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Abstract

Each year, pulmonary diseases are the underlying cause of death worldwide. The
process of detecting lung diseases can be time-consuming and error-prone. Such errors
can be expensive and affect patients’ lives. Accuracy and fast diagnosis are therefore
crucial. Due to its high clinical impact and remaining challenges, medical image analysis
has become a broad and active area of research in recent decades where various machine
learning methods have been developed to assist in medical diagnosis.

These machine learning models often use neural networks as a tool of image manip-
ulation, feature extraction, and classification and clustering techniques. Our proposed
solution consists of using an alternative approach. In our study, distance and similarity
measures have been applied to medical images hierarchical clustering in order to deter-
mine their usability and accuracy in detecting lung diseases. Three indices were covered
in this work in order to cluster chest X-rays: Euclidean distance, cosine distance, and
Jensen-Shannon divergence.

Each metric proposed has been applied to and tested on CheXphoto dataset with
seven labels. Promising results were obtained with an accuracy range of 61.6% to 81.2%
of correct predictions. Therefore, the proposed methods have a good application prospect
and promotion value.

Keywords: Image Similarity, Machine Learning (ML), Hierarchical Clustering, Jensen-
Shannon Divergence (JSD), Euclidean Distance, Cosine Distance, CheXphoto dataset.
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General Introduction

Respiratory diseases impose a global health burden for being a leading cause of mor-
bidity, disability, and mortality worldwide. Lungs are constantly exposed to a myriad of
noxious agents present in ambient air, such as particles, chemicals and infectious organ-
isms. Early detection of lung diseases plays a major role in the chance of disease recovery
and treatment. Timely detection of respiratory diseases requires adequate access to,
and use of diagnostic instruments, in addition to effective and practical case-finding ap-
proaches that requires intervention of medical doctors or healthcare professionals.

This is becoming a very complex task if a radiologist is not available at time. For this
reason, researchers and scientists have been focusing on creating computer aided systems
that assist medical doctors in the detection of lung diseases. These systems use artificial
intelligence to facilitate the detection of pulmonary diseases using chest imaging. As a
diagnostic tool, medical imaging is one of the most revolutionary advances in medicine.
By providing a visual representation of the inside of human body, medical imaging helps
radiologists make earlier and more accurate diagnosis. Thus, diseases can be treated more
effectively to improve the quality of patient care.

Artificial intelligence and automatic image analysis allow a significant reduction in
work load and a swifter early detection of diseases. These methods often combine hand-
crafted feature representations and classifiers. Many of the previous methods and algo-
rithms have been proposed across the past decades to allow such assistant in diagnosing
lung diseases. The purpose of these algorithms is to automatically uncover patterns in
data. One way to realize this, is by using hierarchical clustering. However, they required
both large volume of dataset and strong computational power computers.

The approach proposed in this thesis leverages existing tool - instead of creating new
AT algorithms - to test their accuracy in medical diagnosis. The motivation behind this
project was to create a pipeline that allows the use of small datasets (< 10?) and limited
computational power. Distance and similarity measures are presented as a tool focusing
our algorithm on as a tool of diagnosis. Such methods have been applied to several Al
applications and have performed relatively well. This thesis, however, focuses on the gap
existing when implementing such metrics in medical image diagnosis. Three methods
have been proposed: Euclidean distance, Cosine distance, and Jensen-Shannon diver-
gence. Each method has been used to cluster images, then tested for accuracy and purity
of clustering.

The rest of this thesis is structured as follows. Chapter 1 first introduces the moti-
vation behind this study, a strong theoretical background relevant to the scope of this
project, and reviewing the latest related research done to detect lung diseases from X-ray



images. Chapter 2 presents the tools used in this work, as well as a detailed overview
of the proposed methods and their evaluation techniques. Chapter 3 covers the applica-
tion, experimental results, and the effectiveness of each proposed approach in clustering
lung diseases. Finally, this thesis is concluded by discussing findings and future work
directions.



Chapter 1

Pulmonary Diseases and Machine
Learning



1.1 Introduction

Pulmonary diseases, or diseases of the lung, represent some of the most propagated
and fatal conditions across the globe. Timely detection plays a major role in the advance-
ment of treatment and recovery. Many tools have been explored over the past decades
to insure that. However, the latest statistics prove that the efforts endured are still not
enough to prevent the increasing number of mortal cases.

In this chapter, relevant technologies, theories, and proposed approaches adopted
in detection of lung diseases are explained. An overview on medical image analysis is
given, while identifying state-of-the-art (SOTA) approaches for disease detection in chest
X-rays. The objective of this chapter is to first, shed light on the importance of this
research scope. Second, is to present current research efforts and what is known about
the methods that have already been explored.Finally, to indicate the knowledge gaps in
the research area, and the challenges that are faced.

1.2 Pulmonary Diseases Overview

Lung diseases are among the leading causes of death worldwide. A study conducted
in 2017 shows that 544.9 million people have a chronic respiratory disease, representing
an increase of 39.8% compared with 1990 [I]. The European Lung White Book argues
that lung infection, lung cancer, and chronic obstructive pulmonary disease (COPD) to-
gether are accounted for 9.5 million deaths during 2008, one-sixth of the global total [2].
Moreover, 1.76 million people die from lung cancer each year, making it the deadliest
cancer in the world [3]. Pulmonary diseases do not only affect adults. Pneumonia kills
over 800,000 children under 5 years old yearly; one child every 39 seconds [].

In Algeria, statistics revealed that lung diseases have a large rate of mortality among
the population. Influenza and pneumonia are ranked 7% leading causes of death, followed
by lung cancer in the 9" place, and tuberculosis in the 14" place [5]. Lung cancer is the
third most common cancer in the country; broken-down by gender, it is the most com-
mon within men. Lung cancer cases have reached an increase of around 8.2% every year.
In regards of fatality, lung cancer has over 13.2% mortal cases, making it the deadliest
cancer in the country [0].

Economic transition, lifestyle changes, and pollution have increased the incidence of
these diseases across the world. The high prevalence of respiratory infections, household,
and outdoor pollution, increased tobacco epidemic, and lifestyle changes that come with
urbanization all together have made respiratory diseases a major burden. The large
numbers presented above are caused by various factors. A World Health Organization
(WHO) report claims that 4.2 million people die every year as a result of exposure to
ambient air pollution. Whereas 3.8 million people die every year as a result of household
exposure to smoke from dirty cook-stoves and fuels. These risks are increased given that
91% of the world’s population live in places where air quality exceeds WHO guideline
limits.[7]. Furthermore, the lack of hospitals, trained professionals, and medical diagnostic
equipment are other challenges that make the diagnosis and treatment of these diseases
difficult.



1.3 Pulmonary Disease Detection

In their primitive stages, lung diseases are detected with the aid of blood test, skin test,
and some X-ray and CT scan. Chest X-rays are the most cost-effective and widely used
tools used for examining and finding the abnormalities and specific structures present in
lungs [¢] [9]. Nowadays, with technological advancements, machine learning algorithms
are used to investigate patterns in medical images that results in disease detection. A
prior understanding of X-ray imaging and chest X-rays is required.

1.3.1 Medical Imaging (Radiography)

Medical imaging techniques can provide detailed images of human anatomy by creat-
ing visual representations of the body’s interior in order to make an accurate diagnosis.
Medical imaging techniques assist physicians by providing additional information that
cannot be seen by a physical examination. Hence, helping physicians avoid medical mis-
takes. These images reveal details about structural, functional organs, and tissues.

Radiography (or X-ray imaging) is the most common imaging technique due to its
accessibility and affordability for the assessment of lung diseases. In the interpretation of
x-rays, one must consider different factors affecting the quality of X-ray images. One is a
technical factor that includes exposure to film (patient radiation exposure), positioning,
penetration, inspirational effort volumes, and the availability of artifacts. A quality X-
ray is characterized by a posterior-anterior (PA) view, a full inspiratory effort where
10 posterior ribs are visible and the clavicle bones seen equidistant from the vertebral
spinous processes. Some of the factors are summarized in the following table [10],[11]:



Factors Analysis

High Quality Well penetrated, vertebral bodies visible behind the heart

Low Quality Under penetrated film-whitened and vertebral bodies not visible.

Contains much information on the thoracic cage, pleura, lungs, peri-

Frontal Vi : iasti
rontal View cardium, heart, mediastinum and upper abdomen.

Lateral View Usually taken to complement the frontal view.

Posterior Anterior: Heart and mediastinum are closest to the film

PA Positioning and therefore not magnified (Commonly used)

Anterior Posterior: Used for patients who are on a chair or in bed.
AP Positioning The clavicle bones cover the upper parts of the lung. The size of
the heart and the mediastinum are also magnified.

10 ribs should be visible, whereas in poor inspiratory efforts, less

Inspiratory efforts than 6 ribs are visible.

Clearly seen on x-ray with well-defined opacities. Artifacts such as

Artifact . . .
riacts patients with tubes, pacemakers, and clothing (buttons).

The amount of breast tissue creates a difference breast tissue ab-
Male & Female chest | sorbs some of the x-rays may cause under or overexposure bilateral
basilar lung infiltrates may cause asymmetrical lung density.

Normal air-filled lungs appear black, each zone must be compared

Lungs in the right and the left.
Heart- Cardiothoracic Ratio-The maximum transverse diameter of
Mediastinum the heart should not exceed 50% of the maximum transverse diam-
eter of the chest on a standard posteroanterior (PA) radio-graph
Bones The clavicles, ribs, and the spine .

Table 1.1: Chest X-ray imaging factors.

The following image presents a clearer illustration of the features of a chest X-ray.

(a) Frontal. (b) Lateral.

Figure 1.1: Typical examination type in which two corresponding X-ray images of the
chest are taken from one patient. On both, the following anatomical structures are visible:
(1) trachea, (2) clavicle, (3) scapulae, (4) ribs, (5) heart, (6) diaphragm, and (7) vertebrae
forming the spine. [12]



The interpretation of X-rays is a task that requires expertise and technical knowledge
of human anatomy and pathologies. Hence, X-rays need to be examined by radiologists
or healthcare professionals who have enough knowledge and experience to determine
the proper diagnosis. This task often becomes laborious in the absence of a healthcare
professional. With the technological developments reached nowadays, pulmonary disease
detection is eased thanks to computer-aided systems and artificial intelligence.

1.3.2 Artificial Intelligence in Medical Diagnosis

The task of lung disease detection is to uncover physical signs when a patient poses
challenging problems by combining medical knowledge, judgment, and experience usu-
ally with the help of computer-based systems. These systems are commonly known as
computer-aided diagnostic (CAD) systems.

According to [13], CAD systems were first introduced in the late 1950s where biomed-
ical scientists started investigating the use of a computer in solving medical and biological
problems. Afterwards, CAD systems began to serve as a foundation for accelerating re-
search in the interface of medicine and computer science. Its applications in searching
for abnormalities uses medical imaging techniques [14].

CAD systems often use artificial intelligence (AI) to serve as diagnostic systems. Re-
searches have built and developed machine learning (ML) algorithms to deal with this
matter. Therefore, the role played by Al algorithms in facilitating detection of lung
diseases from X-rays is crucial and significant. The major downside of ML approaches
is that they principally rely on handcrafted features (manual engineering) that involve
time-consuming and tedious tasks (labor-intensive tasks)[15].

Deep learning (DL), a sub-field of ML, appears to overcome this challenging issue.

Difficulties arise, however, because of the data-hunger characteristics of the DL algo-
rithms in which the availability of such huge datasets are quite limited. Since the vast
majority of the existing studies are conducted on historical datasets to train algorithms,
they showed performance drops when encountered in real-case scenarios [10].
Authors in [17] and [18] have employed DL-based techniques that have achieved some
improvements. However, some conditions were still challenging to detect. Pneumonia,
nodule, and infiltration achieved less that 70% detection rate with an AUC (area under
the curve) of 0.6902. Even though major efforts have been done and have resulted in
tremendous achievements, there still are some questions unanswered. Considering the
latest major studies [17], [18], [19], [20], [21], [22], [23], and [21], the AUC measured is
found to be in the range between 0.7471 and 0.808 only, indicating around 20% miss-
classification errors. Therefore, the results are somehow unconvincing.

The training of a DL model, usually a neural network (NN), for lung disease classifica-
tion arises a challenge: the mismatch between the small input size of the neural network
and the large image size of chest X-rays, and the wide variety of diagnoses. Modern
chest X-rays today typically have a size of 2000 pixels to 3000 pixels [25] due to their
high spatial resolution since high spatial resolution is required by radiologists to distin-
guish the small details of various lung pathologies. Moreover, the input size of common
convolutional neural networks (CNN) for image classification in computer vision is ap-



proximately 224 pixels to 299 pixels [26]. Hence, to correct this discrepancy, the original
image is often downsized to match the CNN input size. This process reduces the spatial
resolution and can compromise the visibility of important features in the image. Another
major issue with DL methods is that they require large computational powers. This task
can be wearisome given that hospitals could find this solution useful, especially due to
data confidentiality and graphical processing unit (GPU) accessibility.

1.4 Machine Learning

1.4.1 Definition

Machine Learning (ML) is a sub-field of Al It is the area of study where computer
programs learn from experience with respect to some tasks and performance measure. ML
allows these algorithms to improve with experience and become more accurate in regards
of making predictions. There are four main sub-classes of ML, categorized based upon
how an algorithm learns; supervised, unsupervised, semi-supervised, and reinforcement
learning.

Supervised Learning

The dataset used in this type of ML is labeled, and the variables to be assessed for
correlation are defined. Hence, both the input and output of the algorithm are specified.
These algorithms are best for:

e Binary classification: dividing data into two categories.
e Multi-class classification: choosing between more than two classes.
e Regression problem: predicting continuous values.

e Ensembling: combining predictions of multiple MLL models to produce an accurate
prediction.

Unsupervised Learning

This type involves unlabeled dataset. The algorithm scans through the training dataset
looking for patterns and connections. The training dataset and the predictions are both
predetermined. Unsupervised algorithms are good for the following tasks:

Clustering: splitting dataset into groups based on similarity.

Anomaly detection: identifying unusual data points in the dataset.

Association mining: identifying sets of items in the dataset that frequently occur
together.

Dimentionality reduction: reducing the number of variables in the dataset.



Semi-supervised Learning

This approach involves a mixture of the two previous ones. The algorithm is fed with
labeled training set, however, it is also free to explore the data on its own to develop its
own understanding of the dataset. Some areas that use semi-supervised learning include:

e Machine translation: translation algorithms based on less than a full dictionary of
words.

e Fraud detection: identifying fraud detection given only few example cases.

e Labeling data: algorithms trained on small datasets to apply data labels on a large
set automatically.

Reinforcement Learning

It works by building a model with a distinct goal and a prescribed set of rules for accom-
plishing the goal. It is often used in:

e Video game-play: teaching bots to play a number of video games.

e Resources management: helping enterprise plan out how to allocate finite resources
to reach a predefined goal.

1.4.2 The Learning Process

To construct a model, it must go through a learning process. The latter consists of these
steps:

Data Acquisition

Data is obtained from the real physical world through measuring devices that convert
physical quantities and observation into digital data that can be read and processed by
computers.

Preprocessing

Preprocessing refers to the transformation of input data befor exploiting it by the algo-
rithm. Preprocessing can be in the form of:

e Data Cleaning:
Data acquired from the real world tends to be noisy, incomplete, and inconsistent.
Data cleaning refers to the process of smoothing noise, filling in missing data, and
correct inconsistencies.

e Standarization:
A transformation of attributes with a Gaussian distribution and different means and
standard deviations to a standard Gaussian distribution of mean zero and standard
deviation of 1. This is realized by the following transformation: z = *>£, where
is the mean, o is the standard deviation, x is the original input, and z is the new
variable.



e Data Re-scaling:
Data comes in different formats, shapes, and sizes. Before proceeding to building
the model, data must be unified in terms of scales. Hence, this step is used to
ensure all data samples falls within the same scale.

Model Learning

One of the ML techniques is used to build a model that derives patterns in data, describes
relationships between data samples, and is able to make predictions for future unseen
inputs.

Model Testing and Evaluation

After the model is constructed, it needs to be tested and evaluated in order to determine
its accuracy and hence, usability for future reference. The testing stage is done using new
data - that the model has not seen before. Whereas the evaluation stage, it is obtained
using several metrics corresponding to the type of the built model.

1.4.3 Clustering

Clustering is an unsupervised ML technique whose aim is to segregate groups with
similar traits and assign them into clusters by dividing data points into a number of
groups (clusters) such that data points in the same groups are more similar to other data
points in the same group than those in other groups. Several clustering techniques have
been developed, from which we distinguish the three following ones:

Exclusive Approach (K-means)

It is a centroid-based algorithm that is the most commonly used. It opts to minimize the
variance of data points within the same cluster.

Overlapping Approach ( Fuzzy C-means)

It is a soft method that allows data to belong to more than one cluster. Each cluster has
a set of membership coefficients that are based on the degree of cluster membership.

Agglomerative Approach (Hierarchical Clustering)

It is a clustering method used to group data sample based upon how similar they rae to
each other. Since it build clusters upon similarity, our work is based on it.

1.4.4 Hierarchical Clustering

Hierarchical clustering is an algorithm that builds hierarchy of clusters. It starts with
all the data points assigned to a cluster of their own. Then two nearest clusters are
merged into the same cluster. This process is repeated until there is only a single cluster
left.

10
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{a) Dendrogram. (b) Nested cluster diagram.

Figure 1.2: A hierarchical clustering of four points shown as a dendrogram and nested
clusters [27].

1.4.5 Dendrogram

Hierarchical clustering results can be shown by a dendrogram. Observations that fuse
at the bottom are similar, whereas those at the top are quite different. A conclusion is
drawn based on the location on the vertical rather than the horizontal axis.

The construction of a dendrogram consists of the following steps:

1. Begin with n observations and a measure of all the @

each observation as a cluster.

pairwise distances. Taking

2. Fori=nn—1,...,2:

e Examine all the pairwise inter-cluster distances among the ¢ clusters and iden-
tify the pair of clusters that are most similar (smaller distance — closer).

e Fuse these two clusters. The dissimilarity between these two clusters indicates
height in dendrogram where fusion should be placed.

e Assign each observation to the cluster whose centroid is closest using a distance
metric.

The following figure illustrates a dendrogram obtained from six data samples (1, ...,6).
The closest samples are then grouped under one cluster; cluster number 7 fusing clusters 2
and 3. This procedure is repeated as explained above until obtaining one cluster (cluster
11).

11
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Figure 1.3: An example dendrogram for hierarchical clustering [25].

A threshold can be established to determine the number of classes wanted. For exam-
ple, if 5 classes are needed, the cluster distance must be chosen around 2, forming classes
7,1,5,4, and 6. If the cluster distance is chosen to be less than 1, six lasses are obtained.
A key aspect of hierarchical clustering process is how to compute the distance between
two existing clusters in order to make a decision on how to group the closest ones together.
In the following sections, distance and similarity measurements methods are discussed.

1.5 Distance Measurements Methods

Distance measures are the fundamental principle for classification. In data science,
the similarity measure is a way of measuring how data samples are related or close to
each other. This is often used in clustering when similar data samples are clustered in one
group. The similarity measure is expressed as a numerical value describing how similar
the two points (z,y) are. This value gets larger when the two points are more alike. This
metric defines how the similarity of two points (z,y) is computed, and will affect the
shape of the resulted clusters.

Euclidean Manhattan Chebychev Cosine

o o NS
« i s

Figure 1.4: The most common distance measures [29].

12



The most distance measures, which are illustrated in Figure 1.4, are given by:

e L2 norm, Euclidean distance: which is the most common distance function. This
represents the smallest distance between each pair of points in the sets P and Q).
It is defined as:

deuc<P7 Q) = ||P_ QH =

e L1 norm, City Block, Manhattan, or taxicab distance: it is very useful in measuring
the distance between two streets in a given city, where the distance can be measured
in terms of the number of blocks that separate two different places. This method
was created to solve computing the distance between source and destination in a
given city where it is nearly impossible to move in a straight line. It is expressed
as :

dman(P, Q) = [P = Qs = Z Ip: — il (1.2)

e Loo norm, Chebychev distance: it can be determined as the sum of absolute differ-
ences of their 2-dimensional coordinates. It is widely used in electronic computer-
aided manufacturing applications such as drilling machines.

dener (P, Q) = maz|p; — ¢;| = |p1 — qi|or|pe — qzor....or|p, — ¢y (1.3)

e Cosine distance: this is widely used in information retrieval systems. It is measured
as follows:

ds(P.Q) =1 —cos(P,Q) =1— —“ _—1_ 1.4
A TN 2T I) ooy =RV S B

In order to determine the closest cluster, different algorithms can be implemented
depending on the link or augmentation criterion. The most common linkage criteria are
the single link, the average link, the complete link, and Ward’s link [30)].

e In the single link algorithm, the cluster distance is determined by the closest obser-
vations (pair of two points) belonging to two different clusters.

e In the complete link algorithm, the distance between two clusters is determined by
the two most distant points between two different clusters (furthest apart).

e For the average link, the distance between two clustered is averaged over all the
distances between all possible point combinations between two clusters.

e Ward’s link utilizes the distance between a central point in each cluster.

A common default is to use Ward’s method which tends to result in balanced clusters.
The complete linkage methods also yields to similar clusters. However, single linkage and
complete linkage tends to result in many singletons and few large clusters.

13



1.6 Similarity Measures using Jensen-Shannon Di-
vergence

In statistics and related fields, a similarity measure is a real-valued function that
quantifies the similarity between two objects. Two of the used similarity metrics used in
information retrieval are the Kullback-Leibler and Jensen-Shannon Divergence. Before
getting into the latter methods, the entropy is first defined.

Entropy of a discrete random variable X, with distribution P, is a measurement of the
amount of information required on the average to describe that variable. It is the most
important metric in information theory as it measures the uncertainty of a given variable.
Shannon defined the entropy H of a discrete random variable X with probability mass
function P(x) as [31]:

- Z P(z)logyP(x) (1.5)
reX
In the previous equation, if we set b = 2 in the log expression, we can estimate the
minimum value in bits necessary to encode all the information contained in X.
The relative entropy measures how distant two distributions are from each other. It is
also referred to as the Kullback-Leibler divergence between two samples.

1.6.1 Kullback-Leibler Divergence

The Kullback-Leibler divergence (KLD) is a measure of how a probability distribution
differs from another probability distribution. Classically, in Bayesian theory, there is some
true distribution P(X); to which the estimate with an approximate distribution Q(X)
is needed [32]. In this context, the KLD measures the distance from the approximate
distribution @) to the true distribution P.

Mathematically, considering two probability distributions P(x),Q(x) on some space X,
the KLD from @ to P (written as Dk (P||Q)) is:

- () x Log( 2
Dy (P P(xz)x L
wlPIQ) == 2 Plehxcboalige)

Letting P(x) and Q(z), x € X, be two probability mass functions (i.e. discrete distribu-
tions). Then Dk (P||Q) > 0 with equality if and only if P(z) = Q(z) for all z. From
the above formula, we note that The KLD is not symmetric [33]; that is:

Drr(PlQ) # Dxr(Q[P)

As a result, it is also not a distance metric. The KLD can take on values in [0, o0].
Particularly, if P and @ are the exact same distribution, i.e. P = @, then Dk (P]|Q) = 0.
An alternate approach is the Jensen-Shannon divergence, another method of measuring
the similarity between two probability distributions. It is a symmetric and smoothed
version of the KL divergence and can be used as a distance metric.

) (1.6)

1.6.2 Jensen-Shannon Divergence

The Jensen-Shannon divergence (JSD) is a principled divergence measure which is
always finite for finite random variables. It is a symmetrized and smoothed version of
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the Kullback-Leibler Divergence [34].

Given a sample x, to measure how likely x is to occur in the ground truth distribution P
as opposed to the simulation distribution ). The likelihood-ratio (LR) will measure this
by:

P(x)
Q(x)
LR > 1 indicates that P(x) is more likely while LR < 1 indicates Q(x) is more likely.
To imrove calculations over dataset, we take the sum of logs, as follows:

LR =

(1.7)

log(LR) = log 1.8
(LR) =3 tool) (18)
JSD offers a smoother and symmetric approach by:
1 1
Dys(P||Q) = §DKL<PHM) + EDKL(QHM) (1.9)

where M = (P(z) + Q(x)).

Using the Shannon entropy H from equation 1.5, the following equation is obtained:

P+Q. H(P)+H(Q)
2 )~ 2

Dys(P||Q) = H( (1.10)
Equation 1.10 shows that the JSD is equivalent to the entropy of the mixture minus the
mixture of the entropy.

The JSD approach has been used in several image processing applications. It has
been used in edge detection [35], to select regions of interest in backgrounds [36] [37], and
in image segmentation [38] [39]. Compared with the traditional information divergence,
the Jensen-Shannon divergence is more accurate in measuring the similarity. [10]

1.7 Conclusion

Chapter 1 provided an overview of machine learning methods on medical image di-
agnosis. This chapter first gave some terminology about pulmonary diseases and their
diagnosis. Statistics about lung diseases were presented in section 1.2, followed by de-
tection and diagnosis approaches in section 1.3. Within this section, X-ray images were
introduced in subsection 1.3.1, and in subsection 1.3.2, state-of-the-art algorithms were
presented. The following section (1.4) covered the contribution of machine learning algo-
rithms in assisting diagnosis using x-ray imaging. In 1.4.4, hierarchical clustering was the
main focus. Then, dendrograms were detailed as a visualization of hierarchical clustering
in 1.4.5. Distance and similarity measurements methods were presented in section 1.5,
explaining different distance measurements and linkage methods used to construct our
clusters. Finally, in subsections 1.6.1 and 1.6.2, Kullback-Leibler and Jensen-Shannon
Divergence methods were tackled respectively.
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Chapter 2

Similarity and Distance Measures
for Hierarchical Clustering



2.1 Introduction

Many CAD systems rely on artificial neural networks (ANN) to classify images. How-
ever, not all tasks require supervised learning or neural networks. With an unsupervised
approach, groups or clusters of images are determined without being constrained to a
fixed feature. Determining data-driven groups without using a priori knowledge about
labels or categories is the end goal of unsupervised clustering. The challenge of using
different unsupervised clustering methods is that it will result in different partitioning of
the samples. Thus, different groupings are formed since each method implicitly impose
a structure on the data. The distance between samples (or the intrinsic relationships)
can be measured with a distance metric (such as Euclidean distance), and stored in a
so-called dissimilarity matrix. The distance between groups of samples can then be com-
puted using the linkage type (for hierarchical clustering).

The proposed method consists of three steps: exploratory data, pre-processing, and clas-
sification step. Each method will be detailed in this chapter.

2.2 Exploratory Data

Lung disease detection is a classification task that requires chest X-ray images as input.
The dataset used is the CheXphoto dataset [11]. Tt is publicly displayed and is created
by a team of researchers from Stanford University, USA. It contains a total of 952 image
of chest X-rays. The dataset has 14 labels; representing healthy cases, observations, and
lung pathologies. The following table represents the acronyms used for each observation,
as well as the number of images in which the observation is found.

Acronym Observation Number of Images
H Healthy - No findings 138
EC Enlarged Cardiomediastinum 327
Ca Cardiomegaly 275
LO Lung Opacity 378
LL Lung Lesion 3
E Edema 168
Co Consolidation 114
Pn Pneumonia 24
A Atelectasis 306
Pt Pneumothorax 24
PE Pleural Effusion 242
PO Pleural Other 3
F Fracture 0
SD Support Devices 321

Table 2.1: CheXphoto Observations’ acronyms.

Figure 2.1 shows a sample of images from CheXphoto dataset.

17



(a) Healthy

(c) Pleural Effusion (d) Atelectasis

(e) Cardiomegaly (f) Consolidation

Figure 2.1: Samples of XRays of different Lung Diseases.

The following table represents the first five lines of the tabulated data used in this
study, where labels " F//L” and ” AP/PA” have already been explained in table 1.1.

Path Sex | Age | F/L | AP/PA |H | EC | Ca |LO |LL |E|Co|Pn| A |Pt|PE|PO|F|SD
CheX... | M 73 F AP 0 1 1 1 0 ]0] O 0110 0 0 0| O
CheX... | M 70 F PA 0 0 0 0 0 ]0] O 0|0 O 0 0 |0 1
CheX... | M 70 L 0 0 0 0 0 ]0] O 0 ]0] O 0 0 |0 1
CheX... | M 85 F AP 0 1 0 1 0 ]1] 0 0|0 O 0 0 |]0| O
CheX... | F 42 F AP 1 0 0 0 0 ]0] O 0|0} O 0 0 0| O

Table 2.2: First five rows of CheXphoto dataset.

2.3 Python Environment

Python [12] is an open source interpreted high-level programming language for general-
purpose programming. Created by Guido van Rossum and first released in 1991, Python
has a design philosophy that emphasizes code readability, notably using significant white-
space. It provides constructs that enable clear programming on both small and large
scales. Python features a dynamic type system and automatic memory management. It
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supports multiple programming paradigms, including object-oriented, imperative, func-
tional and procedural, and has a large and comprehensive standard library. While im-
plementing this project, several libraries were used.

Pandas

Pandas is a software library written for Python programming language used for data
manipulation and analysis. It offers data structures and operations for manipulating
numerical tables and time series. It is one of the most used tool in Machine Learning for
cleaning and manipulating data.

NumPy

It is a library for Python that supports large, multi-dimensional arrays and matrices,
along with high level mathematical functions. It is most used in domains of linear algebra,
Fourier transform, and matrices manipulation.

Matplotlib

It is a comprehensive library for creating visualizations in Python.

PIL

Python Imaging Library, or PIL, is used to adding image processing capabilities to the
Python interpreter. It adds support for opening, manipulating, and saving different image
file formats.

SciPy

SciPy, standing for Scientific Python, is a scientific computation library. It provides utility
functions for optimization, statistics and signal processing. It is designed to give more
extensions of finding scientific mathematical formulae like Euclidean distance, linkage,
Jensen-Shannon Divergence, and dendrograms.

2.4 Data Pre-processing

Before the construction of the classifier, data must be preprocessed to ensure that
images are comparable in color, size, and value range. This study is conducted without
taking into account both gender and age. Hence, the second and third columns of table
2.2 are ignored. In addition, the primary focus is the study of frontal images, and those
that are PA since they provide a clearer view of lung tissues. This criteria has allowed
us to eliminate lateral and AP images from the used dataset.

By analyzing the labels, it is necessary to note that there are some that represent
symptoms - not pathologies. For example, edema, which refers to a swelling caused by
fluid trapped in lungs’ tissues, is considered as a result of an underlying disease. Taking
this into consideration, the dataset observations are reduced to seven classes; healthy,

19



pneumonia, pneumothorax, lung opacity, atelectasis, pleural effusion, and enlarged car-
diomediastinum.

Scanning through the images to be used, it was found that many of them represent
a positive case for many pathologies. For instance, the first row in table 2.2 represents
a chest x-ray of a patient with enlarged cardiomediastinum, atelectasis, and pleural ef-
fusion. In order to avoid this overlapping, only images that represent a single case were
considered. The new dataset can be summarized in the following table:

’ Classes ‘ Number of images ‘
Healthy - no findings 8
Pneumonia 7
Pneumothorax 4
Atelectasis 5
Enlarged cardiomediastinum 7
Lung Opacity 3
Pleural Effusion 4

Table 2.3: Tabulated dataset resulted from preprocessing CheXphoto original dataset.

In the second step of pre-processing data, all images are converted from RGB (Red,
Green, and Blue) to Grey scale images in order to reduce computations as the original
images are in black and white. This results in data stored as matrices (2-D data).
Then, pixel values are normalized between [0, 255] in order to avoid biased calculations.
Finally, only images of the same size are used to ease computations of distances and
similarities which require data to be of the same size.

2.5 Classifier Construction

A cluster is an area of density in the feature space where samples from the domain
(observations) are closer to the cluster than other clusters. In hierarchical clustering,
clusters are formed from a tree-type structure based on the hierarchy. New clusters are
formed using the previously formed ones. In this work, agglomerative (bottom-up) ap-
proach is followed.

Many algorithms use similarity or distance measures between samples in the feature
space in an effort to discover dense regions of observations. Our approach suggests test-
ing various similarity and distance measurements to form clusters that are represented
by dendrograms.

This work’s approach consists of measuring the distance or similarity between images
of each class. Then, constructing clusters based on the distances or similarities. These
clusters are visualized by a dendrogram. Three metrics have been proposed to measure
the similarity/distance between images, whereas the "Ward’ linkage has been used when
constructing the dendrograms.
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2.5.1 FEuclidean Distance

In this study, in order to construct clusters of images, Euclidean distance approach
was first considered. The Euclidean distance between two points is the length of a line
segment between the two points. It is the prototypical example of the distance in a metric
space, and obeys all the defining properties of a metric space.

Properties of a metric are, for every three points p, ¢, and r: [13]

e symmetric, where the distance between two points does not depend on which of the
two points is the start and which is the destination; i.e. d(p,q) = d(q,p),

e positive, meaning that the distance between every two distinct points is a positive
number, while the distance from any point to itself is zero; i.e. d(p,q) > 0 and

d(p,p) =0,
e and obeys the triangle inequality: , d(p, q) + d(q,r) > d(p,r).

As a reminder, the Euclidean distance is calculated by equation 1.1,

n

deuc<P> Q) = HP o QH = Z(pl - qi)2

=1

Letting z,y be two M x N images, r = (', 2%, ..., 2MN) y = (y', 92, ..., y"V), where
aFNFL ykN+ are the gray-scale levels at location (k,1). I our approach, row-wise distances
and column-wise distances are considered separately. Hence, the row-wise and column-

wise Euclidean distances are given by:

B = 3 — o .1

The algorithm used in this method is represented in the flowchart below. The aim is
to calculate the distance between the healthy case and each of the six pathologies, both
row-wise and column-wise, to obtain a dendrogram clustering the distances between each

class.
Read Images

Convert to Grey scale

Calculate Euclidean Distance row-wise and column-wise

Get the corresponding dendrograms for@

Figure 2.2: Euclidean distance method flowchart.
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In Python, this can be obtained using the function pdist that iterates over rows
and columns to calculate the Euclidean distance, as well as the 1inkage function which
results in the "Ward’ distance needed to draw the dendrogram.

2.5.2 Cosine Distance

In data analysis, cosine similarity is a measure of similarity between two sequences of
numbers. As a definition, the sequences are viewed as vectors in an inner product space,
and the cosine similarity is defined as the cosine of the angle between them, i.e. the dot
product of the vectors divided by the product of their lengths. It follows that the cosine
similarity does not depend on the magnitudes of the vectors, but only on their angle.
The expression has already been given by equation 1.4

Z?:l PzQz
Vi PEin @F

The cosine distance is bounded by [—1,1]. For example, two proportional vectors have
a cosine similarity of 1, two orthogonal vectors have a similarity of 0, and two opposite
vectors have a similarity of -1. The cosine similarity is particularly used in positive space,
where the outcome is bounded in [0, 1].

dcos(P7Q) =1-

The most noteworthy property of cosine similarity is that it reflects a relative, rather
than absolute, comparison of the individual vector dimensions. The measure is thus most
appropriate for data where frequency is more important than absolute values.

Prior to using the Euclidean distance, we modify our flowchart to obtain the cosine

distance between each pairs. The rest of the procedure remains unchanged. Whereas in
Python, it is only needed to add the attribute ’cosine’ in the pdist function to obtain

the cosine distance.
Read Images

Convert to Grey scale

!

Calculate Cosine Distance row-wise and column-wise

Get the corresponding dendrograms for@

Figure 2.3: Cosine distance method flowchart.

2.5.3 Jensen-Shannon Divergence

In probability theory and statistics, the Jensen—Shannon divergence (JSD) is a method
of measuring the similarity between two probability distributions. It is based on the
Kullback—Leibler divergence (KLD), with some notable differences, including that it is
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symmetric and it always has a finite value. On the countrary to KL divergence, it
determines in a very direct way a metric; it is the square of a metric [11]. Hence, the
square root of the JSD is a metric often referred to as Jensen—Shannon distance.

The JS divergence expression has already been mentioned in equation 1.9, that is:

Dys(PIQ) = 5 Do (PIM) + 5 Dics (@11 M)

where M = (P + Q).
The JSD is bounded by 1 for two probability distributions given that base 2 is used, i.e.

0< Dys(P||Q) <1

JSD is implemented in Python using the function jensenshannon with attribute
’base=2’. The following flowchart represents the algorithm proposed for this approach.

Read Images

Convert to Grey scale

Calculate the JSD of means of Images

Get the corresponding dendrogram

Figure 2.4: Jensen-Shannon Divergence method flowchart.

2.6 Model Validation and Evaluation

When using machine learning models, it is insufficient to rely on the training set results
only - validation must be performed. In the process of model validation, the model is
subjected to data that has not been presented before in the training phase. Tho goal is
the ability of the model to curry out correct and reliable clustering even when new data
is entered. The following flowchart illustrates the steps of constructing a model.
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Start Model Construction

Selection of Similarity Index

Model Training Using Training Dataset

Model Validation Using Training Dataset

Model Evaluation

Select the Best Performing Model

Evaluation of identified clusters is subjective and may require a domain expert, al-
though many clustering-specific quantitative measures do exist. Typically, clustering
algorithms are compared academically on synthetic datasets with pre-defined clusters,
which an algorithm is expected to discover.

The ultimate goal of a clustering algorithm is to achieve high intra-cluster similarity and
low inter-cluster similarity. In other words, we want data points in the same cluster to be
as close to each other as possible. Whereas the distance between different clusters needs
to be as high as possible.

In order to visualize how well the model is doing on the test set - a set that the proposed
architecture has not seen during training - we use metrics. There are plenty of metrics
used to evaluate ML models, for our purpose, we chose the three widely used techniques
that are: average accuracy, purity, and F-1 score.

2.6.1 Confusion Matrix

A confusion matrix is a square matrix that is used as a way of visualizing the performance
of our prediction model. Each entry in a confusion matrix denotes the number of predic-
tions that were made by the model on the test set where it classified the classes correctly
or incorrectly. The number of rows in a confusion matrix is defined by the number of
classes.
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Figure 2.5: Confusion Matrix for n classes [15].

From the confusion matrix in figure 2.5, when considering the class k (0 < k < n), we
can derive four important values for each class i that are used for computing the metrics
mentioned before. If we consider class i to be positive (1) and the other n — 1 classes to
be negative (0), then:

e True Positive Rate (TPR), also known as the sensitivity, refers to the number of
predictions where the classifier predicts the class ¢ correctly positive.
TP

e True Negative Rate (TNR), also referred to as the specificity, refers to the number
of predictions where the classifier correctly predicts the negative class i as negative.

TN

e False Positive Rate (FPR) refers to the number of predictions where the classifier
incorrectly predicts the other N — 1 class as class .

FP

FPR =75 7N

= 1 — Speci ficity (2.5)

e False Negative Rate (FNR) refers to the number of predictions where the classifier
incorrectly predicts class ¢ classes as one of the N — 1.

FN
FNR= ooy (2:6)

2.6.2 Average Accuracy

It gives the overall accuracy of the model, meaning the fraction of the total samples that
were correctly classified by the classifier.

1 & TP, +TN;

ACCyhpy = —
g n ‘= TP, +TN;,+ FP,+ FN;

(2.7)

25



2.6.3 F1l-score

The harmonic average of the precision and recall, it measures the effectiveness of identi-
fication when just as much importance is given to recall as to precision for each class.

precision X recall

F1 — score = (2.8)

precision + recall

Precision

It tells us what fraction of predictions as a positive class were actually positive. To

calculate precision we use:

Tectsion = —————— .
P TP, + FP,

Recall
It is the ability of the model to find correct predictions per class.

TP,

L 2.1
TP, + FN, (2.10)

recall =

2.6.4 Purity

The purity represents the number of correctly matched class and cluster labels divided
by the number of total data points. Each cluster is assigned with the most frequent class
labels. It is defined by [10]:

N;
purity = Y | <2p; (2.11)

Where:

e N is the total number of objects,

o N, = Z;’;l N;; be the total number of objects in cluster ¢, and N;; be the number
of objects in cluster ¢ that belong to class j,

® p; = max;p;; where p;; = JX/ is the empirical distribution over class labels for
cluster .

The purity is bounded between 0 (bad clustering) and 1 (good clustering). However, we
can easily achieve a purity of 1 by putting each object into its own cluster; this measure
does not penalize for the number of clusters. In general, purity increases as the number
of clusters increases. For instance, if we have a model that groups each observation in a
separate cluster, the purity becomes one.

2.7 Conclusion

This chapter covered the proposed approaches studied in this work. First, the tools
used were introduced starting by the CheXphoto dataset in section 2.2, and the Python
programming language in 2.3. Since the images were not comparable in color, dimension,
and pixel value range, pre-processing steps have been applied. These modifications were
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mentioned in section 2.4. In section 2.5, the three different methods used to build clusters
have been discussed and each method’s flowchart was presented. Finally, section 2.6 shed
light on the criteria used to evaluate the models proposed.
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Chapter 3

Application, Results, and Discussion



3.1 Introduction

This chapter sheds the light on the validation of the models built in the previous chap-

ter. The three methods were tested on data collected from the CheXphoto dataset. First,
clusters were built for each model. Then, the test set is used to predict corresponding
clusters for each sample. Finally, these models were evaluated using previously-mentioned
metrics.
In the following section, each method’s resulting dendrograms are presented. Clusters are
henceforth formed based upon a threshold that separates the healthy class in an individ-
ual cluster. Then, two evaluation metrics are used to test the accuracy of the clustering,
which are the Average Accuracy and purity. Results and findings for each method are
compared and discussed at the end of this chapter.

3.2 Results and Findings

In this section, the resulted dendrograms are discussed in order to form clusters. The
main criterion to determine the number of clusters for each method is the threshold that
isolates the healthy class (denoted H) from the faulty classes. Then, each method’s
cluster tested and evaluated using the average accuracy, F-1 score, and purity.

3.2.1 FEuclidean Distance

The Euclidean distance method proposed consists of constructing two dendrograms; one
for the row-wise distances, and the other for the column-wise distances. After building
the model from the flowchart illustrated in Figure 2.2, Figures 3.1 and 3.2 represent the
outputs obtained.

Euclidean Distance - Rows

Classes

Figure 3.1: Dendrogram representing Row-wise Euclidean Distance of each class.
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Euclidean Distance - Columns

Figure 3.2: Dendrogram representing Column-wise Euclidean Distance of each class.

We note that the arrangement of the classes is not the same when considering row-
wise and column-wise distances. From Figure 3.1, it can be seen that the classes Pleural
Effusion and Pneumothorax (located at the extreme left) have a smaller Euclidean dis-
tance with the class Pneumonia. However, in Figure 3.2, the class Pneumothorax is
clustered far away to the right on Pneumonia and Pleural Effusion. This difference in
arrangement must be taken into consideration. We cannot consider only one dendrogram;
there is a visible difference when considering column-wise or row-wise Euclidean distances.

In order to differentiate the healthy case, at least four clusters need to be formed.
First, only four clusters are formed. However, two arrangements of clustering are possible;
the first one is by taking the row-wise distance first, then using the column-wise distance
to confirm the classification if the image has two or more possible classes. This clustering
is explained in Table 3.1.

Cluster | Pathologies
1 H
2 EC
3 A/LO
4 P/Pt/PE

Table 3.1: Row-wise Euclidean Distance with four clusters.

In order to determine how accurate this classifier is, it needs to be tested and evaluated
using previously discussed metrics. The testing procedure is provided by the flowchart
below - for row-wise distance:
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Read TestImage

Convert to Grey scale

A J

Calculate Euclidean Distance row-wise and column-wise

Get the corresponding dendrograms

Assign the image to the row-wise cluster that has the smallest distance with

Move on to the second row-wise cluster that is closest

column-wise cluster is the same

Output the cluster to which the imag@

Figure 3.3: Testing procedure for the Row-wise Euclidean Distance method.

After obtaining the results of test images, opting to evaluate the model consists first
of constructing the confusion matrix. For this clustering, it is given by:

Cluster

1

2
3
4

NN — =

2
1
1
0
1

N O = =W

DO = DO W~

10

The average accuracy is obtained from Equation 2.7 as :

ACC,,, = 0.7218

Wheras the purity is obtained from Equation 2.11:

Purity = 0.5

And the F-1 score is calculated from Equation 2.8 :

F — 1score = 0.235

The second method takes column-wise distance first into consideration, then uses row-
wise distance to confirm the cluster to which a test image belongs to. The clusters formed

are:
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Cluster | Pathologies
1 EC
2 A/Pt/LO
3 H
4 P/PE

Table 3.2: Columns-wise Euclidean Distance with four clusters considering.

The testing procedure for the column-wise distance is illustrated below.

Read Test Image

4

Convert to Grey scale

Calculate Euclidean Distance row-wise and

column-wise

Get the corresponding dendrograms

y

Assign the image to the column-wise cluster that has the smallest distance with

row-wise cluster is the same

Move on to the second column-wise cluster that is closest

Output the cluster to which the imag@

Figure 3.4: Testing procedure for the Euclidean Distance method with Column-wise

distance priority.

This method allows the construction of the following confusion matrix:

Cluster

1

2
3
4

The average accuracy obtained is:

— = O |
=N 00 NN
DN = DN | W
I e VS AN

ACClyy = 0.7237

Wheras the purity is:

Purity = 0.4474
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and the F-1 score is:
F — 1score = 0.0.203

By choosing to set five clusters, our classifier will have two possible clusters (one
when taking rows distance into consideration first, and the other if the columns distance
is considered first).Following the same procedure as above (for four clusters), the five
possible clusters are tabulated below:

Cluster | Pathologies
1 EC
2 A/LO
3 H
4 P
5 Pt/PE

Table 3.3: Row-wise Euclidean Distance with five clusters.

Cluster | Pathologies
1 EC
2 A
3 Pt/LO
4 H
5 P/Pt

Table 3.4: Column-wise Euclidean Distance with five clusters.

First, let’s consider Table 3.3. This results in the following confusion matrix:

Cluster |1 2 3 4 5
1 1 1 1 3 1
2 0 4 2 0 2
3 1 1 4 0 2
4 O 1 1 3 2
5 1 1 1 1 4

This matrix results in purity:
Purity = 0.4211

and average accuracy of:
1
ACCyyy = 5(3.080) = 0.6160

and of the F-1 score of:
F — 1score = 0.202

By considering the column-wise distance first, as shown in table 3.4, five clusters
resulted differently. The corresponding confusion matrix is:
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Cluster |1 2 3 4 5
1 1 1 1 1 3
2 01 2 2 0
3 0 05 0 2
4 1 0 2 4 1
5 1 0 4 2 4

This matrix results in average accuracy of:
1
ACCyyy = 5(3.802) = 0.7604
and purity of:

Purity = 0.3947

Whereas the F-1 score is:
F — 1score = 0.181

The next step consists of setting the number of clusters to be six. The same procedure
is repeated. The clusters are detailed in the tables below:

Cluster | Pathologies
1 EC
A
H
P
PE/Pt
LO

O O | W N

Table 3.5: Row-wise Euclidean Distance with six clusters.

Cluster | Pathologies
1 EC
A
Pt
LO
H
P/PE

O O | W N

Table 3.6: Column-wise Euclidean Distance with six clusters.

The confusion matrix obtained by table 3.5 is:

Cluster |1 2 3 4 5 6
1 1 11 3 1 0
2 01 2 0 0 2
3 1 0 4 0 2 1
4 0 01 3 21
5 1 01 1 4 1
6 0 000 21




The corresponding average accuracy, purity, and F-1 score for this matrix are:
ACC,,y = 0.7895

Purity = 0.3684
F — 1score = 0.169
Whereas for table 3.6, the matrix bellow is obtained.

Cluster |1 2 3 4 5 6
1 1 11 0 1 3
2 01 0 2 2 0
3 00 2 0 0 2
4 0 021 00
5 1 01 1 4 1
6 1 0 2 2 2 4

The corresponding average accuracy, purity, and F-1 score for this matrix are:
ACCyyy = 0.7864

Purity = 0.3421
F — 1score = 0.160

Finally, the number of clusters is set to the number of classes, i.e. seven. It is
notable that the clusters are the same when considering row-wise distance or column-
wise distance. Hence, only one confusion matrix is obtained, which is:

Cluster
1

N O O W N

=N O = O o
WO OO = WO
— O N ONDND W
O OO = O
O~ = O = Ot
—__0 000 oo
_ o O = OO N

The purity, F-1 score, and average accuracy are calculated. The results are:
ACC,,y = 0.8120

Purity = 0.3421
F — 1score = 0.236
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3.2.2 Cosine Distance

By applying the algorithm shown by Figure 2.3, the following dendrograms are obtained:
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Figure 3.5: Dendrogram representing Cosine Distance with respect to rows of each class
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Figure 3.6: Dendrogram representing Cosine Distance with respect to columns of each
class

Figures 3.5 and 3.6 show that when using cosine distance as a similarity index, both
dendrograms have the same shape and arrangement of classes, but with different values.
Hence, clusters can be formed without having to take row-wise distance and column-wise
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distance independently - unlike when using the Euclidean Distance. Moreover, in order
to be able to distinguish the healthy class, at least five clusters are formed:

Cluster | Pathologies
1 P/ PT/ PE

LO

EC

H

A

QY =~ W N

Table 3.7: Cosine Distance with five clusters.

Since the arrangement of classes is the same row-wise and column-wise, the following
flowchart is considered in clustering test images:

Read TestImage

 J

Convert to Grey scale

Calculate Cosine Distance row-wise and column-wise

Get the corresponding dendrograms

4

Assign the image to the row-wise cluster that has the smallest distance with

column-wise cluster is the same
Move on to the second row-wise cluster that is closest Output the cluster to which the imag@

Figure 3.7: Testing procedure for the Cosine Distance method.

To test the proposed method, the confusion matrix and purity need to be calculated.
First, the confusion matrix obtained from testing the model is:

Cluster |1 2 3 4 5
1 9 0 1 3 2
2 2 1 0 0 0
3 31 2 1 0
4 4 2 1 1 0
5 21 0 1 1
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The average accuracy is obtained from the equation 2.7 as:
ACCyg = 0.7313

and the purity of this cluster is calculated from equation 2.11 as:
Purity = 0.3684

and the F-1 score is obtained from Equation 2.8:
F — 1score = 156

The following table represents the case of choosing six clusters:

Cluster | Pathologies
1 P
Pt/PE
LO
EC
H
A

O O | W N

Table 3.8: Cosine Distance with six clusters.

From the table, the confusion matrix below is obtained:

Cluster |1 2 3 4 5 6
1 2 4 0 1 1 0
2 1 4 0 0 1 2
3 0 21 0 0 0
4 2 3 1 2 1 0
5 04 2 1 1 0
6 0 2 1 0 1 1

As proceeded before, the average accuracy, purity, and F-1 score are calculated as
follow:
ACCyy = 0.2895

Purity = 0.6341
F — 1score = 0.144

Finally, seven clusters are formed in by isolating each class by itself. The following
confusion matrix is obtained:

Cluster |1 2 3 4 5 6 7
1 1 0 4 0 2 01
2 2 2 2 0 0 0 1
3 1 01 1 0 10
4 01 1 1 010
5 0 02 01 00
6 1 0 2 01 10
7 1 2 01 1 0 2

w
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The average accuracy, purity, and F-1 score of this clustering are:
ACC,yy = 0.7791

Purity = 0.2368
F — 1score = 0.131

3.2.3 Jensen-Shannon Divergence

After testing the two previous distance indices, the JSD is tested at last. By applying the
algorithm described by the flowchart in Figure 2.4, the dendrogram obtained is presented
below:
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Figure 3.8: Dendrogram representing JSD of each class.

For the JSD similarity index, five clusters are formed in order to separate the healthy
class from faulty observations. Clusters are illustrated in the table below:

Cluster | Pathologies
1 P/ PT
2 H
3 EC
4 A
5 PE / LO

Table 3.9: Jensen-Shannon Divergence with five clusters.

After setting the number of clusters to five, our model is tested. The average accuracy,
F-1 score, and purity of this clustering are:

ACClyy = 0.6736
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Purity = 0.1842
F — 1score = 0.184

Setting the number of clusters to six (as shown in table 3.10 resulted in the following
evaluation metrics’ values:

Cluster | Pathologies
1 P/Pt
H
EC
A
PE
LO

O T = | W DO

Table 3.10: Jensen-Shannon Divergence six clusters.

ACCyyg = 0.6930
Purity = 0.0789
F — 1score = 0.079

Finally, when setting the number of clusters to the number of classes, the following
results were obtained:
ACCyyy = 0.7360

Purity = 0.0789
F — 1score = 0.068

3.3 Discussion

The following table presents the comparison in the average accuracy and purity of each
clustering method used. It summarized the results obtained in the previous section.

’ Number of clusters \ Clustering method H Average Accuracy \ Purity \ F1-score ‘
4 Euclidean distance - Rows 0.7218 0.5 0.2657
4 Euclidean distance - Columns 0.7237 0.4474 | 0.2031
5 Euclidean distance - Rows 0.6160 0.4211 | 0.2023
5 Euclidean distance - Columns 0.7604 0.3947 | 0.1812
5 Cosine distance 0.7313 0.3684 0.156
5 JSD 0.6736 0.1842 | 0.1840
6 Euclidean distance - Rows 0.7895 0.3684 | 0.1694
6 Euclidean distance - Columns 0.7864 0.3421 | 0.1601
6 Cosine distance 0.6341 0.2895 | 0.1444
6 JSD 0.6930 0.0789 | 0.0789
7 Euclidean distance 0.8120 0.3421 0.161
7 Cosine distance 0.7794 0.2368 | 0.1312
7 JSD 0.7360 0.0789 | 0.0682

Table 3.11: Hierarchical clustering technique with different similarity matrices.
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The experimental results presented to evaluate the performance of the detection of
the cardio-respiratory disease model have revealed several contrasting themes. The Eu-
clidean distance with row-wise distances taken into consideration first has achieved the
highest purity among all methods when four clusters have been set. Where seven clusters
had achieved the highest average accuracy.

Column-wise Euclidean distance has often achieved a better accuracy than the row-
wise Euclidean distance for the same number of clusters. However, the difference is very
small.

When considering the cosine distance method, calculations are reduced due to the co-
herent resulted arrangements in the row-wise and column-wise - in contrary to Euclidean
distance where each arrangement needs to be taken into consideration. From table 3.11,
it can be seen that Cosine distance with five clusters has achieved the highest purity
among other proposed cluster numbers, with a relatively good average accuracy.

In hierarchical cluster analysis, agglomeration of objects with almost the same levels
of features values is better realized using Euclidean distance. However, if the purpose
is to agglomerate objects with similar patterns that may vary by constant additive or
multiplicative translation, then cosine distance achieves a better performance.

When using the square root of the JSD as a metric for image similarity, a very low
purity was resulted in, regardless of the number of clusters chosen. Even though, JSD was
able to cluster classes with around 70% accuracy, clusters’ purity was very low (< 0.2)
compared to the other methods. One of the JSD’s advantages in this application is that
it does not take into account the size of the images - unlike the Euclidean distance. This
feature has allowed the use of a larger number of samples from the dataset that does not
have the same size when testing this method.

There is always a trade-off when setting which method is best suitable. Euclidean
distance offers a better purity, especially for a smaller number of clusters (four or five)
compared to cosine distance. However, cosine distance offers less computations - is hence-
forth faster. Whereas JSD method takes images of different sizes - no need for re-scaling
which results in a loss of information.

These methods have achieved acceptable scores in accuracy compared to the SOTA
machine learning methods mentioned in Chapter 1 - the obtained accuracy range from
0.6160 to 0.8120. However, our approach offers faster computations and preservation of
images’ high dimensionality. Hence, it can be used in the primitive stages of detection
with less than 30% inaccuracy.

3.4 conclusion

This chapter covered the results and findings of the proposed methods discussed in
Chapter 2. First, finding were presented and clusters were extracted. Then, each method
clustering was tested, and tabulated results in confusion matrices. Finally, evaluation
metrics were computed in order to evaluate each method. These results were detained
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in Section 3.2. In Section 3.3, a brief tabulated summary was set based upon evaluation
metrics in order to compare each method’s clusterings. The approach proposed in thesis
was found meeting the previously mentioned gaps.
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General Conclusion

This dissertation addresses the needs for methods and tools that assist physicians
in diagnosing lung diseases. Our proposed approach is based upon using distance and
similarity measures to construct clusters that separate lung conditions. The methods
proposed neither need large computational powers nor large volume datasets. In fact, it
preserves the high resolution size on original chest X-rays.

In Chapter 1, the motivation behind this study was explained by presenting the latest
statistics regarding lung disease propagation and mortality both worldwide and in Algeria
(section 1.2). Furthermore, the previous work done in lung disease detection has been
discussed, shedding light on the limitations and challenges of the trendy machine learn-
ing models used nowadays. In the following sections, background theory of our proposed
approaches were given. In section 1.5, distance measurements were first introduced, fol-
lowed by similarity measure methods in section 1.6.

Chapter 2 focused on our contribution throughout this work. Section 2.2 and 2.3
introduced the main tools used to realize this project; the CheXphoto dataset and the
Python programming language respectively. Needless to say, pre-processing steps were
crucial before proceeding to build the classifier. These steps were discussed in section 2.4.
In section 2.5, flowcharts of Euclidean distance, Cosine distance, and the Jensen-Shannon
Divergence methods were explained. This section explained the core to our project. After
building clusters, model evaluation was needed. Several metrics were opted to determine
the quality of our proposed approach. These metrics were detailed in section 2.6.

The last Chapter, Chapter 3, covered tests and results of the proposed approaches
after applying rigorous evaluation methods, and the results have been discussed and de-
tailed in sections 3.2 and section 3.3.Findings demonstrated that these methods were able
to cluster lung conditions and classify test images with relatively good accuracy using
small datasets and preserved high dimensional images.

These approaches however, can be refined through additional studies in future works.
Our approach consists of applying similarity and distance measurements to a publicly
available dataset with high dimension images that is limited in size; future work is in-
tended to collect more X-ray images, or use larger datasets to make it more represen-
tative. In addition, additional analysis are warranted of the effect of removing noisy
clinical-assigned labels. Radiologists do not always agree on what diseases are present in
a given X-ray. hence, different diseases pattern tends to look similar, further complicating
the detection task. This implies, there is still abundant room for further progress.
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