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ABSTRACT

Background: The unusual growth of the glandular tissue on the boundary of the Thyroid gland
is an indication of Thyroid disease. Thyroid disease is characterised by an unusually high or
low number of hormones produced by the thyroid gland, the two most prevalent kinds are
hypothyroidism (underactive thyroid gland) and hyperthyroidism (overactive thyroid gland).
The main aim of this project was to introduce the concept of an efficient multi-stage ensemble
i.e., the voting ensemble of the homogeneous ensemble which could be used with a variety of
feature-selection algorithms for improving the diagnosis of thyroid diseases. The dataset
utilised in this study was built from real-time thyroid data obtained from the teaching hospital
in DG Khan at District Head Quarter (DHQ), Pakistan. Following the appropriate pre-
processing processes, three kinds of attribute-selection strategies were used: The first approach
used was Select from Model (SFM), the second technique was the Select K-Best (SKB), and
the final methodology was the Recursive Feature Elimination (RFE). Select From Model
(SFM) is a form of attribute-selection strategy that uses a model to select attributes. As potential
feature estimators, the Decision Tree (DT), Logistic Regression (LR), Gradient Boosting (GB)
and Random Forest denoted as the (RF) classifiers were employed in conjunction with each
other. The homogeneous ensemble activated the bagging, boosting-based learners, who were
then classified by the VVoting ensemble, which employed both soft and hard voting to categorise
the data. Other performance assessment criteria such as hamming loss, accuracy, mean square
error, sensitivity and others have been implemented. The results of the experiments reveal that
when the suggested approach for better thyroid sickness detection is applied in its most
practicable form, it is most successful. On the dataset 1, all of the algorithms tested obtained
100 % accuracy with subset of the total no of feature in each case, however on the dataset 2,
more than 98 percent accuracy was reached in every case. On the basis of accuracy and
computing cost, the results given here exceeded equivalent benchmark models in their

respective fields of study.
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CHAPTER 1 INTRODUCTION

1.1. Introduction

This chapter describes the introductory context & problem description, as well as why this
dissertation was written to address it. According to the World Health Organization, thyroid
disorders are the second most common endocrine condition worldwide. Hypothyroidism
affects 1% of the population, while hyperthyroidism affects 2% of people. The prevalence of
men is one-tenth that of women. Secondary to pituitary gland failure or tertiary to hypothalamic
dysfunction, hyper- and hypothyroidism can be induced [1]. Goiter or active thyroid nodules
may become common in some locations due to a shortage in dietary iodine. Endogenous
antibodies can inflict a lot of damage in the thyroid gland, which is why it's a risky area to have
them (autoantibodies). As one of the most common causes of medical diagnosis and prediction,
the beginning of thyroid disease can be difficult to predict. The thyroid gland is a vital part of
the human body [2]. Thyroid hormones are responsible for regulating the body's metabolic rate.
There are two main types of thyroid disease, hyperthyroidism and hypothyroidism, which both
affect the production of thyroid hormones, which regulate metabolic rate. In order to do
analytics on the risk of thyroid disease in patients, data purification techniques were used [3].
According to this paper, machine learning plays an important role when it comes to disease
prediction, and the information acquired from UCI's machine learning repository is used to
create analysis and classification models for thyroid disease. It is critical to have a solid
foundation of information that can be used as a hybrid model for difficult learning activities,

such as medical diagnosis and prognosis tasks [4].

1.2. Background

The thyroid gland produces and stores hormones that aid in the regulation of heart rate, blood
pressure, body temperature, and the rate at which food is turned into energy. Thyroid hormones
are required for the proper functioning of all bodily cells [5]. They aid in the regulation of body
growth and the rate of chemical processes (metabolism). Thyroid hormones also aid in the
growth and development of youngsters. The thyroid gland is located below the Adam's apple,
wrapped around the trachea, in the lower part of the neck (windpipe). It resembles a butterfly,



with two wings (lobes) connected by an isthmus in the centre. The thyroid produces hormones
with the help of lodine; a mineral contained in some meals and iodized salt [6]. Thyroxine (T4)
and triiodothyronine (T3) are the two thyroid hormones that are most significant (T3). The
pituitary gland produces (TSH), which stimulates thyroid hormone production. Calcitonin is a
thyroid hormone that regulates calcium levels & induces bone matrix to deposit calcium. [7].

1.3. Structure Of Thyroid Glands

The thyroid gland is the first endocrine organ to emerge during foetal development. It is
responsible for hormone production. In the first four weeks of pregnancy, it forms as an
epithelial diverticulum, which spreads inferiorly starting at week five as the embryo develops
[8]. It is formed by the foregut endoderm surrounding the base of the primitive tongue. By the
seventh week of pregnancy, the embryo has developed into its final shape and size. [9] To
begin with, the thyroid is made up of many follicles that are enclosed by a fibrous capsule that
divides the parenchyma into multiple lobules, each of which is divided by septae. Additionally,
the septae contain the nerves and blood vessels that nourish each lobule of the body. Follicles
with an average diameter of 200 m are found in every lobule, and they are lined with simple,
flat to low columnar epithelium that varies in height depending on the level of functional
activity present in each lobule [10]. The higher level of functional activity present in a lobule
corresponds to higher levels of follicular epithelium height in the lobule. One variant of the
Hurthle cell has an abundance of granular cytoplasm, and the other has a homogeneous black
nucleus that is centrally located. A Hirthle cell can be distinguished by the fact that it has a
homogeneous black nucleus that is centrally located, and it can also be distinguished by the
fact that it has a centrally located homogeneous black nucleus. Small follicles that extend into
the core portions of bigger follicles are seen throughout the thyroid, and they should not be
mistaken with papillary structures. Sanderson pollsters are found in a scattering across the
thyroid, and they are not to be confused with papillary structures. In addition to colloid, a
viscous fluid composed mostly of the thyroid hormone precursor protein thyroglobulin,
follicles contain other substances such as keratin. It is possible to have several follicles in a
single cell. It is thought that the normal thyroid gland may store thyroglobulin in its colloid for
up to three months at a time. A derivation of the neural crest that develops through the ultimo

branchial body, the perifollicular cell (also known as a C cell) is the thyroid's final cell type.



They are referred to as Para follicular cells because of the way they cluster together within and
between follicles. They are found in the mid- and upper regions of the lobes, where they
produce the greatest number of clusters of cells. The figure below shows the structure of thyroid

glands in human body:
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Figure 1.1. Structure of Thyroid Gland in Human Body

1.4. Location Of Thyroid Gland

The thyroid gland is positioned among the C5 and T1 vertebrae in the occipital region. It's
between C5 and T1. It looks like a butterfly because it has two different sections (left and right).
The trachea's superior rings and cricoid cartilage wrap around the thyroid lobes. This keeps the
thyroid gland inside its normal place. The gland is in the visceral compartment of the neck
(along with the trachea, oesophagus and pharynx). This compartment is defined by the
pretracheal fascia.

Some of the important functions of thyroid gland are given below.

e They are involved in natural growth and development.

e They are also very important for myocardial contraction.
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Figure 1.2 Position of thyroid gland in human body

e They are also responsible for the regulation of bone formation.

e They are also important for the development of white adipose tissues.

1.5.Function Of Thyroid Gland

In short, they are very vital for the normal function of human body and metabolism. The fact
that thyroid hormones have pleotropic effects makes them absolutely necessary for the survival
and optimal functioning of the human body.

1.5.1 Mechanism Of the Function of Thyroid Gland

The thyroid gland, like other glands of the endocrine system, is controlled by a feedback loop
that includes the hypothalamus, the pituitary, and the target gland (thyroid hormone) (the
thyroid). As the name suggests, the HPT axis is a network of connections that connects the
hypothalamus to the pituitary gland and the thyroid gland. Thyrotrophic-releasing hormone
(TRH) is produced by the hypothalamus and is discharged into the venous system, which drains
to the pituitary gland. The hypothalamus is also responsible for the production of insulin.
Thyroid stimulating hormone (TSH), also known as thyrotropin, is produced and secreted by
the pituitary gland when TRH attaches to receptors on the surface of thyrotrophic cells. Throat
stimulating hormone links to TSH receptors in the follicular cells of the thyroid gland, inducing



the production and secretion of thyroid hormones T3 and T4, as well as the production and
release of T4 hormones. The thyroid gland, like all endocrine glands, has both negative and
positive feedback systems; nevertheless, the negative feedback system predominates in the
thyroid glands functioning. Thyroid hormones are created by the thyroid gland, and when they
are released, they negatively feed back to the hypothalamus and pituitary, causing them to shut
down any future thyroid hormone synthesis. This negative feedback loop is ultimately

responsible for keeping hormone levels in the bloodstream generally constant.
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Figure 1.3 Thyroid gland positive (+) and negative (-) feedback mechanism.

The thyroid gland absorbs iodine from the meals you eat to produce two primary hormones:

thyroid hormone and thyroxine.

e Triiodothyronine is a hormone that is produced by the body (T3)

e Thyroxin is a hormone that regulates thyroid function (T4)

It is crucial that the levels of T3 and T4 are neither too high nor excessively low. It is necessary
to maintain the balance of T3 and T4 in the body by communicating with the hypothalamus
and pituitary, two glands in the brain. (TRH) is produced by the hypothalamus, which signals
the pituitary, which tells the thyroid gland whether to increase or decrease the production of
(TSH). The pituitary gland generates more (TSH) when the levels of T3 and T4 in the blood
are low. (TSH) tells the thyroid gland to create more thyroid hormones when the levels of these

hormones are low. Elevated thyroid hormone (T3) and thyroid hormone (T4) levels lead the
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pituitary gland to transmit fewer (TSH) signals to the thyroid gland, causing the thyroid gland
to release less of these hormones. The relationship between the pituitary gland in the brain and
the generation of thyroid hormones can be better understood by looking at diagram 4, which is
shown below. This demonstrates that the amount of iodine in our food activates the brain
pituitary gland, which then sends signals to the thyroid gland to produce thyroid hormone.

1.6. Diseases of Thyroid Glands

In the healthcare industry, the evolution of computational biology is being employed. It enables
the acquisition of previously stored patient data for the purpose of disease prediction. There
are prediction algorithms that can be used to diagnose the disease at an early stage, and they
are accessible. Despite the fact that medical information systems contain a large number of
datasets, there are only a few intelligent systems that can easily analyse disease. Over time,
machine learning algorithms have begun to play an increasingly important role in the
development of new models, particularly in the resolution of complicated and non-linear issues
[11]. To override the features that can be selected from multiple datasets and utilised in
classification in healthy patients to make the prediction of a disease as accurate as possible,
prediction models are employed in any disease. Failure to do so can result in a healthy patient
receiving unneeded therapy as a result of a misclassification. In humans, the thyroid gland is
an endocrine gland located in the human neck beneath the Adam's apple. It is responsible for
the secretion of thyroid hormone, which has an effect on the pace of metabolism and protein
synthesis. In order to determine how quickly our hearts, beat and how quickly we burn calories,
the thyroid hormones are utilised. The thyroid gland secretes two types of active hormones,
levothyroxine (T4) and triiodothyronine (T3), which are responsible for metabolism (T3).
Several hormones are involved in the regulation of the body's temperature. These also
contribute in the carrying and transmission of energy throughout the body, and they are critical
in the management of protein. lodine is thought to be the primary structural component of the
thyroid gland. It has been reduced to a sham in a few specific problems [12]. Hyperthyroidism
can result from a lack of these hormones in the body. There are numerous causes of
hyperthyroidism and underactive thyroids, each with their own set of symptoms. There are
many different types of drugs, such as thyroid surgery, which is susceptible to ionising

radiation, constant discomfort of the thyroid, iodine insufficiency, and a lack of the enzyme



necessary to produce thyroid hormones. In many cases, the amount of thyroid hormone present
in the bloodstream distinguishes a thyroid gland problem from a normal thyroid gland. When
the thyroid gland generates excessive levels of thyroid hormones, a condition known as
hyperthyroidism occurs, and when the thyroid gland produces inadequate amounts of thyroid
hormones, a disease known as hypothyroidism occurs. These disorders are further
differentiated based on the endocrine gland that is responsible for the problem, which can be
classified as primary, secondary, or tertiary, depending on the classification. The thyroid gland,
on the other hand, is responsible for the majority of ailments categorised as primary. Diseases
classed as secondary or tertiary are caused by abnormalities with the pituitary or hypothalamus
glands, respectively. Hypothyroidism, hyperthyroidism, thyroid sick syndrome, and drug-
induced thyroid diseases are among the conditions that can affect the thyroid gland. As a result
of recent improvements in highly sensitive assays for the detection of thyroid stimulating
hormone, illnesses can now be classed as either overt or subclinical, depending on their clinical
manifestation. Subclinical disorders are found before the patient's signs and symptoms present
themselves, as well as before the patient's thyroid hormone levels become abnormally high.
TSH levels are one of the few abnormalities that can be noticed in subclinical disorders, and
this is one of the most common. In other words, thyroid hormone levels will be within normal
ranges after treatment. The thyroid gland produces two active thyroid hormones: total serum
thyroxin (T4) and total serum triiodothyronine (T3), which work together to regulate the body's
metabolism. T4 and T3 are the two active thyroid hormones produced by the thyroid gland.
These hormones are required for the proper functioning of each cell, each tissue, and each
organ, as well as for overall energy yield and regulation, as well as for the production of
proteins in the context of maintaining body temperature [13, 14]. When it comes to thyroid
illness diagnosis and treatment, the functional behaviour of the thyroid disease is the central
concept, and it is the determining factor in the majority of thyroid diseases. Euthyroidism,
hyperthyroidism, and hypothyroidism are the terms used to classify thyroid disease. These
terms refer to thyroid hormone levels that are normal, excessive, or deficient in one or more of
these conditions. The state of euthyroidism is characterised by the thyroid gland's normal
production of thyroid hormones as well as the maintenance of normal thyroid hormone levels
at the cellular level. The clinical symptom of hyperthyroidism is caused by an excess of thyroid

hormones in the circulation and intracellular thyroid hormones. Hypothyroidism is most often



due to deficiency of thyroid hormone production and poor treatment alternatives. [15], [16].
Curing disease is a constant worry for healthcare professionals and providing an accurate
diagnosis at the appropriate time for a patient is critical. Recently, various enhanced diagnosis
methods have been developed that may create a standard medical report as well as an additional
report based on symptoms [17]. Many various questions, such as "what are the causes of thyroid
disease?" and "which age group of people are afflicted by thyroid disease?" and "what is the
most appropriate treatment for a disease?" may have answers when machine learning methods
are used in conjunction with other techniques. Following the processing and implementation
of specific approaches, health care data can be utilised to generate data for the diagnosis and
treatment of diseases more efficiently and precisely, resulting in better decision-making and
the reduction of the risk of death [18]. When employing machine learning techniques, it is
possible to deal with a significant volume of data. Models of classification and distinction are
well suited for the classification and differentiation of data classes. Classification processes are
capable of dealing with both numerical and category values at the same time. There are two
steps to classifying a tuple: first, the model is formed on the basis of some training data, and
then the unknown tuple is presented to the model for categorization into a class label. The
classification system has a significant impact on human behaviour. Contrasting various
categorization algorithms is a difficult task that is highly dependent on the characteristics of
the data set under consideration. When it comes to classification difficulties, logistic regression,
decision trees, and k-nearest neighbour have all earned a well-deserved reputation in the
statistics world [19].

1.6.1 Major types of diseases of thyroid gland:

There are two most common diseases of thyroid glands which are

a) Hypothyroidism
b) Hyperthyroidism

1) Hypothyroidism:

It is hypothyroidism when the thyroid hormones are not available to the tissues in sufficient
levels to function properly. While the vast majority of hypothyroid cases are secondary in



nature, the vast majority of primary hypothyroid cases occur as the result of a problem with the
thyroid gland itself, such as disorders or treatments that damage the gland or interfere with the
production of thyroid hormones, rather than as a result of a problem with the thyroid gland
itself. To a much lesser extent, it is probable that they are caused by pituitary and/or
hypothalamic disease, which leads in TSH and/or TRH shortages. In locations where there is
insufficient iodine, the most prevalent cause of hypothyroidism is autoimmune thyroiditis
(autoimmune thyroiditis). Hashimoto's thyroiditis is caused by the immune system's
destruction of thyroid tissue, which results in thyroid gland inflammation and decreased thyroid
hormone production in the individual who has been diagnosed with the condition. The fact that
this condition is autoimmune in origin means that it is most found in association with other
immune-based disorders. Aspects of it that are distinctive include the existence of circulating
anti thyroid antibodies. In the United States, this condition affects between 2 and 15 percent of
the population, and women are more likely than males to be affected by this condition, which

indicates a gender bias.

Healthy Thyroid Hypothyroidism

Figure 1.4 shows the difference between the normal gland hyperthyroidisms



2) Hyperthyroidism:

As a result of a variety of various conditions, it is possible to develop hyperthyroidism. All of
these disorders are associated with an excessive production of thyroid hormone. Thyrotoxicosis
is a term used to describe a clinical condition characterised by increased thyroid hormone
concentrations in the bloodstream. When it comes to underlying causes of hyperthyroidism
(thyrotoxicosis), Grave's disease is by far the most common in the United States. Grave's
disease is an autoimmune illness in which antibodies generated against thyroid-stimulating
hormone receptors in the thyroid gland induce an overproduction of the thyroid hormones T3
and T4, resulting in a condition known as hyperthyroidism. Females are more susceptible to
Grave's disease than males, despite the fact that the disease has a low prevalence rate in the

general population (0.3 to 0.6 percent).
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Figure 1.5 Effect of hyperthyroidism
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1.6.2 Signs and the symptoms of diseases:

1) Hypothyroidism:

The presence of signs and symptoms that are associated with high TSH levels as well as low
T3 and T4 concentrations in the blood is nearly certain when the disease is openly displayed.
When there are no symptoms or signs of hypothyroidism, thyroid hormones are present within
the normal range, and a high TSH level is present, subclinical hypothyroidism is distinguished
from clinical hypothyroidism. Using the pharmaceutical levothyroxine as a treatment for
hypothyroidism, patients are given oral replacement therapy. It is possible to reverse the test

results as well as the clinical signs and symptoms with the injection of thyroid hormones orally.
2) Hyperthyroidism

It is likely that when hyperthyroidism is openly exhibited, there will be a drop in (TSH) and an
increase in thyroid hormone (T3 and T4) concentrations in the blood. All other thyroid
hormones are within normal limits in patients with subclinical hyperthyroidism, with the
exception of the TSH level, which is abnormal. The treatment of hyperthyroidism can be
accomplished through the use of antithyroid medicines, which work by decreasing the
production of thyroid hormones, or through the use of surgical thyroidectomy or radioactive
iodine, which work by reducing the amount of hyperfunctioning thyroid tissue. When treating
the symptoms of hyperthyroidism, doctors frequently prescribe beta-blockers to help alleviate
the symptoms while they wait for the other medications to take effect. In the case of people on
antithyroid drugs, it is recommended that they have their free T4 (fT4) levels evaluated four
weeks after commencing treatment and every four to eight weeks until they achieve normal

thyroid function.

1.6.3 Methods for the detection of thyroid gland diseases:

There are many tests and methods which are used to diagnose the disease of thyroids. Some of

them are given below:

a) Clinical evaluation
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b) Blood tests

c) Thyroid neck check
d) Imaging test

e) Biopsy

f) Intelligent Testing

1) Clinical evaluation:

When it comes to the detection and diagnosis of thyroid illness, a full clinical assessment is
essential and basic to success. The involvement of a healthcare provider, such as a general
practitioner or an endocrinologist, is required in order to conduct a clinical evaluation of your
thyroid gland. If the patient is subjected to a comprehensive clinical evaluation, the healthcare
provider would typically ask him or her the following question: The doctor used to listen for
the sound of the thyroid and other organs and inspect the patient's neck for swelling and other
abnormalities. Take the temperature of your body. It is possible to have a decrease in body
temperature as a result of an underactive thyroid; on the other hand, hyperthyroidism can cause
a minor increase in body temperature. Take a look at the general amount and quality of hair on
the topic in question. Changes in the texture of one's hair, as well as hair loss and breaking, are
all symptoms of hyperthyroidism or hypothyroidism, respectively.

2) Blood test:

A blood test to detect thyroid hormone levels will most likely be ordered by a healthcare
professional if he or she suspects that someone has a thyroid disease. Your hormone levels are
measured using the following test, which they do. Thymoglobulin/thyroid-binding globulin
(TBG), thyroid-stimulating hormone (TSH), thyroid-receptor antibodies (TRAb). Thyroid
hormones in their many forms, as well as proteins that might stimulate or reduce thyroid
hormone production can all be measured using these procedures. Once the data have been
compiled, the healthcare provider will examine them to determine the type and cause of the
thyroid disease that the individual is suffering from.

3) Thyroid Neck Check
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Despite the fact that it is not considered diagnostic, you can check your neck for lumps and
growth on your own. An examination of the neck is not generally regarded as reliable or
accurate when compared to other testing methods that are available. Although it is unlikely, it
is possible to be diagnosed with thyroid illness even if your neck feels perfectly normal. A self-
check, on the other hand, is not harmful and is simple and straightforward to perform. As you
take a sip of water, you'll softly feel about in your neck with your fingertips to check for any

lumps.
4) Imaging Test

Thyroid imaging tests can be performed to detect thyroid enlargement, atrophy, or nodules in
the context of a thyroid disease diagnosis. Nodules, masses, and enlargement of the thyroid
gland can all be seen with thyroid ultra-sonography. Ultrasound can be used to determine if a
patient's thyroid nodule is a fluid-filled cyst or a mass of solid tissue, which might be helpful
to the healthcare professional. A CT scan can provide a picture of goitre or bigger thyroid
nodules, if they are present. An MRI can also be used to determine the size and form of your

thyroid.
5) Biopsy

Thyroid lumps and nodules that are suspicious are evaluated with a needle biopsy, commonly
known as a fine needle aspiration (FNA) biopsy. After inserting a fine needle straight into the
nodule, cancerous cells are removed and tested in a laboratory to determine whether or not the
nodule is malignant. Ultrasound guidance is sometimes used to guide the needle position during
a biopsy by some healthcare providers. Despite the fact that 95 percent of thyroid nodules are
not malignant, FNA, in conjunction with some additional tests such as the Veracyte Afirma
test, can improve the accuracy of biopsy results and may prevent you from having unnecessary

surgery for nodules that turn out to be harmless.
6) Intelligent Systems
There are a variety of different tests and methods that healthcare providers might use to

diagnose thyroid dysfunction. These tests are considered controversial by conventional
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practitioners, although some of them are acknowledged and in use by alternative, integrative,
and holistic practitioners. These tests include lodine patch tests, Saliva testing, Urinary testing,
and Basal body temperature testing, among other procedures. It has not been determined
whether or if these tests are reliable or valuable. Research investigations and a review of the
literature reveal that there has been minimal progress in the classification methods for patients
whose thyroids have been removed. Many people are familiar with the categorization methods
that were employed in this study. As a result of the aforementioned concerns, this paper shows
how to classify people who have been pruned by thyroid disease utilising logistic regression
classification, decision tree classification, and closest neighbour classification as classification
methods. The thyroid illness database categorises people who have thyroid disease into a
number of different groups. Using machine learning approaches, a wide range of complex
issues can be resolved [20]. We investigated and classified thyrotoxicosis here since ml
algorithms perform a significant role in correctly identifying hypothyroidism, and because
these techniques are high-performing & efficient (and therefore aid in classification) and so aid
in classification. Computer learning and ai have been used in medicine from the very beginning
of the profession. [21] Interest in machine learning-based healthcare solutions is on the rise.
According to some analysts, machine learning will become a common practise in the healthcare
business over the next few years [22]. Hypothyroidism and hyperthyroidism are two of the
most frequent thyroid illnesses in the general population, and the most recent research focuses
on the categorization of thyroid disease in these two disorders (hyperthyroidism and
hypothyroidism). Naive Bayes, Decision Trees, Multilayer Perceptron, and Radial Basis
Function Networks were tested and assessed in a variety of scenarios. In the study, Naive Bayes
proved to be the best accurate classification model. All the models outlined above were shown
to be very accurate at classifying data in this investigation, with the Decision Tree model
scoring the highest classification score. It was important to use machine learning datasets from
Romania and the University of California, Irvine to construct and assess our classifier (UCI).
The KNIME Analytics Platform and the Weka data sets are used together. The framework for
the construction and assessment of categorization models was built using data mining methods.
In an effort to improve accuracy, a study of the literature found that data mining methods were
utilised in much research on thyroid classification. Many models may be used to help identify

thyroid dysfunctions such as hyperthyroidism or hypothyroidism following the findings of this

14



research. Across the board, it was shown that decision-tree models were the most effective
tools for categorising data. Thyroid disease is a tough topic for medical research since it is
difficult to pinpoint the source of the condition, which is a crucial aspect in medical diagnosis
and prediction. Our bodies' thyroid glands are among the most important organs in our bodies'
systems of metabolism. This hormone is responsible for the preservation of metabolic
equilibrium. The release of thyroid hormones regulates the metabolic rate of the body. The
production and release of thyroid hormones are affected by these two of the most prevalent
thyroid illnesses. Thyroid hormones are essential for regulating the body's metabolism and are
produced and released by both of these conditions. With the use of data purification procedures,
analytical approaches may now be utilised to predict the likelihood of thyroid disease in
patients. Disease prediction and classification techniques are aided greatly by machine

learning.

1.7. Research Motivation

As the thyroid diseases are a big problem at the present time. Also, it is not very easy to detect
it in early stage, so it becomes very dangerous and painful. There are many draw backs in the
detection methods of the disease of the diseases of thyroid gland. Also, it is not very cheap to

detect and cure the thyroid diseases. The main objectives of our research are

» To make the detection of the diseases more accurate
» To make the detection of disease more cheap

» We can also make early detection of thyroid disease

In order to diagnose thyroid illness, we may use ml techniques. We can use machine learning
to identify thyroid gland disorders.

1.8. Detection of thyroid gland disease using machine learning:

There are many machine-learning techniques which can be used for the detection of the
diseases of thyroid gland. In [23] author provide information about the prediction and providing
medication for thyroid disease using machine learning. Machine learning is very well suited
for dynamic learning tasks such as medical diagnosis, disease prediction, etc. Machine learning

is essential in the disease prediction process, as well as in the investigation of classification
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models for thyroid disease, both of which are now under investigation. Fundamental pattern
recognition methods are used to identify and inhibit thyroid hormone production. The SVM is
employed in order to forecast the approximate likelihood of a thyroid patient. Author [24] used
machine learning technique for the interactive thyroid disease prediction. In order to enable the
prediction, ML Algorithms, SVM, and decision tree algorithms were all employed to anticipate
the estimated chance of a patient having thyroid ailment. Several machine-learning
technologies and diagnoses for avoiding thyroid illness were also explored. [25] contains
information regarding the author's utilisation ml algorithms to forecast thyroid disease.
Researchers in Iraq utilised 8 different algorithms to diagnose thyroid problems in individuals
at a public hospital, with favourable results. Random Forest, Decision Tree, Naive Bayes,
Logistic Regression, K-Nearest Neighbours, Multilayer Perceptron (MLP), and Linear
Discriminant Analysis were among the machine learning algorithms used in this study. Among
the algorithms tested, the MLP algorithm had the highest accuracy (95.73 percent) and the
lowest accuracy (98.93 percent). In [26] provide information about the use of machine learning
techniques for thyroid disease diagnosis. They discuss the role played by several neural
network models in the identification of thyroid dysfunctionality over the past two decades.
There has been an investigation into methods and neural network models that describe the
characteristics of thyroid gland non-function, its autoimmune status, and the various aspects of
thyroid disease. Thyrotoxicosis (Thyroiditis) is an unending and complex infection that can
occur as a result of elevated (TSH) levels or as a result of problems with the thyroid organ
itself. In [27] author provide information about the identification and classification of thyroid
diseases using deep learning methodology. Thyroid disorders such as hyperthyroidism and
hypothyroidism are among the most frequent diseases of the body's thyroid gland. All of your
metabolic functions, including digestion and energy conversion, are controlled by the thyroid,
which means it is in charge of them all. It is possible to save many lives by detecting thyroid
disease at an early stage. There will also be the development of a web application in which a
scanned image of the inclusion will be used to eliminate both the most time-consuming thyroid
type and the patient investment. According to certain theories, thyroid hormones are
responsible for metabolic regulation. In [28] author use Extreme Learning Machine for the
diagnosis of thyroid disease. Principal component analysis (PCA) combined with an extreme

learning machine (ELM) has been developed to aid in the diagnosis of thyroid disease. The

16



system was developed to assist in the diagnosis of thyroid disease. A total of three steps are
included in the PCA system. The first stage use PCA to create a new feature set that is the most
discriminative possible. The second stage transitions to the second stage, which has as its goal
the production of models. It can be regarded as a highly effective instrument for the diagnosis
of thyroid illness.

1.9. Report Structure
The thesis is subdivided into many chapters, each with its own set of subheadings.

Chapter 1: This chapter provides an outline of the thesis as well as background for the issue.
This is crucial for understanding the remainder of the theory. The next section provides a
summary of the numerous strategies employed in this thesis, including the many ways used to
detect thyroids and to automate the detection system.

Chapter 2: The second chapter is a review of the literature. This chapter aids in the review of
the research's fundamental to advanced principles. It examines and assesses previously
published similar research initiatives. To create computer vision algorithms and generate
predictions, machine learning methodologies have been applied. We examined a variety of

papers in order to identify a research gap, which are mentioned in the following section.

Chapter 3: The third chapter of the study is allotted to the methodology. It discusses the
objective of the research, as well as the methods and design used. It provides an overview of
the thesis-writing process and addresses any pertinent ethical issues. This chapter describes the
research strategy that was employed to execute this project. It entails the following steps:
dataset collection, raw data processing, data cleaning, data pre-processing (fixing dataset
imbalance and handling outliers), feature engineering, model construction (using a ml

algorithm), and performance assessment of the produced models.

Chapter 4: Chapter 4 elaborates on results. This chapter examines the findings, contrasts them
to those already published, and contributes to their assessment. This chapter illustrates the use

of ml algorithms to an imbalanced thyroid disease diagnostic dataset.
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Chapter 5: The conclusion is presented in the fifth and last chapter. Objectives, outcomes, and
limitations of the study are re-stated as well as implementations, limitations, and future research

ideas are examined.
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CHAPTER 2 LITERATURE REVIEW

2.1. Thyroid Disorders Prediction Using Machine Learning

A wide range of machine learning techniques have been applied in recent studies to characterise
and quantify hypothyroidism and disease diagnosis. We'll go over the methods and outcomes
of previous studies that employed machine learning classification models to diagnose thyroid

problems.

In article [29], it was chosen to adopt the supervised learning approach. These strategies for
detecting thyroid disease type were developed using the ANACONDA software and Python
programming language. In addition to SVM and KNN, we used Logistic Regression
and Decision Trees as well as Nave Bayes and Random Forests. We'll plot the results to
examine how accurate logistic regression is compared to random forest. Patients can obtain
low-cost thyroid diagnostic reports using this strategy. Three machine learning-based strategies
for identifying thyroid texture are proposed in this study [30]. ML algorithms include Random
Forest Classifier, SVM and Artificial Neural System. We were able to construct 30
spectroscopic energy-based features for the 2D thyroid US pictures using autoregressive
modelling, which could be utilised to discriminate among thyroid from non-thyroid textures
for such classifiers during training. We employed image-based attributes rather than text-based
descriptions to describe thyroid tissues. The accuracy of all three approaches combined was
roughly 90%.

Two well-known heuristic feature selection procedures that might be used as examples in this
case study are sequential forward and sequential backward selection. The evolutionary method,
a popular strategy for nonlinear optimization problems, has made selecting features easier. The
categorization of thyroid diseases is done using a support vector machine (SVM). The
Intelligent System Laboratory at K.N. Toosi University of Technology of the Imam Khomeini
Hospital was utilised in this [31] study to look at thyroid illness data of two kinds; one dataset
was taken from the UC Irvine Machine Learning Repository, and another dataset composed of

original data acquired at the Imam Khomeini Hospital's Intelligent System Laboratory.
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Thanks to data mining, researchers would be able to diagnose CH quicker and choose the best
treatment strategy. In this cross-sectional investigation, researchers employed the Multilayer
Perceptron (MLP), Iterative Dichotomiser-3 (ID3), Support Vector Machine (SVM) and Chi-
Squared Automatic Interaction Detector (CHAID) for CH diagnosis. Utilizing taxonomy
models, the aforementioned classifiers, Bagging (Bootstrap aggregating) and boosting
procedures, it was possible to prevent the unfavourable effects of dataset imbalance on
classification results. The SVM-Bagging approach achieved the best results, with 100 percent
precision and specificity, 73.33% recall, with 84.62% F-measure and 99.58 % accuracy. The
investigation's findings. Article [33] discusses the usage of splitting attributes of decision trees
to identify thyroid disorders. For classifying thyroid nodules, the approach described here is
successful and efficient. In this study, machine learning methods such as Decision
Trees, (SVM) and Nave To provide a comparison of diagnosis of thyroid ailment, Bayes was
utilised. For this category, the accuracy goal is 99.89%. We previously attempted to use the

Decision Tree but were unsuccessful.

KNN as well as other distance functions were employed by researchers [34] to identify thyroid
disease. Three distinct approaches for feature selection will be used: chi square feature
selection, KNN with feature selection and L1-based feature selection. The thyroid dataset from
a recognised Pakistani hospital as well as data from the KEEL repository have both been used
in this investigation. The updated dataset now includes data on blood pressure, pulse rate and
BMI. It varies from earlier versions due to three new additions (BP). The KNN model was
tested on these two datasets using a range of distance functions. Performance assessment
measures were used to analyse the classifier's efficacy. According to the data, the ideal value
range for k is 1 to 5. The correctness of the Cosine distance functions and Euclidean was tested
using this new dataset, and the findings revealed that they were better. This study looked at
many machine learning techniques and thyroid disease preventative diagnoses. It's very
important to acquire a robust knowledge base which should be added and utilised as a hybrid
model for the handling hard active learning such as prognostication and medical diagnosis [35].
Based on the medical history of a patient Decision Trees, Support Vector Machines, and K-

Nearest Neighbour were utilised to determine the chance of a patient to have thyroid illness.
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The research [22] employs two separate machine learning techniques to find out thyroid
conditions: (SVM) and random forest. Thyroid Dataset of UC Irvine was used in the
investigation. The SVM model was 91 percent accurate in this situation, whereas the Random
Forests technique was 89 percent accurate. The accuracy, precision, recall, and f-score of the
two ml algorithms were compared. SVM is more accurate than random forest for thyroid

diagnostic testing.

Logistic regression, Nave Bayes, K-nearest neighbour (KNN), support vector machines
and decision trees examples of classifiers that employ feature selection methodologies [12].
Pakistan's Dera Ghazi Khan Teaching Hospital provided the information. This thyroid dataset
differed from others in that it included measures of BMI, pulse rate and blood pressure. Instead
of not using any feature selection in the first trial, this study employed L1 and L2 feature
selection procedures. Accuracy, precision, and area under the curve were further factors to
consider. According to the findings, classifiers that used L1-based feature selection beat those
that used L2-based feature selection in terms of overall accuracy (logistic regression 100%,
Naive Bayes 100% and KNN 97.84%).

Thyroid disease was assessed using ml methods in [36]. To make data easier to analyse, data
preparation methods were applied. These procedures make it easy to determine whether or not
a patient is at risk of developing the disease. Machine learning is significantly used in disease
prediction. Decision trees, KNN’s, logistic regression, SVM's and other approaches are used
by scientists to find whether the patient will get thyroid illness (SVMs). A website to collect
user input has been established in order to make good estimations concerning illness kinds.

The inclination of ultrasonic probe while capturing picture has no influence on the CAD
system's characteristics, according to [37]. The researchers employed a methodology known as
Two-Threshold Binary Decomposition to retrieve multiple direction independent
characteristics from 60 thyroid nodules (20 malignant, 40 normal). To assess whether nodules
were malignant or not, classifiers such as Support Vector Machines (SVM) and Random
Forests (RF) were integrated with nodule characteristics. A group of ten persons was used to
cross-validate the categorisation. The sensitivity, overall accuracy, area under the ROC

(receiver operating characteristic) curve and specificity were calculated by averaging
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individual patch data. The accuracy of radio frequency (RF) is 91.6 %; the accuracy of stereo

vision (SVM) is 91.6 %; and the accuracy of stereo vision (RF) is 91.6 %, and so on.

[24] classified thyroid problems into three categories based on data collected from Iraqi
individuals: hypothyroid, hyperactive, and inactive. Normal thyroid function, hyperthyroidism,
and hypothyroidism were all characterised. Support vector machines are used in decision trees,
random forests, logistic regression, naive Bayes, linear discriminant analysis and k-
neighbours, in addition to multi-layer perceptron. The most accurate classifiers
were Decision Trees, Random Forests, Logistic Regression, Nave Bayes, KNN and LDA,
followed by Random Forests with 88% and MLP with 89%.

The author developed an artificial neural network in [25] to construct a model for
differentiating tender from toxic tissues and enhancing ultrasound diagnosis accuracy. The
important sonographic indications and statistically significant changes were employed as the
input layer for the ANN used to predict the malignancy of nodules. The shape, size, internal
composition, echogenicity, peripheral halo on ultrasonography and -calcifications had a
substantial connection with malignant nodule features (absent). The training accuracy
score was 82.3 %, which meant it correctly identified 82.3 percent of thyroid cancer cases
(AUROC=0.818) and had an 84.5 percent sensitivity and specificity. The method's findings
had an accuracy of 83.1%, sensitivity of 83.8%, and a specificity of 81.82% in the validation
cohort. 82.8% is the AUROC score for this study.

On clinical datasets, Decision Tree, Support Vector Machines, and Naive Bayesian Classifiers
are all investigated [3]. SVM is the most widely used algorithm in machine learning. In order
to evaluate the performance of a model, many scholars combined two feature selection
approaches. The wrapper approach is used to assess the classifier's performance, while the filter
approach is used to pick features. For the classification of the data with binary nature Fisher
Discriminant Ration is effectively used for the purpose of ranking the qualities in order of
relevance. The inclusion of extra characteristics to the classification model was evaluated using
three performance indicators: Formula One is all about precision and accuracy. Measuring The

results of this study are significant since they were unexpected.
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They used multivariate pre-processed data from the University of California, Irvine in their
study [26]. Kernel Based Nave Bayes was employed in a hybrid algorithm. The Curse of
Dimensionality is used to reduce the amount of 21 qualities to merely ten. This raises the Nave
Bayes classification accuracy to 92 percent. Medical practitioners face a challenging task in
treating these disorders. Dimensionality reduction methods are used to manage large volumes
of data. Many different filter options have been investigated as suitable wrapper approaches,
including the Greedy Step Wise Search (GSS) technique, Information Gain technique
(IG), Linear Forward Selection (LFS) technique, Best First Search (BFS) technique,
Correlation Feature Selection technique (CFS) and Chi-Square (CS) technique. The WEKA
tool includes the Decision Tree approach, which was used as a classifier in this study. The
characteristics of study participants with breast cancer, diabetes or heart disease were
examined for statistical significance. The CFS technique outperformed the competition in
terms of execution time and accuracy. The CFS approach has an 89.5% on certain datasets,
93.8% on others, and 96.8% on all of them. The consistency and accuracy of the classification
were found to be Exceptionally good. A total no of accurate samples was 96.7%, specific were
96.5% and sensitive were 96.6% and remaining samples had same accuracy, specificity and
sensitivity which is 96.6%.

The importance of early diagnosis in terms of saving people and increasing quality of life
cannot be overstated. The healthcare business gathers massive volumes of complicated data in
order to uncover underlying patterns that can be used for detection, diagnosis, and decision-
making. Data mining has now become a popular method for discovering relevant and
distinguishing patterns in large databases. Researchers employed a number of classification
approaches to identify and treat thyroid disease, including SVM and naive Bayes classifiers
that simply focused on reducing dimensionality, and K-NN [1]. In each and every parameter

test K-NN beats all the other classifiers.

The study's [2] major goal was to identify hyperthyroidism and hypothyroidism using neural
network models and multinomial logistic regression. To see how effectively clinical signs and
laboratory tests predicted future health, researchers used a range of neural network models and
multinomial logistic regression on the data. These models were assessed on average in terms

of area under the curve and accuracy. The accuracy predicted was found maximum by
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considering all the variables in LR (Mean Accuracy = 91.4%) and neural network models
(Mean Accuracy = 91.4%) (Average Accuracy = 96.3%).

HD-classifier [13] is a ML system which employs cognitively based in-memory hyper
dimensional (CMHD) data to classify tumour samples from one’s with non-tumour. The
validity of the technique was tested using three distinct cancer DNA methylation datasets:
THCA (thyroid carcinoma), KIRP (kidney renal papillary cell carcinoma) and BRCA (breast
invasive carcinoma). State-of-the-art classification algorithms, such as Decision Tree-based
software and (SVM), as well as Random Forest-based software, may be used to classify
massive genomics datasets in distributed computing systems. It's become worse since just a
few methodologies have been using clinical data from patients who have a certain disease to
discover their disease genes. The author of this paper gives a methodology named Online
Mendelian Inheritance in Man (OMIN), Protein-protein interaction networks and clinical RNA
sequencing data were used to identify disease genes. DgSeq calculates rewiring information
from clinical RNA-Seq data and generates differential networks from it. The features gathered
from the PPI and differential networks are given into the logistic regression classifiers to train
them. Our dgSeq detects breast cancer, thyroid cancer, and Alzheimer's disease genes with
AUC values of 0.88, 0.83, and 0.80, respectively.

According to the study's [23] goal, quantitative texture analysis using machine learning would
help discriminate among malignant and benign thyroid nodules. Random forest ML classifier
was used to assess the sum of 306 quantitative textural parameters from 198 people for a total
of 188 thyroid nodules (133 benign, 56.4 %; 102 malignant, 43.4 %). To cut down the list of
acceptable features and minimise the total size, reproducibility testing and a wrapper technique
were utilised. The accuracy and sensitivity of the proposed technique, as well as its area under
the curve, were compared to cytopathological or histopathological findings (AUC). Results.
284 (92.2%) of the 306 texture characteristics assessed had high reproducibility (intraclass
correlation was 0.80). The random forest classifier was used to successfully classify 87
malignant thyroid nodules and 117 benign thyroid nodules. The AUC of the model was 0.92.
Conclusions. Using ML classification and quantitative textural analysis, nodules on the thyroid

gland may be classified as benign or malignant. Our findings should be validated by a multi-
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centre prospective study that uses completely independent external data. The preceding

comparison study of machine learning techniques is summarised in Table 2.1.

Table 2.1 Analysis of ML Approaches in Comparison

Reference Methods Data Results Accuracy
Thyroid Diseases
Kour et al. Health e . .
[45] SVM. RF Mining Predlctlon/ Thyroid | Highest
Carcinoma 91%
Data .
Prediction
Health Thyro_id Disease§ _
Rehman et KNN, LR, NB Mining Predlctlop/ Thyroid | Highest
al. [12] Carcinoma 100%
Data .
Prediction
Thyroid Diseases
Prochazka Health e . .
et al.[23] SVM. RF Mining Predlctlop/ Thyroid | Highest
Carcinoma 92%
Data .
Prediction
Decision Tree, Multi-Layer
Perceptron, Nave Bayes, Health Thyroid Diseases
Salman et | Logistic Regression, K-Nearest Minin Prediction/ Thyroid | Highest
al. [24] Neighbours, And Linear 5 g Carcinoma 90%
A . ata -
Discriminant Analysis, Prediction
Random Forest
Health Thy_ro_ld Dlsease§ _
Zhu et ANN Minin Prediction/ Thyroid | Highest
al.[25] g Carcinoma 95%
Data .
Prediction
Health Thyroid Diseases
Geethaet al. Kernel Based Nave Bayes Mini Prediction/ Thyroid | Highest
e ining :
[26] classification Carcinoma 96%
Data .
Prediction
Health Thyroid Diseases
Placzek et Bavesian network Minin Prediction/ Thyroid | Highest
al.[27] y g Carcinoma 93%
Data .
Prediction
Health Thyroid Diseases
Draghiciet Multiole-Instance Learnin Minin Prediction/ Thyroid | Highest
al. [28] P g g Carcinoma 89%
Data .
Prediction

25



2.2. Thyroid Disease Diagnosis Using Medical Imaging

A lot of research has been done in the area of thyroid medical imaging, including a number of
studies in [38]. They are employed in the diagnostic procedure. Medical imaging can be used
to diagnose thyroid disease, and an up-to-date review of the studies on the subject is present in
this study. Thyroid problems and thyroid diagnostics are briefly discussed here. The butterfly-
shaped thyroid gland is located on the front of the neck, directly below the Adam's apple. The
thyroid hormones are produced by this gland. Thyroid hormones particularly, works with the
endocrine system to control metabolism. Thyroid problems include hyperthyroidism,
hypothyroidism, goitre, and thyroid nodules (both benign and malignant). Ultrasound imaging
is routinely used to identify and classify thyroid gland disorders. Other imaging modalities,
such as CT/MRI, are also used. Radiologists and doctors’ benefit from computer-assisted

diagnosis (CAD) because it reduces biopsy ratios, speeds up diagnosis, and reduces effort.

Thyroid cancer is relatively common all around the globe, and it has been on the rise in Canada
and United States of America in recent years. On physical examination, the majority of the
patients have palpable nodules, however ultrasound investigations indicate a high number of
tiny and medium-sized nodules. A biopsy sample is taken from a problematic lesion using fine
needle aspiration. Because biopsies are invasive and sometimes inconclusive, many research
groups have sought to create computer-aided diagnostic procedures. Radiologists manually
determined clinically relevant sections in past attempts along similar lines. As a result of
current artificial intelligence achievements, many novel approaches for automatically
recognising certain thyroid ultrasonography characteristics are being created (Al). Our
evaluation of Al's present status in thyroid cancer sonographic diagnosis is summarised in this
work [39]. On the basis of approach, the numerous ways of detecting thyroid cancer are
classified. We analyse how ultrasound applications can have a stronger influence on future
thyroid cancer detection in this evaluation of more than 50 studies, taking into account
difficulties and trends in computer-aided diagnosis and sonographic thyroid cancer diagnosis
possibilities. Machine learning will be significantly used in future thyroid cancer diagnosis

systems.
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Thyroid ultrasonography is the subject of this study [40]. There has been the introduction of a
new knowledge-based categorization system. A Densely Connected Convolutional Network is
assisted throughout its learning phase by signals supplied by a group of experts in the proposed
solution (Dense Net). Previously calculated feature parameters might be employed with the
ensemble to construct ultrasonography domain experts through transfer learning. The number
of training samples necessary would be reduced as a result. The ensemble's performance is
based on a number of ImageNet-trained networks. Several experiments were conducted in
order to validate the suggested strategy and give performance data for both of the experts and
DenseNet depending on their expertise. Researchers discovered that a novel diagnosis method

based on past information gained through consultations might be a useful tool.

Dov et al. [41] proposed MLE named approach, which presents a two-level DL methodology,
as a framework to look at their influence outside of the MIL scenario. The approach assigns
local malignancy ratings to informational events, which are subsequently utilised to create a
global malignancy prognosis. Multiple instance labels and bags might be forecasted at the same
time using single neural network's output. This algorithm exceeds all others in comparison, is
as excellent as an expert at making judgements and can be used to increase or reinforce human

judgments.

The influence of section-type on automated algorithms for the detection of thyroid cancer was
studied by Gadermayr et al. [42]. This was accomplished by creating a two-part data collection
method for every researcher. Furthermore, the examination of frozen-to-paraffin translation
determine if it will aid categorization results. In order to deal with the limited number of
training data while boosting classification accuracy, a specific data augmentation approach is

also proposed.

Dov et al. [43] made a unique diagnostic methodology based on real-world medical practises.
To begin, find and identify diagnostic picture areas containing instructive thyroid cells, which
make up a tiny fraction of the whole image. Combining these regional estimations yields
thyroid cancer prognoses. The deep learning approach is guided by many unique aspects of
thyroid cytopathology. This approach is similar to multiple instances learning in that it uses a

supervised algorithm instead of random sampling to locate diagnostically relevant areas. It is
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also feasible to forecast thyroid cancer while also obtaining a human expert diagnostic score,
allowing for even greater training. Experiments have proven that the proposed algorithm is as
excellent as human specialists in spotting perplexing cases, and that it may be utilised for

screening in the improved diagnosis of these cases.

Rivenson et al.[44] stained a microscopic picture with only a auto-fluorescence wide-field shot
of a tissue sample without label, which was a time and cost-effective alternative to the
traditional histochemical staining technique. Using CNN trained with generative adversarial
network models, an autofluorescence picture of a tissue section that hasn't been tagged/ labbled
is translated on a comparable photograph of the stained version under bright light with identical
specimen. We successfully made virtual stained microscale pictures containing samples of
tissue of human beings with the addition in the sections of liver tissue, thyroids,
lungs, and salivary glands, and sections of thyroids and salivary glands, in the lab. This label-
free virtual staining technology eliminates the need for time-consuming histochemical staining

processes.

After going through a lot of research and literature we came to the conclusion that sound speed
of longitudinal wave possesses diagnostic characteristics equivalent to shear wave imaging, a
unique approach based on single-sided pressure-wave sound speed measurements paired with
channel data was created in [15]. In this study, a fully convolutional deep neural network was
used to suggest a single-sided solution for sound speed inversion. Use simulations to produce
an infinite supply of real-world data, then apply what you've learned. In soft tissue, high frame
rates enable longitudinal sound speed to be reversed. Prior to using real data, dummy data was
utilised to evaluate the technique. With so little real-world data, several excellent findings have

been made.

To discover relevant characteristics of RNA expression in this dataset, an experimental method
including multiple feature selection has been applied [45]. Following that, samples were
categorised using a number of machine learning algorithms that took many characteristics into
consideration. The AUROC of this transcript is 0.66, indicating that it can discriminate among
both early-stage and late-stage samples. This was accomplished using an AUROC-based single

gene ranking method. In validation data, a panel of five protein-coding transcripts with F1
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scores between 0.97 and 0.99 (confidence range: 0.91-0.99) distinguished malignant from non-

cancerous samples.

This study [46] uses knowledge graph technology to join with different medical data systems
to make it easier to diagnose disease. A graph of medical knowledge for thyroid disease
developed in this study is used to generate an intelligent medical diagnosis. Discover the links
between diverse biological elements before developing a biomedical knowledge network. The
knowledge graph embedding method then converts all of the nodes and interactions in the
graph into low-dimensional continuous matrices. The data from known pathological sickness
relationships is utilised to train the disease diagnosis model BSTLM in a bidirectional long-
short-term memory network. Experiments have demonstrated that diagnosing thyroid illness
with knowledge graphs and deep learning is more accurate than using standard approaches.
Medical treatment based on the knowledge graph, as depicted below, might help alleviate the
country's present dearth of high-quality medical resources.

Radionics and ml are two medical diagnostics areas that have the potential to revolutionise the
practise of medicine. Medical imaging algorithms based on artificial intelligence can predict
tumour diagnosis and treatment response. Yes, they are. These approaches, however, still have
a problem with diagnostic accuracy. Each method's data input requirements, as well as the
differences and limits between them, have been carefully investigated [47]. Here's a summary
of how artificial intelligence is utilised in thyroid picture analysis. A number of outstanding
difficulties must be overcome before Al can be broadly deployed in healthcare. Knowledge of
the risks associated with artificial intelligent based programs is essential for achieving each
patient's best potential outcome.

The authors [6] propose a novel multimodal MRI-based CAD system for the identification of
benign and malignant thyroid nodules. For texture learning, the suggested CAD uses
convolutional neural networks (CNNSs). Our system makes three significant contributions. For
the first time, T2-weighted MRI and apparent diffusion coefficient (ADC) maps were
combined with a CNN to model thyroid cancer. As a result, it can extract increasingly complex
texture patterns from both modalities simultaneously. By adjusting diffusion gradient

coefficients, a large number of scans are included into the deep learning process. Finally, for
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each input, the suggested system employs a large number of channels. The suggested technique
was compared to state-of-the-art CNN models available presently and different ML programs
that use features which are handmade to see how accurate it is. With a diagnostic accuracy of
0.87, specificity of 0.97, and sensitivity of 0.69, the system surpassed all other techniques in
the research.

Fish bones and other toxins are frequently found in the oesophagus and throat. A frequent
foreign body detected in the body is a fish bone. [48] revived some old research and put up a
summary. Fish bones are tough to discover while seeking for a foreign body. The danger of
fish bones being stuck in the thyroid must be considered by surgeons. To prevent any
misconceptions, it's advisable to keep to the patient's medical history as well as a careful fish
bone. To confirm the diagnosis, computed tomography scanning (CT), ultrasound, and other

diagnostic techniques might be employed.

Machine learning is becoming increasingly important to medical professions. Doctors and
other healthcare practitioners need the right equipment to make accurate medical diagnosis. If
we want to deliver helpful materials to medical practitioners, we will need classifiers. [9] Meta-
learning techniques can be used to forecast the finest classifier for a given dataset. These
techniques can be used as well. The findings show that medical diagnoses may be confidently

statistically classified.

Table 2.2 A Study of DL Methodologies in Comparison

Reference | Methods Dataset Approach Results Accuracy
Malignant and X-rays Malignant and
Dov et MLE Benign /Medical Benign Nodules | Highest
al.[41] Thyroid Imaging CT Thyroid 98%
Nodules scan Carcinoma
Malignant and X-rays Malignant and
Gadermayr CNN Benign /Medical Benign Nodules | Highest
et al.[42] Thyroid Imaging CT Thyroid 90%
Nodules scan Carcinoma
Malignant and X-rays Malignant and
Dov et CNN Benign /Medical Benign Nodules | Highest
al.[43] Thyroid Imaging CT Thyroid 91%
Nodules scan Carcinoma
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Malignant and X-rays Malignant and
Rivenson et | Modified Benign /Medical Benign Nodules | Highest
al.[44] CNN Thyroid Imaging CT Thyroid 95%
Nodules scan Carcinoma
Malignant and X-rays Malignant and
Feigin et CNN Benign /Medical Benign Nodules | Highest
al.[15] Thyroid Imaging CT Thyroid 96%
Nodules scan Carcinoma

2.3. Thyroid Disease Detection Algorithms Based on Clustering

Santos et al. [49] used an autoendocer with nonlinear nature to predict ageing values using the
cross-sectional data collected from 1.4M individuals over 3 years. Increased morbidity has
been linked to higher health-care costs across the board, In accordance with K-means
clustering. Cross-sectional laboratory data, according to this study, can be used to estimate age
in a variety of ways instead of just one. The pace at which individuals age and the amount of
money they will have to spend in the future have a unique relationship that may be leveraged
to build better approaches to avoid sickness.

The [50] employed an expert system based on fuzzy rules to diagnose hypothyroidism, the
most common thyroid condition. It has been able to construct a fuzzy rule-based classifier for
the identification of thyroid disease. Using a receiver operating characteristic curve, the
predictive abilities of this model were compared with those of a multinomial logistic regression
model (ROC). According to the data, the fuzzy rule-based technique recommended is quite
successful in predicting thyroid disorders, with a 97 percent accuracy rate. Furthermore, among
patients with hypothyroidism who are still in the early stages of the condition, fuzzy
classification exceeds logistic regression in terms of accuracy. The use of overlapping sets in a
fuzzy rule-based classifier improves the efficiency of classification and decision-making
systems. Doctors who aren't familiar with modelling principles might utilise linguistic variables

to help them make decisions using this method.

To make sense of the obtained data, it was pre-processed using simple NLP techniques, and
chi-squared test was utilised to identify the important properties of the words [51]. After the
articles had been preprocessed, iterative centroid-based unsupervised ML approach was

employed to group them, this algorithm is known as K-means++. A generative probabilistic

31



model was utilized to discover the primary issue in every indivisual cluster (LDA). Medical
testing, including symptoms, will be more easily recognisable, allowing patients and

professionals to detect similarities and distinctions between illnesses.

2.4. Methods for Detecting Thyroid Diseases that are Automated and Intelligent

To assess the thyroid's health, its shape and size should be evaluated throughout time. Volume
computation and Thyroid segmentation are two techniques that may be used to track the
thyroid's health over time. There are a number of non-automated methods [52] and segmenting
thyroid in the anatomy of patient is very time consuming. The accuracy and resiliency of three
non-automatic segmentation algorithms were studied using freehand three-dimensional
ultrasonic imaging (active contours without edges, graph cut and pixel-based classifier). These
operations were found to be inefficient due to a lack of automation and machine intelligence.
The quality of results of segmentation significantly improved along with automation enabled
by using two ML algorithms (Convolutional Neural Network and Random Forest). The pros
and cons of several algorithmic techniques are compared in this study. Finally, the thyroid
volume is calculated based on the segmentation findings, and the performance of

the algorithm is assessed.

Elastic light scattering (ESS) detects the spectral differences between malignant and benign
nodules and can assist the surgeons’ to accurately better diagnosis benign thyroid nodules
before surgery. Rosen et al. [53] conducted a large prospective investigation in thyroid nodule
patients and found that the ESS approach is effective. An ESS system was used to capture
thyroid tissue spectra. Using spectroscopic imaging, the biopsy sample’s histology was
compared to that of spectroscopic imaging results. According to the manufacturer, the ESS
approach has a 74 percent sensitivity, 90 percent specificity, and a 97 percent negative
predictive value for distinguishing benign from malignant thyroid nodules. From the above
data we can safely conclude that for the rapid diagnosis of thyroid nodules in different patients

FNAB and ESS cytology can safely be utilized.

Researchers used the data contained in the Cancer Genome Atlas (TCGA) dataset to do
functional analysis on differentially expressed mRNAs in order to find diagnostic InCRNAs

and miRNAs that just might help explain PTC epigenetics [54]. The most effective diagnostic
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IncRNA and miRNA biomarkers were discovered using Random Forest. Changes in INcRNAs
and miRNAs might be used to identify PTC diagnostic biomarkers. PTC carcinogenesis is

aided by epigenetic pathways, as well as before mentioned INCRNAs and miRNAs.

For the reduction of rows, The Non-Sorting Genetic Algorithm was integrated with three
attribute selection data mining techniques to create a new model [55] as training and testing
data. Total no of thyroid disorders under study were two having four different classes in each
making total 8 classes, and total patients were 1472 out of which 500 were used for training
and 972 for and with 29 different qualities and a cross validation of 5. The potential of the
model obtained were evaluated using range of different benchmark like accuracy and precision.
For evaluating the proposed model's applicability, a comparison with the Sequential model will

be carried out, which will incorporate (traits of the given model either partially or fully.

A heated thyroid nodule is studied in [11] where its temperature distribution was determined
using Finite Element Analysis. The instrumentation model was created using three-
dimensional human thyroid nodule models. Visual Basic code was used to compute the
temperature dispersion around a hot spot. In addition, the software includes measures for
reducing thermal noise caused by temperature changes in the body. For FEA simulation,
boundary values were used just like in a real life. Beginning temperatures of hotspots and its
adjoint area are included. Findings of finite-element analysis assisted in the anthology of solid-
state sensors for thermographic equipment. During the calibration procedure, the dynamic
performance and functionality of the chosen sensors fulfilled industrial criteria. At 1U Hospital,
patients with Graves' disease were given the unique non-invasive diagnostic procedure, which
was compared to the present method, which relies on the I Scan. The results of the new

diagnostic approach were quite comparable to those acquired utilising the traditional method.

Thyroid cancer patients' treatment options are dependent on the type and stage of disease. Radio
sensitivity differs across cancer cells due to their varying repair capabilities following
irradiation. Thyroid cancer cells can be killed by radioactive iodine [56]. Patients' prognoses
and degree of recovery after irradiation might vary greatly. To reduce unnecessary radiation
exposure, predictive strategies are essential. Determining the adverse effects of radiations in

those patients with thyroid cancer is very easy with our distinctive technique, in which we focus
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on the amount of DNA-PK movement in cancer cells. According to our findings, the level of
DNA-PK expression in thyroid cancer cell lines correlates with radio sensitivity. As a result,
the level of DNA-PK's expression can be utilised to predict the outcome of thyroid cancer

radiation therapy.

Thyroid glands are rarely affected by thyroid cancer. Breast cancer metastases are uncommon
but renal cell carcinoma is the most common cause. If a woman has already had breast cancer,
she is more likely to get thyroid nodules and thyroid cancer. When analysing a thyroid nodule,
the possibility of metastatic breast cancer should be considered. A surgical extraction specimen
revealed multifocal metastatic breast cancer in a 67-year-old woman who had dysphonia and
dysphagia due to a multinodular goitre. Immunohistochemistry was used to rule out C cell
hyperplasia and medullary thyroid carcinoma as possibilities [10]. There should be no question

that a thyroid nodule in those who have had cancer in the past is metastatic.

Ectopic thyroid tissue-containing tumours can occur anywhere in the body. PTC has been
discovered in ectopic tissues in a few cases, however in the normal thyroid glands of maximum
no of individuals there was a primary PTC. Despite the uniqueness of isolated malignancy in
other kinds of ectopic thyroid tissue with normal native tissue, PTC can be observed in an
ectopic thyroglossal duct cyst. In a few rare cases of benign native thyroid glands coexisting,
an unusual PTC in the midline anterior neck has been discovered, which is not consistent with

thyroglossal duct cysts [57].

Thyroid hormone (TH) disruption is defined as an abnormal change in the production, function,
transport, or metabolism of thyroid hormone (TH), which results in some impairment of
physiological homeostasis. EDCs, such as organotin chemicals, are used in many industrial
processes and ship antifouling coatings (OTCs). The consequences of over-the-counter thyroid
drug usage on thyroid function, on the other hand, are still little known. If used in excessive
dosages, OTCs are obesogenic and may interfere with TH metabolism. People are exposed to
over-the-counter drugs that influence the thyroid axis on a daily basis. Over-the-counter drugs

have been demonstrated to induce hypothyroidism in toxicology investigations. [58].

If researchers can map the brain regions that mediate sensory-perceptual processing, they will
be better able to understand clinical disorders linked with abnormal processing of visceral
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afferent impulses (i.e., interception). An new closed-system, electro hydrostatically driven
master—slave apparatus is provided for the administration of regulated fluidic stimulations of
visceral organs and interior cavities of a human body in the 3T MRI scanner. The design idea
of the gadget as well as its MRI performance are discussed in depth. It was utilised to confirm
the feasibility of visceral stimulation associated to detrusor distention in a functional magnetic
resonance imaging (fMRI) research done on two representative patients [59]. The outcomes
were positive. Because of these flaws, MR compatibility testing revealed that the device has a
slight effect on imaging quality [a static SNR loss of 2.5% and a temporal SNR loss of 3.5%],
as well as flow rate accuracy of 99.68 percent and delivery accuracy of 99.27 percent] and
volume delivery accuracy. The recommended gadget, which has been set up to detect 5 V
transistor-transistor logic (TTL) trigger signals, was used to detect MRI scanner trigger signals.
This enabled for precise stimulus delivery and fMRI slice recording time. Researchers
employed functional magnetic resonance imaging (fMRI) to better understand the relationship
among higher visceral distension pressure and increased activity in the insula, anterior and mid-
cingulate, as well as lateral prefrontal cortices, and the thalamus. Switching from manually
operated to autonomously controlled MR-synchronized and MR-compatible equipment

benefits clinical neuroimaging investigations of human interception.

The authors [60] introduce PheDAS (Phenome-Disease Association Study), a custom Python
module that creates diagnostic EMR signatures for a disease population over time to capture
system-wide co-morbidities, to improve the statistical capabilities of the PheWAS software.
We're looking at the impact of merging EMR characteristics with radiological data for illnesses
with dynamic and complex clinical presentations. Both of the optic nerve and diabetes have
now been thoroughly investigated in these two studies, which are highlighted below. The use
of EMR signature vectors in radiologically determined structural measures improves diagnostic
classification for diseases of the optic nerve using elastic net regression (AUC). Despite the
fact that the AUC for glaucoma has enhanced, the AUC for intrinsic optic neuropathy and optic
neuropathy edoema (0.95-0.96) has reduced, while the AUC for all four disorders has increased
(0.95-0.96). Although diabetes-related symptoms such as elevated blood sugar are indicated in

EMR profiles, no significant variations may be identified.

35



Gene expression profiling is frequently employed in cancer diagnostic research, and it
necessitates multiclass classification, which is a crucial bioinformatics task. Multiclass
classifiers based on 1R, 1v1, or other coding schemes, as well as comparison examinations
between them, have been examined in a vast number of research that aggregate binary
classifiers. While the data imply that the appropriate coding depends on the context, they also
suggest that this is not always the case. To answer the question, "How can we choose which
coding method to perform when?" For each aggregated binary classifier in [5], the answer is to
develop a multiclass classifier that employs an imaginative framework with an optimum weight
value based on the observed data. Although there is no a priori solution to the optimum coding
problem, our weight adjusting approach can provide a reliable outcome. The method's accuracy
in different classification tasks was tested using a synthetic data set and particular gene
expression profiling-based cancer detection data sets. In most instances, our technique
outperforms basic voting heuristics and is on par with or better than existing multiclass

predictors.

TIRADS criteria, which employ ultrasound (US) imaging to analyse visual and textural
qualities, can be used to identify thyroid nodules. Composition, shape, size, and echogenicity
are only a few of the factors to consider. Thyroid nodules were researched utilising geometric
and morphological (G-M) criteria in order to aid doctors in making better judgments and
minimise the degree of subjectivity in the latest diagnostic techniques [61]. Employing pictures
from an open-access ultrasonography thyroid nodule imaging dataset, researchers discovered
27 G-M characteristics. TIRADS chose 11 standouts from this worldwide feature collection.
Machine learning was used to assess the performance of each characteristic, with a score of 0
indicating benign behaviour and 1 indicating malignant activity (ML). In the taxonomy of
thyroid nodules, the combination of G-M features and ML vyielded excellent accuracy,
specificity and sensitivity. When the outcome of the research were equated to those acquired
utilising cutting-edge methodologies, it was discovered that the former performed far better.
This strategy, which was employed in this study for thyroid nodule categorization in ultrasound
photos, might be used to construct a CAD system for clinicians utilising simply the TIRADS

system's visual qualities.
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TSH must be identified in human serum samples using high-sensitivity technologies to better
comprehend human physiological symptoms. Tieu et al. [62] proposed an analytical
membrane-based microwave technique designed for highly responsive electrochemical
immunoassay in sandwich ELISA format. It was discovered that varying dosages of TSH
antigen had varied outcomes. The immunoassay identified TSH antigen concentrations as low
as 0.2 mIU/L. The entire detection process took less than 60 minutes, from sample preparation
to testing. The practically non-existent signal in all tested solutions proved the immunoassay's
selectivity against non-specific proteins. Before a successful trial with clinical human blood
samples, researchers conducted exploratory tests with typical human serum samples with TSH
antigens. This membrane-based microwave-mediated analytical electrochemical immunoassay
approach might be utilised to provide a low-cost, sensitive, specific, and rapid platform for
TSH testing. As a result, this cutting-edge technology might serve as a potent point-of-care
diagnostic tool in the future generation of biomarker detection and signalling technologies.

This study [63] describes for the first time an optofluidic lens and a microfluidic test for
detecting glucose levels. A fluorescent microscope that can be carried about on a smartphone
was used. The hydraulic pressure may be altered to modify the tunability of the optofluidic
lens. The glucose sensor also includes a smartphone, an adjustable optofluidic lens, a
microfluidic chip, a custom container, and some easily accessible optics. An enzymatic
fluoresce approach with a linear detection range of 0 to 6 mM glucose was used to investigate
a low detection limit of 0.33 mM glucose. These findings point to the possibility of using a
small, low-cost device on-site to screen for diabetes in its early stages, as well as for other
clinical diagnostic and environmental monitoring purposes. The purpose of this research [14]
is to look at some of the most current results in the field of thyroid illness detection using
spatiotemporal surveillance. In the relevant study, the authors addressed particular challenges

and research restrictions.

Because it is inexpensive and simple to use, ultrasound electrography is becoming more
popular as a cancer detection and differentiation diagnostic technique. Because conventional
shear wave imaging requires a lot of power, high-end ultrasound equipment is necessary to
employ contemporary shear wave imaging techniques. These techniques are similarly prone to

artefacts, such as patient or sonographer movement, and operate at a low frame rate.
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Longitudinal wave sound speed offers diagnostic power comparable to shear wave imaging,
according to research and theory, and Feigin et al. [15] proposed an alternative approach based

on single-sided pressure-wave sound speed measurements employing channel data.

Ultrafast imaging ultrasound data has recently been shown to build a vector basis that is
considerably more suited for tissue and blood flow discrimination than the traditional Fourier
basis, dramatically improving clutter filtering and blood flow estimate. It's still unclear if the
tissue subspace/blood flow subspace border can be precisely anticipated. Using the primary
aspects of the singular components, such as singular values, temporal singular vectors, and
spatial singular vectors, Baranger et al. [64] created a fast estimator for automated subspace
thresholding. They then compared it to a complete list of thirteen potential estimators for the
project. The performance of this group in vitro was assessed on a computer-simulated patient
under a range of carefully controlled conditions, including varied tissue motions and flow rates.
One based on the similarity of spatial singular vectors outperformed all other estimators. This
estimator's denoising skills helped to improve the Contrast to Noise ratio and address the
thresholding problem by lowering the noise floor by at least 5dB. This is because successful
clutter filtering in ultrafast Doppler imaging requires both temporal and spatial information.
Various organs (including the carotid artery, human brain, kidney, and thyroid) were tested in
vivo to see whether it worked, and it did, with outstanding clutter filtering and noise reduction

results, considerably increasing the dynamic range of Superfast Power Doppler pictures.

Diseased and non-cancerous tissues have different microvascular morphology, such as
malignant lesions. Quantifying tumor-specific micro vascular morphological characteristics
might enhance diagnostics. Microvascular morphology is difficult to assess due to the limits of
ultrasonography Doppler. Ghavami and colleagues used ultrasonic Doppler imaging. [65] The
authors analysed the microvasculature's morphological features and assigned numerical values
to them. To assist achieve this aim, image enhancement methods and procedures for extracting
morphological characteristics that allow quantitative study of microvasculature structures are
available. Vessel segments created by the skeletonization of regularised microvasculature
photos address other needs such as vessel segment diameter and length. To sustain
morphological traits like tortuosity, large vessel trunks are essential. New filtering processes

are also available to solve this problem. The procedures were evaluated using images of breast
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tumours and thyroid nodules with tiny blood arteries, and the results were published. Based on
vascular morphological characteristics, breast tumours and thyroid nodules can be classified as
malignant (p-value 0.005) or benign (p-value = 0.01). Researchers were able to measure the
microvasculature using non-contrast ultrasound images and utilise it as a biomarker for the

identification of certain illnesses.

Blood samples are taken from people all around the world to examine their glucose levels.
Blood glucose monitoring and diabetes treatment options that are non-invasive, accurate, and
cost-effective are in great demand. In determining blood glucose levels, capillary glucose
measurement is less reliable than serum glucose testing. Currently, serum glucose levels are
measured in a lab via an intrusive method. Due to the inconvenience of the intrusive operation,
continuous glucose monitoring is not an option. Joshi et al. present the iGLU 2.0, a wearable,
non-invasive consumer device, for accurate blood glucose monitoring on a regular basis in this
study [66]. The instrument's brief near-infrared spectroscopy was created by us. The Internet-
of-Medical-Things is used in smart healthcare to make patient and caregiver data available in
the cloud (IoMTTo choose the best regression model from among them, the system must be
calibrated and validated on healthy, prediabetic, and diabetic people. In iGLU 2.0, a powerful
regression model for serum glucose levels is implemented, taking advantage of the precise
measurement technique. For capillary blood glucose prediction using iGLU 2.0, AvgE and
MARD are projected to be 6.09 percent and 6.07 percent, respectively, whereas for serum
glucose prediction using iGLU 2.0, AvgE and mARD are expected to be 4.88 percent and 4.86
percent, respectively.

The use of tissue perfusion monitoring with Power Doppler imaging to detect inflammatory
hyperaemia, diagnose deep vein thrombosis, and other clinical applications is common. Due to
the instrument's lower sensitivity caused by heat and debris, detecting sluggish flow becomes
more difficult. Furthermore, in order to achieve acceptable sensitivity, large ensembles are
required, which decreases the frame rate and causes flash artefacts when the tissue moves
considerably in [67]. The spatial coherence of backscattered ultrasound echoes can be utilised
to assess flow as an alternative to traditional approaches. With this approach, the signal quality
of traditional power Doppler techniques is retained or even increased, which boosts frame rate

and slow flow detection. The method is possible, according to flow phantom experiments and
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an in vivo thyroid study. How will it be accomplished? When compared to typical power
Doppler imaging, your Doppler pictures will have an SNR increase of 15-30 dB. As a
consequence, it can detect flow at 50% lower velocities or double the frame rate while
maintaining the same image quality as traditional power Doppler. The results appear to be
promising for clinical use of the technology.

Patients who are receiving 1-131 therapy for benign or malignant thyroid problems might
benefit from knowing where the tracer will be administered. Because of septal penetration
inside the collimator, using the well-known Anger scintigraphy method is challenging. The
goal of the study [68] is to develop a two-dimensional 1-131 patient detector with high spatial
resolution and a low acquisition time. As a result, the thickness of the septa may be altered to
dramatically reduce septa penetration. Photomultipliers with excessively thick septa show
"dead patches."” The holes on the projection plane are filled one by one with precise
displacements. Scintigrams recorded at several locations are integrated to create a single picture
in order to generate the final image. Using the specified detector geometry, the precise
structures of the measured phantom may be visible in 16 minutes. The newly developed method

of thyroid scintigraphy is really beneficial.

This work [69] focuses on using spectral-based QUS to assess normal human thyroid function
in vivo. On twenty healthy patients, we employed two ultrasonic imaging equipment and an
experienced radiologist to acquire radiofrequency data spanning from 3-16 MHz. The spectral
logarithmic difference technique yielded average attenuation coefficient slope (ACS) estimates
of 1.69 dB/ (cm. MHz), with a standard deviation of 0.28 dB/ (cm. MHz). Using a phantom,
the reference phantom approach provided BSC estimates of 0.18 sr-1.cm-1 for the required
frequency range. For the entire frequency range of the study, the inter-subject variability in
estimating BSCs was less than 1.5 dB. The fit of the experimentally computed BSC scattering
models was further investigated using three distinct scattering models (Gaussian, fluid sphere,
and exponential form factors). The exponential form factor provided the best overall goodness
of fit (=0.917) across a distance of 44-56 metres. Gaussian (=0.807) and fluid were the next
two options. Across all applications, sophisticated models of the effective dispersed diameter
(= 0.752) showed exceptional consistency. For both scanners, the estimated attenuation and
backscatter coefficients for each of the scattering models used in this experiment were shown.
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The hypothalamus-pituitary-thyroid system is responsible for thyrotoxicosis. This system
includes the thyroid gland. In people with autoimmune thyroiditis (Hashimoto's thyroiditis),
negative feedback control mechanism modelling is used to characterise the clinical course of
euthyroidism, subclinical hypothyroidism, and overt hypothyroidism. Thyroxine (T4) and
trilodothyronine (T3) are adversely controlled by thyroxine (T4) and triiodothyronine (T3)
(TSH). Free T4 (FT4), a hormone that can be bound or unbound, can be used to identify
hypothyroidism. The presence of lymphocytes that attack and finally destroy follicular cell
autoantigens characterises thyroid autoimmune disease. To further understand how feedback
control works, we included TSH, FT4, anti-thyroid peroxidase antibodies, and the functional
thyroid gland size in our mathematical model. The associations between the previous three
variables are used to create this final variable. The three variables listed above are routinely
assessed. The dilemma of circulating hormones and thyroid damage occuring on two different
time scales is addressed using singular perturbation theory. The mathematical model's analysis

provides an effective way and circumstances, allowing the sick state to continue on its path.
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CHAPTER 3 METHODOLOGY

In this chapter on methodology, we concentrated on and detailed our chosen methodologies
and strategies for diagnosing thyroid ailment, which we had previously discussed. A full
overview of the approaches that have been applied is provided. To begin, this chapter describes
the original thyroid disease datasets, various feature selection techniques, and various machine
learning-based ensemble algorithms, including bagging and boosting classifiers, before
describing the ensemble of ensemble voting approaches (both soft and hard) on thyroid disease
datasets at the conclusion. The following is a breakdown of the information included in this
chapter in depth. The introduction of the original datasets, the pre-processing section, details
of the machine learning ensemble classifiers used, implemented features selection techniques,
proposed ensemble of ensemble approach with voting technique, and at the end, the
performance evaluation measurements that will be used to check the efficiency of models and

approaches will all be covered in the following section.

3.1. Dataset 1

In this experimental study project, the data set relating to thyroid illness was the primary
emphasis. The information in this dataset was taken from a well-known district headquarter
hospital in the Pakistani city of Dera Ghazi Khan, which is located in the Punjab region. This
information was obtained from the Dera Ghazi Khan headquarter hospital in the famous district
of Dera Ghazi Khan in the province of Punjab, Pakistan. Endocrinologists in Karachi, Pakistan,
extensively evaluated and verified the dataset in order to ensure its integrity and credibility
[12]. 309 entities are included inside the dataset, each of which is directly related with the total
number of subjects. Each individual is subjected to 10 distinct screening tests, which are further
subdivided into characteristics, as well as one goal variable, which is denoted as 'Class." This
dependent variable is further subdivided into three separate groups marked by the letters 'Hypo'
for Hypothyroidism, 'Normal' for Normal Thyroids, and 'Hyper' for Hyperthyroidism. There
are a maximum of 13 missing data in a 'T3' feature, each of which is represented by the letter
?". The details of this dataset are shown in Table 3.1. whereas the Figure 3.1 depicts a
correlation of the output variable with other features.
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3.2. Dataset 2

The dataset in [71] was taken from KEEL repository named as “Thyroid 0387 and also
available at University of California Irvine (UCI) repository containing thousands of datasets
related to multiple domains. This dataset is focused on the classification task based on the 21
attributes with 15 having integer value and 6 having real values. There is no missing value
present in this dataset. There is total 7200 entries in the dataset and one target variable ‘Class’
that further categorized into three domains, ‘Normal’, ‘Hyperthyroidism’ and

‘Hypothyroidism’. The details about the dataset (D) are demonstrated in Table 3.2.

Table 3.1 Information about the thyroid disease dataset from the certified institution

First Dataset of Thyroid
Characteristics Labels Variety of features
Sr. No. 1 to 309
Institution IDs Distinct Number
Pregnancy No, Yes
Under weight
Body Mass Index (BMI) Balanced
Overweight
High
Blood Pressure (BP) Normal
Low
Pulse Rate (PR) 50to 110
0.15TO 3.7
Thyroid Test (T3) (Missing values = 13 denoted
by ‘?”)
Thyroid Test (TSH) 0.05 to 100
Thyroid Test (T4) 0.0151t0 30
Gender Male
Female
Age 6 to 62
‘0’ as Hypo
Class ‘1’ as Hyper
‘2” as Normal
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Figure 3.1 Correlation heatmap between features and target variables for Dataset 1.
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Figure 3.2 Correlation heatmap between features and target variables for Dataset 2.
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Table 3.2 Details about the opensource KEEL dataset related to thyroid disorder.

KEEL Repository thyroid0387 dataset
S.No Features Names Features Domain
1 Age 0.01 to 0.97
2 Sex Otol
3 On_thyroxine Otol
4 Query _on_thyroxine Otol
5 On_antithyroid medication Otol
6 Sick Otol
7 Pregnant Otol
8 Thyroid_surgery Otol
9 1131 treatment Otol
10 Query hypothyroid Otol
11 Query_hyperthyroid Otol
12 Lithium Otol
13 Goitre Otol
14 Tumour Otol
15 Hypopituitary Otol
16 Psych Otol
17 TSH 0.0t0 0.53
18 T3 0.00051t0 0.18
19 TT4 0.0020 to 0.6
20 T4U 0.017 t0 0.233
21 FTI 0.0020 to 0.642
‘1’ as Normal
Ta.r get Class ‘2’ as hyperthyroidism
variable o .
3’ as hypothyroidism

3.3. Proposed Methodology

Figure 3.3 depicts the research approach used in this study. The ability to present and visualize
the data is critical prior to commencing the analytical process. But when comes to artificial
intelligence, the possibilities are endless (Al), By using data pre-processing, it is possible to
enhance both the description of the information and the reliability of the model by removing
or cleaning out worthless data and missing values, and by reducing the number of missing
values. The XGBoost classifier was then used to graphically evaluate the significance of
characteristics based on the F-score [72] to identify their relative significance. Moreover, the

three attribute selection methods employed, SFM, SKB, and RFE, are shown in Figure 1
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together with their respective estimators. The next phase involved identifying and removing
anomalies; it is crucial to identify and detect anomalies after attribute selection; as a
consequence, the absence and presence of anomalies are depending on the total number of
features chosen. The scaling technique is then used to normalize the data derived from the
chosen characteristics, which is the following stage. This is accomplished through the use of
both traditional and minimal-maximal scaling, as well as feature scaling, which makes the data
more regular. Finally, homogeneous ensemble bagging and boosting methods such as RF and
Base Meta Estimator (BME), AdaBoost (AB), and XGBoost (XGB) are used. Next, the
predictions are sent to a second voting method that includes both hard and soft voting. This is
another reason why the performance evaluation metrics are used. They can show how well

procedures used in the final product are shown.
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Figure 3.3 Proposed Methodology Block Diagram.

3.3.1 Data Pre-processing

An open-source file format called CSV was used to hold all the data used in this study. These
features should be excluded since they have no direct influence on the outcomes "Class™ and
have a detrimental effect on the effectiveness of the models, respectively, in order to minimise
the risk of missing data. The vast bulk of the attribute data in this collection is represented as
text or characters, not integers or reals. Libraries have a hard time implementing these values

since they can't be used to perform operations on them directly. For example, the phrase
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"Pregnancy" indicates "Yes" with a 1 and "No" with a 0 when text or strings are converted to
real numbers or integer values. In a similar vein, all of the other characteristics have been
modified. The mean values were used to impute the 13 missing values that were contained in
the 'T3' and symbolized by the letter '?" in order to improve performance. The pre-processing
stage has completed all of the data cleaning procedures required. For the dataset 2, it is targeted
on the classification job based on the 21 characteristics, 15 of which have integer values and 6
of which have real values. The attributes in this dataset are as follows: There are no missing
values in this dataset, which is a good thing. The Fig. 3.4. explains the ratio of the target
variable classes distribution on both datasets.

3.3.2 XGBoost based Feature Significance with F-score

An output variable's value is determined by how important an input feature is in predicting it.
Scores for feature relevance play a critical role in the development of a predictive modelling
project because they provide information about features that can be used to improve model
efficiency and effectiveness, as well as insight into the model itself and the basis for reducing
spatial dimensions for high-dimensional data and attribute selection. There are a variety of
ways to determine feature significance scores. To name just a few, the F-score may be used to
identify the relative relevance of several attributes, including RF and DT focused attributes
[12]. Models may efficiently be transformed into groups by using the SFM class, which uses
XGBoost-based features importance [73]. A classifier that is already being trained on the entire
training sample may be used instead of starting from scratch. As soon as a specific threshold
has been crossed, it may decide which traits to use. These attributes are selected for training
and testing in SFM's convert () function based on this threshold. An XGBoost example
demonstrates how to use the XGBoost method to develop and evaluate a model on an existing
dataset. SFM instances are determined by the importance of the training data's features, which
are then encased in this model. In order to choose features, the training dataset is employed,
and the classifier is trained using the set of attributes that have been picked from the dataset.
Last but not least, the model is assessed on the test dataset, which is selected using the same
feature selection technique as before. This procedure is quite beneficial in obtaining a more

accurate diagnosis of thyroid problem. For each attribute selection strategy, Figures 3.5 and 3.6
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illustrate that the most relevant characteristics are those with the highest F-scores for the
parameter.
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Figure 3.4 The 'Class' variable categories are described for (a) Dataset 1 (b) Dataset 2
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Figure 3.5 (a-d) SFM features selected using DT, GB, LR, RF, (e, f) SKB features
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respectively.
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Figure 3.6 XGBoost assigns relevance ratings to attributes based on F-

scores for features extracted using characteristics selecting algorithms (k-

n) The characteristics specified for RFE using DT, GB, LR, RF, (o, p) for

SKB employing Chi2, FCI, (g-t) for SFM utilizing DT, GB, LR, RF, and
(g-t) for SFM utilizing DT, GB, LR, RF, respectively.
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3.4. Attribute Selection Approaches

Feature selection in model creation refers to the process of picking the most reliable, quasi, and
determining factors for use in model production. A rigorous approach is needed to reduce the
size of datasets as the quantity and variety of them grows. Selecting relevant features is a
fundamental goal of feature selection since it improves predictive power while decreasing
model processing costs. This information is provided in Table 2 for each feature-selection

approach.

3.4.1 Selection From Model (SFM)

It is possible to utilise the SFM in combination with any estimator that allocates priority to each
attribute based on a specified characteristic (such as the coef function) or an important getter.
It is considered irrelevant if the matching relevance of attribute values falls below a lower limit
that has been specified. There are known methods for calculating a threshold using text input
as well as numerical information. Thresholds may be calculated using text input and heuristics
such as "mean," "median," and distinct pairs of these, such as "0.1*mean."; for example, you
may use the max features option in combination with them to restrict the number of
characteristics that can be selected in connection with eligibility. The sklearn package [74] was
used in the development of the SFM implementation. These are the estimators that were utilized
in this approach: LR [75], RF [76], DT [77], and GB [78], among others.

3.4.2 Recursive Feature Elimination (RFE)

To choose features, RFE employs wrapper structure to select attributes. Taking this into
account, the method's core employs an RFE-wrapped classifier that aids in the feature set of
the classifier. It differs from the filtration feature selection approach, which picks features
based on the highest and lowest scores acquired for each feature. This method Wrapper-based
RFE employs a filter-based selection of features internally to choose which characteristics to
use. Beginning with all characteristics in a training instance, the RFE technique is used to
identify a set of attributes. The entire attributes selection process may be completed by fitting
the specified Learning algorithm into the model's base, assessing features based on their
significance, deleting the least critical variables, and re - training the model. When just a few

qualities are left, the procedure is iterated. Machine learning models (for example, decision
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trees) or a statistical technique may be used to assess the significance of a given attribute. RFE
is implemented as an algorithm in the scikit-learn machine learning package [74]. RFE
transformations require that you construct your class first using the "estimator” argument and
the "'n features to select” function, which let you choose the number of attributes from which
to choose. When analysing data for this research, we used the similar estimators from section
2.4.1 as in section 2.4.1 as the foundation for our analysis: DT, GB, LR, and RF.

3.4.3 Select K-Best (SKB) based on Simple regression Extracted Features

When using this method, statistical measurements may be utilised to identify the traits that have
the greatest correlation with the output variable. To choose a certain number of features, the
scikit - learn program's Select K-Best module is used in conjunction with various data sets.
Table 3.3. provides a detailed breakdown of the most important components of our
investigation. There are two functions in SKB: chi2 and FCI. chi2 is used for non-negative

features, while FCI is used to calculate the ANOVA, F-value for a particular cohort.

3.5. Isolation Forest (ISO) for Automatic Identification and Elimination of Outliers

Preparation is crucial to ensuring that data scientists' models correctly reflect reality. Outliers
may be present in a dataset, which are data points that fall outside of the predicted range. The
term "outlier" refers to these extraordinary independent values that are out of the ordinary. It is
a unigue observation that distinguishes itself from the others. Understanding and, in certain
cases, reducing these outlier values may aid in the improvement of ML modelling and model
capabilities more broadly. Because each dataset has its own set of properties, there is no one

approach that can be used to define and identify outliers in general. The review of raw data and
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Table 3.3 Attribute details selected by the feature selection techniques at run time.

DATASET 1

;I'echnlques Functions/ | Gross Features | Features Fegture_
or Feature . Selection Time
. Estimators used Selected
Selection (s)
GB 09 04 0.154
Select From DT 09 01 0.032
Model (SFM) RF 09 03 0.135
LR 09 02 0.010
Select K Best FCI 09 03 0.006
(SKB) Chi2 09 05 0.014
Recursive GB 09 03 1.172
Feature DT 09 01 0.010
Elimination RF 09 02 0.235
(RFE) LR 09 05 0.092
DATASET 2

Feature
Selection Time

Techniques

Functions/ | Gross Features | Features
for Feature

. Estimators used Selected

Selection (s)
GB 21 03 1.239
Select From DT 21 04 0.013
Model (SFM) RF 21 05 0.050
LR 21 06 0.079
Select K Best FCI 21 08 0.009
(SKB) Chi2 21 11 0.012
Recursive GB 21 09 14.930
Feature DT 21 11 0.082
Elimination RF 21 08 1.294
(RFE) LR 21 13 7.570

the determination of whether or not a certain outcome is an abnormality are all part of the
standard procedure. Based on the data accessible to us, statistical approaches may be used to
discover events that seem to be odd or improbable basis of information. Based on the data from
the training sample, the fit model will decide which samples are outliers and which are inliers
in the training cases. Outliers from the training dataset will be deleted before the model is
updated to the remaining cases and tested on the whole testing dataset. To find outliers in this

research study, we employed the Isolation Forest, a tree-based outlier identification technique.
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According to [79], anomalies which are both small and distinct may be found by modelling
typical information in a way that allows for the discovery of anomalies. Table 3.4 demonstrates
the mean absolute error (MAE) and the identification of outliers in the dataset using each

feature selection strategy.

3.6. Homogenous Ensemble

In machine learning and artificial intelligence, ensemble methods are used to combine many
learning algorithms into a single predictive model that is more accurate than any one algorithm
could be on its own. Homogenous ensemble, on the other hand, is a cluster of classification
models of various types, each constructed on a distinct data sample [80]. In this research work,
the two most important forms of homogeneous ensembles have been deployed as beginning
ensembles, and the results have been evaluated. Bagging and boosting are two different things.

3.6.1 Bagging

Bagging is a technique for improving accuracy since it reduces variance to a significant degree.
The conclusion is that overfitting, which was a key issue with many estimation techniques in
the past, is no longer a concern. During the learning process, a homogeneous weak classifier
learns items in parallel, independently of one another, and then combines them by taking the
average of the findings. It is more effective than utilizing single models since the weak basis
classifiers are integrated to form a single, strong classification model rather than using several
weak base classifiers. The most significant disadvantage of this strategy is that it is
computationally costly. Even if we are dealing with regression or classification, we get a
function that iterates over the training dataset, delivers an output, and is explained in terms of

that dataset. Some variances may be expected due to the training dataset's theoretical variation.

At its core, bagging is an attempt to produce a model with less variation via "averaged"
forecasts from many different models. A lack of independent models is caused by the enormous
amount of data required. Due to the excellent "approximate properties” of boot-samples, we
can fit almost independent models. In order to do so, it is necessary to create numerous boot-

strap samples, each of which serves

54



Table 3.4 Description of outliers observed with MAE scores in the appointed features

Dataset 1
_ _G ross Training Obsel_fved
;I’echnlques Functions/ Gross INQress datai.e., | Features Ou_tllers MAE
or Feature . Features | available % of Selected in timat
Selection Estimators used in the 75% 0 electe Elected estimates
Total
Dataset Features
GB 09 309 231 04 23 0.0001
Select From DT 09 309 231 01 0 0.0001
Model (SFM) RF 09 309 231 03 23 0.0001
LR 09 309 231 02 23 0.0001
Select K Best FCI 09 309 231 03 22 0.026
(SKB) Chi2 09 309 231 05 23 0.0001
Recursive GB 09 309 231 03 23 0.0001
Feature DT 09 309 231 01 0 0.0001
Elimination RF 09 309 231 02 19 0.295
(RFE) LR 09 309 231 05 23 0.0001
DATASET 2
Gross Training Observed
Techniques . Gross ingress datai.e., Outliers
for Feature Egt?ﬁ‘t;c;g?g Features | available 75% of ZZ?;lcjtreils in eslt\i/lrr'?;es
Selection used in the Total Elected
Dataset Features
GB 21 7200 5400 03 540 0.107
Select From DT 21 7200 5400 04 540 0.107
Model (SFM) RF 21 7200 5400 05 540 0.107
LR 21 7200 5400 06 540 0.107
Select K Best FCI 21 7200 5400 08 540 0.107
(SKB) Chi2 21 7200 5400 11 540 0.107
Recursive GB 21 7200 5400 09 540 0.107
Feature DT 21 7200 5400 11 540 0.107
Elimination RF 21 7200 5400 08 540 0.107
(RFE) LR 21 7200 5400 13 540 0.107

as a distinct (almost) independent dataset drawn from the true distribution. If we develop a

weak classifier for each of these data points, we can then merge them to produce ensemble

approaches that have a reduced level of variance. Bootstrap samples are characterized by

approximate independence and same distribution, which holds true for both trained base

models and their samples. The following are the bagging classifiers that were employed in this
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study. Random Forest (RF) [81] and Base Meta Estimator (BME) [82] are two popular

ensemble learning algorithms.

3.6.2 Boosting

This ensemble method is the most widely utilised and most potent of the group techniques.
This was originally developed to deal with categorization concerns, but it was subsequently
expanded to include comments relating to regression problems. Models are no longer fitted
individually, but as a group, and must be fitted frequently in order to be trained in the same
way. Training a model requires a series of iterative steps, each of which is reliant upon that
models that have come before it. If these strategies are combined, the result is an ensemble of
classification models less biased than the individual weak classifiers that make up the
ensemble. Just a few of the newer, more generally accessible algorithms for speed optimization
include Gradient Boosting Machine (GBM), AdaBoost, and Light GBM. Take a look at this
scenario: Both the first and second models were wrong in their predictions. In the next step,
we'll integrate the data and utilise them to build a more accurate forecast. Nothing more than a
bid to enhance the long-term results. For example, boosting shows how to change a bad
classifier into a better one utilising the core principles of transformation. In this investigation,
we used the following boosting models: In addition to AdaBoost [83], there is XGBoost (XGB)
[84].

3.7. Voting Ensemble of Homogenous Ensemble

Often referred to as a "majority voting ensemble," a voting ensemble is a learning algorithm
ensemble model that integrates predictions from a variety of different models. In theory, it is
possible to employ this method to improve model performance, with the goal of outperforming
any one model in the ensemble. In a voting ensemble, the forecasts from several models are
merged to form a final prediction. This technique may be used to characterise and predict data,
among other things. Within context of regression, this means calculating the mean of the
models' predictions, as explained above. The amount of votes a label receives from the general

audience determines its popularity.

In certain ways, a voting ensemble may be seen as a meta-model, or as a model of models. It

can be used as a meta-model with any aggregate of machine learning models that have

56



previously been trained, and the existing models are completely unaware that they are being
used as part of the ensemble. A voting ensemble is the ideal solution when you already have
two or more models that perform well on a predictive modelling assignment. The ensemble
models must be in wide agreement on their predictions [85]. Hard voting and soft voting are
the two strategies for forecasting majority votes for categorization [86]. Soft voting and

hard voting are the two methods of voting. Below are the details for both voting systems.

3.7.1 Soft Voting Ensemble

Soft voting in action is seen in Figure 3.6(a). Soft voting is the process of calculating the
predicted probability or score for each target class in order to decide which class label has the
best chance of being chosen. Based on the models, it also forecasts which class has the greatest
total likelihood of being selected for the test. Assume the classifiers from C;, C,, ... C,, and the
probability distributions for each classifier are represented by the variables Prob;,,, and
Prob}},;,. Consider the following scenario: Class1 = 0 and Class2 = 1 are the class descriptions
assuming there are two classes in total. The weights assigned to each classifier are denoted by
the letters W,, W,, ... W,,. The following is the formula for calculating the probability for the

target class:

Prob(Class,) = W, * Prob}, + W, * ProbZ, + =+ W, x Probl,,

1)
Prob(Class,) = Wy x Prob}, . + Wy x Probz,,, + -+ + W, * Prob . (2)
The target variable classes' averages are determined as follows:
1 2 e n .
Avg(Class,) = (PrObmin"‘Pmerin"' +Prob}..) 3)
1 2 n
Avg(Class,) = (Prob}ax+Probégx+--+Problhay) @)

n

3.7.2 Hard Voting Ensemble

Votes for each class label must be added up before determining the target class that receives

highest votes, which is known as hard voting. Using models, we can guess which class will get
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the most votes. For input data, the hard voting classifier uses the mode of all predictions given
by different forecasters. This mode is then utilised for classification by the hard voting model.
However, even if each algorithm's weight is equal, it is regarded differently than when weights
vary. Consider the following scenario: the total number of classifiers is n, and they are
designated by the letters C;, C,, ... C,, Whilst their predictions are given by the letters P, and P; .
The events of hard voting categorization were described mathematically in the equation below
and in Figure 3.6 (b).

|Cy, Cy, ..., C (5)
| Py, Py, ..., P1| (6)
‘m‘m} .................. Cn‘ ‘m“m} __________________ ‘Cn
Y Y Y A Y
Prob of Class1 by C1| | Prob of Classtby C2 f=»+++=**+ Prob of Class1 by Cn D Predicion - 4uiiiis Prediclion 2
Prob of Class2 by C1 Prob of Class2 by C2 Prob of Class2 by Cn

r /

Average of Class? Prediction 1 selected

Average of Clags2

Highest or Bast

(a) Average (b}

Figure 3.7 (a) Soft and (b) hard voting are two instances of ensemble concepts.

3.8. Performance Assessment Metrics

There are a variety of ways in which classification algorithms may be assessed. When

comparing and contrasting different learning approaches, it is important to interpret metrics
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analysis correctly. Diagnostic tests for breast cancer and human physiological conditions are
evaluated using ML classifiers [87—88, 89-90]. " A = True positive (TP), B = True negative
(TN), C = False positive (FP), and D = False negative are all included in the confusion matrix
(FN). False positives are defined as systems that fail to accurately forecast an event's result.
False positives occur when the given modal anticipates a true value however the actual answer
was false. A wrong value is expected when the system's output is also incorrect, implying that
algorithm is anticipating an incorrect value. If a false positive occurs, it means that the system
predicted a genuine value, but the actual result was incorrect. An example of a false negative
is when a system predicts that an outcome would be untrue, but the actual outcome is one with

a genuine value.

The accuracy measure (AC) is the most commonly used to quantify a classifier's performance.
It is determined by dividing the number of successful predictions by the total no of variables
predicted.

4B 100%

Accuracy, ACU = BiCiD (7)

True positive ratio (TPR) or recall is the ratio of real predicted positive samples to true

positive samples in a given test.
Sensitivity, Recall, TPR = A%D X 100% (8)

An F1 Score also sometimes called the F-measure calculates and recalculates the harmonized
mean of accuracy and memory which is presented in this study. However, the worst-performing
models are those that have an error rate of more than one and a score of zero. The F1-score

equation is as follows:

F1 Score =

x 100% 9)

2A+C+D

Brain W. Matthews invented the Matthews correlation coefficient (MCC) in 1975, and it is still
in use today. The relationship here between observed and projected classes is represented by
this correlation coefficient. This is obtained by calculating the MCC with the help of the

confusion matrix. A positive number represents perfect prediction, while the negative number
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shows a discrepancy between predicting and actual values. The term MCC is defined further

down.

_ AXB—CXD 0
MCC = J@A+C)(A+D)(B+C)(B+D) x 100% (10)

As PPV stands for Positive Predictive Value, it refers to the proportion of relevant occurrences

that are found in a database while searching.
.. A
Precision, PPV = o X 100% (11)

The Cohen kappa statistic is a statistical tool for estimating the degree of agreement between
two assessors. This approach may also be used to assess the performance of a classification

model in the real world.

Cohen kappa = L‘pff X 100% (12)

1_

where p0 denotes the model accuracy, and pe reflects the degree to which the projected

quantities of the classes agree with the actual values of the classes.

As a statistical metric, the Mean Absolute Error (MAE) is among the most frequently used

statistics in statistical analysis.
MAE = %(Z?ﬂm —Y']) x 100% (13)

Squaring the total difference across the whole dataset yields the mean square error (MSE)

statistic, which is used to compare actual and anticipated values.
MSE = %(Z?’:l(Yi —Y")?) x 100% (14)
Hamming loss (HL): It is the proportion of labels that were incorrectly anticipated.

Hamming Loss = (leﬂlﬂzll()’i,j &) Zl-,j)) X 100% (15)

INJ.IL]

where Y;; is the original target, and Z;; represents the predicted value?
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CHAPTER 4 RESULTS AND DISCUSSIONS

4.1. Introduction

A homogeneous ensemble hybrid with several feature sets and a large number of estimators is
described here. Machine learning-related tools and packages were used in conjunction with the
Jupyter notebook with Python environment. Classifier hyper parameters have been tuned to a
75/25 split for training and testing, using a ratio of 75/25. It's here that the outcomes of the
suggested strategy of an ensemble hybrid with three classification strategies and numerous

estimators are given.

4.2. Dataset 1 results

4.2.1 Homogenous Bagging

Methodology for a homogeneous hybrid ensemble with three feature selection techniques and
a large number of estimations is presented in this section. Programming on a Python platform
with several machine learning modules and packages was used for the experiment. Classifiers
have been tweaked using the splitting strategy, with a 75 percent training-to-testing ratio. For
every attribute selection approach and estimator/functor used, Table 1 shows the RF and BME's
performance, learning and prediction durations. All of the classifiers, with the exception of the
LR estimator from SFM attribute selection, achieved 100% accuracy on the applicable feature
selection processes using the estimators. By selecting just one feature, the RFE feature selection
using DT as an estimator, and utilising the forecast bagging model (BME), we were able to
achieve the fastest training and prediction times with 100% accuracy.
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Table 4.1 The accuracy of the bagging classifiers as a function of training and

prediction time

Homogenous ensemble (Bagging)

Features Estimators . - .
. or Selected | Bagging | Accuracy | Training | Prediction
selection . . ) ;
: functions | features | Classifiers In % Time (S) Time (s)
techniques used
LR 02 RF 98.71 0.2869 0.0029
BME 100.0 0.0149 0.0020
Select RE 03 RF 100.0 0.0861 0.0079
From BME 100.0 0.0139 0.0009
Model DT 01 RF 100.0 0.3040 0.0029
(SFM) BME 100.0 0.0269 0.0019
GB 04 RF 100.0 0.0873 0.0079
BME 100.0 0.2844 0.0009
. RF 100.0 0.0643 0.0039
To | BME 000 oo | oo
(SKB) FCl 03 BME 100.0 0.0329 0.0050
LR 05 RF 100.0 0.0289 0.0030
BME 100.0 0.0089 0.0009
Recursive RE 02 RF 100.0 0.0259 0.0029
Feature BME 100.0 0.0129 0.0019
Elimination DT 01 RF 100.0 0.0320 0.0039
(RFE) BME 100.0 0.0129 0.0009
GB 03 RF 100.0 0.0329 0.0049
BME 100.0 0.0129 0.0020
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4.2.2 Homogenous Boosting

There are two boosting predictors that perform well in Table 2. Except for the FCI function
with SKB methodology through XGB classifier implication, all estimators achieve 100 percent

accuracy with their feature selection techniques.

Table 4.2 The accuracy of the boosting classifiers as a function of training and
prediction time.

Homogenous ensemble (Boosting)

Estimators . .

Featu_res or Selected | Boosting | Accuracy Tra_mmg Preo!lctlon
selection . o Time Time

: functions | features | Classifiers In %
techniques used (s) (s)

LR 02 AB 100.0 0.1037 0.0049
XGB 100.0 0.9898 0.0009
Select RE 03 AB 100.0 0.1047 0.0050
From XGB 100.0 1.3160 0.0019
Model DT o1 AB 100.0 0.0490 0.0059
(SFM) XGB 100.0 1.3354 0.0009
GB 04 AB 100.0 0.1187 0.0049
XGB 100.0 0.9752 0.0008
. AB 100.0 0.0757 0.0049
Yo [ %65 | 06 | 1ow | oozl
(SKB) FCl 03 XGB 97.43 | 1.0034 | 0.0009
LR 05 AB 100.0 0.0594 0.0059
XGB 100.0 1.0484 0.0009
Recursive RE 02 AB 100.0 0.0628 0.0059
Feature XGB 100.0 1.0614 0.0009
Elimination DT 01 AB 100.0 0.0927 0.0049
(RFE) XGB 100.0 1.1596 0.0009
GB 03 AB 100.0 0.0638 0.0059
XGB 100.0 1.0472 0.0019

Figures following demonstrate the confusion matrixes for the RF and AB soft voting
ensembling of the predictors. The soft voting method is characterized using equal weights for
each classifier. The confusion matrices with SFM feature selection are represented below:
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4.2.3 SKB feature selection on dataset 1

1) Hard Voting

Figure 4.1 below shows the SKB with chi square feature selection technique performance in
the form of confusion matrix, with hard voting 21 data points has been truly classified as

Hypothyroidism, while 44 data points truly classified as Normal, and 13 data points classified
as Hyperthyroidism.

Select K best (CHIZ) Hard Votemax

40
(-as-Hypo 21 0 o
vp 3
0
] 25
f l-as-Normal 0 a4 o
El r20
=
F15
r10
2-as-Hyper 0 0 E]
F5

O-as-Hypo l-as-Normal 2-as-Hyper
Predicted label

Figure 4.1 SKB with Chi (Hard Voting)

Figure 4.2 below shows the SKB with FCN technique performance in the form of confusion
matrix, with hard voting 21 data points has been truly classified as Hypothyroidism, while 44

data points truly classified as Normal, and 13 data points classified as Hyperthyroidism.

Select K best (f_classif fn) Hard Votemax

40
O-as-Hypo 2 0 0
¥ 5
30
x b3
f l-as-Normal 0 “ 0
=] 20
=
15
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2-as-Hyper 0 o 15
5

O-as-Hypo 1-as-Normal 2-as-Hyper
Predicted label

Figure 4.2 SKB with FCN (Hard Voting)
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2) Soft Voting

Figure 4.3 below shows the SKB with Chi Square technique performance in the form of
confusion matrix, with hard voting 21 data points has been truly classified as Hypothyroidism,
while 44 data points truly classified as Normal, and 13 data points classified as
Hyperthyroidism.

Select K best {CHIZ) Soft Votemax

40
O-as-Hypo 21 0 o
VR 3
0
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=
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2-as-Hyper 0 0 13
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O-as-Hypo l-as-Normal 2-as-Hyper
Predicted label

Figure 4.3 SKB with Chi (Soft VVoting)

Figure 4.4 below shows the SKB with Chi Square technique performance in the form of
confusion matrix, with hard voting 21 data points has been truly classified as Hypothyroidism,
while 44 data points truly classified as Normal, and 13 data points classified as
Hyperthyroidism.
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Select K best (f_classif fn) Soft Votemax
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Figure 4.4 SKB with FCN (Soft VVoting)

4.2.4 SFM feature selection with Estimators on dataset 1.

1) SFM with Decision Trees

Figure 4.5 below shows the SFM with estimator of decision trees performance in the form of
confusion matrix, with hard voting 21 data points has been truly classified as Hypothyroidism,

while 44 data points truly classified as Normal, and 13 data points classified as
Hyperthyroidism

Selection from model(DT as Estimator) Hard Votemax
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Figure 4.5 SFM with Decision Trees (Soft VVoting)

Figure 4.6 below shows the SFM with estimator of decision trees performance in the form of

confusion matrix, with soft voting 21 data points has been truly classified as Hypothyroidism,
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while 44 data points truly classified as Normal, and 13 data points classified as
Hyperthyroidism

Selection from model(DT as Estimator) Soft Votemax
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Figure 4.6 SFM with Decision Trees (Soft Voting)

2) SFM with GBC

Figure 4.7 below shows the SFM with estimator of GBC performance in the form of confusion
matrix, with hard voting 21 data points has been truly classified as Hypothyroidism, while 44
data points truly classified as Normal, and 13 data points classified as Hyperthyroidism
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Figure 4.7 SFM with GBC (Hard Voting)
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Figure 4.8 below shows the SFM with estimator of GBC performance in the form of confusion
matrix, with soft voting 21 data points has been truly classified as Hypothyroidism, while 44

data points truly classified as Normal, and 13 data points classified as Hyperthyroidism
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Figure 4.8 SFM with GBC (Soft Voting)

3) SFM with Logistic Regression

Figure 4.9 below shows the SFM with estimator of LR performance in the form of confusion
matrix, with hard voting 21 data points has been truly classified as Hypothyroidism, while 44

data points truly classified as Normal, and 13 data points classified as Hyperthyroidism
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Figure 4.9 SFM with LR (Hard Voting)

Figure 4.10 below shows the SFM with estimator of GBC performance in the form of confusion
matrix, with soft voting 21 data points has been truly classified as Hypothyroidism, while 44

data points truly classified as Normal, and 13 data points classified as Hyperthyroidism
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Selection from model(LR as Estimator) Soft Votemax

40
O-as-Hypo 21 0 b
vp 35
0
% 5
' las-Normal 0 4 o
3 20
=
15
10
2-as-Hyper 0 0 13
5

O-as-Hypo l-as-Normal 2-as-Hyper
Predicted label

Figure 4.10 SFM with LR (Soft Voting)

4) SFM with RF

Figure 4.11 below shows the SFM with estimator of RF performance in the form of confusion
matrix, with hard voting 21 data points has been truly classified as Hypothyroidism, while 44
data points truly classified as Normal, and 13 data points classified as Hyperthyroidism.
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Figure 4.11 SFM with RF (Hard Voting)

Figure 4.12 below shows the SFM with estimator of RF performance in the form of confusion
matrix, with soft voting 21 data points has been truly classified as Hypothyroidism, while 44

data points truly classified as Normal, and 13 data points classified as Hyperthyroidism
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Selection from model(Random Forest as Estimator) Soft Votemax
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Figure 4.12 SFM with RF (Soft Voting)

4.25 RFE feature selection on dataset 1

1) Hard Voting

The RFE attribute selection based on the multiple estimators have been used. In Fig 4.13 the
DT estimator utilized and selected only a single feature. Whereas for the GB estimator 03
features, for LR 05 and for RF 02 features have been selected for better performance. The
Figures 4.14, 4.15 and 16 have been illustrated the confusion matrices results for hard voting
ensemble technique with RFE attribute selection. while after the homogenous ensembling the

voting technique has been used and attained the 100% prediction accuracy for all used
estimators.
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RFE(Estimator DT) Hard Votemax
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Figure 4.13 RFE with DT (Hard Voting)

RFE(Estimator GB) Hard Votemax

(-as-Hypo
vp 35

25
l-as-Normal -
20

True label

2-as-Hyper o o 5

T T T
O-as-Hypo l-as-Mormal 2-as-Hyper
Predicted label

Figure 4.14 RFE with GB (Hard Voting)
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RFE(Estimator LR) Hard Votemax
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Figure 4.15 RFE with LR (Hard Voting)
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Figure 4.16 RFE with RF (Hard Voting)

2) Soft Voting

We employed the RFE attribute selection based on several estimators. The DT estimator
confusion matrix has shown in Figure 4.17 that only used and picked one feature. While the
GB estimator 03 features were chosen for greater performance, the LR with 05 and RF with 02
features were chosen for better performance. The findings of the confusion matrices for the
soft voting ensemble approach with RFE attribute selection are shown in Figures 4.18, 4.19,
and 20. while following the homogeneous assembly, the soft voting procedure was employed
to achieve the highest 100% prediction accuracy for all estimators by using RFE feature
selection. All the figures shown below have 100 % true predictions and 0% false estimations

by the proposed approaches. The Table 3. Illustrates the overall performance of all ensemble
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classifiers after the bagging and boosting models’ predictions with a final voting of hard and
soft voting ensemble techniques. This approach shows state of the art performance not only in

terms of accuracy and other performance measurements but also have very less computational
cost.
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Figure 4.17 RFE with DT (Soft VVoting)
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Figure 4.18 RFE with GB (Soft Voting)
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True label

Figure 4.19 RFE with LR (Soft VVoting)
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Figure 4.20 RFE with RF (Soft VVoting)
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Table 4.3 Soft and hard voting performance metrics for homogeneous ensemble

classifiers on dataset 1.

Ensemble of homogeneous groups (Voting classifier)

c | © > D o NS
2 Lo 9| © L N g . L >
88 |28 2|5 = 8 E s |21 2| 8 lsls|t
82 |z sl =2 3|12 =zl &85 o0l & lwuls
g £ Solg| O | 8| =2 §| 8| 22| g | 0| ¥ |o|lg|cs
S8 |s83| 2/ 3| €| 8| | 8| 2| 2|828|=2|2|E
o WZl | o < © 3 o S =
L wl S = = © T
Soft | 100.0 | 1.062 | 0.007 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0(0.0|0.0| 0.0
LR | 02
Hard | 100.0 | 1.103 | 0.007 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0|0.0| 0.0 | 0.0
Soft | 100.0 | 0.176 | 0.010 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0|0.0| 0.0 | 0.0
RF | 03
Select
Hard | 100.0 | 0.152 | 0.009 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0|0.0| 0.0 | 0.0
From
Model
(SFM) Soft | 100.0 | 1.415 | 0.010 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0|0.0| 0.0 | 0.0
DT | 01
Hard | 100.0 | 1.216 | 0.014 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0|0.0| 0.0 | 0.0
Soft | 100.0 | 0.190 | 0.009 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0|0.0| 0.0 0.0
GB | 04
Hard | 100.0 | 1.060 | 0.009 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0|0.0|0.0|0.0
Chi2 | 05 | Soft | 100.0 | 0.208 | 0.015| 100.0 | 100.0 | 100.0 | 100.0{100.0|0.0|0.0| 0.0
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Hard | 100.0 | 0.375 | 0.008 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0 | 0.0 | 0.0
Select K
Best Soft | 100.0 | 0.159 | 0.013 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0 | 0.0 | 0.0
Hard | 100.0 | 0.175 | 0.022 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0 | 0.0 | 0.0
Soft | 100.0 | 1.095 | 0.031 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0 | 0.0 | 0.0
LR | 05
Hard | 100.0 | 1.138 | 0.009 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0| 0.0 | 0.0
Soft | 100.0 | 1.125 | 0.009 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0 [ 0.0 | 0.0
RF | 02
Recursive
Hard | 100.0 | 1.363 | 0.011 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0 | 0.0 | 0.0
Feature
Elimination
(RFE) Soft | 100.0 | 1.102 | 0.011 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0 | 0.0 | 0.0
DT | 01
Hard | 100.0 | 1.230 | 0.010 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 |0.0| 0.0 | 0.0
Soft | 100.0 | 1.087 | 0.016 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0 [ 0.0 | 0.0
GB | 03
Hard | 100.0 | 1.073 | 0.011 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 0.0| 0.0 | 0.0
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Cross-examination of the approach used in this study with other investigations on the same
data is shown in Table 3. Findings were achieved by combining multiple homogeneous
ensembles with attribute selecting strategies. Researchers set out to improve performance while
minimizing the amount of time required for learning and forecasting in this analysis. A second
step of the ensemble process, Voting (soft and hard) voting, was used to build the hybrid
implementation of multiple feature selection, identify outliers and anomalies, and make final
predictions using first ensemble classifiers from bagging and boosting approaches. Not only
did this approach provide better outcomes, but it also took less time to train, and forecast
compared to earlier hybrid models that used advanced algorithms with a wide range of
techniques, such as neural networks. EXxisting procedures are more costly to implement and

take longer to train and verify results, as shown by this comparison.

4.3. Dataset 2 results

Similarly, to dataset 1 the second dataset that is open source has been handled identically. The
first step of the methodology is the implementation of the homogenous ensemble techniques
both bagging and boosting in a hybrid combination with estimators-based features selection

approaches.

The Table 4.4 and 4.5 illustrates the results of both methodologies with their training and

testing time.
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Table 4.4 . The accuracy of the bagging classifiers is described in terms of training and

prediction time.

Homogenous ensemble (Boosting)

Features

Estimators

selection or functions Selected Boos_ti_ng Accuracy T_raining Pr(_ediction
g features | Classifiers In % Time (s) | Time (s)

techniques used

LR 06 AB 92.66 0.1431 0.0119

XGB 92.50 1.557 0.0119

RF 05 AB 98.55 0.1969 0.0139

Select From XGB 99.00 0.4819 0.0080

Model (SFM) - 04 AB 97.77 | 0.1779 | 0.0169

XGB 98.88 0.5832 0.0085

GB 04 AB 97.77 0.0538 0.0069

XGB 97.22 0.5529 0.0109

Chi2 11 AB 98.72 0.1464 0.0160

Select K Best XGB 99.00 0.8659 0.0087

(SKB) ECl 08 AB 98.55 0.1870 0.0124

XGB 99.11 0.7289 0.0039

LR 13 AB 98.72 0.0887 0.0069

XGB 99.00 0.8776 0.0069

Recursive RE 08 AB 98.55 0.1236 0.0109

Feature XGB 99.05 0.6382 0.0059

Elimination DT 11 AB 98.55 0.1186 0.0119

(RFE) XGB 99.00 0.7789 0.0099

GB 09 AB 98.61 0.0568 0.0049

XGB 99.16 0.7373 0.0059
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Table 4.5 The accuracy of boosting classifiers is described in terms of training and

prediction time.

Homogenous ensemble (Bagging)

Features Estimators . Training | Prediction

. or Selected | Bagging | Accuracy . )

selection . - Time Time

. functions | features | Classifiers In %

techniques used (s) (s)

LR 06 RF 92.11 0.3667 0.0293

BME 92.00 0.1414 0.0039

Select RE 05 RF 99.11 0.0488 0.0049

From BME 99.16 0.0498 0.0039

Model RF 98.94 0.0997 0.0080
DT 04

(SFM) BME 99.00 0.0449 0.0047

GB 03 RF 98.00 0.0962 0.0089

BME 97.55 0.0201 0.0030

. RF 99.05 0.0590 0.0079

To || SME | g0t oo Some

(SKB) FCl 08 BME | 98.94 | 0.0574 | 0.0048

LR 13 RF 99.00 0.0698 0.0059

BME 99.16 0.0408 0.0030

Recursive RE 08 RF 98.77 0.1406 0.0089

Feature BME 98.72 0.0279 0.0030

Elimination DT 11 RF 99.05 0.1246 0.0059

(RFE) BME 99.00 0.0304 0.0029

GB 09 RF 99.05 0.0548 0.0049

BME 99.05 0.0453 0.0030
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4.3.1 Recursive Feature Elimination (Hard)

RFE is a feature selection algorithm that is a wrapper type. Fitting the specified machine
learning algorithm used in the model's core, sorting features based on relevance, eliminating
the least important features, and re-fitting the model after each step of the process is how it is
performed. Each of these steps is continued until there are no longer any distinguishing
characteristics. Figure 4.21 below shows the Recursive Feature Elimination based on decision
trees with hard voting 41 data points has been truly classified as Normal Patients, while 99 data

points truly classified as Hyperthyroidism and 1642 data points classified as Hypothyroidism.

RFE-DZ(Estimator DT) Hard Votemax

1600
1-as-Normal A 4 3 2 1400
1200
1000

2-as-Hyper - 0 59 2 - 800

True label

- 600

- 400
JF-as-Hypo - > B
- 200

l-as-Mormal 2-as-Hyper JF-as-Hypo
Predicted label

Figure 4.21 Recursive Feature Elimination using Decision Trees (Hard Voting)

80



Figure 4.22 below shows the Recursive Feature Elimination based on gradient boosting with
hard voting 41 data points has been truly classified as Normal Patients, while 99 data points
truly classified as Hyperthyroidism and 1643 data points classified as Hypothyroidism.

RFE-DZ2(Estimator GB) Hard Votemax

1a00
1-as-Mormal - 41 3 2 1400
1200

1000
2-as-Hyper - 0 EE E

True label

- 600

- 400
F-as-Hypo 1 4 b

- 200

l-as-Mormal 2-as-Hyper F-as-Hypo
Predictaed label

Figure 4.22 Recursive Feature Elimination Based on Gradient Boosting (Hard Voting)
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Figure 4.23 below shows the Recursive Feature Elimination based on logistic regression with
hard voting 44 data points has been truly classified as Normal Patients, while 99 data points

truly classified as Hyperthyroidism and 1642 data points classified as Hypothyroidism.

RFE-D2(Estimator LR) Hard Votemax

1600
l-as-Mormal 44 0 z 1400
1200

1000

2-as-Hyper 1 o 59 2 L 800

True label

- 600

- 400
JF-as-Hypo - 4 7
- 200

l-as-Mormal 2-as-Hyper JF-as-Hypo
Predicted label

Figure 4.23 Recursive Feature Elimination Based on Logistic Regression (Hard Voting)
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The below figure 4.24 shows the Recursive Feature Elimination based on random forests with
hard voting 38 data points has been truly classified as Normal Patients, while 97 data points
truly classified as Hyperthyroidism and 1642 data points classified as Hypothyroidism.

RFE-DZ2(Estimator RF) Hard Votemax

1a00
l-as-Mormal 36 3 3 1400
1200

1000
2-as-Hyper - 0 97 4

True label

- 600

- 400
F-as-Hypo 1 > b

- 200

l-as-Mormal 2-as-Hyper F-as-Hypo
Predictaed label

Figure 4.24 Recursive Feature Elimination Based on Random Forests (Hard Voting)
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4.3.2 Select K-Best Features (Hard)

We use the feature selection approach to pick out the characteristics of our data that have the
greatest impact on the target variable. In other words, we select the predictors that are most
likely to be associated with the target variable. The Select Best technique selects the features
based on which feature has received the highest score out of k. By altering the value of the
‘score func' argument, we may use the classification and regression data analysis procedure.
When preparing a large dataset for training, selecting the optimal features is a critical step in
the process. Figure 4.25 below shows the chi square feature selection technique performance
in the form of confusion matrix, with hard voting 42 data points has been truly classified as

Normal Patients, while 100 data points truly classified as Hyperthyroidism and 1640 data
points classified as Hypothyroidism.

Select K best (CHIZ) Hard Votemax

100
1-as-Mormal - 4 0 4 1400
1200
1000

2-as-Hyper - 0 100 1 - 800

True label

- GO0

- 400
3 a5-Hypo - 5 B 1640
- 200

l-as-Normal 2-as-Hyper 3-as-Hypo
Predicted label

Figure 4.25 Chi Square Feature Selection Technique Performance
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Figure 4.26 below shows the FCI feature selection technique performance in the form of
confusion matrix, with hard voting 42 data points has been truly classified as Normal Patients,

while 99 data points truly classified as Hyperthyroidism and 1640 data points classified as
Hypothyroidism.

Select K best-D2 (f_classif fn) Hard Votemax

1600
1-as-Normal A 4z 3 1 1400
1200
1000

2-as-Hyper 1 o 29 2 - 800

True label

- 600

- 400
F-as-Hypo 1 4 7
- 200

l-as-Mormal 2-as-Hyper 3-as-Hypo
Predicted label

Figure 4.26 FCI Based Feature Selection Technique Performance
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4.3.3 Selection of Features from Model (Hard)

By using machine learning Estimators, k-best features are selected. Figure 4.27 below shows
the selection of features from decision trees in the form of correctly classified data with hard
voting 46 data points has been truly classified as Normal Patients, while 101 data points truly

classified as Hyperthyroidism and 1639 data points classified as Hypothyroidism.

Selection from model-D2(DT as Estimator) Hard Votemax
1600

l-as-Mormal 46 0 0 1400
1200
1000

2-as-Hyper - 0 101 L - 800

True label

- B00

- 400
JF-as-Hypo - 4 10
- 200

l-as-Mormal 2-as-Hyper JF-as-Hypo
Predicted label

Figure 4.27 Selection of Features from Decision Trees
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Figure 4.28 below shows the selection of features from GBC in the form of correctly classified
data with hard voting 36 data points has been truly classified as Normal Patients, while 97 data

points truly classified as Hyperthyroidism and 1618 data points classified as Hypothyroidism.

Selection from model-D2(Gradient Boost as Estimator) Hard Votemax
1600

l-as-Mormal - 36 3 ! 1400
1200

1000

2-as-Hyper 1 0 97 4 - 200

True label

- BO0

- 400
F-as-Hypo 4 31 1618

- 200

l-as-Mormal 2-as-Hyper J-as-Hypo
Predicted label

Figure 4.28 Selection of Features from Gradient Boosting
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Figure 4.29 below shows the selection of features from LR in the form of correctly classified
data with hard voting 23 data points has been truly classified as Normal Patients, while 1 data

points truly classified as Hyperthyroidism and 1640 data points truly classified as
Hypothyroidism.

Selection from model-D2(LR as Estimator) Hard Votemax
1600

l-as-Normal - 23 0 23 1400
1200
1000

2-as-Hyper 1 0 1 100 L a00

True label

- 600

- 400
F-as-Hypo 1 15 0
- 200

l-as-Normal 2-as-Hyper JF-as-Hypo
Predicted label

Figure 4.29 Selection of Features from Logistic Regression
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Figure 4.30 below shows the selection of features from RF in the form of correctly classified
data with hard voting 42 data points has been truly classified as Normal Patients, while 99 data

points truly classified as Hyperthyroidism and 1641 data points truly classified as
Hypothyroidism.

Selection from model-D2(RF as Estimator) Hard Votemax
100

l-as-Mormal - 42 3 1 1400
129000
1000

2-as-Hyper - 0 %9 2 - 800

True label

- 600

- 400
F-as-Hypo 1 4 8
- 200

l-as-Mormal 2-as-Hyper J-as-Hypo
PFredicted label

Figure 4.30 Selection of Features from Random Forests
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4.3.4 Recursive Feature Elimination (soft)

RFE is a feature selection algorithm that is a wrapper type. This is accomplished by fitting the
specified machine learning algorithm that was used in the core of the model, ranking features
according to relevance, deleting the least important features, and re-fitting the model after each
step of the process. Each of these steps is continued until there are no longer any distinguishing
characteristics. Figure 4.31 below shows the Recursive Feature Elimination based on decision
trees with soft voting 43 data points has been truly classified as Normal Patients, while 99 data

points truly classified as Hyperthyroidism and 1643 data points truly classified as
Hypothyroidism.

RFE-DZ2(Estimator GB) Soft Votemax

1a00
l-as-Normal - 43 3 0 1400
1200

1000

2-as-Hyper - o 59 2 - 800

True label

- 600

- 400
F-as-Hypo 1 4 B
- 200

l-as-Normal 2-as-Hyper F-as-Hypo
Predicted label

Figure 4.31 Recursive Feature Elimination using Decision Trees (soft Voting)
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Figure 4.32 below shows the Recursive Feature Elimination based on gradient boosting with
soft voting 45 data points has been truly classified as Normal Patients, while 99 data points

truly classified as Hyperthyroidism and 1643 data points truly classified as Hypothyroidism.

RFE-DZ2(Estimator LR) Soft Votemax

1600
l-as-Mormal 45 o 1 1400
1200

1000

2-as-Hyper - L 800

True label

F-as-Hypo 1

l-as-Mormal 2-as-Hyper F-as-Hypo
Fredicted label

Figure 4.32 Recursive Feature Elimination Based on Gradient Boosting (soft VVoting)
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The confusion matrix shows the Recursive Feature Elimination based on logistic regression
with soft voting 45 data points has been truly classified as Normal Patients, while 99 data points

truly classified as Hyperthyroidism and 1642 data points truly classified as Hypothyroidism.
The figure 4.33 represented as follows:

RFE-D2(Estimator LR) Soft Votemax

1600
1-as-Normal - 45 0 1 1400
1200
1000

2-as-Hyper 1 0 % 2 - 800

True label

- 600

- 400
F-as-Hypo 1 4 B
- 200

l-as-Normal 2-as-Hyper JF-as-Hypo
Predicted label

Figure 4.33 Recursive Feature Elimination Based on Logistic Regression (soft Voting)
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Figure 4.34 below shows the Recursive Feature Elimination based on random forests with soft
voting 39 data points has been truly classified as Normal Patients, while 97 data points truly
classified as Hyperthyroidism and 1643 data points truly classified as Hypothyroidism.

RFE-DZ(Estimator RF) Soft Votemax

1a00
l-as-Normal - 38 3 4 1400
1200

1000

2-as-Hyper 1 0 a7 o - 800

True label

- 600

- 400
F-as-Hypo 1 4 B

- 200

l-as-Normal 2-as-Hyper F-as-Hypo
Predicted label

Figure 4.34 Recursive Feature Elimination Based on Random Forests (soft Voting)
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4.3.5 Select K-Best Features (soft)

We use the approach of feature selection to pick out the characteristics of our data that have
the greatest impact on the target variable. In other words, we select the predictors that are most
likely to be associated with the target variable. The Select Best technique selects the features
based on which feature has received the highest score out of k. By altering the value of the
‘score func' argument, we may use the procedure for both classification and regression data
analysis. When preparing a large dataset for training, selecting the optimal features is a critical
step in the process. Figure 4.35 below shows the chi square feature selection technique
performance in the form of confusion matrix, with soft voting 42 data points has been truly
classified as Normal Patients, while 100 data points truly classified as Hyperthyroidism and
1640 data points truly classified as Hypothyroidism.

Select K best-D2 (CHI2) Soft Votemax

1a00
1-as-Normal 1 4 o 4 1400
1200
10040

2-as-Hyper 1 0 100 1 - 800
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- GO0

- 400
F-as-Hypo 1 > 8
- 200

l-as-Normal 2-as-Hyper JF-as-Hypo
Predicted label

Figure 4.35 Chi Square Feature Selection Technique Performance
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Figure 4.36 below shows the FCI feature selection technique performance in the form of
confusion matrix, with soft voting 42 data points has been truly classified as Normal Patients,

while 99 data points truly classified as Hyperthyroidism and 1643 data points truly classified
as Hypothyroidism.

Select K best-D2 (f_classif fn) Soft Votemax

1600
l-as-Hormal 44 3 1 1400
1200
1000

2-as-Hyper 1 0 99 Z - 800
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- G600

- 400
F-as-Hypo - 4 b
- 200

l-as-Hormal 2-as-Hyper F-as-Hypo
Predicted label

Figure 4.36 FCI Based Feature Selection Technique Performance
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4.3.6 Selection of Features from Model (Hard)

By using machine learning Estimators, k-best features are selected. Figure 4.37 below shows
the selection of features from decision trees in the form of correctly classified data with soft
voting 44 data points has been truly classified as Normal Patients, while 101 data points truly

classified as Hyperthyroidism and 1639 data points truly classified as Hypothyroidism.

Selection from model-D2(DT as Estimator) Soft Votemax
1600

l-as-Mormal - 4 2 0 1400
1200
1000

2-as-Hyper - 0 101 L - 800

True label

- GO0

- 400
JF-as-Hypo 1 4 10
- 200

l-as-Mormal 2-as-Hyper F-as-Hypo
Predicted label

Figure 4.37 Selection of Features from Decision Trees
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Figure 4.38 below shows the selection of features from GBC in the form of correctly classified
data with soft voting 36 data points has been truly classified as Normal Patients, while 97 data

points truly classified as Hyperthyroidism and 1616 data points truly classified as
Hypothyroidism.

Selection from model-D2(Gradient Boost as Estimator) Soft Votemax
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l-as-Mormal 39 3 4 1400

1200
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- 400
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l-as-Mormal 2-as-Hyper F-as-Hypo
Predicted label

Figure 4.38 Selection of Features from Gradient Boosting
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Figure 4.39 below shows the selection of features from LR in the form of correctly classified
data with soft voting 22 data points has been truly classified as Normal Patients, while 1 data

points truly classified as Hyperthyroidism and 1642 data points truly classified as
Hypothyroidism.

Selection from model-D2(LR as Estimator) Soft Votemax
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1-as-Normal - 22 0 24 1400
1200
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Predicted label

Figure 4.39 Selection of Features from Logistic Regression
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Figure 4.40 below shows the selection of features from RF in the form of correctly classified
data with soft voting 42 data points has been truly classified as Normal Patients, while 99 data

points truly classified as Hyperthyroidism and 1642 data points truly classified as
Hypothyroidism.

Selection from model-D2(RF as Estimator) Soft Votemax
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l-as-Mormal 42 3 1 1400
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Figure 4.40 Selection of Features from Random Forests
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Using the Voting ensemble process, which contains both hard and soft voting procedures, Table
6 displays the last step of the experiment, also known as the Voting ensemble stage. This stage
of the assembling process has a larger computing cost than the first, but the proposed method
has delivered cutting-edge outcomes with accurate results. The highest accuracy achieved was
99.27 percent, and the other metrics (precision, recall, MCC, kappa, and so on) have also
produced the highest results by using this proposed methodology. While using both hard and
soft voting techniques to implement the Voting Ensemble of Homogeneous Ensemble, the

results are computed with a little delay.

Using the F1 score of the features, the table below shows the relative relevance of the selected
features in each attribute selection technique. The F1 score of the features is based on their
importance in the selected features. In the first step, we employed Logistic Regression,
Gradient Boosting, Random Forests, and Decision Trees to select the feature from model
(SFM) that would be used in the second phase of the experiment. In the study, six features were
extracted through the use of Logistic Regression, and the accuracy of LR was 92.50 percent
with soft voting and 92.44 percent with hard voting, according to the findings. In the case of
using RF, the features that were retrieved amounted to five, and the accuracy of RF was 99.05
percent with soft voting and 99.00 percent with hard voting. It was discovered that while using
DT, four features could be recovered, and that the accuracy of DT with soft voting was 99.11
percent, while the accuracy of DT with hard voting was 99.22%. Using the GBC, three features
were extracted, and the accuracy of the GBC was found to be 97.33 percent when using soft
voting and 97.27 percent when using hard voting when soft voting was utilized.

Chi Square and FCI tests were used to determine which K parameters were among the best.
The results of this step are shown in the following table. The Chi square was used to determine
the best parameters, and the accuracy for hard voting was 99.00 percent, while for soft voting,
the accuracy was 99.05 percent, resulting in an accuracy of 99.00 percent. Using hard voting,
FCI found the best parameters from a pool of 8 K candidates with an accuracy of 99.05 percent

and soft voting with an accuracy of 99.11 percent, respectively.

Implementing Recursive Feature Elimination in the third phase, which is now underway, has

been made possible through the application of machine learning Estimators. Hard voting results
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in an accuracy of 99.16 percent for hard voting and 99.27 percent for soft voting, with LR
extracting 13 features at random with an accuracy of 99.16 percent for hard voting and 99.27
percent for soft voting. If you vote in hard voting, the RF extracts 8 features at random and
with 98.7 percent accuracy, however if you vote in soft voting, the accuracy is 98.8 percent.
While utilizing hard voting, DT extracts 11 features with a 99 percent accuracy rate, and when
using soft voting, the accuracy rate is similarly 99 percent, according to the company. Using a
random number generator, GBC extracts nine features with an accuracy of 99.0 percent for
hard voting and 99.1 percent for soft voting, respectively. The greatest MCC score was
achieved by DT at four features that were selected following a rigorous voting process, earning

a score of 95.4 percent on a scale of 100.

4.4.Comparison of proposed methodology with existing studies

There are numerous strategies that have already been developed that specifically narrate the
identification of thyroid ailment by utilizing various ML and DL approaches. Table 7. contains
a full comparison of the accuracies of the different methods. Our model achieved an accuracy
of 99.27 percent, which is higher than the accuracy of previously reported existing work.

Similarly for the Table 8, our proposed methodologies attained the highest accuracy of 100%
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Table 4.6 On dataset 2, performance evaluation metrics for the homogeneous ensemble

classifiers' soft and hard voting.

< %) &4 'y D =)
2 = O L @ L L) ~ X
Ss S8 || = | g | &l e 88| o %
22 |Sel & | 8 > = = = 5 £ o g
= S 5| o &) S o 5 < % O O N4
L5 EEl 2| o 5 k= = D 3 P = S
282 B c| £ 8 [ 0 o = 0 <
3 wal o B < 8 3 Q
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R | o LSoft | 9250 | 1158 | 0.053 | 89.00 | 93.00 | 90.00 | 23.82 | 31.13

Hard | 92.44 | 1.973 | 0.053 | 93.00 | 92.00 | 90.00 | 24.44 | 31.15

RE | o5 [Soft | 99.05 | 0.6453 | 0.024 | 99.00 | 99.00 | 99.00 | 94.01 | 93.97

Select From Hard | 99.00 | 1.610 | 0.025 | 99.00 | 99.00 | 99.00 | 93.68 | 93.63

Model oT | o4 LSOft | 9911 | 1794 | 0.033 | 99.00 | 99.00 | 99.00 | 94.43 | 94.54

(SFM) Hard | 99.22 | 1.795 | 0.029 | 99.00 | 99.00 | 99.00 | 95.24 | 95.12

GB | o3 LSoft| 97.33 | 1597 | 0.024 | 98.00 | 97.00 | 97.00 | 84.42 | 84.00

Hard | 97.27 | 0.663 | 0.030 | 98.00 | 97.00 | 97.00 | 83.73 | 83.42

Chiz | 11 |.Soft | 99.05 | 1.957 | 0.025 | 99.00 | 99.00 | 99.00 | 94.06 | 94.00

Select K Hard | 99.00 | 1.095 | 0.021 | 99.00 | 99.00 | 99.00 | 93.65 | 93.61

Best el | og LSoft | 9911 | 0.820 | 0.033 | 99.00 | 99.00 | 99.00 | 94.30 | 94.34

(SKB) Hard | 99.05 | 2.082 | 0.070 | 99.00 | 99.00 | 99.00 | 94.01 | 93.97

R | 13 [Soft | 99.27 | 0961 | 0.018 | 99.00 | 99.00 | 99.00 | 95.40 | 95.37

Hard | 99.16 | 2.496 | 0.023 | 99.00 | 99.00 | 99.00 | 94.69 | 94.66

RE | og |.SOft | 98.83 | 0.863 | 0.020 | 99.00 | 99.00 | 99.00 | 92.41 | 92.41

Hard | 98.72 | 1.706 | 0.026 | 99.00 | 99.00 | 99.00 | 91.69 | 91.69

Recursive oT | 17 |.Soft | 99.00 | 0940 | 0.024 | 99.00 | 99.00 | 99.00 | 93.62 | 93.59

Feature Hard | 99.00 | 1.955 | 0.023 | 99.00 | 99.00 | 99.00 | 93.62 | 93.59

Elimination GB | g9 |Soft| 99.16 | 0.924 | 0.023 | 99.00 | 99.00 | 99.00 | 94.72 | 94.68

(RFE) Hard | 99.05 | 1.911 | 0.035 | 99.00 | 99.00 | 99.00 | 93.95 | 93.93
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Table 4.7 Comparison of accuracies with existing studies on dataset2.

Datasets Methodologies Accuracy References
KEEL repository KNN with Euclidean distance 96.90 1]
thyroid 0387 function '
KEEL repository KNN with Minkowski distance
thyroid 0387 function 9344 [87]
KEEL repository . This study
thyroid 0387 (Soft voting) 99.27 dataset 2

Table 4.8 Comparison of accuracies with existing studies on dataset1

References Methodology Accuracy | Recall F1- | Training Prgdlctlon Dataset
score | time (s) | time (S)
WLSVC(L1) + KNN 97.8 96 97 0.53 0.361
DHQ,
WLSVC(L2) + DT 76.9 67 61 0.681 0.372 DG
[12] Khan
WLSVC(L2) + SVM 86.0 79 85 0.511 0.361 Pakistan
WCHI+ KNN(Euclidean) 100 100 | 100 | 1.032 0.806
WCHI+
KNN(Minkowski) 99.3 99 99 1.18 0.827
WCHI+
KNN(Chebyshev) 98.7 97 98 1.11 0.808 DEI)—|C(;Q
[341 | WCHI+ KNN(Manhattan) | 99.3 99 | 99 | 1.01 0.749 | Khan
WCHI+ Pakistan
KNN(Correlation) 77.3 76 76 0.899 0.655
Homogenous ensemble +
Voting(hard) +SFM(RF) 100 100 | 100 | 0.152 0.009
Homogenous ensemble +
This study | Voting(soft) + SKB(FCI) 100 100 | 100 | 0.159 0.013 DI|D-|§
Dataset 1 Bagging
(BME)+RFE(DT) 100 100 | 100 | 0.0129 0.0009 P;(r;str; i
Homogenous ensemble +
Voting(hard) + RFE(GB) 100 100 | 100 | 1.073 0.011
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The boosting classification of AdaBoost (AB) and XGBoost (XGB) in comparison to other
Estimators is shown in the table 4.4. In SFM, the accuracy of LR with AB and XGB was 92.66
percent and 92.50 percent, respectively, according to the results. While in RF, the accuracy of
the AB ensemble with RF and XGB was 98.55 percent and 99.00 percent, respectively,
according to the results. The accuracy of DT with AB was 97.77 percent, and the accuracy of
DT with XGB was 98.88 percent. The accuracy of GB with AB was 97.77 percent, and the
accuracy of GB with XGB was 97.22 percent.

The two boosting estimators named XGB, and AB are summarised in the table 4.4. As long as
you don't use an XGB classifier, all the forecasting models and their associated feature selection
procedures are accurate to within a margin of error. A comparison of this study's methodology
with other research on the same data set may be found in the preceding table, as shown.
Findings were achieved by integrating multiple homogeneous ensemble algorithms (bagging,
boosting) with several attribute selection processes in proposed research. During this project,
the researchers aimed to increase accuracy while simultaneously reducing training and
prediction time. An additional step of ensemble included voting (soft and hard) in order to
accomplish the hybrid implementation of different selecting features, outliers' and anomalies
detection, as well as the overall estimate. Our proposed hybrid Estimator technique
outperformed earlier hybrid Estimators, with improved F1-scores and recall as well as
accuracy, and of 100%, for the same degree of accuracy, but needing less learning and
predicting time. To train and verify results, present techniques need substantially more time
and resources, as well as being significantly more costly to implement.

Human life depends on the capacity to recognise and identify illness at an early stage. Machine
learning methods have made identification more exact and accurate. Because of the similar
symptoms, it may be difficult to tell the difference between thyroid disease and other
conditions. Data from the thyroid dataset has shown a positive impact on classifier performance
that beats earlier studies in terms of accuracy. Multi-stage ensemble i.e., Votmax ensemble of
homogenous ensemble along with three different feature selection techniques were the goals
of this research effort. Pre-processing and outlier detection from the provided attributes must
be completed before the classification procedure can begin. In the first assembly phase, each
of the ensembles contributed two algorithms. As part of the classifying procedure, an ensemble
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of both voting techniques has been used. The maximum feasible accuracy of 100 percent was
achieved by combining all feature engineering strategies with multiple estimators and ensemble
procedures while using the least computer resources, according to the findings. It was also
found to be perfect in terms of the other performance assessment metrics that had been used.
According to our findings, our method was the most effective in analysing the thyroid illness

dataset.
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CHAPTER 5 CONCLUSION

This dissertation is based on the implementation of different popular ensemble algorithms from
bagging and boosting techniques. Previously the researchers have had a great deal of success
in identifying thyroid diseases; nonetheless, it is recommended that patients take advantage of
the large number of criteria available for diagnosing thyroid disorders. The addition of further
criteria would involve the administration of more clinical tests on individuals, which would be
both expensive and time-consuming. As a consequence, such forecasting must be developed in
such a manner that they require the fewest number of parameters possible in order to diagnose
diseases while also conserving both time and money for the patients involved. When compared
to prior studies, this research study's dataset offers less, however it contains traits that are
extremely essential and valuable in improving illness detection. The two datasets have been
used in this dissertation one is open source and other is the local hospital from DG Khan.
Cleaning the data samples before modelling is crucial for ensuring that the data is
representative of the scenario as accurately as possible. It is fairly uncommon for a dataset to
contain missing eigenvalues that do not fit in with the overall data set. To improve the accuracy
of the developed models, it has been proven that outlier values may be identified and deleted
from the model's dataset. Finding and restoring incomplete data and outliers with average
values of the attributes that were utilised are early pre-processing operations in this research.
With the help of characteristic relevance ratings, as well as the projected feature significance
derived from a dataset, the feature selection method may be made better. Attributes are selected
from the training dataset, the model is trained using features selected, and the model is
evaluated using test data in this stage It is possible to automatically choose the qualities in
given dataset that have the greatest impact on your output variables. The XGBoost feature
significance test was performed on both datasets prior to selecting the most important features.
Many models may result in poor performances due to the obvious presence of irrelevant
characteristics in your data. In addition to improving accuracy, feature extraction method prior
to modelling saves training and the risk of overfitting. Recursive feature elimination (RFE) was

used to choose from model and select K-best (SKB) in this study.
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Bagging and Boosting Homogeneous ensembles are introduced in this experimental work by
proposing classifiers for further processing by a voting ensemble that includes both hard and
soft votes. Using both intended and open-source datasets, this method yielded discoveries that
were at the cutting edge. Recall, hamming loss and accuracy are only a few of the performance

parameters used to evaluate overall performance.

After the comparison of deployed methodologies in this experimental work our proposed
approach attains the best performance on both datasets. By comparing the proposed
methodology results with already available existing work, we realized our proposed
augmentation approach achieved an improvement in accuracy, sensitivity, AUC, lower error
and miss-classification rate. A state-of-the-art result can be obtained through proposed

augmentation approaches.

In future we will try to introduce the augmentation that not only capable to improve the
accuracies of the ML models but also increase the total number of instances or entries, that will
rapidly improve the performance of the proposed algorithms or methodologies. Such type of
approach is also very helpful where the datasets are very small and in a limited number of

entries.
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