluate feature relevance or feature
ranking. The feature selection criteria in the absence of the label information is to use
spectral analysis or information theory. The spectral analysis uses global or local data
structure using Eigen-system of Laplacian matrices obtained from the object similarity
matrix. The latter measures the degree of dispersion in data using mutual information,
entropy etc. to cluster similar groups or cluster of data.
Another popular method is to find the parameters that enable clustering through
application of clustering algorithms and then transform the unsupervised feature
selection into a supervised framework. The transformation can occur in two ways. One
way is to estimate the cluster indicators and simultaneously perform the supervised
feature selection combining the two operations in one unified framework. The other way
is to first find the cluster indicators, then employ feature selection to include or remove
certain features, and then iteratively perform the two steps until certain feature selection
criteria is met.
Supervised feature selection takes into account the feature class label (for
example, malignant versus non-malignant) along with its associated feature for ranking
purpose. Features showing dissimilar values for different classes are ranked higher than
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the ones which exhibit similar values for different classes (Shakir et al., 2019). In
addition, a supervised feature selection criterion like wrapper method can still be used
with some modification. Wrapper method wraps the feature selection around the
learning algorithm and decide on the feature selection based on some classification error
rate or performance accuracy. This method takes into account the feature dependency
on labels and comes up with a subset of features which are most discriminating by
minimizing the prediction error of a particular classifier. The wrapper method has
shown to perform better than the unsupervised method. Most of the wrapper methods
are computationally expensive however, because convergence takes longer time for the
larger data sets. Wrapper methods also have a disadvantage to be over-fit because each
selected feature subset is repeatedly evaluated by calling the classifier.
Semi-supervised feature selection offers feature selection when the complete
data set is not labeled. In such cases supervised feature selection could not offer any
reliable selection. Unsupervised feature selection on the other hand may not offer the
best of the results since labels information is not being utilized. In such cases, semisupervised feature selection is a better choice which works in a manner similar to
supervised feature selection method with limited labels. The technique is to build a
similarity matrix using the labeled and unlabeled data and to select features which are
the best fit for the matrix. The labeled data provide the information on discriminating
features while the unlabeled data present complimentary information.
In radiomic feature selection for medical image analysis, supervised and
unsupervised feature selection methods are the generally considered techniques for
ranking or relevance purposes. A limitation of features extraction and reduction
approaches discussed above is the lack of emphasis on optimization of high
dimensionality of extracted features. Large number of features can cause over-fitting of
the classifier to the training data thus resulting in poor classification of test data (Shakir
et al., 2020). To optimize the number of features for classifiers training, feature
engineering or standard feature reduction methods need to be used.
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Figure 2.9: Phenotype heat map showing clusters useful for feature reduction
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2.4 Cancer detection/diagnosis Models
Several techniques have been adopted to diagnose cancer and its stage in lung nodules.
The more popular approaches which have been incorporated in the carried out thesis
research include machine learning classifiers and Bayesian Inversion method discussed.

2.4.1

Machine Learning Methods

A renowned and frequently reported approach in the literature for nodule classification
is machine learning method. Moreover, it offers potential to identify the minimum
number of radiomic features that could lead to better classification results. Based on the
literature surveyed, the supervised and unsupervised feature selection methods are
evaluated which can be better suited for classifier models and can improve the cancer
detection rates. The optimal number of features for classifier training are also estimated.
Theoretical models of the two prominent machine learning methods namely
Support Vector Machine and Naive Bayes algorithm which are taken up in the research
work ahead are discussed in the following subsection:

2.4.1.1 Support Vector Machine
A Support Vector Machine (SVM) is a supervised learning model which is used
for regression and classification. It performs classification by defining a separating
hyper- plane between the distinguishing features. In practice, a SVM is trained with the
labeled data which is also called supervised learning where the algorithm generates an
optimal hyper-plane to categorize the test data into the provided labels (Jakub & Michal,
2019). Finding the optimal hyper plane is considered an optimization problem and can
be solved by using optimization techniques like Lagrange multipliers. For the test data
with two labels, this hyper-plane is a line which divides a plane in two parts where the
labels of each class are on the either side. In Figure 2.10, an example of non-
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Figure 2.10: A non-linear hyper-plane (a) red and blue dots represent vectors
belonging to 2 classes and (b) vectors in a higher dimension plane (Jakub & Michal,
2019)
linear hyper- plane is illustrated where in Figure 2.10 (a), vectors of two classes are
shown and in Figure 2.10 (b), vectors and non-linear hyper-plane are shown in a higher
dimensional plane. A good classification is achieved when the generated hyper-plane
has the largest distance to nearest training-data point of any class which in turn results
in lower generalization error of the classifier. The training data points that lie close to
the generated hyper-plane are called support vectors. The classification of support
vectors is difficult due to errors in judgment.



Tuning parameters: Kernel, Regularization, Gamma and Margin

The accuracy of SVM classification can be increased by fine-tuning certain parameters
which include regularization parameter and gamma values. By varying these two
parameters, non-linear classification hyper-plane can be achieved with good accuracy
in less time.
Other significant parameter that plays a key role in classification performance
is kernel which can transform linear space into high dimensional space to achieve an
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accurate hyper-plane. Different kernels can be applied to find the optimal hyper-plane
and tuning of the SVM. Tuning of these parameters calls for a trade-off in the
performance of SVM.



Kernels

For linear SVM, generating a linear hyper-plane requires performing linear algebraic
operation whereas for non-linear SVM, non-linear algebraic operations need to be
performed to generate a non-linear hyper-plane. The role of algorithms also known as
kernels is crucial to analyze the pattern and formulate the relationship between features
and labels.
The linear kernel works as an equation for the prediction or classification of a
new input using the dot product between the input (u) and each support vector (v). The
equation is calculated as follows (Jakub & Michal, 2019):
f (u) = C (0) + sum (k i ∗ (u, v))

(2.15)

The classification is performed on the basis of the sign of f (u).This is an equation that
involves calculating the inner products of a new input vector (u) with the available
support vectors (v) of training data sets. The coefficients C(0) and ki must be computed
from the training data by the learning algorithm for each input. A non-linear decision
plane can be constructed using non-linear kernel function in the SVM. The kernel can
be polynomial, Gaussian also known as Radial Basis Function (RBF) or exponential
which calculates the hyper-plane in higher dimensions for non-linear data. The
equations of Gaussian and Polynomial kernels K (u, v) respectively are given below
(Ring & Eskofier, 2016):
𝐾𝐾(𝑢𝑢, 𝑣𝑣) = exp−𝑘𝑘1∥𝑢𝑢−𝑣𝑣∥

K (u, v) = (uv + 1) d

Here 𝑘𝑘1 is equal to

1

𝜎𝜎 2

2

(2.16)
(2.17)

. The parameter 𝜎𝜎 2 represents the variance of the distribution.
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And is the degree of the polynomial.



Regularization

The regularization parameter which is also known as 𝜆𝜆 parameter determines the level

of importance to be given to mis-classification. It’s a trade off in which optimization

is performed in such a manner that low testing errors i.e. low mis-classification rate
and low training errors could be maintained. By choosing a large value of 𝜆𝜆, the

optimization creates a small-margin hyper plane even if decision results in most of

the training data points classified correctly. A small value of 𝜆𝜆 creates a larger margin
of hyper-plane separating the labels into their respective classes, even though the
hyper-plane can cause mis-classifications of data points.



Gamma

The gamma parameter is used in generating non-linear hyper-planes. The value of
gamma determines the influence of each training point in calculation of hyper-plane or
separation line. With a low value of gamma, the points which are far away from the
supposedly generated separation line are considered. A high gamma value means data
points closer to the potential separation line are considered in calculation of line. The
gamma parameters acts as the inverse of the radius of influence of support vectors which
are chosen by SVM.



Margin

Another very important property of SVM classifier is the selection of margin. A margin
is defined as the separation of line or plane to the nearest data points. For a good
classification, the margin or the separation between the classes has to be larger.
Moreover, a good margin should allow majority of the data points to be clustered within

43

their respective classes and should not be labels outside their class.

2.4.1.2 Naive Bayes classifier
The other significant classifier is Naive Bayes classifier which is a supervised
machine learning model and uses posteriori probability for the classification purpose. The
algorithm computes the joint distribution p (a, b) of the extracted features a and the
class labels b given by 𝑝𝑝( 𝑎𝑎 ∣ 𝑏𝑏 )𝑝𝑝(𝑏𝑏) and then learns the parameters of model by

maximizing its likelihood function (S. Xu, 2018). The relationship of the labels and the
features learnt through the above steps is stable and the classification results do not
change in general for the noisy data.

The above mentioned approach to classify data or features is based on a
renowned algorithm, Bayes algorithm. To use the algorithm, a probabilistic model is
devised to compute the posterior probability 𝑝𝑝(𝑎𝑎 ∣ 𝑏𝑏)𝑝𝑝(𝑏𝑏) of different features denoted
by 𝑎𝑎 against all given label b and select the label with the highest probability. This rule
is called Maximum a posteriori (MAP) rule. The Bayes algorithm can be written as

(Tang, Li, Liu, Liu, & Hong, 2020):

𝑝𝑝(𝑎𝑎 ∣ 𝑏𝑏) =

𝑝𝑝(𝑎𝑎∣𝑏𝑏)𝑝𝑝(𝑏𝑏)
𝑝𝑝(𝑎𝑎)

(2.18)

The probability of a particular class label 𝑏𝑏 can be computed by measuring the

proportion of label 𝑏𝑏 in the whole data set. The probability 𝑝𝑝(𝑎𝑎) can be ignored since
for the same feature 𝑎𝑎, different classes are being evaluated. Therefore, the calculation

of 𝑝𝑝( 𝑎𝑎 ∣ 𝑏𝑏 ) is the most important step but is not a straight forward procedure because
it involves estimation of joint probabilities of various features. The classifier makes an

assumption that for a given class label, the features are independent of each other for
each class. In this case, the new equation is as follows (Tang et al., 2020):
𝑝𝑝(𝑎𝑎 ∣ 𝑏𝑏) = ∏𝑟𝑟𝑘𝑘=1 𝑝𝑝(𝑎𝑎𝑘𝑘 ∣ 𝑏𝑏)

(2.19)

Having the features being independent to each other, the need of joint
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probability estimation can now be avoided and all the features for each class are then
computed to calculate the conditional probability. During the training phase, the Naive
Bayes classifier computes the probability of each class 𝑝𝑝(𝑏𝑏), 𝑝𝑝(𝑎𝑎𝑘𝑘 ∣ 𝑏𝑏) for 𝑟𝑟 features
and their values 𝑎𝑎𝑘𝑘 .

𝑝𝑝(𝑎𝑎 ∣ 𝑏𝑏) ∝ 𝑝𝑝(𝑏𝑏) ∏𝑟𝑟𝑘𝑘=1 𝑝𝑝(𝑎𝑎𝑘𝑘 ∣ 𝑏𝑏)

(2.20)

To classify a test tumor with a class label 𝑏𝑏, the class 𝑏𝑏 must achieve the highest
probability of all the class labels.

𝑏𝑏 = 𝑝𝑝(𝑏𝑏) ∏𝑟𝑟𝑘𝑘=1 𝑝𝑝(𝑎𝑎𝑘𝑘 ∣ 𝑏𝑏)

(2.21)

Evidently, Naive Bayesian approach is simple to adopt and requires probabilistic

knowledge for classification task. This particular techniques is designed to utilize
supervised learning for the prediction of test data class. The discussed Bayesian
classifier is generally categorized into three types:



Multi-nomial Naive Bayes

This particular classifier type is used when the data or test instances can be classified
as one of the multiple categories or classes available. An example of such approach is
document classification. The features are supposed to possess discrete values.



Bernoulli Naive Bayes
Bernoulli Naive Bayes classifier like multinomial classifier possesses discrete

values of the features. However, it can classify the features or instances using Boolean
or binary variable i.e. 0 or 1.
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Gaussian Naive Bayes
In Gaussian classification, the instances or features are in continuous sample space

and are not discrete. It is assumed that the features data is sampled from a Gaussian
distribution.

2.4.2

System Output
As a result of CAD application to a test instance, the classifier of the CAD very

often assigns a level of confidence to the test data towards a particular class. This is
particularly true with probabilistic models and neural networks. The features or test data
below the level of threshold are assumed to be ambiguous cases and can be verified
from a radiologist. The radiologist can perform further inspection to find out if the
indicated case is a false positive or not. On the contrary, the CAD system can simply
classify the test data into a particular class label and the results can be manually
confirmed with an expert radiologist. The CAD systems are broadly categorized under
the domain of neural networks and machine learning classifiers. While building a neural
network is time intensive task, machine learning classifiers are easy to train and have
offered satisfactory nodule classification results. This advantage has led to further
research activities into machines learning techniques to achieve improved lung cancer
diagnosis.
Nodule classification through machines learning classifier involves extracting
radiomic features of a lung nodule and employing machine learning techniques to train
a classification model with discriminative features towards cancer. The test radiomic
features are then fed into the trained classifier model which classifies the nodule as
benign or malignant. There is a wealth of well-established classification techniques
which have shown successful results in cancer diagnosis. Although many approaches
have been adopted to solve the classification problem which includes neural networks,
support vector machines, and Bayesian techniques; the performance of any single
classifier has not proven to be consistently better for all the possible scenarios. Hence,
there is always an aspect of experimentation considering the scenario at hand to choose
the best suited classifier.
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2.4.3

Deep Learning
Deep Learning (DL) is an emerging field which employs artificial neural

networks with representation learning. Deep learning algorithms stem from machine
learning methods and attempt to self-learn the important features from raw data. In
order to learn, a deep neural network piles up several layers of neurons to develop a
feature representation following a hierarchy. The number of layers increases up to a
thousand and more. With the help of a grand networking capacity, a deep network is
capable of memorizing the all possible mappings following successful training with a
sufficiently large knowledge database and can predict about new cases incorporating
interpolations and/or extrapolations. Thus, deep learning has successfully emerged as a
great prediction tool in the fields of computer vision and medical imaging besides
leaving an impact in research domains like text, voice, etc. Various types of deep
learning algorithms are in use in research like convolutional neural networks (CNN),
deep neural network (DNN), deep belief network (DBN), Deep auto-encodre (dA), deep
Boltzmann machine (DBM), deep conventional extreme machine learning (DC-ELM)
recurrent neural network (RNN) and its variant like BLSTM and MDLATM etc. (Guo
et al., 2016). From the above approaches, the CNN model has shown promising results
in the field of digital imaging processing and vision.
Structure wise, a deep neural network is organized with artificial neurons which
are organized in the order of input layer, more than one hidden layer and output layer
respectively. The deep neural networks (DNN)s are inherently hierarchical in nature and
this trait enables the DNN to learn relationship between input and output using multiple
layers at different levels by assigning weights to each layer. This mode of learning
provides the DNN with an abstract view of the learning process. The DNN learns the key
parameters of the data at the initial layers and uses the advanced layers which are termed
as deep layers to develop a complete view and understanding of the training data for
processing. It can be applied directly to a variety of data including images, audio, and
text (LeCun, Bengio, & LeCun, 2015). A graphical representation of neural network
and deep learning neural network is shown in Figure 2.11.
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Figure 2.11: Visual representation of a neural network and a deep learning
neural network
The DL model works in three fundamental stages which includes: accepting
some information as input, training a model dependent on input information, and utilizing
trained model for making forecasts about the new data arriving. The technique of
preparing the model can be expressed as learning phase in which the model is fed new
data at each progression (Guo et al., 2016). For each progression, model predicts and
gets a feedback regarding the precision of predictions/outputs produced. The feedback
is utilized for adjusting the mistakes made in the predictions. If models parameters are
changed or corrected, there are chances that model may end up making wrong
predictions even if it was making correct predictions initially. Accordingly, addressing
learning measure as a changing strategy in boundary space. It may take a few iterations
for training the model, with a combination of predictive responses. The training
continues till the predictions can no more improve.
The novelty of deep learning approach lies in the exceptionally improved data
handling capacities of hardware, particularly the universally useful graphical preparing
units or GPUs, the generously expanded size of information accessible for model
training, and the new advances in AI computations. These advances empower deep
learning strategies to successfully use unpredictable, compositional nonlinear capability
and to naturally learn different types of features, by adequately using labels information
or otherwise.
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2.4.3.1 Deep Learning Methods
Different distinctive strategies can be utilized to make distinct profound
learning models. These methods perform by incorporating parameters like learning rate
decay, transfer learning and dropout etc.



Learning rate decay

The learning rate is a factor that defines the conditions for a system’s operation prior to
the start of learning process. This is a hyper-parameter which controls the change in the
model with respect to the estimated errors when model weights are modified. If the
learning rates are set very high then training process may turn out to be incorrect or the
learning may occur for a sub-set of optimal weights. With learning rates being very
small, the learning process may take very long time causing a hang up (Chartrand et al.,
2017).
The learning rate decay method adopts a learning rate such that the performance is
increased and the training time is reduced. A commonly adopted approach to handle
learning rate is to reduce the learning rate over time which is called learning rate
annealing.



Transfer learning
This process makes changes to a previously trained model to make it perfect for

the new data. In order to execute transfer learning, an access to the internal structure of
the pre-trained network is required. First, new data with unknown labels is fed to the
pre-trained network. The network makes adjustments to the new data and learning takes
place. After the transfer learning, new more enhanced classification tasks can be
performed. For this transfer of knowledge to the pre-existing data requires less data than
training a new network, ultimately reducing the computation time significantly
(Chartrand et al., 2017).
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Re-training a network

Training a network from the scratch requires a large annotated database so that the
network can learn about the new data patterns and features. Although, this method can
be very useful to implement new applications with multiple outputs, it requires a long
training time and large databases making this approach less adoptable and common
(LeCun et al., 2015).



Dropout
Using the dropout technique, the over-fitting problem in networks due to a large

number of parameters is attempted to be solved. This is done by dropping parameters
randomly and removing their connection from the network during training. The
performance of the network is proven to be improved by using the dropout approach
in the domains of speech recognition, text classification and computational biology
(Srivastava, Hinton, Krizhevsky, Sutskever, & Salakhutdinov, 2014).
Among the several approaches to classify a lung tumor, applications of machine
learning, deep learning and neural networks have shown promising results (K. Liu &
Kang, 2017; Nishio et al., 2018; Choi et al., 2018; Yu et al., 2019) and are discussed in
detail in the upcoming chapters. However in order to classify a tumor using the aforesaid
approaches, a sufficiently large training data base with correctly identified malignant
and benign tumors is required. Building up such databases requires human intervention
with relevant expertise to verify the location of tumor regions thus providing a standard
reference to the tumor location in CT images. The process of image annotation becomes
complexed and time consuming since a tumor may lie within regions where tumors and
non-tumors exist together in an intertwined manner. The described challenges have
resulted in smaller sizes of annotated lung cancer databases (C. Zhang et al., 2019).
Alternative solutions to cancer detection can address the described limitation on the
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smaller data sets.

2.4.4

Bayesian Inversion Method
As previously stated, one major drawback of using the neural networks as well as

machine learning methods for nodule classification is the non-availability of large CT
data sets (C. Zhang et al., 2019). It is expected to remain a challenging research area since
development area since development of large data sets require extensive time for data
annotation. Also expert advice is required which may not be available for such a time
extensive task. Therefore, alternate solutions should be explored to make progress with
the available resources in medical imaging problems.
In the following section, Bayesian inversion method for cancer stage estimation
has been discussed since this approach was taken up in the research work to carry out
one of the chosen research objectives. The Bayesian inversion method uses statistical
inference to estimate the probability of a hidden state of an inverse problem. An inverse
problem is defined as a problem where the relationship between the available
observations and the investigated parameter is ill posed. An example of inverse problem
is the 2D convolution i.e. after the forward convolution, the original information
recovery is difficult. To reconstruct the image from limited angle tomography is also
an inverse problem. The inverse problem using Bayesian inversion can be formulated
provided observations or evidence of the previous and current measurements, a
measurement model and a priori information are available.
The solution of inverse problem is given by posterior probability 𝑝𝑝(𝑢𝑢 ∣ 𝑧𝑧) of a

current state derived using Bayes’ Theorem (Hou, Lam, Zhang, & Zhang, 2019) as
follows:

𝑝𝑝(𝑢𝑢 ∣ 𝑧𝑧) =

𝑝𝑝(𝑧𝑧∣𝑢𝑢)𝑝𝑝(𝑢𝑢)
𝑝𝑝(𝑧𝑧)

(2.22)

Here 𝑝𝑝(𝑧𝑧 ∣ 𝑢𝑢) represents likelihood function, 𝑝𝑝(𝑢𝑢) represents prior density and 𝑝𝑝(𝑧𝑧) is

the normalizing constant. The development of likelihood function is comparatively an
easier task than constructing a model for prior density since it is generally qualitative

in nature and needs to be converted into quantitative model. The data for the estimation
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process can be obtained from different sources depending upon the application it’s been
used with. The data generally comes from controls (e.g., robot motion commands) and
measurements (e.g., camera images). The estimation of posterior probability with the
given observations and models can be performed using particle filtering approach. The
key idea behind using a particle filter is to express the PDF 𝑝𝑝(𝑢𝑢 ∣ 𝑧𝑧 ) of an unknown

state of a system at an interval 𝑘𝑘 as a set of weighted samples. In order to review the

particle filtering technique, following information from the studied system has to be
acquired:

• 𝑈𝑈𝑘𝑘 , a set of state variables

• 𝑛𝑛𝑘𝑘 , the set of dynamic noises

• x(), the state transition equation
• 𝑍𝑍𝑘𝑘 , the set of measurements

• 𝑁𝑁𝑘𝑘 , the set of measurement noises
• f(), the observation equation

The dynamic noise and measurement noise can be non-Gaussian, but they must be
tractable. That means, an equation must be written to specifying their distribution.
There ae variants of the basic particle filter algorithm that do not require this, but for
the version presented here, that assumption is made.
The state transition equation and observation equation must also be tractable,
but they can be non-linear, non-differentiable, piece-wise, or just about anything so
long as the equations can be written.
Since the particle filter is a Monte Carlo approximation, the distribution 𝑝𝑝(𝑢𝑢 ∣

𝑧𝑧) is represented using a number of samples. In the context of the particle filter, the
samples are usually called particles. They are denoted as:
𝑀𝑀

𝑈𝑈 = �𝑢𝑢(𝑚𝑚) , 𝑤𝑤 (𝑚𝑚) �𝑚𝑚=1

(2.23)

where 𝑢𝑢(𝑚𝑚) represents the state of particle 𝑚𝑚 and 𝑤𝑤 (𝑚𝑚) represents the weight of particle
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𝑚𝑚. A fidelity 𝑀𝑀 must be chosen, which is in this case denotes the number of particles
to represent the unknown distribution 𝑝𝑝(𝑢𝑢 ∣ 𝑧𝑧 ). A typical value for simple state spaces

is 𝑀𝑀 = 100 to 𝑀𝑀 = 1000. The value chosen will depend upon the number of state
variables and the complexity of 𝑝𝑝(𝑢𝑢 ∣ 𝑧𝑧); in other words, 𝑀𝑀 should be larger as the
dimensionality and shape complexity of 𝑝𝑝(𝑢𝑢 ∣ 𝑧𝑧) increases.

The particle filter can be initialized like all other filters. The state of each

particle can be initialized to reasonable values using the first measurement, or some a
priori knowledge, or zero if nothing else is known. It is important to remember that the
state of a particle refers to a vector of state variables. Thus, the values of the state
variables for a single particle may be initialized to different values, or all set to zero.
1

The weight of each particle should be initialized to . It is important to remember that
𝑀𝑀

the weight of a particle is a single value; there is not a weight associated with each state
variable of a particle. The particle filter algorithm follows a predict-update cycle, as
follows (Yousuf, Khan, & Ali, 2017):
1.

Each particle 𝑚𝑚 is propagated through the state transition equation:
(𝑚𝑚)

�𝑢𝑢𝑘𝑘

(𝑚𝑚)

(𝑚𝑚)

= 𝑥𝑥�𝑢𝑢𝑘𝑘−1 , 𝑛𝑛𝑘𝑘 ��
(𝑚𝑚)

The value 𝑛𝑛𝑘𝑘

𝑀𝑀

𝑚𝑚=1

(2.24)

represents the dynamic noise from 𝑘𝑘 − 1 to 𝑘𝑘, and is randomly

and independently calculated for each particle 𝑚𝑚. It may be envisioned as each

particle taking a different guess at the dynamic noise undertaken for the current
iteration.
2.

Using the new measurement vector 𝑧𝑧𝑘𝑘 , the weight for each particle is updated:
(𝑚𝑚)

3.

𝑤𝑤
�𝑘𝑘

(𝑚𝑚)

(𝑚𝑚)

(2.25)

= 𝑤𝑤𝑘𝑘−1 ⋅ 𝑝𝑝�𝑧𝑧𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘 �

This weight update equation is based upon selecting the importance distribution
as the prior importance function. Other choices for the importance distribution
lead to different formulations for the weight update equation.

4.

Normalize
(𝑚𝑚)

𝑤𝑤𝑘𝑘

=

the
(𝑚𝑚)

� 𝑘𝑘
𝑤𝑤

(𝑚𝑚)

∑𝑀𝑀
� 𝑘𝑘
𝑚𝑚=1 𝑤𝑤

updated

weights,

so

they

sum

to

1:

(2.26)
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Compute the desired output, such as the expected value (mean):

5.

(𝑚𝑚)

𝐸𝐸[𝑢𝑢𝑘𝑘 ] ≈ ∑𝑀𝑀
𝑚𝑚=1 𝑢𝑢𝑘𝑘

(𝑚𝑚)

(2.27)

⋅ 𝑤𝑤𝑘𝑘

Recall that the expected value may not be the desired output, but one can use
similar methods to calculate local maxima or other values of interest.
6.

Check if sampling is necessary, and if so, resample. This step is explained more
below.

7.

Let 𝑘𝑘 = 𝑘𝑘 + 1; iterate.

The net effect of this algorithm is that at each time step, the particles shift to a
distribution of possible new states. It is unknown where the system has actually gone,
but the hope is that some of the particles have transitioned in a similar direction. An
observation is then taken, and the weight of each particle is updated according to how
well it’s predicted transition matches against the observation. Finally, the weights are
renormalized to keep their sum equal to 1, so that they properly represent a probability
distribution.
This algorithm forms the basic operation of the particle filter. However, a
problem can occur. Some particles may wander away to the point that their weight
approaches zero. The more this happens, the smaller the number of particles there are
that contribute to the approximation of the distribution. In order to determine if
resampling is needed, the coefficient of variation statistic can be calculated:

CV =

VAR�𝑤𝑤 (𝑚𝑚) �
𝐸𝐸 2 �𝑤𝑤 (𝑚𝑚) �

=

2
1 𝑀𝑀
1
(𝑚𝑚) �
∑
�𝑤𝑤 (𝑚𝑚) −𝑀𝑀 ∑𝑀𝑀
𝑚𝑚=1 𝑤𝑤
𝑀𝑀 𝑚𝑚=1
2
1
(𝑚𝑚) �
�𝑀𝑀 ∑𝑀𝑀
𝑚𝑚=1 𝑤𝑤

=

1

𝑀𝑀

(𝑚𝑚)
∑𝑀𝑀
− 1�
𝑚𝑚=1 �𝑀𝑀 ⋅ 𝑤𝑤

2

(2.28)

Note that although the time subscript has been omitted, it may be assumed that the
equation refers to the weights after updating. The effective sample size can then be
calculated as:
ESS =

𝑀𝑀

1+CV

(2.29)

The effective sample size describes how many particles have an appreciable weight. In
order to check if resampling is necessary, the effective sample size can be tested against
the number of particles. For some problems, resampling every time step may be
appropriate. However, as the number of particles grows, a lot of computations can be
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saved by resampling only when the ESS grows too small.
Resampling can be accomplished by a variety of methods. The most common
resampling method is called select with replacement. The idea is to kill off particles
with negligible weights, and replace them with copies of particles that have large
weights. It works as follows:
Assume particle states in P[1...M], weights in W[1...M].
Q=cumsum (W);

calculate the running totals

T=sort(t);

sort them smallest to largest

t=rand(M+1);
T[M+1]=1.0;
i=j=1;

t is an array of M+1 uniform random numbers 0 to 1
boundary condition for cumulative hist
arrays start at 1

while (i<=M) if (T[i] < Q[j])

Index[i]= j; i=i+1; else j=j+1;

end

if end

while loop (i=1; i<=M; i=i+1)
NewP[i] = P[index[i]];

NewW[i] = 1/M; end loop

This algorithm computes a list of indices of particles. The list may include 1 or more
copies of the same index (particle). It may also skip over 1 or more indices (particles).
After computing the list, it creates a new list of particles of equal weights.
In creating the list, particles with lower weights are less likely to get copied, and
particles with higher weights are more likely to get multiple copies. This is
accomplished by searching randomly in the sorted cumulative weight total. Figure 2.12
illustrates the process. Clearly, this process is more likely to pick indices of particles
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Figure 2.12: A cumulative weight distribution to select new particles.
that had larger weights. In summary, the particle filter is not one specific set of
equations. It has many options that need to be specified, besides the usual selection of
model variables and equations. These include:
• proposal distribution 𝑞𝑞( ), which determines the weight update equation

• number of particles 𝑀𝑀 (fidelity of approximation)

• when to resample

• resampling method
As discussed above, particle filtering is an effective method to estimate the unknown
state of a system provided the set of measurements. Therefore, it has a strong potential
to be used for tumor classification and pathological stage estimation.

2.5 State of the art Classification Models
Among several proposed solutions, computational modeling has shown promising
results towards cancer diagnosis but these are few to the scholar’s best knowledge.
From the research work towards quantitative models, (D. Wu, Erwin, & Rosner, 2011)
presented a likelihood probability model for cancer incidence as a function of age and
the number of periodic X-ray screening a male patient has undergone. A multi-factorial
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likelihood model was proposed by (Thompson et al., 2013) for mismatch repair (MMR)
gene variant classification of Colon Cancer based on tumor characteristics and bioinformatics. However, these models offered a few limitations such as a small number
of potential predictors, generally low overall predictive performance, and
methodological constraints.
Currently, research has been guided towards characterization of overall shape
and surface irregularity of the nodules. Moreover, morphological characteristics,
intensity values and surface characteristics which are recognized as radiomic features
are being studied to improve the cancer detection process (Shakir et al., 2019). The
study on the role of radiomic features in tumor classification has been carried out from
the broader perspectives of neural networks and machine learning algorithms. Among
the two, application of machine learning algorithms is a more popular approach where
a set of features helpful with diagnostic properties is used to train a classifier using a
machine learning method to predict the class label. To begin with, automatic or manual
expert segmentation is performed. Radiomic features (such as texture, shape etc.) are
extracted quantitatively to build prediction models using machine learning based
methods. The output of the machine learning models can be predictive or prognostic in
nature, depending upon the clinical question. A typical workflow to use radiomics
features for prognostics is demonstrated in Figure 2.13.
The research work by (C. Chen et al., 2018) employed non-parametric
Wilcoxon rank sum test to find the significantly different features (p<0.05). The
sequential forward selection (SFS) which is a heuristic search method to evaluate the
features against a set criterion was then applied to further evaluate the correlation
between the features from benign and malignant nodules. SFS reduces the candidate
features from the feature set using some set criterion also called objective function
which includes computing some parameter for example classification error. For this
purpose, SFS sequentially searches the features set and adds or removes features by
evaluating the set criterion to get the minimum number of feasible features.
Based on the above two tests, a radiomic signature of four Laws features
including minimum, energy, skewness and uniformity was developed. Support vector
machine (SVM) was used as the classifier for nodule classification. The proposed
signature classified the nodules with an accuracy of 84%, sensitivity of 92.85% and the
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specificity of 72.73% respectively.
A hierarchical clustering method was used in the research presented by (Choi et
al., 2018) to identify bounding box anterior–posterior dimension and the standard
deviation of inverse difference moment as the top two distinct features for lung cancer
diagnosis. To start with, the features were selected applying univariate analysis with
Wilcoxon rank-sum test and Area under the Curve (AUC) of Receiver Operating
Curves (ROC) to evaluate the significance of each extracted feature. Then, the distinct
radiomic features were obtained based on minimum correlation approach towards class
labels. A prediction model that incorporated support vector machine (SVM) classifier
was fed with the achieved distinct features where within the classifier model, a
regularization method named least absolute shrinkage and selection operator (LASSO)
was applied on the input features with 10 fold cross validation (CV) to obtain the highly
prognostic features. The classifier was also validated using 10 fold CV. The model
performed the best with the above mentioned two features. Then, these two chosen
features for nodule classification were validated with 5 fold and 2 fold cross-validation.
LASSO is a regression method which selects the most suitable features among all the
features and fits them in a mathematical equation for correct label prediction. The
proposed model achieved an accuracy of 84.1% and 81.6% for 5 fold and 2 fold crossvalidation respectively. The authors compared their presented model with Lung CT
Screening Reporting and Data System (Lung-RADS) and through quantitative analysis
showed the superior performance of their approach. The authors of the above mentioned
contributions used LIDC-IDRI database for their model validation
The machine learning classifiers have also been tested on a lung CT database
known as NSCLC-Radiomics for nodule classification. This database is accessible at
the TCIA website (http://www.cancerimagingarchive.net/). Authors in (Gong, Liu, Sun,
Zheng, & Nie, 2018) proposed a CADx system which performed segmentation using
region growing algorithm. The top 10 highly discriminating feature were selected using
ReliefF network which is a supervised feature selection method. Relief operates by
computing the difference values of a feature with the other features in the nearest
neighbors. If a difference exists in the features pairs from the same class, the feature
rank is decreased but if the difference occurs between features from different classes,
the feature score is increased. The top ranking features are then selected by the ReliefF
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algorithm assigning a weight to each feature. The authors then performed the
classification by training the cross validated SVM, Naive Bayes and Linear Discriminant
Analysis classifiers respectively.
The lung nodule classification has also been performed using radiomics based
neural networks in the literature. A new deep learning method called Local-Global
neural network was proposed by (Al-Shabi, Lan, Chan, Ng, & Tan, 2019) to improve
the performance of nodule classification in CT scans. The method designed a network
which acts as a global feature extractor to analyze the shape and size of a nodule and
a local feature extractor to estimate the density and structure of nodule. The proposed
network was evaluated on the LIDC-IDRI data set and has outperformed the other
already built networks since it can extract multi-scale features of a nodule. Another
progressive approach towards tumor classification is the development of radiomics
based efficient neural networks. Besides binary classification as benign or malignant
nodule, there are prominent classification methods proposed for lung cancer stage
estimation which have incorporated radiomics in neural networks and deep learning
approaches. .
A multi-view knowledge-based collaborative (MV-KBC) deep model classified
nodules with cancer staging levels on limited chest CT data in (Xie et al., 2019). The
proposed model decomposes a 3-D nodule into nine fixed views to learn the
characteristics of a 3-D lung nodule. Using fixed views, the new KBC sub-models are
created and are used for nodule classification with adaptive weighting scheme. Every
test nodule gets assigned a malignancy level between 1 and 5 as defined by the LIDCIDRI database. The prediction error computed in terms of Root Mean Square Error
(RMSE) of the model is 0.62. The authors in (Nishio et al., 2018) investigated the
usefulness of a deep convolutional neural network (DCNN) for benign, primary lung
cancer and metastatic cancer classification. The DCNN was trained with and without
transfer learning for image sizes of 56, 112 and 224 respectively. The best averaged
accuracy of 68% was achieved with transfer learning for image size of 224. The authors
in (Jason et al., 2018) proposed a deep learning convolutional neural network to classify
the lung nodules according to their malignancy status (1 to 5). The network was trained
and validated by analyzing more than 1000 lung nodules in CT images from the LIDC-
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Figure 2.13: Workflow of prognostic models implementation using radiomics
features (Avanzo et al., 2020)
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IDRI database. The authors achieved a very high accuracy of cancer level estimation
with an AUC of around 0.99.
Authors in (Venugopal et al., 2020) analyzed deep learning algorithm generated
heat-maps to predict the malignancy in nodules. The manual analysis of the map was
used alongside the domain knowledge of radiologists to derive a decision tree for final
state prediction of the nodule and the process is termed ad explainable AI. These heat
maps were used as input to a deep 20 layer Convolutional Neural Network (CNN),
trained on 1245 lung CT images and validated on 350 CT scans from NLST database.
The presented explainable AI approach to detect malignancy achieved a weighted
accuracy of 85%.
Another approach which has been adopted in the last few years to develop stage
estimation algorithms is machine learning classifiers. A structural co-occurrence matrix
(SCM) based method was proposed by (Rodrigues et al., 2018) to classify the nodules
as malignant or benign and also into malignancy levels of 1 to 5. The SCM was applied
on both gray level and CT images and the resultant images were fed into 3 well-known
classifiers. The proposed technique did not only classify the nodules as benign or
malignant with an accuracy of 96.7% but also classified the malignant nodules into 5
prescribed levels with an accuracy of 74.5%. The system achieved an accuracy of 84.6%.
Yu et al. in (Yu et al., 2019) presented a study to detect pathological stages I, II, III and
IV respectively in non-small cell lung cancer (NSCLC) using Random Forest
algorithm. The prediction model used 9 optimal predictive radiomic features and
testing/training of the model was performed on 145 data sets of pathologically
confirmed cancer IA to IV. Out of the bag (OOB) error was computed to measure
classification accuracy of the Random Forest algorithm whereas the predicted cancer
stages of test data sets achieved ROCs between
0.6 to 1.
A technological comparison of the discussed state of the art classification models
in reported in Chapter 5 Table 5.2. The development of radiomics driven effective
mathematical frameworks based on general diagnostic phenotype can further boost the
estimation process of cancer diagnosis, just before the symptoms manifest (Raghu et al.,
2019).
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2.6 Technological Comparison of the proposed work with state of the art
A semi-automatic 3-D segmentation model for lung nodules is first proposed
which improvises on the preceding state of the art segmentation techniques. From the
state of the art segmentation algorithms reviewed in section 2.2, the authors in (Kostis
et al., 2003; Okada et al., 2005; Diciotti et al., 2008; H. Liu et al., 2019) among the
prominent contributions directed their efforts towards small nodule segmentation and
did not validate their results on large nodules. Furthermore, the authors in (Kuhnigk et
al., 2006; Moltz et al., 2009; Bendtsen et al., 2011; Messay et al., 2015) proposed
solutions to segment small as well as large nodules incorporating several assumptions
and user feedback which shown over dependence on human interactions. Minimization
of user interaction and feedback with good performance for varying nodule size is the
motivation behind developing automatic segmentation algorithms. This motivation has
lacked in the state of the art algorithms mentioned above. Moreover, independent
algorithm initialization can enable fast results, these are always preferred. The presented
segmentation model in this thesis addresses the above mentioned problems present in the
segmentation methods in the literature. It is capable of extracting nodule contours of any sizes
and shapes efficiently with a simple selection of the region of interest on the CT image with
good accuracy. The algorithm technological description, performance evaluation and a
comparative analysis respectively are provided in Chapter 3.
This classification models proposed in (Shen et al., 2017), (Gong et al., 2018),
(C. Chen et al., 2018), (Choi et al., 2018) and (Al-Shabi et al., 2019) were motivated by
machine learning and only performed classification of tumor as benign or malignant.
The other models in (Xie et al., 2019), (Jason et al., 2018) and (Venugopal et al., 2020)
used neural networks and are dependent on large database training, an existing constraint
already discussed. Moreover, in the past studies, feature selection was done by
employing any one renowned feature selection algorithm subjecting the ranking
potentially to errors (Choi et al., 2018). This is particularly true since there is no study
available in the literature regarding performance of the contemporary feature selection
algorithms. Hence, the choice of a feature selection algorithm could affect the features
ranks for cancer diagnosis. Both the above mentioned problems faced by an efficient
classification model are addressed in the second and third contribution of this thesis.
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As second contribution, the research work has intuitively ranked the 3-D radiomic
features of a tumor according to their diagnostic power towards cancer. Two feature
ranking lists were prepared using the average score obtained from seven supervised and
six unsupervised ranking algorithms. The presented selection approach resulted in
accurate feature ranking as it performed feature ranking using multiple ranking
algorithms and assigned each algorithm equal weight towards feature selection. The
assigned rank scores in the presented study were validated by integrating the two highly
ranked features into the mathematical likelihood functions for cancer diagnosis. The
diagnostic radiomic features were found to efficiently detect lung, colon, head and neck
cancer. The performance of radiomic signatures suggests that a group of radiomic
features can successfully classify a tumor based on the general tumor phenotype. The
proposed mathematical approach enables accurate and fast classification of a tumor as
malignant or benign in CT images and can be further taken up by advance mathematical
models to gain in-depth insights of the disease. The 3-D radiomic features of lung nodules
which are discriminative towards cancer stage as early stage (I and II) and advanced stage
(III and IV) are explored and fit in a mathematical equation using LASSO and were
further validated by comparing the feature ranking obtained using supervised feature
ranking methods. The mathematical function was validated using test datasets. Finally,
the diagnostic features for cancer and cancer stage detection were validated by training
and testing SVM classifiers using the proposed diagnostic signatures.
As third research contribution, a diagnostic stochastic framework is proposed
which ensures fast and accurate cancer diagnosis followed by cancer pathological stage
estimation as early stage (I, II) or advanced stage (III, IV) respectively. The framework
incorporates the mathematical functions developed for cancer detection and stage
detection respectively and uses longitudinal data of patients as an input to compute the
posterior Probability Density Function (PDF) of lung cancer and cancer pathological
stage. The presented solution enables cancer diagnosis with less data training required.
It can also be well extended to cancer prognosis.
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CHAPTER 3
3-D NODULE SEGMENTATION USING
HYBRID LEVEL SETS

3.1 Introduction
Accurate segmentation methods can enable correct quantitative analysis of a
lung nodule for timely treatment as well as prevention of the cancer disease. For the last
few decades, Response Evaluation Criteria In Solid Tumors (RECIST) is a widely
adopted protocol by the clinicians which uses the maximum diameter of the tumor as a
key parameter to measure the nodule response. While RECIST is simple to follow, there
is variability in intra-observer and inter-observer RECIST measures due to a different
interpretation of manually measured data. The problem with the RECIST protocol is
effectively addressed with volume estimation, which takes into account the overall
changes in nodules (Nishino, 2018). The nodule volume is measured after its
segmentation, hence correct nodule segmentation plays a crucial role in volumetric
assessment and diagnostic tests.
In this chapter, a robust and accurate 3-D segmentation scheme is presented for
lung nodules of varying sizes in CT images to aid the clinicians for correct volumetric
assessment. The segmentation process is initialized with a 3-D region of interest (ROI)
drawn around the target nodule on a reference CT slice. Followed by the initialization,
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ROI is de-noised using an anisotropic diffusion filter. The location of the nodule is
identified by exploiting the gradient information of the nodule. For this purpose,
Geodesic Active Contour (GAC) model which is a parametric deformable model is
applied to the de-noised ROI. In order to prevent the boundary leakage of the evolved
contour, a mean gray-value threshold value is introduced within the GAC model. This
simple yet intuitive mechanism ensures robust 3-D segmentation of the lung nodules of
varying shapes and sizes with good accuracy. The proposed model executes in level sets.
Consequently, an active contour is evolved around the nodule leading to accurate
segmentation. Moreover, an adaptive technique to estimate the desired mean intensity of
the nodule is also devised. This process enables robust segmentation of nodules
irrespective of the sizes. Further, any anatomical structure within the region of interest
is automatically detected and removed. After the completion of segmentation process,
nodule volume is computed.

3.2

Proposed Methodology

The mathematical model and algorithm of the proposed segmentation system are
explained in the following sub-sections. Subsequently, the hybrid system
interconnections and validation databases of the proposed segmentation system are
discussed.

3.2.1

Mathematical Model

To establish the mathematical model, 𝐹𝐹(𝑥𝑥) : [0;1] → ℜ2 is described as a parameterized

closed planar curve and 𝐼𝐼: [0; 𝑎𝑎] × [0; 𝑏𝑏] → ℜ +, a given input image in which the
contour of the object needs to be detected. The Geodesic Active Contour (GAC) model

which is a boundary-based segmentation method detects the contour by finding a

minimum length of the evolving curve around object. This is achieved by minimizing
the energy ɛ(𝐹𝐹) of the curve 𝐹𝐹(𝑥𝑥) in a Riemannian space as follows (Soomro, Munir,
& Choi, 2018) :
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ɛ(𝐹𝐹) = ∫ 𝑔𝑔(𝐹𝐹(𝑥𝑥))|𝐹𝐹 ′ (𝑥𝑥)|𝑑𝑑𝑑𝑑

(3.1)

Here g(.) is a decreasing edge detection function defined with respect to Riemannian
space. The curve is deformed towards local minima by minimizing the curve evolution
flow to 0 using steepest descent method. Curve evolution flow is a partial differential
equation (PDE), obtained by computing Euler-Lagrange of Eq. (3.1) with gradientdescent method as follows:
∂𝐹𝐹(𝑡𝑡)
∂𝑡𝑡

= 𝑔𝑔(𝐼𝐼)𝜅𝜅𝑎𝑎⃗𝑛𝑛 − (∇𝑔𝑔 ⋅ 𝑎𝑎⃗𝑛𝑛 )𝑎𝑎⃗𝑛𝑛

(3.2)

Here 𝜅𝜅 denotes the curvature and ����⃗
𝑎𝑎𝑛𝑛 represents the unit inward vector normal to the

curve 𝐹𝐹(𝑥𝑥, 𝑡𝑡). The term contour is used interchangeably for curve in 2-D and surface
in 3-D. The segmentation PDEs are usually solved using a well-known framework

called level sets (Soomro et al., 2018). The level set formulation enables implicit
handling of topological changes i.e. merging and splitting of the contours and offers
stability and accuracy in numerical computation. A level set function 𝜙𝜙 is defined as an

evolving active surface such that 𝐹𝐹 ⊂ Ω represented by a Lipschitz function ɸ: Ω →

ℜ 2 where Ω is an open set in ℜ2. The evolving active contour 𝐹𝐹 is the zero level set

visualized as a hypersurface of level set function 𝜙𝜙 such that 𝐹𝐹 = {𝑥𝑥|(𝑥𝑥 ) = 0}. Evolution

of planar curve 𝐹𝐹 and deformation of level set function 𝜙𝜙 are obtained using the
following PDEs respectively:

∂𝐹𝐹(𝑡𝑡)
∂𝑡𝑡

∂𝜙𝜙
∂𝑡𝑡

= 𝛽𝛽(𝑎𝑎
����⃗)
𝑁𝑁

= 𝛽𝛽|∇𝜙𝜙|

(3.3)
(3.4)

Here 𝛽𝛽 is a function representing forces experienced by the contour computed on the

level sets. The authors in (Soomro et al., 2018) employed Eq. (3.3) and Eq. (3.4) to
embed the curve evolution PDE of 𝐹𝐹 in Eq. (3.2) in level set formulation 𝜙𝜙 as follows:
∂𝜙𝜙
∂𝑡𝑡

= 𝑔𝑔(𝐼𝐼)|∇𝜙𝜙|𝜅𝜅 + ∇𝑔𝑔(𝐼𝐼). ∇𝜙𝜙

Here the value of curvature 𝜅𝜅 is computed as:

(3.5)
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𝜅𝜅 =

∇𝜙𝜙

(3.6)

|∇𝜙𝜙|

An extra contracting /expanding term is added to Eq. (3.5) to increase the speed of
convergence as follows in (Osher & Sethian, 1988):
∂𝜙𝜙
∂𝑡𝑡

(3.7)

= 𝑔𝑔(𝐼𝐼)|∇𝜙𝜙|𝜅𝜅 + ∇𝑔𝑔(𝐼𝐼) ⋅ ∇𝜙𝜙 + 𝑣𝑣𝑣𝑣(𝐼𝐼)

Here 𝑣𝑣 is the Lagrange multiplier. The first term in the above PDE represents mean
curvature flow weighted by edge detection function whereas, the second term attracts
the contours to the boundaries of objects i.e. towards image with a high gradient. The

third term is an additional gradient-based stopping function for fast convergence. The
active contour model in Eq. (3.7) shows leakage of contours in case of weak and/or
noisy object boundaries, leading to wrong convergence.
To tackle this problem, the scholar proposed to introduce a new stopping
function (𝐼𝐼 − 𝐼𝐼mean ) based on the mean intensity 𝐼𝐼mean of the nodule in curve evolution

PDE instead of gradient term. The curve evolution PDE of Eq. (3.5) after introducing
the new stopping function is formulated as follows:
∂𝜙𝜙
∂𝑡𝑡

(3.8)

= 𝑏𝑏𝑏𝑏(𝐼𝐼)|∇𝜙𝜙|𝜅𝜅 + 𝑏𝑏∇𝑔𝑔(𝐼𝐼). ∇𝜙𝜙 + 𝑐𝑐(𝐼𝐼 − 𝐼𝐼mean )|∇𝜙𝜙|

Here 𝑏𝑏 and 𝑐𝑐 are pre-defined weights to balance the equation reducing

∂𝜙𝜙
∂𝑡𝑡

to 0 for

steady-state solution. Value of 𝑔𝑔 is computed using a Gaussian kernel with variance 𝜎𝜎,

whereas the optimal value of 𝜎𝜎 is found out through experiments to avoid over (under)
segmentation. For computational convenience, a zero level set is represented by the

Signed Distance Function (SDF) i.e. |∇ 𝜙𝜙 | = 1. Thus, using the SDF property and
substituting value of 𝜅𝜅 in Eq. (3.8), the foregoing equation is simplified as:
𝜙𝜙𝑡𝑡 = 𝑏𝑏div(𝑔𝑔(𝐼𝐼)∇𝜙𝜙) + 𝑐𝑐(𝐼𝐼 − 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 )

(3.9)

The simplified model presented in Eq. (3.9) is the proposed hybrid model for lung
nodule segmentation where curve evolution flow term

∂𝜙𝜙
∂𝑡𝑡

is denoted by 𝜙𝜙𝑡𝑡 . The

proposed stopping function (𝐼𝐼 − 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ) attaches the contour to nodule boundaries for
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gray-values

above 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 .

It

counters

the

boundary

leakage

problem

by

contracting/expanding the contour around boundary based on the prior estimated
boundary gray-levels threshold (𝐼𝐼 − 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ) enabling fast convergence. The forces

applied to the evolving contour by this new stopping function act normal to the surface
and ensures an expansion movement if any parts of the contour are inside the target

nodule whereas there is a contraction movement for the contour parts outside. In Figure
3.1, a comparison of nodule segmentation using GAC model only and using GAC
model with proposed stopping function is shown. The mean intensity 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 of nodule
required in the proposed stopping function was manually computed. It can be seen in
the demonstrated segmentation in Figure 3.1 (a), that contour evolution of GAC model

stopped outside the boundary of nodule whereas using the proposed model, nodule was
accurately segmented.
Evidently, a good estimation of 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is essential for successful segmentation

through the presented hybrid model. An adaptive technique needs to be developed

which can calculate the mean gray level of test nodule while executing the segmentation
algorithm. Figure 3.2 (a) displays the contour evolution using the hybrid method with
a correct gray level threshold. Two cases of incorrect contour formation due to

inappropriate selection of mean gray-level threshold are illustrated in Figure 3.2 (b) and
Figure 3.2 (c) respectively.

3.2.2

Adaptive technique for 𝑰𝑰𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎 calculation

In order to calculate the mean gray-value for correct segmentation, the voxel intensity
distribution patterns of lung nodules from test data were investigated. The nodule grayvalues were obtained by drawing a region of interest (ROI) around each target nodule
on the reference CT slice followed by calculation of its ROI properties. The obtained
voxels’ gray levels were consistent within the range of 0 to 2000 in signed 16-bit format.
Based on the gray-values, nodules histograms were plotted and analyzed. A bi-modal
frequency trend was observed across all the histograms. The obtained results for 10 bins
for three sample nodules with different radio-densities are displayed in Figure 3.3. The
radio-densities represents x-ray attenuation and is measured as a semi-quantitative
method with the units of Hounsfield Unit (HU). Moreover, the mean gray-values In of
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Figure 3.1: Segmentation of a nodule attached with chest wall using (a) GAC
model (b) Hybrid model

(a)

(b)

(c)

Figure 3.2: Curve evolution of the proposed method with (a) correct Imean (b) Imean
set lower than desired (c) Imean set higher than desired
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the three nodules and their respective occurrence frequencies 𝑓𝑓𝑛𝑛 from Figure 3.3 are tabulated in Table 3.1. In order to obtain the desired approximation, the bin-wise gray

values were identified within nodule intensity data. This process was repeated for
several nodules to achieve befitting results. It is concluded that the last 30 % bins of the
total bins contain higher intensity values, that approximately represent the bright nodule
core as well as the boundary intensity values. Therefore, 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is obtained by computing

the weighted mean of the largest 30 % gray-values from gray-level histogram of a lung
nodule. A constant gray-value 𝐼𝐼𝑜𝑜 is introduced to strengthen the 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 estimation.

Adaptively, the value of 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is computed as follows:
𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ≈

∑𝑁𝑁
𝑚𝑚 (𝐼𝐼𝑛𝑛 𝑓𝑓𝑛𝑛 )
∑𝑁𝑁
𝑚𝑚 (𝑓𝑓𝑛𝑛 )

+ 𝐼𝐼𝑜𝑜

(3.10)

Here m is the bin index from upper 30 % of the total bins. Numerically, the

algorithm employs an iterative scheme to approximate the curve evolution PDE around
lung nodule. The level set function 𝜙𝜙 takes positive and negative values outside and
inside the contour 𝐶𝐶 respectively. It is assumed that 𝜙𝜙𝑡𝑡 (𝑘𝑘 + 1) and 𝜙𝜙𝑡𝑡 (𝑘𝑘) denote the
value of 𝜙𝜙𝑡𝑡 (𝑘𝑘) at (𝑘𝑘 + 1)th and 𝑘𝑘 th iteration respectively. The hybrid model PDE of Eq.

(3.9) is optimized using the steepest descent gradient method as follows:
𝜙𝜙𝑡𝑡 (𝑘𝑘 + 1) = 𝜙𝜙𝑡𝑡 (𝑘𝑘) + Δ𝑡𝑡div(𝑔𝑔(𝐼𝐼)∇𝜙𝜙) + 𝑐𝑐(𝐼𝐼 − 𝐼𝐼mean )

(3.11)

Here Δ𝑡𝑡 defines the predefined update step size. The value of 𝜙𝜙𝑡𝑡 (𝑘𝑘) is

numerically updated at each iteration undertaking the step-wise procedure explained
in Algorithm 3.1.

3.3

3-D Segmentation Algorithm

Periodic re-initialization of to the SDF in Step 1 and Step 3 helps avoid any irregularities
which can develop during the level set evolution (Morgan & Waltz, 2017). The value
of 𝜙𝜙𝑡𝑡 (𝑘𝑘 + 1) in Step 4 is computed using Additive Operator Splitting (AOS) method

(Geiser & Bartecki, 2018) which is an unconditionally stable finite difference method
for GAC segmentation. AOS scheme enables fast convergence of the algorithm in a few

iterations.
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(a)

(b)

(d)
(c)

(f)
(e)
Figure 3.3: (a), (c), (e) show nodules ROI with mean radiodensity -630 HU, -10 HU,
100 HU respectively;(b), (d), (f) are gray-value histograms of (a), (c), (e) respectively
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Table 3.1: Frequency distribution of sample nodules gray-values displayed
in Figure 3.3

S. No

Mean

Mean

Mean

radiodensity

radiodensity

radiodensity

-630 HU

10 HU

100 HU

𝐼𝐼𝑛𝑛

𝑓𝑓𝑛𝑛

51

𝐼𝐼𝑛𝑛

74.25

𝑓𝑓𝑛𝑛

306

𝐼𝐼𝑛𝑛

𝑓𝑓𝑛𝑛

74.1

430

1.

39.85

2.

111.55

22

220.75

49

220.3

38

3.

183.25

9

367.25

36

366.5

26

4.

254.95

10

513.75

24

512.7

22

6.

326.65

4

660.25

27

658.9

10

6.

398.35

7

806.75

29

805.1

17

7.

470.05

22

953.25

228

951.3

283

8.

541.75

38

1099.8

183

1097.5

237

9.

613.45

30

1246.3

42

1243.7

70

10.

685.15

10

1392.8

6

1389.9

5
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Algorithm 3.1 :
Input:

Step 1:
Step 2:
Step 3:
Step 4:
Step 5:

𝑏𝑏, 𝑐𝑐, 𝜙𝜙𝑡𝑡 (𝑘𝑘), 𝐼𝐼 , 𝐼𝐼mean , 𝑘𝑘, 𝑡𝑡, 𝑚𝑚

𝜙𝜙𝑡𝑡 (𝑘𝑘) is re-initialized to make | 𝜙𝜙 | = 1

𝜙𝜙𝑡𝑡 (𝑘𝑘) is updated to ∅�
𝑡𝑡 (𝑘𝑘) = ∅𝑡𝑡 (𝑘𝑘) + ∆𝑡𝑡(𝑐𝑐(𝐼𝐼 − 𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ))
∅�
𝑡𝑡 (𝑘𝑘) is re-initialized to | 𝜙𝜙 | = 1

�
∅�
𝑡𝑡 (𝑘𝑘) is updated to 𝜙𝜙𝑡𝑡 (𝑘𝑘 + 1)= ∅𝑡𝑡 (𝑘𝑘) + Δ𝑡𝑡div(𝑔𝑔(𝐼𝐼)∇𝜙𝜙)
𝜙𝜙𝑡𝑡 (𝑘𝑘 + 1) does not vary for 𝑚𝑚 iterations or 𝑘𝑘 exceeds a

prescribed value, the routine t is stopped resulting in optimal
nodule segmentation otherwise control is transferred to Step1.

Prior to segmentation process, an observer identifies the target lung nodule on patient's
CT scans. Based on the identification, a volume of interest (VOI) containing the nodule
is cropped from the entire CT volume and de-noised. Many noise reduction approaches
are reported in the literature which could be applied according to the type of noise in
the image (Goceri et al., 2017). The test CT images in the proposed method are
enhanced by applying an anisotropic diffusion filter to the VOI. The application of
anisotropic diffusion filter is known to preserve the nodule edges while eliminating the
CT image noise (Nair, David, & Rajagopal, 2019). Consequently, better edge based
segmentation is obtained in medical CT images. The anisotropic diffusion equation for
an image I (x, y) is given as (Nair et al., 2019):
∂𝐼𝐼(𝑥𝑥,𝑦𝑦)
∂𝑡𝑡

= div(𝐶𝐶(𝑥𝑥, 𝑦𝑦, 𝑡𝑡)∇𝐼𝐼)

(3.12)

Here 𝐶𝐶(𝑥𝑥, 𝑦𝑦, 𝑡𝑡) is a conduction coefficient, ∇ is the gradient operator and 𝑑𝑑𝑑𝑑𝑑𝑑 is the

divergence operator. The conduction coefficient for edge persevering diffused image is
defined as (Nair et al., 2019):
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𝐶𝐶(𝑥𝑥, 𝑦𝑦, 𝑡𝑡) = 𝑒𝑒

|∇𝐼𝐼(𝑥𝑥,𝑦𝑦)|2
2𝐾𝐾2

−

(3.13)

Here 𝐾𝐾 denotes a conductance parameter. The pre-processed images are shown to the

observer who draws an elliptical region of interest (ROI) closely around the target
nodule on a reference slice. Selection of VOI and ROI takes place through a customized
computer interface. This practice sets a 3-D boundary beyond which the nodule cannot
exist and minimizes the inclusion of vessels and other anatomical structures around the
nodule.
For the chosen ROI, the program computes the mean gray-level 𝐼𝐼mean of target

nodule using histogram-based technique presented in subsection 3.2 of the Chapter 3.

The 𝐼𝐼mean computation is followed by the execution of proposed system PDE in Eq.

(3.9) in an iterative fashion. The iterative routine is stopped when an optimal 3-D nodule
segmentation is achieved with a contour appearing around the target nodule.

Further, any additional contours evolving around small vessels or structures
within the ROI having a number of voxels less than 30 is removed. This particular value
came from the scholar’s observation after performing experiments and from the
available segmentation details in public databases that the smallest nodule that can be
considered for segmentation has at least 30 voxels irrespective of the voxel dimensions
(slice thickness). The program counts the number of remaining contours if any, on each
slice. If two or more objects are detected, the largest object which is supposedly the
nodule is retained while the rest are removed. Figure 3.4 outlines the hybrid
segmentation system workflow. It is worth noting that segmentation process becomes
challenging with a large ROI selection having too many objects or structures inside it
or if the nodule of interest is not completely included in the ROI. Therefore, for an
incorrect segmentation as per an expert’s evaluation, the process of ROI selection and
segmentation can be repeated. Finally, the volume of the nodule is volume of one voxel
times total number of voxels contained in the segmented nodule.
A technological review of state of the art segmentation methods along with the
proposed technique is reported in Table 3..2.

74

3.4

Data sets Summary

The experiments were performed by collecting test lung nodules from five different
databases available at an open-access information resource for research purposes, The
Cancer Imaging Archive (TCIA). Table 3.3 lists the number of nodules collected from
each database with the corresponding slice thickness in millimeter (mm) of CT volume
and key scanning parameters. The resolution of test images is 512 x 512 pixels. Out of
72 CT datasets, 28 scans from LIDC-IDRI are low dose CT scans.

3.5

Results

The proposed framework is implemented in MATLAB while level set re-initialization
and AOS scheme are programmed in C++ language.
System configuration is Intel Core Itanium 5 2430 M processor, 4 GB RAM
memory, and 2.40 GHz clock. The parameters used in the algorithm execution are set
to following optimal values: b = 0.02, c = 0.001, t = 1, k = 25, p = 30, 𝐼𝐼0 = 400, Gaussian
kernel dimensions = 5x5x5, 𝜎𝜎 = 0.5. Test CT collections comprise of lung nodules with
diverse shapes and sizes and the median of estimated volumes varies in the order of 92

µl to 61.47 ml.

In Figure 3.5, a step by step execution of the proposed segmentation framework
is shown on a test nodule from the RIDER database with 𝜎𝜎 = 0.5, 𝜎𝜎 = 0.3 and 𝜎𝜎 = 1.

Figure 3.5 (a) shows a reference slice of sample VOI from RIDER database whereas
in Figure 3.5 (b), ROI selection on de-noised VOI is demonstrated. The contour

evolution around nodule is shown in Figure 3.5(c). The segmentation result achieved
after undesirable contours removal with 𝜎𝜎 = 0.5 is optimal among the three results
obtained with different σ values as can be seen in Figure 3.5 (d), (e) and (f)

respectively. The surface areas of segmented nodules with chosen σ values are shown
in Figure 3.5 (g), (i) and (h) respectively.

To assess the proposed hybrid system, its performance is compared with two
well- known active contour models. The idea behind the selection of segmentation
models is to make a comparison with one classic algorithm and one algorithm which is
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Table 3.2: A technological review of the state of the art segmentation models

Research Article

Segmentation
Technique

(Kostis et al., 2003)

(Okada et al., 2005)

(Diciotti et al., 2008)

User

(size)

Fb.

connected component

solitary, vascularized,

analysis, morphological

juxta-pleural and nodules with No

operation

pleural tail(small)

anisotropic Gaussian
-based intensity framework
region growing approach
incorporating geodesic
distance
region growing method

(Kuhnigk et al., 2006)

Types of nodules

and connected component

solid and opaque (small)

No

juxta-vascular, juxtapleural, well-circumscribed

Yes

and nodules with pleural tail
(small)
juxta-pleural (small and large)

Yes

analysis
hybrid segmentation
(Moltz et al., 2009)

method based on thresholding juxta-pleural(small and large)

Yes

and morphology
(Bendtsen et al., 2011)

click and grow approach
with a seed point input

not defined

Yes

solitary, vascularized,
(Messay et al., 2015)

(H. Liu et al., 2019)

Regression Neural Network

juxta-pleural and nodules with Yes

(RNN)

pleural tail (small, large)

dual pathway

small and juxta-pleural

residual network

nodules

No

solitary, vascularized,
(Usman et al., 2020)

Proposed method

deep

juxta-pleural and nodules with Yes

residual network

pleural tail (small, large)

hybrid level sets

solitary, vascularized,
juxta-pleural (small, large)

No
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Figure 3.4: Workflow of Hybrid System
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Table 3.3: Nodules selection parameters for test CT databases

Databases

Mean
Dia.
(mm)

Peak

Number of voltage
nodules
kVp

Slice

Exposure

thickness

mAs

(mm)

CUMC

25.32 12

120

100

1.25

RIDER

28.61 10

120

Auto (238-439) 1.25

FDA

11.18 12

120

25, 100, 200

0.75

LIDC

15.62 28

120

80-360

1.0-2.5

SU

27.11 10

120

Auto (123-751) 0.625-1.25

CUMC(B. Zhao et al.,2015)

Columbia University Medical Center

RIDER(B. Zhao et al.,2015)

Ref. Img. Database to evaluate Response Therapy

FDA(Gavrielides et al., 2010)

Food and Drug Administration

LIDC(Armato & al., 2015)

Lung Imaging Database Consortium

SU(Gevaert et al., 2012)

Stanford University

a part of a widely used software by the clinicians. First chosen model is classic ChanVese algorithm (Chan & Vese, 2001), a region based segmentation method which does
not utilize object boundary information for segmentation and has been modified by
several researchers during the last many researchers (Wong & Rajendran, 2019). The
curve evolution PDE of the model in level set form is given as follows in (Chan & Vese,
2001):
𝜙𝜙𝑡𝑡 = −𝛿𝛿(𝜙𝜙) �(𝐼𝐼 − 𝑐𝑐1 )2 − (𝐼𝐼 − 𝑐𝑐2 )2 − 𝜇𝜇∇ ⋅

∇𝜙𝜙

�

|∇𝜙𝜙|

(3.14)

Here 𝐼𝐼 is the image function, 𝜙𝜙 is the level set function, δ(𝑥𝑥) is the Dirac function and
𝜇𝜇 > 0 is the length parameter chosen by the user. The constants 𝑐𝑐1 and 𝑐𝑐2 are updated

at each iteration.

The second chosen model is local robust statistic driven active contour model
(ACM) by Gao et al. (Gao, Kikinisb, & Sylvain Bouixa, 2012) which is available as a
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

Figure 3.5: (a) Reference slice of sample VOI from RIDER database (b) ROI
selection on de-noised VOI (c) contours evolution within the ROI(𝜎𝜎 = 0.5) (d),(e),(f)
segmented nodule with 𝜎𝜎 = 0.5(optimal), 𝜎𝜎 = 0.3 and 𝜎𝜎 = 1 respectively (g),(h),(i)
surface areas of nodules in (d),(e) and (f) respectively
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segmentation module in the 3D Slicer platform (Beig et al., 2019), a widely used
software in medical community. Curve evolution PDE of statistic driven ACM for the
closed contour 𝜙𝜙𝑖𝑖 (q, t) is given as:

𝜙𝜙𝑡𝑡 = �(1 − 𝜆𝜆)�𝑝𝑝𝑖𝑖 − �𝑓𝑓(𝜙𝜙𝑖𝑖 (𝑞𝑞, 𝑡𝑡))� − 𝑝𝑝𝑐𝑐 � + 𝑘𝑘𝑖𝑖 (𝑞𝑞, 𝑡𝑡)� ⋅ 𝑁𝑁𝑖𝑖 (𝑞𝑞, 𝑡𝑡) + 𝑆𝑆𝑖𝑖𝑒𝑒𝑒𝑒𝑒𝑒 (𝜙𝜙𝑖𝑖 (𝑞𝑞, 𝑡𝑡))

(3.15)

Here pi is the probability density function of the feature space vectors 𝑓𝑓(𝜙𝜙𝑖𝑖 (𝑞𝑞, 𝑡𝑡)), pc

is the cut off probability density fixed at 0.1, 𝜆𝜆 > 0 is the smoothness factor, 𝑁𝑁𝑖𝑖 is the
inward unit normal and ki is the mean curvature for q which is spatial parameterization

of the contour. With the intent of performance evaluation, the manual segmentation of
nodules is carried out under the guidance of an expert radiologist to establish the ground
truth. Segmentation and volume estimation using Chan-Vese algorithm was performed
on the MATLAB platform whereas Slicer package (Beig et al., 2019) was employed to
evaluate statistic driven ACM. For the comparison purpose, data sets were chosen from
CUMC, FDA and LIDC databases since these have made available the true and estimated
volumes of lung phantoms and lung nodules respectively. The shapes of the phantoms
chosen for the experiment are lobulated, elliptical, speculated and spherical as described
by the CUMC and FDA phantom databases. Types of lung nodules selected from the
LIDC database are well-circumscribed, juxta-vascular and juxta-pleural nodules (Gu et
al., 2019). A well- circumscribed nodule is one which does not have any pulmonary
structures or vessels attached. The nodule with vessels attached is termed as juxtavascular nodule whereas, a nodule attached to the chest wall and the pleural surface is
known as a juxta-pleural nodule.

3.5.1

Visual assessment of the segmentation system

In Figure 3.6, the segmentation of phantoms and their visualized surface areas is shown
using the Chan-Vese, statistic driven ACM and hybrid methods respectively. For lung
nodule segmentation (nodule no.580, no. 811, no. 965 from LIDC-IDRI database), the
results are presented in Figure 3.7.
A few observations were made after carrying out the visual comparison of three
methods in Figure 3.6 and Figure 3.7. To begin with, the segmentation of lobulated,
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spherical, spiculated and elliptical nodule phantoms with the Chan-Vese method leads
to contours leakage through the edges (Figure 3.6 (a)). The algorithm uses two global
terms 𝑐𝑐𝑖𝑖𝑖𝑖 and 𝑐𝑐𝑜𝑜𝑜𝑜𝑜𝑜 which work inside and outside of the object boundaries respectively
to compute the location of contour. However, lack of gradient information produces

poor results in well-defined phantom segmentations in Figure 3.6 (a). The evolved

surface areas are over-estimated and the edges are over-smoothened resulting in a loss
of actual nodule shape.
The statistic driven ACM from Gao et al. (Gao et al., 2012) employs statistic
features of a nodule for segmentation which includes intensity median, inter-quartile
range and median absolute deviation computed in the neighborhood of each voxel. The
resulting contours evolve around the nodule edges in an irregular manner whereas the
obtained surface areas are rough and do not depict the exact shape of the phantom. This
trend is more evident in the cases of elliptical, spherical and spiculated nodules, shown
in Figure 3.6 (b). In comparison, the proposed hybrid model has been able to evolve the
contour as close to the edges as possible by utilizing region and boundary information,
hence capturing the true shape of all the four phantoms in Figure 3.6 (c). The deviation
of contour from the nodules’ edges is kept to a minimum.
Evaluating the performance on LIDC-IDRI database, it can be seen from
Figure3.7 (a) that Chan-Vese algorithm tends to over-segment juxta-pleural and juxtavascular nodules leading to slightly enlarged respective surface areas. With statistic
driven ACM, the evolved surface area of well- circumscribed nodule does not represent
the true nodule shape as shown in Figure 3.7 (b). Moreover, the same method does not
form a correct contour around juxta-pleural nodule (Figure 3.7 (b)).
The hybrid system on the other hand, successfully segments the well circumscribed
and juxta-vascular nodules with correct sur- face areas formed whereas in the juxtapleural nodule, there is a slight over-segmentation (Figure 3.7 (c)). Comparing the
overall performance, hybrid system has segmented two nodules correctly whereas
statistic driven ACM and Chan-Vese method both segmented one each.
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Figure 3.6: Segmentation of lobulated, spherical, elliptical and spiculated phantoms
from CUMC and FDA database and their visualized surface area using (a) Chan-Vese
method statistic driven ACM (c) Hybrid method
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Figure 3.7: Segmentation of well-circumscribed, juxta-pleural and juxta-vascular
phantoms from CUMC and FDA database and their visualized surface area using (a)
Chan-Vese method (b) statistic driven ACM (c) Hybrid method
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3.5.2

Quantitative assessment of the segmentation system

Quantitative performance of the system is measured in terms of volume bias, spatial
overlap, and volume repeatability.

3.5.2.1 Volume bias
The volume bias of each of the three methods is estimated as the difference between
computed volume and the true volume of phantoms (Kalpathy-Cramer et al., 2016).
Proportional bias is computed for the LIDC-IDRI data sets available with gold standard
by applying Bland Altman method of 95 % limits of agreement (Doğan, 2018).
A comparison of volume bias of all the three methods is plotted in Figure 3.8
for small phantoms (0.253 ml - 0.71 ml) and large phantom (4.21 ml - 4.44 ml)
respectively. The bias of each method is found to differ with respect to the size of
nodules as shown in Figure 3.8 (a) and 3.8 (b). All the three methods demonstrate an
overall negative bias trend for small phantoms (Figure 3.8 (a)). In case of large
phantoms, statistic driven ACM and hybrid system both show an equal tendency
towards positive and negative bias whereas, the Chan-Vese method has a negative bias
(Figure 3.8(b)). The computed absolute mean bias of the hybrid method, statistic driven
ACM, and the Chan-Vese method are 0.10 ± 0.2 ml, 0.19 ± 0.48 ml and 0.33 ± 0.21 ml
respectively. Hence, the hybrid method shows the lowest mean bias among the three
methods.
Bland Altman analysis with 95 % limits of agreement for the segmented volumes
of LIDC-IDRI data-sets indicates an absolute mean bias of 0.09 ml, 0.4496 ml and
0.5674 ml for the hybrid method, statistic driven ACM, and the Chan-Vese method
respectively. Comparing the bias values, the hybrid method performs better on the
LIDC-IDRI test nodules.

3.5.2.2 Similarity Measure
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(a)

(b)
Figure 3.8: Comparison of estimated volume bias of three methods for (a) small
phantoms (b) large phantoms
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In addition to comparative analysis, the hybrid system is evaluated independently on
the chosen validation databases. Dice Coefficient DC, also known as the F1 score and
Jaccard Coefficient (JC) are employed which measure the extent of spatial overlap
between two binary sets (Bertels et al., 2019). For the ground truth binary image set G
and the segmented binary image set S, DC value is computed as:
𝐷𝐷𝐷𝐷 =

2(𝐺𝐺𝐺𝐺)

(𝐺𝐺∩𝑆𝑆+𝐺𝐺∪𝑆𝑆)

(3.16)

Similarly, the Jaccard Coefficient is computed as follows:
(𝐺𝐺∩𝑆𝑆)

𝐽𝐽𝐽𝐽 = (𝐺𝐺∪𝑆𝑆)

(3.17)

The computed Dice Coefficients with respect to the CT sub-collections are displayed
in a box plot in Figure 3.9. Of all the collections, LIDC-IDRI database shows the lowest
DC mean value of 0.8060 ± 0.086 whereas the RIDER database is found to have the
highest mean DC value of 0.873 ± 0.043. While the algorithm produces a mean 𝐷𝐷𝐷𝐷/𝐹𝐹1

value of 0.8569 ± 0.0431, the computed mean value of JC is 0.7496 ± 0.022.

True Positive Rate (TPR) and False Positive Rate (FPR) scores are computed as
follows to further assess the quality of segmentation:
𝑇𝑇𝑇𝑇𝑇𝑇 =

𝐹𝐹𝐹𝐹𝐹𝐹 =

𝑇𝑇𝑇𝑇

(3.18)

𝐹𝐹𝐹𝐹

(3.19)

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹
𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇

The True Positive (TP) value denote voxels segmented as a nodule that proved
to be nodule and False Positive (FP) denotes voxels segmented as a nodule that proved
to be non-nodule. The False Negative (FN) value represents voxels segmented as a nonnodule that proved to be nodule and True Negative (TN) represents voxels segmented
as a non-nodule that proved to be non-nodule. The obtained mean values are reported
in Table 3.4. The mean TPR and FPR scores are 0.87 and 0.05 respectively which
attribute to the good performance of algorithm.
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Figure 3.9: Dice Coefficients with respect to the CT sub-collections

3.5.2.3 Volume Repeatability
Next, volume repeatability of the algorithm is computed by taking three repeated
volume measurements of every test nodule. The Repeatability Coefficient (𝑅𝑅𝑅𝑅)

measures the difference between the repeated volume measurements under identical set
of conditions for 95 % confidence interval as follows (Kalpathy-Cramer et al., 2016):

(3.20)

𝑅𝑅𝑅𝑅 = 1.96�2𝑠𝑠𝑤𝑤2

Here 𝑠𝑠𝑤𝑤2 is the within-subject variance calculated through the Analysis of Variance
(ANOVA) technique as follows:

𝑠𝑠𝑤𝑤2 = ∑𝑛𝑛𝑖𝑖=1 ∑𝑀𝑀
𝑚𝑚=1

where 𝑌𝑌𝑖𝑖 = ∑𝑀𝑀
𝑚𝑚=1

(𝑌𝑌𝑖𝑖𝑖𝑖 −𝑌𝑌𝑖𝑖 )2
𝑛𝑛(𝑀𝑀−1)

𝑌𝑌𝑖𝑖𝑖𝑖
𝑀𝑀

(3.21)

is the average over 𝑀𝑀 repetitions for each of 𝑖𝑖 = 1, 2, ...., 𝑛𝑛

subjects and 𝑌𝑌𝑖𝑖𝑖𝑖 denotes the 𝑚𝑚𝑡𝑡ℎ repetition of 𝑖𝑖𝑡𝑡ℎ subject. The 95% confidence interval

87

for the repeated measurements is:
(𝑅𝑅𝐶𝐶𝐿𝐿 , 𝑅𝑅𝐶𝐶𝑈𝑈 ) = (2.77𝑠𝑠𝐿𝐿 , 2.77𝑠𝑠𝑈𝑈 )

(3.22)

Where

2
𝑁𝑁(𝑚𝑚−1)𝑠𝑠𝑤𝑤

𝑠𝑠𝐿𝐿 = �

2
𝜒𝜒𝑛𝑛(𝑀𝑀−1)
(0.975)
2
𝑁𝑁(𝑚𝑚−1)𝑠𝑠𝑤𝑤
2
𝜒𝜒𝑛𝑛(𝑀𝑀−1)(0.025)

𝑠𝑠𝑈𝑈 = �

(3.23)
(3.24)

2
where 𝜒𝜒(𝑛𝑛(𝑀𝑀−1)(𝑘𝑘))
is the 𝑘𝑘 𝑡𝑡ℎ percentile of the chi-square distribution 𝜒𝜒 2 with n(M-1)

degrees of freedom. The second parameter, the within-subject Coefficient of Variation
𝑤𝑤𝑤𝑤𝑤𝑤 measures the changes within repeated measurements and is given in (KalpathyCramer et al., 2016) as:

𝑤𝑤𝑤𝑤𝑤𝑤 =

𝑠𝑠𝑤𝑤
𝜇𝜇

(3.25)

Here 𝜇𝜇 is the mean of measured outcomes. Further, Concordance Correlation

Coefficient (𝐶𝐶𝐶𝐶𝐶𝐶) evaluates the agreement of repeated outcomes with respect to the

total variation in the observations (Kalpathy-Cramer et al., 2016). A total of 72 x 3 =
216 segmentations were carried out to compute the values of 𝑅𝑅𝑅𝑅, 𝑤𝑤𝑤𝑤𝑤𝑤 and 𝐶𝐶𝐶𝐶𝐶𝐶. The

results are reported in Table 3.5. The algorithm is repeatable by 0.060 ml and the
variance within-subject is 0.152%. A high 𝐶𝐶CC value of 0.9981 is obtained with 95 %

confidence interval.

3.6

Discussion

It is important to mention the importance of careful selection of ROI geometry for correct
nodule segmentation. This is particularly true for nodules with dark contrast and inhomogeneous intensity values. The selection of ROI in the proposed algorithm excludes
the attached anatomical structures or pleural surfaces around the target nodule. It was
required since the experimental tests showed that chest wall attachments and vascular
and pleural surface appeared within the final contour if considered a part of the ROI. It
occurred in cases where such attached structures possessed gray-values identical to
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Table 3.4: Segmentation performance scores
Parameter

Mean Score

F1/DC Score

0.8569 ± 0.0431

JC Score

0.7496 ± 0.022

TPR

0.87

FPR

0.05

Table 3.5: Repeatability results of hybrid system
RC (ml) wCV
0.060

0.152%

CCC (95% confidence interval)
0.9981(0.9970 − 0.9988)

RC

Repeatability Coefficient

wCV

Within- subject Coefficient of Variance

CCC

Concordance Correlation Coefficient
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those nodule on some slices. The discussed scenario is found to be more profound for
juxta-pleural nodule segmentation. The authors in (Kostis et al., 2003) have reported a
similar occurrence and also discussed the importance of geometry of ROI selection for
juxta-pleural nodule segmentation. The impact of ROI geometry is accessed on the
proposed method by varying the ROI size for the aforementioned challenging
segmentation scenarios. Figure 3.10 (a) and Figure 3.10 (b) show small and large ROI
initialization respectively around a low-intensity nodule and the corresponding
segmentation results are shown in Figure 3.10 (e) and Figure 3.10 (f) respectively.
Similar ROI selections around a nodule with intensity in-homogeneity are presented in
Figure 3.10 (c) and Figure 3.10 (d), and the corresponding segmentations are
demonstrated in Figure 3.10 (g) and Figure 3.10 (h) respectively.
The results show successful segmentation of low-intensity nodule irrespective
of the ROI size. However, a contour leakage occurs when a large ROI is initialized
around the intensity in-homogeneous nodule in Figure 3.10 (h). This could be expected
due to the presence of Imean variable as a stopping function in the hybrid PDE.
Therefore, small contour initialization leads to optimal segmentation and is the
preferred choice for the proposed method. The described system has segmented 68
nodules correctly and failed on two juxta-pleural nodules, one dark contrast nodule, and
two juxta-vascular nodules leading to 93% correct segmentation.
The efficacy of a 3-D segmentation algorithm should be ideally evaluated
against standard databases with available ground truth in order to develop a consensus
for benchmarking. Unfortunately, many good segmentation methods in the literature
assessed their performance on private databases making it difficult to draw a
comparison. During the last decade however, LIDC-IDRI database is a low dose CT
database that has emerged as a standard and is widely used for segmentation algorithms
evaluation. Therefore, the efficacy of the proposed work is assessed by comparing the
hybrid segmentation method with the best segmentation schemes, new as well as classic
having their results published on LIDC-IDRI database in Table 3.6.
It was observed that with (Diciotti et al., 2008)’s work as an exception, all the
other proposed methods including (Badura & Pietka, 2014; Kubota, Jerebko, Salganic
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 3.10: (a), (b) small and large ROI initialization (c), (d) show small and large
ROI initialization around a nodule with intensity in-homogeneity (e), (f), (g), (h) show
segmentation results of (a), (b), (c) and (d) respectively
off, Dewan, & Krishnan, 2008; Messay et al., 2015; J. Wang, Engelmann, & Li, 2007;
Gonasalves, Novo, & Campilho, 2016; H. Liu et al., 2019) evaluated special overlap as
a key performance indicator. In particular, the segmentation algorithm in (H. Liu et al.,
2019) is entirely based on deep learning and has shown promising results. With the
intent of comprehensive performance analysis, the volume bias is also computed along
with spatial overlap. The authors in (Diciotti et al., 2008) computed mean volume bias
only. The hybrid method achieves a spatial overlap of 0.82 on LIDC-IDRI database and
overall DC of 0.86 which is a significantly higher value than the reported
aforementioned studies. Comparison of the volume bias value could not be made
possible due to its absence in the chosen published studies.
It is noteworthy that prominent 3-D nodule segmentation methods in the
literature have not considered qualitative assessment of segmented nodule shape as a
part of the performance metric. After the tumor extraction, the visual analysis of
segmentation can be an additional performance indicator, whether the desired shape of
the tumor was obtained after segmentation or not. While (Diciotti, Lombardo, Falchini,
Picozzi, & Mascalchi, 2011) used shape assessment to perform nodule segmentation,
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authors in (El-Baz et al., 2011) and (Krishnamurthy, Narasimhan, & Rengasamy, 2016)
employed the shape analysis for lung cancer diagnosis. Therefore, an important
contribution of the proposed work in terms of performance analysis is the inclusion of
the 3-D qualitative assessment of segmented nodules which has not been considered in
the other prominent segmentation methods reported in Table 3.6. In this respect, the
presented work can be considered original and the first attempt towards 3-D qualitative
analysis of the test data-sets.
Based on the quantitative and qualitative comparative analysis presented in the
chapter, the hybrid system clearly stands out from segmentation methods proposed by
Gao et al. (Gao et al., 2012) and Chan-Vese Algorithm. It is capable of performing
accurate segmentation on small as well as on large nodules, and demonstrated a mean
spatial overlap of 85.6 % and mean TPR and FPR as 88% and 5% respectively.
Moreover, the presented method is highly reproducible with a CCC of 0.99. The

achieved results showcase the accuracy, robustness, and stability of the system. One of
the future avenues to increase the efficiency of the proposed method is to improvise on
the calculation method to address the low-intensity problem within the near-end slices.
Another possible direction for future research work is to implement the presented
hybrid level set evolution using Sobolev gradient (Slavcheva, Baust, & Ilic, 2018) and
to evaluate it against the presented implementation of the steepest descent gradient
method.
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Table 3.6: Segmentation performance comparison with existing algorithms on
LIDC-IDRI data sets

Mean

Article

Databases

Mean spatial Volume
overlap
bias

3-D
Qualitative
analysis

(Wang et al.,2007)

LIDC-IDRI

0.64

-

×

(Kubota et al.,2008)

LIDC-IDRI

0.69 ± 0.18

-

×

(Diciotti et al., 2008)

LIDC-IDRI

N/A

×

-

×

LIDC-IDRI 0.778 ± 0.863

-

×

(Gonasalves et al.,2016)

LIDC-IDRI

0.64

-

×

(Liu et al.,2019)

LIDC-IDRI

0.815

-

×

Hybrid method

LIDC-IDRI

0.81± 0.08

(Badura & Pietka, 2014) LIDC- IDRI
(Messay et al., 2015)

0.6 ± 0.16

12.7%

11.4%

√
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CHAPTER 4

RADIOMIC FEATURE ANALYSIS FOR
CANCER AND PATHOLOGICAL STAGE
PREDICTION

4.1

Introduction

In this research work, radiomic features for cancer detection and cancer pathological
stage estimation have been investigated and validated separately using mathematical
equations and machine learning classifiers. These features are incorporated in a
stochastic classification model in Chapter 5 for cancer and its stage prediction. The
research work showed the possibility to build a radiomics signature for cancer diagnosis
of many cancer types based on general tumor phenotype/characteristics. The selection
of diagnostic radiomic features was carried out based on analysis of variance and
reliability test followed by ranking obtained from several feature selection methods.
The chosen diagnostic features were integrated into mathematical equations for
evaluation in terms of accuracy, sensitivity and specificity. The investigated radiomic
features were also validated by training and testing two SVM classifiers for cancer
detection and cancer stage detection respectively. The presented mathematical equations
achieved superior tumor classification results when compared with the other state-ofthe-art classification algorithms.
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4.2

Proposed Methodology

A general work flow adopted for feature selection for cancer diagnosis and its stage is
shown in Figure 4.1. The proposed workflow was executed separately for cancer
detection and the cancer stage detection respectively. Initially, the acquisition and
segmentation of tumors were performed. The segmented nodules considered for cancer
diagnosis were both malignant and benign for the cancer diagnosis and only malignant
for cancer stage detection from CT data sets. After the segmentation, the nodules were
divided in to training and testing cohorts, and 3-D radiomic features were extracted
from the training cohort. Then, Kruskal Wallis test also known as One-way ANOVA
test was performed on the extracted feature vector of training cohort. To check the
reliability of extracted features, RIDER database and test/retest reliability was
performed on features extracted from RIDER database (B. Zhao, Kris, & Schwartz,
2015) acquired for reliability test. Features which passed both the tests were considered
as stable and discriminative features for cancer detection in case of benign/malignant
tumors. For malignant nodules, the finally selected features were considered reliable and
distinctive features for early stage/advanced stage cancer detection. Feature ranking of
the achieved (stable and discriminative) features was carried out using various feature
ranking methods. The top distinguishing features towards cancer and cancer stage
respectively were fit into mathematical equations using regression analysis for nodule
classification.

4.2.1

Tumor segmentation from CT images

The segmentation of lung nodules, polyps in colon and tumors in head and neck were
performed using 3-D Slicer platform (Beig et al., 2019). The NSCLC-Radiomics
database provides the manual segmentation mask for each dataset but the remaining
annotated datasets were segmented using the Grow-Cut segmentation algorithm of the
platform. The Grow-Cut method is known to perform segmentation which is in high
agreement with the manual segmentation (Yip et al., 2017). Figure 4.2 shows the
segmentation of 2 malignant and 2 benign lung nodules in 2-D and 3-D axial planes
respectively from NSCLC-Radiomics (Lung1) and LUNGx databases.
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Figure 4.1: Feature selection workflow for cancer diagnosis and its stage

4.2.2

Radiomic features extraction and reduction

Followed by the segmentation, a total of 105 3-D radiomic features were computed for
every tumor which is the maximum number of features which can be computed in a
ROI (Yip et al., 2017). These features are categorized in 6 feature classes and represent
useful information about shape and texture of the tumor. The information collected
about the tumor’s shape and texture using radiomic can help in the malignancy detection
and is computed using first order and second order statistics applied on the gray level
intensities of tumor (Gillies et al., 2016).
From the extracted features, 13 features belonged to Shape class which
describes the shape properties of the tumor including surface area, volume etc. Then,
14 features from Gray level Difference Method (GLDM) were extracted which
represents the gray level dependencies within the tumor. There were 18 features
computed from the First Order Statistics class which describes the gray-level
values/intensities in a tumor.
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Figure 4.2: Segmentation of 2 malignant nodules (Lung1 database) in (a), (b)
2-D axial plane and (e), (f) 3-D axial plane; Segmentation of 2 benign nodules (LIDC,
LUNGx databases respectively) in (c), (d) 2-D axial plane and (g), (h) 3-D axial plane
Another 16 features were computed from Gray Level Size Zone Matrix (GLSZM) class
which represents the number of connected voxels having similar gray level intensities.
A total of 16 features were computed from Gray Level Run Length Matrix (GLRLM)
class which gives the similar gray level pixels run/ length in a ROI. .Finally, 5 features
were calculated from Neighborhood Gray-Tone Difference Matrix (NGTDM) class
which represents the gray level difference between a pixel and the average value of
neighboring pixels. The number of features selected from each class are reported in
Table 4.1. A complete list of 105 extracted radiomic feature is provided in Table 2.2.
Prior to the feature selection process, reliability of the computed features was
evaluated by carrying out the well- known test of Test-retest reliability. For this
purpose, RIDER database has made 20 lung CT datasets available obtained on sameday repeat Computed Tomographic (CT) scans in lung cancer patients. The
Concordance Correlation Coefficient (CCC) were computed for all the features from
repeat scans of RIDER database; and features obtaining a CCC greater than 85% were
retained while the rest were excluded. The computed 105 radiomic features were also
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subjected to Kruskal Wallis test commonly known as One-way ANOVA test to find out
the cancer discriminating features for 5% significance level. Based on the results of
two tests discussed above, 51 reliable and discriminating features were selected. The
finally selected 51 features with their feature class definition are enlisted as follows:
1.

Feature class Shape describes the shape of ROI and represents the following
features:

2.

i.

Maximum 3-D Diameter

ii.

Maximum 2-D Diameter Slice

iii.

Minor Axis

iv.

Surface Volume Ratio

v.

Volume

vi.

Major Axis

vii.

Surface Area

viii.

Least Axis

ix.

Maximum 2D Diameter Column

x.

Maximum 2D Diameter Row

Feature class Gray level Difference Method (GLDM) extracts the following
statistical texture features:
i.

High Gray Level Emphasis

ii.

Gray Level Non Uniformity

iii.

Small Dependence High Gray Level Emphasis

iv.

Dependence Non Uniformity Normalized

v.

Dependence Variance

vi.

Large Dependence High Gray Level Emphasis

vii.

Small Dependence Low Gray Level Emphasis

viii.
3.

Low Gray Level Emphasis

Gray-Level Co-Occurrence Matrix (GLCM) describes texture by means of the
following second order statistics:
i.

Joint Entropy
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4.

ii.

Maximum Probability

iii.

Joint Energy

iv.

Difference Entropy

v.

Inverse Variance

vi.

Difference Variance

vii.

Sum Entropy

viii.

Sum Squares

ix.

Difference Average

x.

Cluster Prominence

First Order class measures the voxels’ gray-levels spread within a region of
interest using histograms. The following features are included in this feature
class:

5.

i.

Inter-quartile range

ii.

Uniformity

iii.

Mean Absolute deviation

iv.

Maximum probability

v.

90 Percentile

vi.

Entropy

vii.

Variance

viii.

Kurtosis

Gray Level Run Length Matrix (GLRLM) computes the continuous run of
pixels of similar gray-values, in a particular direction using following features :
i.

Short Run Low Gray Level Emphasis

ii.

Low Gray Level Run Emphasis

iii.

Gray level Non Uniformity

iv.

Run Percentage

v.

Long Run Low Gray Level Emphasis

vi.

Run Entropy

vii.
6.

Run Length Non Uniformity Normalized

Gray Level Size Zone Matrix (GLSZM) computes the number of linked voxels
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with similar gray level intensity utilizing the following features:

7.

i.

Zone Variance

ii.

Gray Level Non Uniformity Normalized

iii.

Large Area Emphasis

iv.

Zone Percentage

v.

Large Area Low Gray Level Emphasis

vi.

Large Area High Gray Level Emphasis

Neighborhood Gray-Tone Difference Matrix (NGTDM) computes the difference
of intensity of a pixel with its neighboring pixels and consists of following
features:
i.Coarseness
ii.Busyness
The distribution of the selected features and the extracted features with respect

to their feature classes is shown in Figure 4.3. The selected features constitute of 10
features from Shape class, 8 features from GLDM class, 12 features from GLCM class,
8 features from First order class, 7 features from GLRLM, 6 features from GLSZM and
2 feature from NGTDM class.

4.2.3

Radiomic features selection for cancer detection

The finally selected stable and distinct features were ranked according to their diagnosis
power towards cancer to further eliminate the redundant features classification problem.
For this purpose, feature selection algorithms using supervised and unsupervised
learning approaches were both considered. The chosen algorithms under the umbrella
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Table 4.1: Description of computed radiomic features

Features Class

No. of computed
features (n=105)

Shape

13

Gray level Difference

14

Method (GLDM)
Gray-Level Co-Occurrence
Matrix (GLCM)
Neighborhood Gray-Tone
Difference

23
5

Matrix (NGTDM)
First order statistics

19

Gray Level Size Zone

16

Matrix (GLSZM)
Gray Level Run Length
Matrix (GLRLM )

16
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Figure 4.3: Feature extraction and feature reduction with respect to feature class
of each method are briefly discussed in the following sub-sections.

4.2.3.1 Feature ranking using unsupervised selection methods
A total of seven unsupervised feature selection algorithms were chosen based on their
ranking performance reported in the literature for feature ranking. The algorithm in
(Hall, 1999) selects the features exhibiting minimum correlation with each other,
whereas the Laplacian score (He, Cai, & Niyogi, 2005) computes a score for each feature
to reflect its locality preserving power. In greedy feature selection technique (Farahat,
Ghodsi, & Kamel, 2013), a nearest neighbor graph is drawn for all the selected features
and the reconstruction error is iteratively computed for the data matrix for the current
selected subset to assign ranks. A minimum information loss index for feature ranking
is proposed by Mitra et al. to compute the similarity in features (Mitra, Murthy, & Pal,
2002) termed as feature selection using feature similarity (FsFs). Multi-cluster feature
selection (MCFS) (Cai, Zhang, & He, 2010) technique selects and ranks the features by
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measuring the correlations between different features by solving the process as a sparse
Eigen- problem and a L1-regularized least squares problem. The local clustering
algorithm for feature selection (LCFS) (Zeng & Cheung, 2011) takes into account the
relevance of each feature by incorporating it into the framework of Local LearningBased Clustering (LLC) algorithm. Feature ranking by authors in (Z. Zhao & Liu, 2007)
is initiated by building a normalized Laplacian matrix from features’ pair-wise similarity
graph (Laplacian Graph).

4.2.3.2 Feature ranking using supervised selection methods
The feature selection process was repeated with the supervised feature selection
methods using following six well-known ranking algorithms. ReliefF Algorithm
(Kononenko, Šimec, & Robnik-Šikonja, 1997) penalizes the features that give different
values to the neighbors of same binary class, and ranks the features higher that give
different values to the neighbors of different classes.
Feature based Neighborhood Component Analysis (fNCA) (Wei, Kuanquan, &
Wangmeng, 2012) learns feature weights for minimization of an objective function that
measures the average leave-one-out regression loss over the training data. Fisher Score
(Becker & Magnenat-Thalmann, 2014) assigns a score to every feature by measuring
the ratio of inter-class separation and intra-class variance. The Infinite Latent Feature
Selection (ILFS) (Roffo, Melzi, Castellani, & Vinciarelli, 2017) algorithm assign ranks
to the features by measuring relevancy of all the possible subsets of features using
conditional probability. Features Selection via Eigenvector Centrality (ECFS) (Roffo &
Melzi, 2017) ranks the features by mapping the features to a clustering graph and then
explores the statistical relationship between pairs of the features. In feature selection
with Concave Optimization (FSCO) (Bradley & Mangasarian, 1998), the discrimination
between two feature classes is made via a separating plane which is obtained by
investigating a set of features which could differentiate between the two classes.
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4.2.4

Final feature ranking

Using the above-mentioned sets of algorithms, the radiomic features were ranked separately with the unsupervised and supervised feature selection methods respectively. The
finally ranked 51 discriminative features according to their scores from both groups of
algorithms are shown in Table 4.2 and Table 4.3.
While analyzing the ranking scores assigned by the 6 chosen supervised ranking
algorithms, it was observed that scores of each of the 52 features varied greatly and
were not synchronized. This trend can be observed in Table 4.2 in the individual scores
assigned by FSCO, ECFS, Fisher Score, ReliefF network, ILFS and fNCA to the 51
chosen features. For example, Fisher score ranked Surface Volume ratio (SVR) at 18,
th

nd

while ReliefF network gave SVR the 4 rank and fNCA assigned it the 2 rank. The
score assigned by ReliefF network and fNCA are close for SVR but for Small
Dependence High Gray level Emphasis, the scores assignment by Fisher Score and fNCA
are close. The vast difference in designated scores by the six renowned algorithms
indicate that feature ranking methods can heavily influence the classification models’
performance and the results will differ with each of the 6 selection methods. Since there
is a lack of discussion on the performance of feature ranking algorithms for machine
learning classifiers, the published classification studies have simply employed any one
of the popular ranking methods. We have already shown that by changing the algorithm,
the classifier performance changes and this leaves a room of debate on the reported
nodule classification performance in the literature.
Similar variation in the assigned scores was observed for the seven unsupervised
ranking algorithms namely Laplacian score, Similarity based on minimum correlation,
MCFS, LICFS, FsFs and FsSpectrum in Table 4.3. For example, for the first feature of
Table 4.3 namely Small Dependence Low Gray level Emphasis (SDLGLE), the
Laplacian Score is 40 whereas minimum correlation score, MCFS score and
FsSpectrum are 3, 3 and 2 respectively. The remaining algorithms gave SDLGLE quite
higher ranking. For another feature namely Zone variance; Laplacian score, Greedy FS
score and minimum correlation score are 3, 2 and 2 respectively but other algorithms
scored the zone variance quite highly. In general, features ranked highly by one method
gets lower ranks by the others and vice versa. In order to overcome the discrepancies in
the ranking of every feature, each ranking algorithm was given equal weight-age and the
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the ranking scores from supervised and unsupervised ranking methods were averaged
separately to obtain 2 lists of final feature ranking.
Out of 51 features ranked, only top two features from both the lists are described
in the research study to utilize the space efficiently. The top two discriminative features
obtained from the supervised ranking approach were Surface Volume Ratio and Small
Dependence High Gray Level Emphasis.
The scores assigned to every feature by each group of ranking algorithms were
averaged to obtain the final rank scores of all the features. As mentioned earlier, the
purpose of averaging the scores was to assign equal weight to each ranking algorithm
in order to obtain accurate feature scores. In Figure 4.4 (a) and Figure 4.4 (b), the
average scores of the top 25 selected features are shown, computed from the supervised
and unsupervised feature selection methods respectively. The distribution of chosen
features according to the feature classes is demonstrated and further compared with
respect to their selection method in Figure 4.4 (c). Evidently, more features from the
shape and first order feature classes appear in the top 25 ranking list showing better
diagnosis capabilities than the other classes.
In order to formulate a mathematical equation incorporating radiomic features,
two highly discriminative features towards cancer which are also independent to each
other are required. Such features could be treated as independent variables for the
formulation of a likelihood equation. It is noteworthy that more than two features
selection did not appear feasible as it could have led to increased complexity reducing
the efficiency of the model. It was observed that besides the feature classes, computed
radiomic features can be broadly categorized based on the texture and shape. While the
shape class describes the shape characteristics of the nodule, the remaining five feature
classes compute several properties of the nodule gray levels based on its texture. Since
shape and texture offer distinct information about the nodule state, these could be
treated independent to each other. Therefore, one feature was chosen describing the
shape and the other depicting the texture of the nodule as two independent features from
the higher ranks of the top 25 ranking list.

The selected features are incorporated as

independent variables into the proposed likelihood functions and are reported in Table
4.4.
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Table 4.2: Feature ranking with supervised selection methods
Radiomic Features

FSCO

ECFS

Fisher

ReliefF

Score

network

Maximum 3D Diameter

29

13

17

Maximum 2D Diameter Slice

24

31

8

Minor Axis

23

9

Surface Volume Ratio

17

Volume

ILFS

fNCA

Avg. score

34

28

4

20.833

36

27

35

26.833

6

35

23

33

21.5

21

18

4

1

2

10.5

47

32

16

51

33

8

31.1667

Major Axis

27

3

14

46

26

3

19.833

Surface Area

43

7

11

48

31

7

24.5

Maximum 2DDiameter Column

26

14

34

26

29

41

28.333

Maximum 2DDiameter Row

33

17

9

44

25

10

23

High Gray Level Emphasis

36

45

21

8

18

29

26.1667

Gray Level Non Uniformity

41

35

29

50

34

23

35.333

Small Dependence High

35

24

12

2

5

19

16.167

Gray Level Emphasis
Dependence NonUniformity Normalized

18

41

52

17

52

1

30.1667

Dependence Variance

22

8

2

42

8

11

15.5

Large Dependence High

50

46

5

52

19

16

31.33

21

43

50

19

49

6

31.433

Low Gray Level Emphasis

2

48

47

22

45

22

31

Joint Entropy

15

42

4

13

14

26

19

Maximum Probability

8

27

45

24

39

5

24.667

Joint Energy

11

34

24

43

32

48

32

Difference Entropy

4

5

25

28

15

40

19.5

Inverse Variance

16

28

10

16

12

34

19.333

Difference Variance

30

47

31

12

22

43

30.833

Correlation

1

6

48

18

50

9

22

Sum Entropy

7

1

7

29

20

13

12.833

Sum Squares

32

26

22

7

7

24

19.577

Cluster Prominence

52

50

38

6

4

21

28.5

Difference Average

14

39

13

11

13

12

17

Interquartile Range

40

30

15

5

16

32

23

Uniformity

12

16

49

20

51

39

31.167

Mean Absolute Deviation

28

38

20

27

21

46

30

Maximum

39

15

36

15

11

37

25.5

90 Percentile

38

12

27

3

24

14

19.477

Entropy

42

44

32

1

2

44

27.5

Variance

48

49

23

10

10

20

26.667

Kurtosis

31

36

33

47

35

50

38.667

Short Run Low Gray Level Emphasis

5

33

46

21

44

38

31.167

Low Gray Level Run Emphasis

3

29

39

30

43

52

32.667

Gray Level Non Uniformity

37

22

28

49

36

18

31.667

Run Percentage

13

51

1

32

9

25

21.833

Long Run Low Gray Level Emphasis

19

37

44

25

42

42

34.833

Run Entropy

6

10

19

38

30

17

20

Run Length Non Uniformity

10

52

51

23

48

31

35.733

Zone Variance

46

4

40

40

40

45

35.833

Gray Level Non Uniformity

20

11

37

31

38

47

30.667

Large Area Emphasis

45

23

41

41

41

49

40

Zone Percentage

9

18

26

14

6

30

17.167

Large Area Low Gray Level

49

40

42

37

47

36

41.833

21

21

21

21

21

21

21

Coarseness

41

41

41

41

41

41

41

Busyness

51

51

51

51

51

51

51

Gray Level Emphasis
Small Dependence Low
Gray Level Emphasis

Normalized

Normalized

Emphasis
Large Area High Gray Level
Emphasis
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Table 4.3: Feature ranking using unsupervised selection methods
Radiomic Features

Lap. Score

Corr. fs

LCFS

Greedy FS

FsFs

MCFS

Lap. Graph

Avg. Score

Maximum 3D Diameter

19

35

23

21

9

24

47

25.429

Maximum 2D Diameter Slice

21

23

25

32

7

27

43

25.429

Minor Axis

27

26

29

25

8

25

45

26.429

Surface Volume Ratio

43

42

38

43

15

20

31

33.143

Volume

5

31

2

4

5

50

29

18.000

Major Axis

22

34

26

23

11

26

42

26.286

Surface Area

10

29

8

9

6

46

36

20.571

Least Axis

28

9

28

46

13

23

39

26.571

Maximum 2DDiameter Column

25

10

27

47

1

32

41

26.143

Maximum 2DDiameter Row

20

36

22

33

12

31

44

28.286

High Gray Level Emphasis

12

22

12

14

14

38

49

23.000

Gray Level NonUniformity

9

40

15

10

2

41

23

20.000

Small Dependence High

16

52

14

19

4

35

28

24.000

Dependence NonUniformity Normalized

44

19

48

48

19

9

34

31.571

Dependence Variance

31

39

18

49

3

22

37

28.429

Large Dependence High

6

50

4

5

10

49

32

22.286

40

3

46

40

51

3

2

26.429

Low Gray Level Emphasis

42

7

40

39

18

7

7

22.857

Joint Entropy

35

51

31

29

16

16

40

31.143

Maximum Probability

46

4

44

35

17

4

33

26.143

Joint Energy

50

30

50

44

49

10

30

37.571

Difference Entropy

37

45

35

42

43

18

38

36.857

Inverse Variance

49

43

52

41

44

8

52

41.286

Difference Variance

30

21

21

30

37

30

19

26.857

Correlation

33

14

37

20

31

14

35

26.286

Sum Entropy

36

48

36

50

49

13

46

39.714

Sum Squares

18

47

19

31

28

28

15

26.571

Cluster Prominence

4

12

5

3

22

51

13

15.714

Difference Average

34

33

32

34

42

21

27

31.857

Interquartile Range

14

41

17

17

38

36

17

25.714

Uniformity

29

1

30

51

34

19

10

24.857

Mean Absolute Deviation

17

46

20

22

20

29

21

25.000

Maximum

13

32

11

12

40

42

20

24.286

90 Percentile

26

15

16

16

25

39

14

21.571

Entropy

15

27

10

13

29

45

4

20.429

Variance

8

44

1

7

39

47

16

23.143

Kurtosis

23

25

34

24

24

34

22

26.571

Short Run Low Gray Level Emphasis

47

18

49

38

46

12

9

31.286

Low Gray Level Run Emphasis

51

13

47

45

33

5

8

28.857
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11

38

13
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47
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26.429
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48

37

41

28

26

1

50

33.000

Long Run Low

38

17

33

37

45

17

6

27.571

Run Entropy

39

24

43

26

23

15

51

31.571

Run Length NonUniformity Normalized

41

16

39

27

36

6

48

30.429

Zone Variance

3

2

7

2

48

43

12

16.714

Gray Level NonUniformity Normalized

52

11

51

36

35

2

24

30.143

Large Area Emphasis

2

8

6

8

30

44

11

15.571

Zone Percentage

45

49

42

52

32

11

26

36.714

Large Area Low Gray Level Emphasis

7

6

9

6

27

48

5

15.429

Large Area High Gray Level Emphasis

21

21

21

1

21

21

18

17.714

Coarseness

41

41

41

18

41

41

1

32.000

Busyness

51

51

51

15

52

51

3

39.143

Gray Level Emphasis

Gray Level Emphasis
Small Dependence
Low Gray Level Emphasis

Gray Level Emphasis

107

(a)

(b)

(c)
Figure 4.4: Ranking of radiomic features using (a) unsupervised, (b) supervised
methods (c) w.r.t the feature classes
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Surface Volume ratio (SVR) was the first chosen feature with the highest score
in the supervised selection based ranking list. It belongs to the shape class and defines the
compactness of the nodule. The second selected feature was sum entropy which is a
sum of differences between the neighborhood gray-values. It ranked number 2 on the
list, belongs to GLCM class and describes the texture of the nodule. Therefore, the first
diagnostic radiomic signature derived from the supervised ranking methods comprises
of SVR and SE. These features are incorporated in mathematical equations for
classification purpose.
The first selected feature from the unsupervised selection based ranking
approach was Large Area Low Gray Level Emphasis (LALGLE) with the highest score
on the list. LALGLE belongs to GLSZM feature class and describes the texture of the
nodule. It measures the distributions of low intensity based large zones. Volume was
th

the second chosen feature from the shape class with 5 rank on the list, since the top 4
features depicted the texture of the nodule. The above selection leads to second diagnostic
radiomic signature obtained from ranking using unsupervised selection methods and
comprises of LALGLE and volume of the tumor.
The above two pairs of features are capable of differentiating between benign
and malignant nodules. Using 200 training data sets of benign and malignant tumors,
the relationship between developed radiomics signatures and the malignancy/benign
status of a tumor was quantitatively analyzed and was found to be non-linear. In order
to optimally fit a non-linear function to the radiomics data and tumor class, non- linear
regression functions were investigated and the functions fitting the data with minimum
possible standard error were finally selected for classification. For this purpose, the above
developed two radiomic signatures as two pairs of independent and discriminative
features were used to formulate the likelihood models of cancer.

4.2.4.1 First Mathematical Likelihood function (MLF I) using unsupervised feature
selection methods
The first non-linear regression function fit to the radiomics data using unsupervised
feature selection method is given as follows:
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Table 4.4: Feature Selection Summary
Feature Ranking Method

Selected Features

(Algorithms)
Average Score obtained using Supervised Surface Volume Ratio,
Feature Ranking

Sum Entropy

(FSCO, ECFS, Fisher Score, ILFS, MSCS,
ReliefF Network)
Average

Score

obtained

Unsupervised Feature Ranking

using Volume,
Large Area Low Gray Level

(Lap. Score, Lap. Graph, LCFS, MSCS, Emphasis
Corr. Fs, FsFs, Greedy Fs)
𝑦𝑦 = 𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏(𝑥𝑥1 ) + 𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥12 ) + 𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥13 ) + 𝑒𝑒𝑒𝑒𝑒𝑒(𝑥𝑥14 ) + 𝑓𝑓𝑓𝑓𝑓𝑓(𝑥𝑥15 )

(4.1)

Here x1 denotes the volume value of the test tumor and x2 describes the Large Area Low
Gray Level Emphasis value of the test tumor. The variable ln represents natural
logarithm. The value of y is 0 for non-cancer state; and 1 for cancer state of the test
nodule. The coefficients of the proposed likelihood function in Eq. (4.1) are as follows:
a = 9.251E − 03; b = −1.248; c = 0.4875; d = −6.9031E − 02; e = 4.483E − 03;
f = −1.1198E − 04; g = 6.6591E − 03.
The computed average standard error for the y estimates is 0.301.

4.2.4.2 Second Mathematical Likelihood function (MLF II) using supervised
feature selection methods
The following likelihood function is proposed using the radiomic signature from unsupervised feature ranking method:
𝑦𝑦 = 𝑎𝑎 + 𝑏𝑏𝑏𝑏𝑏𝑏(𝑥𝑥1 ) + 𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥12 ) + 𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥13 ) + 𝑒𝑒𝑒𝑒𝑒𝑒(𝑥𝑥14 ) + 𝑓𝑓𝑓𝑓𝑓𝑓(𝑥𝑥2 )

(4.2)
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Figure 4.5: Average Standard Error (SE) in MLFs
Here x1 denotes the SVR of the test tumor and x2 denotes the Sum Entropy value of the
test tumor. The variable 𝑙𝑙𝑙𝑙 represents natural logarithm. The value of y is 0 for non-

cancer state and 1 for cancer state of the test tumor. The coefficients of Eq. (4.2) assume
the following values:

a = 0.748; b = 2.227; c = −5.586; d = 3.632; e = −0.731; f = 1.282E − 02.
The computed average standard error for the y estimates is 0.20. The order of MLF I
and MLF II equations was chosen such that minimum SE of the equation is obtained.
For this purpose, the order of the two equations was changed and the obtained SE for each
order was observed which is shown in Figure 4.5.
As demonstrated, the minimum SE for MLF I was obtained for order of the
equation equal to 5. For MLF II, the optimal SE achieved was 0.2 when the equation
order was 4. To summarize, the mathematical functions described by Eq. (4.1) and Eq.
(4.2) are the proposed radiomics based likelihood functions for cancer diagnosis. These
functions can classify a tumor as malignant or benign once the required radiomic
features are extracted from CT images and input into their corresponding equations.
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4.2.5

Radiomic features selection for pathological stage detection

The data for the feature selection and development of likelihood function for cancer
stage estimation was acquired from NSCLC-Radiomics (Hugo et al., 2015) database of
400 data sets (malignant nodules with stage IA, IB, IIA, IIB, IIIA, IIIB) reported in Table
4.6. The training cohort comprised of 80 nodules (stage IA, IB, IIA and IIB) and 120
nodules (stage IIIA, stage IIIB). For this purpose, the features extraction, feature
reliability and features reduction explained in subsection 4.2 were carried out as a preprocessing step. A total of 51 features were obtained from the pre-processing phase
which are reported in Table 2.2. Then, Least absolute shrinkage and selection operator
(LASSO) (Z. Liu et al., 2019), a method of regression analysis was applied on the final
51 features to shrink and select the highly prognostic features using 5 fold cross
validation. The LASSO technique selects the prognostic features and performs
regularization at the same time to increase the accuracy of the diagnostic model. This is
achieved by performing L1 regularization of the features via penalized estimation
function to achieve a reduced set of prognostic features. Figure 4.6 shows the LASSO
coefficients of predictors (features) on x-axis and the L1 norm of coefficient on y-axis
for a regression fit. The top x-axis of the plot represents degree of freedom denoted by
df and it shows the non-zero coefficients of predictors. The blue dotted line shows the
value of lambda (=0.0282) that yields the non-zero coefficients with minimum Mean
Square Error (MSE).
Following 7 features whose coefficients are given in Table 4.5 were obtained
after the application of LASSO technique (lambda = 0.0282) on the pre-processed
features:
1. Sphericity
2. Dependence Variance (DV)
3. Large Dependence High Gray Level Emphasis (LDHGLE)
4. Cluster Prominence (CP)
5. Large Area Low Gray Level Emphasis (LALGLE)
6. Small Area Emphasis (SAE)
7. Strength
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Figure 4.6: LASSO plot of coefficients fit
Among the selected features, the first feature listed is Sphericity which measures the
roundness of a tumor with respect to a sphere. Dependence variance (DV) belongs to
GLDM class and measures the variance in terms of dependence gray level sizes in the
ROI. The third chosen feature, LDHGLE belongs to GLDM class and measures the
large dependence with high gray intensities in terms of joint probability distributions.
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 =

𝑁𝑁

𝑁𝑁

𝑖𝑖 ∑ 𝑑𝑑𝑑𝑑 𝑃𝑃(𝑥𝑥,𝑦𝑦)�𝑦𝑦 2 𝑥𝑥 2 �
∑𝑥𝑥=1
𝑦𝑦=1
𝑁𝑁𝑑𝑑𝑑𝑑

(4.3)

Here P(x, y) is the dependence matrix at location x and y. 𝑁𝑁𝑖𝑖 is the number of distinct

gray values in the nodule, 𝑁𝑁𝑑𝑑𝑑𝑑 is the measure of group sizes with pixel dependence and
𝑁𝑁𝑑𝑑𝑑𝑑 are the dependent zones in the nodule. The cluster prominence (CP) is from GLCM

class which measures the skewness in gray levels distribution. LALGLE belongs to

GLDM class and it measures the joint probability distribution of low gray level
intensities present within the large size zones and is given as follows:
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 =

𝑁𝑁

𝑁𝑁

𝑃𝑃(𝑥𝑥,𝑦𝑦)𝑦𝑦2
𝑥𝑥2

𝑖𝑖 ∑ 𝑑𝑑𝑑𝑑
∑𝑥𝑥=1
𝑦𝑦=1
𝑁𝑁𝑑𝑑𝑑𝑑

SAE measures the fine textures by measuring small size zones in terms of joint
distributions and is given as:

(4.4)
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𝑆𝑆𝑆𝑆𝑆𝑆 =

𝑁𝑁

𝑁𝑁

𝑃𝑃(𝑥𝑥,𝑦𝑦)

𝑖𝑖 ∑ 𝑑𝑑𝑑𝑑
∑𝑥𝑥=1
𝑦𝑦=1 𝑦𝑦2
𝑁𝑁𝑑𝑑𝑑𝑑

(4.5)

Strength measures the differences in gray level intensities which are occurring with a
slow change.
The correlation of seven prognostic features (LASSO method) with two cancer
groups (early stage and advanced stage) is also demonstrated using hierarchical
clustering in a heat map in Figure 4.7. The numerical values of plotted radiomic features
are standardized with mean 0 and standard deviation 1. The features are represented on
y-axis and their hierarchical clustering is represented on x-axis. Two distinct clusters
were formed showing strong association of Cluster Prominence and Large Dependence
High Gray Level Emphasis (LDHGLE) with the defined cancer groups. The likelihood
function to detect early or advanced stage cancer is formulated using the five most
discriminating features and is given as follows:

y = 1.2−1.1348(x1)−7.4597e−07(x2)+3.0780e−08(x3) + 0.3917(x4) − 0.00361(x5)
(4.6)

Here y indicates likelihood of the cancer stage as early or advanced stage cancer and
possesses a value between 0.51 and below 0.70 for early stage cancer. For the detection
of advanced stage cancer, y assumes a value between 0.70 and 0.90. The features x1, x2,
x3, x4 and x5 represent Sphericity, LDHGLE, Cluster Prominence, Small Area Emphasis
and Strength respectively. It is noteworthy that LDHGLE(x2) and CP(x3) which were
identified as two significant diagnostic features in the heat map have acquired
infinitesimal values in the stage classification equation and can be ignored.

4.3

Data sets Summary

A summary of the employed databases, distribution of the nodule sizes (minimum,
maximum and median diameter) and their types is given in Table 4.6. The experimental
data for nodule classification comprised of 400 lung CT datasets. NSCLC-Radiomics
(Hugo et al., 2015) database also known as Lung1 is the main CT collection with
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Table 4.5: Coefficients of non-zero diagnostic features using LASSO technique
3-D Features

LASSO Coefficients

Sphericity

-1.1348

Dependence Variance

-0.00070

LDHGLE

-7.4597e-07

Cluster Prominence

3.0780e-08

LALGLE

6.0079e-09

Small Area Emphasis

0.3917

Strength

0.00361

Figure 4.7: Hierarchical clustering of selected radiomic features as heat map
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malignant lung tumors which was used for both training and testing of the regression
equations. RIDER (B. Zhao et al., 2015) dataset includes 10 CT volumes used for the
training in addition to NSCLC-Radiomics. The remaining 2 databases LIDC-IDRI
(Armato & al., 2015), LUNGx (Samuel et al., 2015) contain benign tumors datasets
since public datasets with benign tumors contain fewer samples. The datasets to classify
other cancers included 35 CT volumes of colon cancer and 30 CT datasets of pretreatment head and neck cancer (tumor diameter > 10 mm) acquired from CT
Colongraphy (CTC) (Smith et al., 2015) and Head-and-neck Squamous Cell carcinoma
(HNSCC) (Bejarano, Couto, & Mihaylov, 2018) databases respectively.
The NSCLC-Radiomics database was collected using CT scans acquired from
a Siemens Biograph (CT / PECT scanner). A spiral CT (3 mm slice thickness) was
performed for the complete thoracic region. Scanner acquisition details about LIDC-IDRI
and RIDER databases have already been furnished in Chapter 3. The CT data of
Colongraphy was collected using at least a 16 slice CT scanner. The HNSCC data
collection was obtained using three dimensional high-resolution (3D) fan-beam acquired
using a Siemens 16-slice CT scanner with standard clinical protocol (0.75 cm slice
thickness). All the image data has dimensions of 512x512 pixels.
Since the largest number of annotated public datasets with benign and malignant
tumors are available for lung nodules only, the training cohort was chosen from the lung
CT databases but the testing was performed on colon and head and neck cancer too.
Between malignant and benign lung nodules, the number of publicly available datasets
with benign nodules is very small (Susan, Sethi, & Arora, 2021), hence the training set
comprised of 165 malignant but only 35 benign nodules. The problem of imbalanced
classes was addressed by carefully choosing the evaluation metric (Luque, Carrasco,
Martín, & de las Heras, 2019) discussed in Section 4.4.
The validation cohort included lung nodules, tumors in head, neck and colon.
For cancer stage detection in malignant lung nodules, Lung1 database was employed.
The summary of the training and validation datasets with respect to number of nodules
belonging to different cancer stages and their size distribution is reported in Table 4.7.
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Table 4.6: Distribution summary of employed databases, nodules sizes and their
classes

Malignant
Nodules
Benign

Training

Validation

Min.

Median

Max.

database

Database

Dia.

Dia.

Dia.

(no. of sets)

(no. of sets)

(mm)

(mm)

(mm)

Lung1(165),

Lung1(165),
7.016

66.065

215.903

5.739

41.584

221.052

RIDER(10)

CTC(30),
HNSCC(35)

LUNGx(35)

LIDC(35)

Nodules

Table 4.7: Distribution summary of employed databases, malignant nodules sizes
and their classes (cancer stage detection)
Training
database (no. of
sets)
Malignant
Nodules

Lung1
Stage I,II(80),
Stage III,IV(120)

Validation

Min.

Median Max.

Database (no. Dia.

Dia.

Dia.

of sets)

(mm)

(mm)

66.065

215.9

(mm)

Lung1
Stage I,II(47), 7.016
Stage
III,IV(143)
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4.4

Results

The feature extraction in the performed experiments was carried out using PyRadiomics
(Afshar, Mohammadi, Plataniotis, Oikonomou, & Benali, 2019), where-as the testretest reliability and Kruskal Wallis test on the computed features were performed using
MATLAB R2018b platform. The feature ranking algorithms and the likelihood
functions were also programmed in MATLAB environment. The performance of the
proposed functions for tumor classification is measured in the subsequent sections.

4.4.1

Lung nodule classification

The likelihood equations, MLF I and MLF II were tested on the radiomic features of
165 malignant nodules and 35 benign nodules from the test cohort. An optimal
threshold of y ≥ 0.51 was chosen to classify a nodule as malignant where as any value
of y less than 0.51 classifies the nodule as benign. The diagnosis results of the two
models are tabulated in Table 4.8. Here TP denotes the true positive and is the number
of nodules correctly classified malignant whereas FP denotes the false positive and
indicates the number of nodules wrongly classified as malignant. FN denotes the false
negative and is the number of nodules wrongly interpreted as benign; and TN is the true
negative value and denotes the number of nodules correctly classified benign. While
MLF I classified 155 malignant and 28 benign nodules correctly, MLF II performed
better with correct diagnosis of 161 malignant and 33 benign lung nodules.
The performance of the classification models was quantitatively evaluated in
terms of positive likelihood ratio (L) and negative likelihood ratio (λ) computed from
accuracy, specificity, sensitivity as follows:
Accuracy =

𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇

(𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇)

Sensitivity =

𝑇𝑇𝑇𝑇

(𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇)

(4.7)
(4.8)
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Table 4.8: Nodule classification results

MLF I Classification
Patient

Test=Positive Test=Negative

Cancer

155(TP)

10(FN)

No Cancer

7(FP)

28(TN)

MLF II Classification

Specificity =

Cancer

161(TP)

4(FN)

No Cancer

2(FP)

33(TN)

𝑇𝑇𝑇𝑇

(𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹)

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

L =

1−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

λ=

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

1− 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

(4.9)
(4.10)
(4.11)

The first likelihood function MLF I achieved 91.5% (CI: 0.864-0.949) accuracy,

95.68% (CI: 0.892-0.967) sensitivity and 73.68% (CI: 0.579-0.85) specificity in lung
nodule classification. High sensitivity and low specificity values show that the equation
can identify the malignant nodules at a high rate but it has fairly high chances of giving
false positives and mis-classifying the benign as malignant nodule. Second likelihood
function MLF II on the other hand, resulted in an accuracy of 97.0% (CI: 0.936-0.989),
sensitivity of 98.77% (CI: 0.939-0.990) and specificity of 89.19% (CI: 0.8139-0.9842)
for nodule classification.
The values of L and λ for MLF I are 3.64 and 0.06 respectively. For MLF II, the

values of L and λ are 9.14 and 0.01 respectively. Higher numbers of L and lower

numbers of λ indicate good classification performance on positive and negative classes

respectively.
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Figure 4.8: ROC curves for proposed likelihood functions MLF I and MLF II

Furthermore, the receiver operating characteristic (ROC) curves were plotted in Figure
4.8 to illustrate the diagnostic ability of two proposed likelihood equations. Higher area
under the curves (AUCs) values indicate higher accuracy when two or more methods are
compared for various thresholds.
The achieved AUCs for MLF I and MLF II were 92.68% and 98.81%
respectively which confirm that both the models can discriminate highly between
diseased and the non-diseased nodules. In order to rule out the possibility of overfitting
ROC curves, results were validated using SVM classifier with 10-fold cross validation
in Section 4.5.

4.4.2

Cancer detection in colon, head and neck tumors

A threshold of y= 0.51 used in lung nodule classification experiments was also employed
for colon, head and neck cancer detection. The likelihood function MLF I detected
cancer in 26 out of 35 tumors in colon and 25 out of 30 head-and-neck tumors. The
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cancer detection rate of MLF I has an accuracy of 74.28% and 83.33% respectively. The
second likelihood function MLF II detected cancer in 30 out of 35 colon tumors and 27
out of 30 head and neck tumors correctly with a detection rate of 85.71% and 90%
respectively.

4.4.3

Comparison of MLF I and MLF II

Although both the likelihood functions have proven to be capable of tumor classification
in lung, colon, head and neck, the performance of MLF II was found superior for cancer
detection (Acc.% is 97% for lung, 85.71% for colon and 90% for head and neck). The
features including surface to volume ratio and sum entropy in MLF II showed strong
ability of cancer diagnosis. The effectiveness of the proposed radiomic signature (surface
volume ratio, sum entropy) integrated in MLF II is further demonstrated through its
visualization in Figure 4.8 using a comparison with Principal component analysis
transformed features.
Evidently, while the PCA transformed new features PC 1 and PC 2 failed to
differentiate between malignant and benign nodules in Figure 4.9 (a), surface volume
ratio and sum entropy together have successfully identified most of the cancerous and
non-cancerous tumors in Figure 4.9 (b). This comparison further supports the features
ranking carried out by the chosen feature selection approach. The over-all achieved
classification results suggest that the investigated and proposed radiomic features can
successfully detect multiple types of cancer with high accuracy. The carried out research
also revealed that detection of multiple cancer types can be performed by exploring a
general set of features which exhibit differentiating properties between malignant and
benign nodules across multiple cancers.
It was observed that classifications performed by MLF II (SE=0.20) were
largely correct with values of y obtained either close to 0 or 1 showing excellent
classification results. However, MLF I mis-classified quite a few nodules around the
chosen cut-off value 0.51 of y. This is most likely due to the fact that the formulated
equation which is the best possible fit to the training data cannot completely represent
the relationship of features with the malignancy status. The discussed scenario is
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Figure 4.9: Visualization of (a) stable and reliable radiomics features using PCA transformation in image space (b) radiomic signature (surface volume ratio, sum entropy)
from MLF II in image space.

illustrated in Figure 4.10 by reporting the quantitative classification results of both the
models for sample benign and malignant tumors from LIDC-IDRI, CTC and HNSCC
databases respectively. The obtained values of y in MLF I in the test cases of benign
and malignant lung nodules are close to 0.5 and represent wrong diagnosis. On the
contrary, the achieved values of y in MLF I and MLF II for all the other reported cases
of lung, colon, head and neck cancer show correct diagnosis and are close to the
expected value of 0 or 1.

4.4.4

Malignant lung nodule classification

The proposed likelihood function was validated on 47 nodules (stage IA, IB, IIA, IIB)
and 143 nodules (stage IIIA, IIIB). The diagnostic score detected 40 nodules with early
stage cancer and 125 nodules with advance stage cancer. The function achieved 86.84%
(CI: 0.81 to 0.91) accuracy, 68.97% (CI: 0.554 to 0.81) specificity and 94.70% (CI:
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Figure 4.10: Quantitative classification results of MLF I and MLF II for malignant
and benign tumors from LIDC-IDRI, CTC and HNSCC databases
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Figure 4.11: ROC curve of the nodule pathological stage classification using
proposed likelihood function

0.89 to 0.97) sensitivity. The achieved AUC for the proposed equation is 0.8461. The
ROC curve of the nodule pathological stage classification using proposed likelihood
function is shown in Figure 4.11. Furthermore, the quantitative difference in
malignancy levels of two sample nodules having cancer stage I A and stage III B
respectively is demonstrated in Figure 4.12 for computed features and the proposed
diagnostic scores.

4.5

Discussion

Although, radiomics have shown strong correlation with diagnosis and prognosis of
cancer, there are still many primary cancer types where the application of radiomics for
tumor classification needs in-depth exploration. This includes colon, head and neck
cancer as well. Pallamar et al. in (Pallamar, Hesselink, Fruehwald, Czerny, &
Mayerhoefer, 2016) have investigated the potential of texture analysis for the
differentiation of benign and malignant head and neck (H&N) tumors in Magnetic
Resonance Imaging (MRI) images. The best classification results varied between
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Figure 4.12: Diagnostic radiomic features and likelihood scores of two sample
nodules having cancer stage I B and stage III A
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81.48% (n=27) and 92% (n=27) for 1.5 Tesla (T) and 3.0 Tesla (T) acquisition modalities
using discriminating features. The results were not encouraging for multi-centre study
since tumors classification was poor if benign and malignant tumors were scanned on
different sites. The proposed MLF I and MLF II classified head and neck tumors (n=30)
with a detection rate of 83.33% and 90% respectively. The proposed likelihood
functions are not only at par with the published results in (Pallamar et al., 2016) but are
also robust and independent of acquisition protocols. This is true because the training
of the likelihood functions was carried out on datasets acquired from different scanners
with varying slice thickness.
Colon cancer is the other cancer where diagnostic potential of radiomics has
remained untapped. Huang et al. in (Huang et al., 2013) has investigated the gene
candidate Notch1 for benign and malignant colon tumors. The Notch 1 expression was
expressed in 58% of the colon cancer patients (n=462). The application of MLF 1 and
MLF II for colon cancer detection is the first attempt to employ radiomics for colon
cancer diagnosis. The proposed MLF I and MLF II classified colon tumors with a
detection rate of 74.28% and 85.71% respectively. The performance of proposed
equations have been reported in Table 4.9.
A comparison of the proposed classification models with the other significant
classification methods on NSCLC-Radiomics database is shown in Table 4.10. The lung
cancer classification presented by (Gong et al., 2018) reported the highest accuracy of
91.62% (n=243) with classifiers training including SVM, Naive Bayes and LDA. The
AUC achieved a value of 96.12%. In the research work presented by (Shen et al., 2017),
the prognostic power of radiomic features to detect malignancy was measured using
AUC. The highest value of AUC obtained was 77.7%. The quantitative comparison
shows that both the likelihood functions MLF I and MLF II have performed better
classification than the methods proposed in (Gong et al., 2018; Shen et al., 2017). The
proposed equations also outperformed other state of the art methods proposed by (C.
Chen et al., 2018), (Choi et al., 2018) and (Tran et al., 2019) validated on LIDC-IDRI
databases. Between the two models, the diagnostic capability of MLF II is proven
superior over the other chosen algorithms. Validation of proposed diagnostic radiomic
features using SVM classifier has shown good classification results
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While CT has been used for lung cancer imaging; and CT and MRI both have
been used as imaging modalities for head, neck and colon cancer, the proposed models
use CT modality only to classify three cancer types with high accuracy. This shows the
robustness and benefit of using the proposed likelihood functions over previously
published models.
Since cancer stage detection in a malignant nodule is an ongoing research, the
prominent research studies published have employed private or multiple databases and
do not include Lung1 database used in proposed radiomic feature analysis. Due to the
unavailability of benchmark databases, no comparative analysis could be carried out
for the proposed cancer stage detection equation. However, the diagnostic performance
of proposed radiomic features for cancer and its stage detection were further evaluated
using SVM which are supervised machine learning classifiers known for good
performance towards complex classification problems. Considering the non-linear
relationship between features and labels, two separate SVMs with Radial Basis function
(RBF) kernel were trained and tested using the proposed radiomic feature signatures,
one for nodule classification as benign/malignant and the other for pathological stage
classification respectively.
The first SVM was trained and tested using the top two ranked features namely
Surface Volume Ratio and Sum Entropy for nodule classification as benign or
malignant. The employed datasets are from Lung1 database reported in Table 4.5 and
are the same which were employed for MLF I and MLF II formulation. Similarly, the
training and testing of second SVM with different kernels was performed using the seven
features namely Sphericity, Dependence Variance (DV), Large Dependence High Gray
Level Emphasis (LDHGLE), Cluster Prominence, Large Area Low Gray Level Emphasis
(LALGLE), Small Area Emphasis (SAE) and Strength which have been proposed in the
thesis research for cancer stage detection. The datasets employed for the evaluation are
from Lung1 database reported in Table 4.6 and were used in the research for training
and testing of mathematical equation for cancer stage detection. Both the classifiers
were validated using 10-fold cross-validation.
For nodule classification as benign or malignant, the first SVM classified 150 out
of 165 malignant nodules and 29 out of 35 benign nodules correctly achieving a
sensitivity of 90.91% (CI:85.45% to 94.82%), specificity of 82.86% (CI:66.35% to
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93.44%) and accuracy of 89.50% (CI:84.40% to 93.38%) respectively.
For cancer stage detection as early or advanced stage, the second SVM detected
36 out 47 nodules with early stage and 123 out of 143 nodules with advanced stage cancer.
The diagnosis achieved a sensitivity of 86.01% (CI: 79.23% to 91.24%), specificity of
76.60% (CI: 61.97% to 87.70%) and accuracy of 83.68% (CI: 77.65% to 88.64%)
respectively.
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Table 4.9: Performance of MLF I and MLF II in Colon and Head & Neck Cancer
diagnosis
Prediction
Model

35(Colon, CTC)

74.28%

regression 30(H & N,HNSCC) 83.33%

Proposed Non-linear
MLF II

Acc.

(Tumor site,
Database)

Proposed Non linear
MLF I

# of Data sets

35(Colon, CTC)

85.71%

regression 30(H & N,HNSCC)

90%

Table 4.10: Comparison of performance metrics of MLF I and MLF II with other
lung nodule classification models
Prediction

# of Data sets

Model

(Database)

(Gong et al., SVM, Naive

243

2017)

Bayes, LDA

(NSCLC-Radiomics)

(Shen et al.,

Logistics

588

2018)

Regression

(NSCLC-Radiomics)

Proposed

Non linear

320

MLF I

regression

(NSCLC-Radiomics),
180(others)

Proposed

Non-linear

320

MLF II

regression

(NSCLC-Radiomics),
180(others)

Acc.

Sens. Spec AUC
.
-

91.62

-

95.12
%

%
-

-

-

77.7
%

91.5

95.68

73.68 92.68

%

%

%

97% 98.77
%

%

89.19 98.81
%

%
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CHAPTER 5
BAYESIAN INVERSION METHOD FOR
CANCER DIAGNOSIS AND
PATHOLOGICAL STAGE ESTIMATION

5.1 Introduction
Image analysis techniques have successfully provided personalized prognosis and treatment plans for cancer patients with a greater accuracy in the recent years. There are
several studies available that show the importance of imaging features for treatment,
monitoring and outcome prediction in lung cancer as well as other cancer types
(Nardone et al., 2020),(Y. Zhang, Oikonomou, Wong, Haider, & Khalvati, 2017).
Besides prognosis, the quantitative imaging features also known as radiomic features
can be extracted from the medical images to be further used in clinical research for lung
cancer diagnosis (Zhou et al., 2020; Yu et al., 2019). However, there is a dearth of
scientific approaches to diagnose the benign or cancerous nature of a lung nodule, as
well its pathological stage in case of malignancy. Furthermore, the insufficient size of
training data sets required for neural networks training is also a limitation to the
classification or stage detection of the tumor as discussed in the Introduction.
Keeping in view the above mentioned two challenges, a need of new
sophisticated solutions is highlighted to investigate the malignancy status in lung
nodules. A useful approach to the joint estimation of tumor malignancy and its stage
can involve tracking of tumor characteristics using temporal analysis of CT images.
Such an approach also offers good potential to address the problem of smaller data sets
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in medical imaging.
In this chapter, a cascaded Bayesian inversion method is proposed which
employs radiomics based temporal data for the cancer detection and stage estimation in
lung nodules. The posterior Probability Density Function (PDF) of malignancy
occurrence and pathological stage in a lung nodule is estimated from the historical
radiomics data of cancer patient.
The proposed system is implemented using two subsystems cascaded with each
other. The first subsystem estimates malignancy in the nodule and the second subsystem
determines the pathological stage of the cancer. If a nodule is detected malignant from
the first subsystem, the second subsystem is initialized to compute the pathological
stage of cancer. Both the subsystems operate on similar working principles of Bayesian
inversion technique, and use posterior probability estimation to diagnose a nodule
malignancy and its pathological stage as early stage cancer (stage I & stage II) and
advanced stage cancer (stage III & stage IV) respectively.
The proposed framework incorporates measurement model and state transition
model in each subsystem for PDF estimation. In the first subsystem/component, the
state transition model defines the cancer progression in a nodule and the measurement
model generates measurement from the known cancer/no cancer states. The PDF
estimation of malignancy occurrence is performed by calculating the likelihood of
malignancy in a test nodule obtained from the test radiomics data. In the second
subsystem, while the state transition model defines the cancer pathological stage, the
measurement model generates measurements for early stage and advanced stage cancer.
The second subsystem estimates the PDF of early stage cancer or advanced stage cancer
in a nodule.
The presented Bayesian inversion method was validated on a total of 200
nodules from which 130 were malignant and 70 were benign. There were 112 malignant
and 63 benign nodules which were successfully diagnosed showing the proposed
framework’s superior performance over the other prominent methods in the literature.
In the following sections, the research problem is formulated and the proposed
stochastic frame work is described. Next, implementation of the framework is discussed
followed by distribution summary of the data sets used in the test experiments. Then,
results along with a discussion on the results are presented. The notations used in this
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research work are listed in Table 5.1 for reader’s understanding.

5.2 Proposed Methodology
A number of radiomic features depicting shape and gray level intensities of a
nodule have shown diagnostic power towards lung, colon and head and neck cancer
(Shakir et al., 2019). The aim of the presented research is to utilize such radiomics features
measurements from periodic chest screening images in a stochastic framework to detect
lung cancer. The sequential evaluation of nodules’ malignancy status given the radiomics
data from periodic screening images is an inverse problem and can be solved using
Bayesian approach (Yousuf et al., 2017). There are several methods available to solve
the aforesaid problem but a recursive Bayesian filter based on sequential Monte Carlo
method is recommended since it uses nonlinear models (Fang, Tian, Wang, Zhou, &
Haile, 2018). The need of nonlinear modeling arises due to the nonlinear behavior of
measured radiomics features and the associated likelihood function for lung cancer
diagnosis (Shakir et al., 2019). Therefore, a Bayesian inversion method is proposed to
predict cancer based on the periodically acquired radiomic measurements.
It is worth noting that multi-class classification using a single mathematical
model has not been a preferred approach due to the complex relationship between
benign and cancerous nodules having different pathological stages (Shakir et al., 2019;
Zhu et al., 2018; S. Liu et al., 2020). Therefore, the proposed method is implemented
using two subsystems/components. The first subsystem is denoted by PF1 and the
second is termed as PF2. The first component estimates the cancer occurrence in a
nodule using posterior PDF p1(uk | Zk ). If the nodule is found malignant, the second
subsystem is initialized to predict the cancer’s pathological stage using PDF p2(u k | Zk
) as early stage (cancer stage I and stage II) or advanced stage (cancer stage III and
stage IV) respectively (Koo et al., 2020). The subsystems interconnection for cancer
prediction is shown in Figure 5.1.
Since both the subsystems/components operate on the principles of inverse prob-
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Table 5.1: List of notations
Annotations

Description

k

CT Screening time interval

U

Set of diagnostic scores as states

𝑢𝑢𝑘𝑘

Diagnostic score (state) at time k

K

Total number of screening intervals

q

Number of features measured

𝑍𝑍𝑘𝑘

Set of radiomic feature measurements

𝑧𝑧𝑘𝑘

Feature measurement at time k

Ns

Total number of samples

𝑢𝑢𝑖𝑖𝑘𝑘

ith particle at screening time k

𝑤𝑤𝑖𝑖𝑘𝑘

Weight of ith particle at screening time k

p

mth coefficient of measurement function

M

Order of measurement function

𝜉𝜉

Predefined convergence threshold

N

Number of iterations
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Figure 5.1: Interconnection of subsystems PF1 and PF2 for the prediction of cancer
and cancer pathological stage
-lem, the concepts employed in Bayesian inversion method are discussed next. In
practice, an inverse problem can be represented by two models namely state transition
model and measurement model (Yousuf et al., 2017). The elaboration on these two
models in the context of malignancy estimation in a lung tumor is made in the following
section.

5.2.1

Stochastic State-space Models

To start with, a state vector U = {𝑢𝑢1 , 𝑢𝑢2 , 𝑢𝑢3 , 𝑢𝑢4 , .. . . ., 𝑢𝑢𝑘𝑘−1 , 𝑢𝑢𝑘𝑘 } where each element

𝑢𝑢𝑘𝑘 is a diagnostic score between 0 and 1 that represents the benign/malignancy state of

a lung tumor at a screening interval k.

A state transition model represents the evolution of state 𝑢𝑢𝑘𝑘 with respect to time instants

and can be expressed as (Boers & Mandal, 2019):
𝑢𝑢𝑘𝑘 = 𝑥𝑥𝑘𝑘−1 ( 𝑢𝑢𝑘𝑘−1 , 𝑣𝑣𝑘𝑘−1 )

(5.1)

Here x k (.) is a non-linear and time varying function that models the state transition
process and v k is process noise respectively. The q number of radiomic feature
measurements of a lung nodule in a CT image at any screening interval k are assumed
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to be 𝑧𝑧1𝑘𝑘 , 𝑧𝑧2𝑘𝑘 , , 𝑧𝑧3𝑘𝑘 , , ..., . . . 𝑧𝑧𝑞𝑞𝑞𝑞 , whereas q number of radiomic feature measurements

for intervals from 1 to k are represented by a measurement function Z ={𝑧𝑧11 , 𝑧𝑧21 , 𝑧𝑧31 ,

, ..., . . .𝑧𝑧𝑞𝑞1 ; 𝑧𝑧12 , 𝑧𝑧22 , 𝑧𝑧23 , , ..., . . .𝑧𝑧𝑞𝑞2 ;………; 𝑧𝑧1𝑘𝑘 , 𝑧𝑧2𝑘𝑘 , 𝑧𝑧3𝑘𝑘 , , ..., . . .𝑧𝑧𝑞𝑞𝑞𝑞 } . The

measurement function relates the features measurements to the true malignancy states
of a lung tumor and can be expressed as:
z k = y k (uk , nk )

(5.2)

Here y k (.) is a time varying and independent function that represents measurement
model and nk is the measurement noise. Note that v k and nk measures the degree of
uncertainty in the state and measurement models respectively. Note also that the
formulation of the inverse problem using Eq. (5.1) and Eq. (5.2) implicitly assumes that
the radiomic features measurement process is a localized process, i.e., the measurement
at a particular screening time is only affected by the state of tumor at the previous
screening.
The aforesaid behavior of radiomic measurements is modeled as Markovian
process of order 1. In Figure 5.2, an inverse problem in terms of hidden states and their
observed measurements is shown. The core idea of the Bayesian inversion estimation
is to construct a conditional probability density function (PDF) 𝑝𝑝(𝑢𝑢𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘 ) of nodule’s

current malignancy state 𝑢𝑢𝑘𝑘 , given the nodule’s relevant radiomic features measurement

Zk for every screening up to the latest screening time k. For this purpose, Kalman filter

(Kim & Bang, 2019) provides an optimal solution to the dynamic state estimation

problem but the state transition function and measurement function in Eq. (5.1) and Eq.
(5.2) are required to be linear, and the prior PDF and likelihood function for cancer
diagnosis have to be Gaussian. There has been a lack of discussion on the linearity of
the radiomics based state transition and measurement functions in the literature. Also,
the chosen prior PDF and likelihood function (Shakir et al., 2019) used in the first
subsystem for this study are non-Gaussian, therefore the application of Kalman Filter
is precluded. A more generalized approach is adopted to solve the Bayesian inversion
estimation which is offered by particle filter explained in the following section.
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Figure 5.2: Illustration of proposed inverse problem with hidden states and their
observed measurements

5.2.2

Diagnostic Statistical Framework using Particle Filter
As aforementioned, the proposed diagnostic framework adopts particle filtering

approach in both subsystems PF1 and PF2 to estimate the posterior probability of
malignancy and pathological cancer stage respectively in lung nodules. A numerical
value of diagnostic score 𝑢𝑢𝑘𝑘 above 0.2 and below 0.51 represents a benign tumor

estimated by the first subsystem PF1, whereas any value between 0.51 and 0.80

represents the pathological stage of malignant nodule predicted by the second subsystem

PF2. Although, a malignant nodule can be categorized in any of the 4 following cancer
stages i.e. I, II, III and IV respectively, the proposed model categorizes a nodule into early
stage (I and II) or late stage (III and IV) cancer. A detailed account on the malignancy
score assignment with respect to cancer staging is given in the implementation section.
A particle filter is an algorithm which represents the desired posterior PDF of an
unknown state as weighted samples, also known as particles. Using a large number of
samples (particles), the estimated PDF is approximated to the true PDF. The particle
representation of probability densities can be applied to any state-space model and
therefore generalizes the traditional Kalman filtering methods (X. Wang, Li, Sun, &
Corchado, 2017; Herbst & Schorfheide, 2017). In particle filtering approach to dynamic
state estimation of a lung nodule, the posterior PDF of the unknown state u k is
constructed based on all the available information, including the set of received feature
measurements 𝑍𝑍𝑘𝑘 . Given the likelihood 𝑝𝑝(𝑍𝑍𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘 ) of measured features 𝑍𝑍𝑘𝑘 at time k,
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the posterior density 𝑝𝑝(𝑢𝑢𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘 ) for the set of received features 𝑍𝑍𝑘𝑘 can be computed
using Bayes Theorem (Tommasi, Ferrara, & Saggino, 2018) as follows:
𝑝𝑝(𝑢𝑢𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘 ) =

𝑝𝑝(𝑍𝑍𝑘𝑘 ∣𝑢𝑢𝑘𝑘 )𝑝𝑝(𝑢𝑢𝑘𝑘 ∣𝑍𝑍𝑘𝑘−1 )
𝑝𝑝(𝑍𝑍𝑘𝑘 ∣𝑍𝑍𝑘𝑘−1 )

Here, the normalizing constant 𝑝𝑝(𝑍𝑍𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘−1 ) is given by:

𝑝𝑝(𝑍𝑍𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘−1 ) = ∫ (𝑝𝑝(𝑧𝑧𝑘𝑘 ∣ 𝑈𝑈𝑘𝑘 )𝑝𝑝(𝑈𝑈𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘−1 )𝑑𝑑𝑢𝑢𝑘𝑘

(5.3)

(5.4)

The normalization constant depends upon the likelihood function 𝑝𝑝(𝑍𝑍𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘 ),

defined by the measurement model in Eq. (5.2). While it is possible to estimate the
sequence of states through Eq. (5.3) using complete set of measurements, the solution
proves to be computationally expensive with huge memory storage requirement, and
can be improved using two steps. Therefore, the PDF is obtained recursively from
previous state vector and current measurement in two stages: prediction and update. The
state transition model is used to predict the unknown state at screening time k. Since
the system model is subjected to noise, the prediction step deforms the PDF and
current measurement is used to update and modify the PDF. The filter initializes with
𝑝𝑝(𝑢𝑢𝑜𝑜 ) and updates using the following equation (Khan & Ramuhalli, 2008):
𝑝𝑝(𝑢𝑢0 ∣ 𝑧𝑧0 ) =

𝑝𝑝(𝑧𝑧0 ∣𝑢𝑢0 )𝑝𝑝(𝑢𝑢𝑜𝑜 )
𝑝𝑝(𝑧𝑧0 )

(5.5)

The posterior density function then predicts 𝑝𝑝(𝑢𝑢1 ∣ 𝑍𝑍0 ) using the following Chapman-

Kolmogorov equation (Khan & Ramuhalli, 2008):

𝑝𝑝(𝑢𝑢𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘−1 ) = ∫ 𝑝𝑝(𝑢𝑢𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘−1 )𝑝𝑝(𝑢𝑢𝑘𝑘−1 ∣ 𝑍𝑍𝑘𝑘−1 )𝑑𝑑𝑢𝑢𝑘𝑘−1

(5.6)

and updates to 𝑝𝑝(𝑢𝑢1 ∣ 𝑍𝑍1 ). Recursively, the filter predicts and updates to estimate the

sequential unknown malignancy states of nodules. As discussed earlier, the key idea
behind using a particle filter is to express the PDF 𝑝𝑝(𝑢𝑢𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘 ) of a nodule’s unknown
state at screening interval k as a set of weighted samples. The total number of samples

drawn from an importance density are denoted by N s . A sample point is represented as
𝑢𝑢𝑘𝑘𝑖𝑖 and its associated weight as 𝑤𝑤𝑘𝑘𝑖𝑖 where i = {1, 2,…., Ns}. A randomly measured
weighted sample at any screening interval can be represented as a set {𝑢𝑢𝑘𝑘𝑖𝑖 , 𝑤𝑤𝑘𝑘𝑖𝑖 }.

Using the principle of importance sampling, the weights are normalized such that ∑ 𝑤𝑤𝑘𝑘𝑖𝑖
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= 1. Then, the posterior density at a screening time k can be approximated as:
𝑁𝑁

𝑠𝑠
𝑝𝑝(𝑢𝑢𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘 ) = ∑𝑖𝑖=1
𝑤𝑤𝑘𝑘𝑖𝑖 �𝑢𝑢𝑘𝑘 − 𝑢𝑢𝑘𝑘𝑖𝑖 �

(5.7)

The samples can be drawn from the importance density q (𝑍𝑍𝑘𝑘𝑖𝑖 |Uk ) and the weights can
be assigned using the following association:

𝑤𝑤𝑘𝑘𝑖𝑖 ∝

𝑝𝑝�𝑍𝑍𝑘𝑘𝑖𝑖 ∣𝑈𝑈𝑘𝑘 �

(5.8)

𝑞𝑞�𝑍𝑍𝑘𝑘𝑖𝑖 ∣𝑈𝑈𝑘𝑘 �

If the samples at screening time k−1 are available constituting to probability p
(z1:k−1|u1:k−1), then p (z1:k |u1:k ) is approximated with a new set of samples once the
observation zk is known at the nodule screening time k. When the set of weights
th

1:𝑁𝑁

𝑤𝑤𝑘𝑘−1𝑠𝑠 are available at (k − 1) chest CT screening, the weight wk at the kth screening

can be recursively calculated using the following weight update equation:
𝑤𝑤𝑘𝑘 = 𝑤𝑤𝑘𝑘−1

𝑝𝑝(𝑍𝑍𝑘𝑘 ∣𝑢𝑢𝑘𝑘 )𝑝𝑝(𝑢𝑢𝑘𝑘 ∣𝑢𝑢𝑘𝑘−1 )
𝑞𝑞(𝑢𝑢𝑘𝑘 ∣𝑢𝑢𝑘𝑘−1 ,𝑍𝑍𝑘𝑘 )

(5.9)

The proposed framework employs bootstrap version of the particle filter in which state
transition density represents the importance density. The prior or state transition probability p (u k |uk−1 ) of malignancy in a nodule is modeled using exponential distribution
since the progression rate of lung cancer follows exponential distribution (Suleiman et
al., 2015). It depends upon the malignancy states of cancer 𝑢𝑢𝑘𝑘−1 and 𝑢𝑢𝑘𝑘 at any
consecutive times k − 1 and k respectively and is given as:
𝑝𝑝(𝑢𝑢𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘−1 ) =

𝜌𝜌

�
�𝑢𝑢 −𝑢𝑢
− 𝑘𝑘 𝜌𝜌𝑘𝑘−1
𝑒𝑒

(5.10)

where 𝜌𝜌 is a scalar value that controls the variability in the predicted state value. A

measurement function is needed to compute the likelihood of drawn samples from the
state transition probability function which is discussed in the following section.
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5.2.3

Implementation of Particle Filter

The test datasets which are given as input to the proposed model comprises of longitudinal radiomics data of patients’ CT images acquired from National Lung Screening
Trial (NLST) (National Lung Screening Trial Research Team, Berg, Black, Church, &
Fagerstrom, 2011).

5.2.3.1 NLST Datasets
NLST is a randomized multi-site trial which enrolled 53,454 people with high cancer
risk to assess the impact of using low dose CT screening in mortality reduction from
lung cancer. In this project, low dose CT screenings of enrolled people were performed
for three consecutive years. The three years are termed as T0, T1 and T2 respectively.
A negative annual screening result indicated absence of any tumors and a positive
screening meant detection of nodule(s) on the CT images. In case of a positive screening,
diagnostic procedures (biopsy, cytology etc.) determined if there is a cancer occurrence
also known as screen detected cancer. For the implementation of particle filter,
longitudinal data of participants who had cancer detected after the third year (T2) of
screening were included. This ensured availability of CT data for all the three years in
order to apply the prediction model. A total of 130 cases with positive screening at either
year T0 or T1 followed by screen detected cancer at year T2 were acquired. Another 70
CT data sets with positive screening at either year T0 or T1 and benign nodules detected
at year T2 were accessed from NLST.
The detected nodules from all the 3 CT screenings of each patient were
segmented and 106 3-D features were extracted. This resulted in a set of 3 longitudinal
data readings for each patient. In order to tackle the constraint of fewer data points, cubic
spline interpolation was performed (Yousuf et al., 2017). One point was interpolated
between the data obtained from year T0 and T1, and another interpolation was
performed between year T1 and year T2 data points. The total number of screening
intervals after the interpolation were 5 within a duration of 3 years. This results in the
value of K to be 5. Starting with an initial CT scan, there are 4 sample points following
and each point represents a half-yearly CT screening data of the patient. The
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longitudinal data sets obtained from the above described method were fed into
subsystems PF1 and PF2 respectively of the proposed system for PDF estimation.

5.2.3.2

Implementation of subsystem PF1
The first subsystem PF1 uses longitudinal radiomics data for PDF estimation

which is translated into a diagnostic score. The benign nodules is assigned a random
numerical value or alternatively assumes a value between 0.21 ≤ 𝑢𝑢𝑘𝑘 < 0.51. A nodule

is detected as malignant when the diagnostic score is 0.51 and above. As mentioned
earlier, a state vector U represents a set of numerical scores which can be assigned to the

nodule at every screening time k in terms of malignancy status.
To develop a measurement model with test and observed measurements, two
independent and highly discriminative diagnostic features possessing diagnostic
capability towards cancer were chosen as investigated in Chapter 4. The first selected
feature is Surface volume ratio from the shape feature class and the second feature is
Sum entropy from the gray level intensity feature class. Using Eq. (4.2), the likelihood
function for nodule state estimation at time k incorporating the above two features
measurements is described as follows (Shakir et al., 2019):
3 )
2 )
4 )
𝑝𝑝1 (𝑍𝑍𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘 ) = 𝑎𝑎 + 𝑏𝑏(𝑧𝑧1𝑘𝑘 ) + 𝑐𝑐(𝑧𝑧1𝑘𝑘
+ 𝑑𝑑(𝑧𝑧1𝑘𝑘
+ 𝑒𝑒(𝑧𝑧1𝑘𝑘
+ 𝑓𝑓ln(𝑧𝑧2𝑘𝑘 )

(5.11)

Here z1k represents the Surface volume ratio and z2k denotes the Sum entropy value of
the nodule at k th screening. The value of 𝑝𝑝1 (𝑍𝑍𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘 ) is below 0.51 for benign state and
equal or above 0.51 for malignancy in the nodule. The coefficients of Eq. (5.11) assume
the following values (Shakir et al., 2019):

a = 0.7478; b = 2.2268; c = −5.5856; d = 3.6318; e = −0.73065; f = 1.2814E-02.

The sequence of steps carried out for the proposed diagnostic framework
implementation is demonstrated in Figure 5.3 and are summarized as follows:
1. To start, 𝑁𝑁𝑠𝑠 samples are generated from the prior PDF in Eq. (5.10) for the first
time screening of a lung nodule. The value of 𝑁𝑁𝑠𝑠 is equal to 4000.

2. Next, the features are computed using a measurement function for the known
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malignancy state from step 1. For this, an M th order polynomial is proposed as
a measurement function as follows:
𝑚𝑚
𝑧𝑧𝑘𝑘 = ∑𝑀𝑀
𝑚𝑚=0 𝑝𝑝𝑚𝑚 𝑢𝑢𝑘𝑘

(5.12)

The coefficients p of polynomial are determined from a training database of
known states and the corresponding radiomics feature measurements. The
number of measurement functions depends upon the number of features chosen
for nodule state estimation which is 2 in the proposed scenario. Therefore,
following 2 measurement functions are formulated:
𝑚𝑚
𝑧𝑧1𝑘𝑘 = ∑𝑀𝑀
𝑚𝑚=0 𝑝𝑝1𝑚𝑚 𝑢𝑢𝑘𝑘

𝑚𝑚
𝑧𝑧2𝑘𝑘 = ∑𝑀𝑀
𝑚𝑚=0 𝑝𝑝2𝑚𝑚 𝑢𝑢𝑘𝑘

(5.13)
(5.14)

Here z1 and z2 are the measured values of features namely Surface volume ratio
and Sum entropy respectively with respect to the observed states. The
coefficients p1m and p2m are computed for z1 and z2 respectively.
3. Using the features computed in Step 2, the likelihood PDF is estimated from Eq.
(5.11). The likelihood density is also computed for the test diagnostic features.
The closeness of the two likelihood values obtained determines the sample
weight. Large difference refers to small weight assignment and vice versa.
Subsequently, the weights are updated using Eq. (5.9).
4. The problem of degeneracy with particles is addressed by performing
resampling (Li, Bolic, & Djuric, 2015). Degeneracy occurs when most of the
particles end up having negligible weight after a few iterations. With the
resampling, the particles with minimum weights are eliminated and the ones with
large weights are retained. Following resampling, the posterior PDFs of
malignancy occurrence are estimated using samples and their associated
weights.
5. The PDF estimation process outlined above is repeated for all the cancer
screening times from 1 up till K.
6. The expectation of state computed from the PDF estimates at any k is represented
as posterior mean estimate (PME). Therefore, the final malignancy state of the
nodule at every screening time k using PME is given as:
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𝑢𝑢𝑘𝑘𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 𝐸𝐸[𝑢𝑢𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘 ] = ∫ 𝑢𝑢𝑘𝑘 𝑝𝑝(𝑢𝑢𝑘𝑘 ∣ 𝑍𝑍𝑘𝑘 )𝑑𝑑𝑢𝑢𝑘𝑘

(5.15)

7. As a final step, the convergence checking of particle filter is performed. The
computed single-point estimates of the unknown state from mean posterior
PDFs serve as the initial values of convergence checking. The outlined particle
filter is executed in successive iterations and the obtained posterior PDFs at
all patient’s screenings (1: K) in every iteration are compared with the ones from
the previous iteration. If the error in single point PDF estimates in two
consecutive iterations is within a preset threshold 𝜉𝜉, the filter is said to be

converged otherwise the algorithm continues to run in iterative manner. If each
iteration is denoted by 𝑁𝑁 and the estimated malignancy state of a nodule (K
𝑁𝑁
screening times) evaluated at 𝑁𝑁 is 𝑢𝑢1:𝐾𝐾
then the convergence criterion is given

by:

2
∑𝐾𝐾
𝑘𝑘=1 (𝑢𝑢𝑘𝑘 (𝑁𝑁+1)−𝑢𝑢𝑘𝑘 (𝑁𝑁))

𝐾𝐾

≤ 𝜉𝜉

(5.16)

5.2.3.3 Implementation of subsystem particle filter PF2
The second subsystem PF2 determines the cancer stage and is only activated if the final
diagnostic score estimated by PF1 is equal to or greater than 0.51 indicating malignancy
in the nodule. For a score up to 0.51, the nodule is detected to have benign status. This
subsystem is implemented using the same sequence of steps which are described for
PF1 implementation and are demonstrated in Figure 5.3.
The state vector U here represents a set of numerical scores with respect to cancer
stage at each screening interval k and is defined as follows: 0.51 ≤ 𝑢𝑢𝑘𝑘 ≤ 0.90. For the
differentiation between cancer stages, the designated score range is further divided into

2 groups. The nodules with stage I & stage II cancer are assigned a value such that 0.51
≤ 𝑢𝑢𝑘𝑘 < 0.70. Stage III & stage IV cancer nodules are assigned a value in the range such

that 0.70 ≤ uk ≤ 0.90.

Please note that due to insufficient longitudinal radiomics data, high numerical

scores or scores catering to each cancer stage were not taken into consideration. By
introducing more longitudinal data, high threshold values encompassing each of the 4
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cancer stages can be integrated in the proposed framework.
In order to develop the measurement model for PF2, the likelihood function
developed in Chapter 4, Eq. (4.6) is used. The formulated likelihood radiomic score
detects early or advanced stage cancer by employing the five most discriminating
features and is given as follows (Shakir et al.,2021):
𝑝𝑝2 (𝑍𝑍𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘 )= 1.2 − 1.1348(z1k) − 7.4597e−07 (z2k) + 3.0780e−08 (z3k) +
0.3917(z4k) − 0.00361(z5k)

(5.17)

Here 𝑝𝑝2 (𝑍𝑍𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘 ) indicates likelihood of the cancer stage as early or advanced stage

cancer and possesses a value between 0.51 and below 0.70 for early stage cancer. For the
detection of advanced stage cancer, 𝑝𝑝2 (𝑍𝑍𝑘𝑘 ∣ 𝑢𝑢𝑘𝑘 ) assumes a value between 0.70 and

0.90. The features z1k, z2k, z3k, z4k and z5k represent Sphericity, LDHGLE, Cluster

Prominence, Small Area Emphasis and Strength at kth screening respectively. A
technological comparison of state of the art radiomics based models for cancer and
pathological stage detection is reported in Table 5.2.

5.3

Data Sets Summary
The proposed cascaded particle filtering approach is validated using 200 CT data

sets. The data collection from the National Lung Screening Trial (NLST) comprises of
130 malignant low dose CT (LDCT) volumes from NLST which were diagnosed with
cancer stage I, stage II, stage III and stage IV respectively at the third year (T3) of
screening. The cancer staging was performed according to the Cancer TNM Staging
System. Other 70 datasets include patients’ data diagnosed with benign nodules at the
third year (T3) of screening but detected positive at first screening year (T0). Since
NLST is a multi-site study, there were a number of acquisition scanners from different
manufacturer which were used. The manufacturers included GE, Philips, Siemens and
Toshiba. The dimensions of the acquired images were 512 x 512 pixels. A summary of
the test nodules description is reported in Table 5.3.
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Table 5.2: A technological comparison of state of the art radiomics based models for
cancer and pathological stage detection

Research study

Classification

Test data base

model

(data sets)

Cancer/
Cancer stage
detection

NSCLC-Radiomics
(Shen et al., 2017)

Logistic Regression

(422), Other

Benign, malignant

databases (186)
SVM, LDA,

NSCLC-Radiomics

Naive Bayes

(243)

(C. Chen et al., 2018)

SVM, SFS

LIDC-IDRI (75)

Benign, malignant

(Choi et al., 2018)

SVM-LASSO

LIDC-IDRI (72)

Benign, malignant

(Shabi et al., 2019)

CNN

LIDC-IDRI (888)

Benign, malignant

(Xie et al., 2019)

KBC deep learning

LIDC-IDRI

(Yu et al., 2019)

Random Forest

TCGA(145)

(Jason et al., 2018)

Deep NN

LIDC-IDRI

(Rodrigues et al.,

SCM, SVM

LIDC-IDRI

DNN with heat-maps

NLST(350)

(Gong et al., 2018)

2018)
(Venugopal et al.,

Benign, malignant

1-5 levels defined
by LIDC-IDRI
Stage I,II,III,IV
1-5 levels defined
by LIDC-IDRI
1-5 levels defined
by LIDC-IDRI
Benign, malignant

2020)
Benign,
Proposed system

Bayesian Inversion

NLST (200)

early stage,
advanced stage
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Figure 5.3: Work flow of the Bayesian inversion method implemented in subsystem
PF1 and subsystem PF2 for nodule classification and estimation of cancer
pathological stage respectively
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Table 5.3: A description of test nodules
Benign nodules

Malignant nodules

Max. Median Cancer No. of Min. Max. Median
dia.
dia.
dia.
dia.
nodules dia.
stage
nodules dia.
(mm) (mm) (mm)
(mm) (mm) (mm)
No. of

Min.

I
70

5.4

6

45

50

10

80

53

20

9

80

61

III

30

11

70

54

IV

30

10

70

45

25 II

Results
The proposed particle filter was programmed in MATLAB environment. The 3-

D nodule segmentation was carried out using the Grow Cut algorithm which is reported
to segment large number of nodules efficiently (Yip et al., 2017). A senior radiologist
has verified the location of every test nodules in CT volumes for segmentation purpose.
Pyradomics (Afshar et al., 2019) was used for the extraction of 3-D radiomic feature
extraction. The diagnosis results of cascaded filter were evaluated by setting the value
of M as 2 and 3 in measurement functions from Eq. (5.13) and Eq. (5.14) respectively.
With the order of measurement equations set to 2 (M = 2), the particle filter diagnosed
65 out of 70 benign tumors successfully. In malignant cases, the proposed framework
diagnosed 51 out of 70 nodules having stage I & stage II cancer and 37 out of 60 nodules
with stage III & stage IV cancer correctly.
For a comparison, the performance of the proposed framework was assessed
using measurement equations of order 3 (M = 3). A total of 63 out of 70 benign tumors
were successfully detected whereas in malignant cases, there were 60 out of 70 nodules
with cancer stage I & stage II and 52 out of 60 nodules with cancer stage III & stage
IV which got the correct diagnosis.
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Figure 5.4: Confusion matrix of cancer detection and stage detection using (a) M = 2
and (b) M = 3

Increasing the order M to 4 did not show any significant improvement in the detection
results and are excluded in the discussion. The described diagnostic performance of the
filter is further expressed in terms of precision and recall for 95% confidence interval
along with confusion matrix in Figure 5.4. While the recall values determine the
sensitivity of classification model, precision computes the positive predictive value of
the model. The precision of the filter decreased from 92.86% to 90.0% for benign
nodule classification but increased from 77.857% to 88.57% and 61.667% to 90.0%
respectively for early and advanced stage cancer staging when value of M was
incremented from 2 to 3. The recall metric improved significantly for both benign as
well as early stage classification with M = 3 and the overall sensitivity can be said to be
improved for benign, early stage and advanced stage classification with M = 3.
The estimated diagnostic scores of benign as well as malignant test nodules at
th

the final CT screening (k = 5) which is 4 half yearly reading are plotted against each
test nodule count for M= 2 & 3 in Figure 5.5.
The above discussed trend in state estimation is illustrated by plotting the states
evolution (diagnostic scores) of 3 lung nodules including 1 benign, 1 malignant with
cancer stage IB and 1 malignant with cancer stage IIIA against each half-yearly CT
screening in Figure 5.6. Furthermore, the ROC curves demonstrating the performance
of proposed filter for classification of benign and malignant nodules are shown in Figure
5.7. The AUCs achieved for benign nodule, early stage cancer and advanced stage cancer
detection are 0.8962, 0.8849 and 0.8891 respectively.

M = 3 and M = 2

Figure 5.5: Estimated diagnostic scores of test nodules versus their malignancy status for
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Figure 5.6: Impact of order M on diagnostic scores

5.5

Discussion

According to the achieved performance metric in Figure 5.4, the devised particle filter
has demonstrated excellent diagnostic performance for both benign and malignant
nodules multi-class classification.
Through visual inspection, an overall improvement in the state estimation of
malignant lung nodules can be seen with measurement functions of order 3. Another
comparison of classification results using two values of M shows that the diagnostic
scores using M = 2 has a tendency to shift towards the lower limit of defined diagnostic
ranges causing a spill over in the left adjacent classification group. This trend is
prominent and can be tracked in Figure 5.5. For example, 17 nodules with cancer stage
I & stage II obtained a score below 0.51 with M = 2 in comparison to 6 nodules (M =
3), hence were diagnosed as benign nodules. Similar trend was observed in nodules
with cancer stage III & stage IV where 13 more nodules got diagnosed having cancer
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stage I & stage II due to low scores for M = 2. The computed average error of the
framework in malignancy stage classification is 0.12.
Since no multi-class classification techniques have been reported on NLST
datasets in the literature, multi-class classification was also performed using SVM
classifier which is a widely used classifier (Lengua, M. A., & Quiroz, E. A., 2020) for
a comparative performance analysis. The data sets were chosen from the third year (T2)
screening of NLST where 180 datasets were used for training and the remaining 20
datasets for the testing of SVM classifier. The number of benign and malignant nodules
in the experiments were same as used in the proposed particle and have been reported
in Table 5.3. The classifier was trained and tested 10 times with 10-fold cross validation.
The evaluation metric included averages (for 10 iteration) of Mathew Correlation
Coefficient (MCC) (Chicco, D., & Jurman, G., 2020), precision, recall and accuracy
respectively.
The kernels used for SVM training were linear, Radial Basis Function (RBF)
kernel (a non-linear kernel) and a non-linear polynomial. The multi-class classification
performance in terms of accuracy was 60% and 70% when SVM kernels were linear
and non-linear polynomial. With the application of Radial Basis Function (RBF) kernel
classification performance using SVM significantly improved. Classification of nodules
as benign, having early stage cancer and advanced stage cancer achieved average
precision of 79.08%, recall of 79.09% and an accuracy of 79% respectively. In
comparison, the proposed particle filter resulted in an average precision of 87.46%, recall
of 87.53% and an accuracy of 87.0% respectively. The achieved comparison is reported
in Table 5.4. Evidently, the achieved multi-class diagnosis results using radiomic
features and particle filter are better when compared with the trained SVM on low dose
NLST datasets. The classification performance of particle filter can be improved further
with more historical data made available. The comparison is further performed with
significant algorithms using other databases for a better performance understanding in
Table 5.5.
The limitation to implement the proposed particle filter for cancer and stage
detection is the non-management of patient’s longitudinal CT screening data at several
big hospitals. Therefore, the presented research work will be difficult to use till better
medical image management systems with historical data are available at the hospitals.
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Figure 5.7: ROC curves for the classification of benign nodules and malignant
nodules staging using proposed filter (M = 3)
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Table 5.4: Comparison of multi-class classification performance using PF and
SVM
Prediction
Model

Database
( No. of
datasets )

SVM (RBF

NLST(200

kernel)

CT datasets)

PF

NLST(200

MCC Precision
(%)

Recall
(%)

Acc.
(%)

71.2

79.08

79.09

79.0

80.8

87.46

87.53

87.0

CT datasets)

Table 5.5: Comparison of multi-class classification performance using PF with other
significant classification methods
Author

Classification
Model

Database
(no. of
datasets)

Type of
detection

Best
Performance

(Jason et
al., 2018)

Deep NN

LIDC-IDRI

1-5 levels
defined
by LIDC-IDRI

Acc. = 91.3%

(Rodrigu
es et al.,
2018)

SCM, SVM

LIDC-IDRI

1-5 levels
defined
by LIDC-IDRI

Acc. = 73.4%

(Xie et
al., 2019)

Deep learning

LIDC-IDRI

1-5 levels
defined
by LIDC-IDRI

Acc. = 91%

(Yu et al.,
2019)

Random
Forest

TCGA(145
)

Stage
I,II,III,IV

AUC=0.93

Proposed
technique

PF

NLST(200)

Benign , early,
advanced
stage cancer

Acc.= 86%
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CHAPTER 6
CONCLUSION

The proposed algorithms and models in this dissertation are aimed to contribute in
research areas of segmentation and cancer detection using radiomics which are two
active research domains and are integral part of CAD systems.
The major contributions of the research performed in the thesis are revisited
and concluded as follows:
• A flexible, accurate and stable semi-automatic system for lung nodule segmentation
is developed which is a key component of a cancer diagnosis system. The presented
method increases the accuracy of segmentation by exploiting both, the region as
well as the boundary information of the nodule in a CT image. The proposed technique
has successfully addressed the boundary leakage problem along with oversegmentation and under-segmentation issue which is supposedly a problem area in
otherwise preferred region growing techniques. The algorithm segmented small as
well as large-sized lung nodules from various validation databases with an accuracy of
86% and have obtained good segmentation results in terms of bias, spatial overlap and
repeatability.
• Diagnostic radiomic features for cancer detection and stage estimation were
explored and validated using mathematical equations. Initially, research experiments
were performed to investigate the imaging features which can distinguish the
cancerous tumors from benign tumors. The results showed that a group of radiomic
features developed using general tumor characteristics/ phenotype can diagnose

153

multiple cancer types. Intuitive and concise feature selection techniques using
supervised and unsupervised feature selection methods were presented and compared
to distinguish between benign and malignant tumors on CT images. Furthermore, the
radiomic features which can differentiate be- tween early stage and advanced stage
cancer were investigated using features ranking and LASSO method and were
validated using a mathematical equation. The selected features for cancer and its stage
detection respectively were also validated by training SVM as a classifier.
• An efficient and robust Bayesian inversion framework is proposed for nodule
classification and cancer stage estimation in nodules. The proposed Bayesian method
incorporated the aforementioned formulated mathematical functions for cancer
detection and stage estimation and is capable of malignancy diagnosis in nodules with
very good accuracy. It identifies the cancer stage of a malignant nodule as either
early stage (I & II) or advanced stage (III & IV). The novelty of the work lies in the
radiomics based mathematical approach which is easy to implement and have
demonstrated better performance in terms of accuracy, sensitivity and specificity
when compared with the other existing competent techniques. This contribution is in
contrast to the previous diagnostic systems presented in the literature which can
either detect malignancy or the cancer stage but cannot perform both estimations due
to the absence of large training databases required for multi-class classification. The
presented stochastic system addresses the aforesaid limitation and can perform
detection as well as stage estimation, both accurately using longitudinal data and
likelihood functions. The proposed stochastic framework shows superior
performance over the other prominent cancer detection methods which indicate its
robustness and feasibility for clinical applications.
There are a few limitations to the proposed image analysis algorithms in this
thesis for the improvement of CAD system which need to be considered in order to
achieve better performance. The presented hybrid segmentation model performs better
with an ROI selection close around the lung nodule. Since ROI geometry can change
the movement of 3-D contour around the nodule, a wide ROI can result in attached
anatomical structures being included in the final segmentation due to similar gray level
intensities the attachments and nodule possess. This phenomenon may cause oversegmentation.
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Moreover, the proposed cancer detection and stage estimation method requires
longitudinal data of the lung nodules as input. The databases or repositories maintained at
many hospitals do not usually manage comprehensive historical and longitudinal data
of each patient admitted for chest screening. Due to the pivotal role of such databases
realized in cancer diagnosis, there is an emerging emphasis on proper management of
patient’s longitudinal data. Therefore, the implementation of the presented Bayesian
inversion method will become more convenient along with the passage of time as more
longitudinal data becomes available.

6.1 Future Research Avenues
The presented mathematical framework opens new research avenues in the domain of
mathematical and stochastic modelling and has strong potential for further exploration in
cancer diagnostics. Particle filtering approach adopted in the research work can be
extended to cancer prognosis which is another active area of research to prevent and
control the cancer disease. In-depth investigation through detailed quantitative analysis
is essentially required so that cancer pathological stages can be accurately determined.
Since small size of annotated CT data sets is a limitation to the training of
classifiers, an alternative approach is to explore neural networks which can learn from a
few training data sets. In this regard, few shot learning techniques can be effective to
perform cancer diagnosis. Deep Siamese neural network in particular has shown good
classification performance for medical images stored in imaging formats other than the
CT and opens up new research avenues for nodule classification in CT imaging format.
The possibility of using image registration where lung nodule images are present
in different modalities should also be investigated in depth for cancer diagnosis to further
the research in this very domain.
Furthermore, the radiomic feature analysis for other machine learning methods
besides SVM and Naive Bayes needs to be further explored by increasing the number of
radiomic features from 20 upward for nodule classification.
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