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Abstract 

Diagnosis and classification of Hypothyroidism and Hyperthyroidism based on 

Machine Learning Techniques 

 By: Samer Sweileh 

Supervisor: Prof. Dr. Mohammed Awad 

The thyroid gland is one of the most important parts of the body, as any imbalance in it 

leads to many health problems. Thyroid examinations are one of the necessary periodic 

examinations that must be carried out to check on health, as any trouble in it causes 

health complications if it is not treated. Therefore, there is an urgent need for early 

detection of these diseases as well as accuracy in diagnosis, so Artificial Intelligence 

(AI) approaches can support medical decisions to detect thyroid disease before the 

disease situation worsens and affects the patient with other problems. This research uses 

the Machine Learning (ML) Hybrid Model of Neural Networks (NNs) and Genetic 

algorithms (GAs) [GAs-MLPNNs], and Deep Learning (DL) Model to classify and 

predict thyroid diseases depending on features and medical images.   

The datasets used in this research depend on different resources, we used a global 

dataset, also local datasets were collected from four cities in Palestine, and a global 

dataset for ultrasound images of the thyroid. The datasets pass-through data 

preprocessing and feature extraction process. The final step is the application of 

different AI methods to recognize the patterns in these datasets.  Decision-tree (DT), 

Naïve Bayes (NB), Support Vector Machine (SVM),   k-Nearest Neighbor (KNN), 

Ensemble Methods, Multi-Layer Perceptron Neural Networks (MLPNNs), GAs-
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MLPNNs, and Deep learning Convolution Neural Network (CNN) implemented by 

VGG-16 Model were used to recognize the pattern on the datasets and improve the 

results of the classification of thyroid diseases with high accuracy. 

In the first stage, DT, NB, SVM, KNN, Ensemble, and MLPNNs were applied to the 

global dataset to classify thyroid diseases, and the accuracy results were as follows: 

99.5%, 93.3%, 98.2%, 95.1%, 99.6%, and 95.6% respectively. In the second stage, DT, 

NB, SVM, KNN, Ensemble, and MLPNNs have been applied to the local dataset in two 

ways, the whole data collected from the four cities, and the data for each city.  All cities 

datasets obtained the highest accuracy when applying the Ensemble model which 

produces 91.10%. The best model in terms of accuracy of results for each city is DT, 

which obtained the accuracy; 92.40%, 88.50%, 91.90%, and 89.90% in Ramallah, 

Nablus, Qalqiliah, and Salfeit respectively.  

In the third stage, a custom global dataset was created to compare the results of 

classification to the local datasets.  In the fourth stage, Hybrid Model (GAs-MLPNNs) 

was used to improve the accuracy of the classification of thyroid diseases, the model 

was applied on a custom global dataset and local dataset, the results were as follows: 

95% for the custom global dataset, and 96% for the local dataset. In the fifth and final 

stage, a VGG-16 model based on CNN was used to classify a group of ultrasound 

images of the thyroid gland into a malignant tumor or a benign gland tumor, and the 

accuracy result of the classification was 87.00%. 
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Chapter 1 

       Introduction  

 

1.1   Introduction 

Thyroid diseases are one of the spreads among all segments of society, one out of 

every twenty people in the United States of America suffers from a disease of the 

thyroid gland, and this percentage is seven times more in women [12]. There are many 

risks involved in not being diagnosed with thyroid disease or being misdiagnosed. It is 

possible that a person with thyroid disease does not suffer from certain symptoms or 

that the symptoms are simple and do not feel them, so there is a need for periodic 

examination for anyone who suffers or does not suffer from symptoms [7] [12]. In 

Europe, the prevalence of hypothyroidism, a disease of the thyroid gland prevalent 

around the world, in a population sample of 228613 people was 4.70%. 4.11% of them 

suffer from hypothyroidism and were not previously diagnosed [16]. 

Signs and symptoms of hypothyroidism or hyperthyroidism (they are one of the 

most common diseases that affect the thyroid gland) [17] depending on the extent of the 

problem. These symptoms develop slowly and the symptoms of thyroid disease are 

often confused with those of other diseases as the clinical symptoms are similar, such as 

aging [84] or menopause, and others. 

Thyroid disorders are diagnosed based on symptoms and a blood test that 

measures thyroid-stimulating hormone (TSH) levels, and thyroid hormones (TT3, TT4), 

where any difference in the levels of these hormones from the normal level in general, 



2 
 

  

there may be a problem in the thyroid gland that needs accurate diagnosis and treatment 

[18]. The thyroid gland is one of the most important parts of the body, as any imbalance 

in it leads to many health problems. Examination of the thyroid gland is one of the most 

important tests that must be performed to reassure health, as any defect in it causes 

health complications if it is not treated [19]. The thyroid gland produces thyroid 

hormones along with the iodine taken from food to keep the body's metabolism 

functioning at a normal rate. A thyroid disorder occurs either because of an 

overproduction of the hormone, which causes the body to use energy faster than it 

should (hyperthyroidism), or not having enough hormone causes the body to use energy 

more slowly than it should (hypothyroidism). Among the complications that may be 

caused by delay in the diagnosis and treatment of thyroid disease, for example, but not 

limited to heart disease: Thyroid problems can lead to heart disease, such as irregular 

heartbeat, whether slow or rapid heartbeat, which causes weakness in the heart muscle 

[20][79]. It can also increase the level of harmful cholesterol, and fluid accumulation 

around the heart, in addition to the development of hardening of the arteries. The patient 

may have to undergo a heart operation if it is proven that there is a problem resulting 

from thyroid disorders. Delaying treatment can also cause goiter, infertility, and 

decreased fertility, affecting mental health, neuropathy, and many other diseases and 

problems [7]. Therefore, there is an urgent need for early detection of these diseases as 

well as accuracy in diagnosis, so Machine Learning ML can support medical decision-

makers [80] [81] from doctors and researchers to detect thyroid disease before the 

disease situation worsens and causes other problems. 

This study attempts to use machine learning technology to classify and predict 

thyroid diseases in the early stages to take proactive measures. The hope is that the use 
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of ML techniques will assist and contribute to the early detection and diagnosis of this 

disease. In the beyond years, IT was used to increase and develop many studies, 

additionally, Artificial Intelligence (AI) has presented a strong inference tool to help 

scientific decision-making, and different components in technological know-how and 

engineering [21]. Simply, AI is a manner to educate computer systems on the way to 

think, make selections (decision making), and act like humans, so, logically the machine 

ought to do matters that human beings, in the beginning, do (might be taken into 

consideration intelligent) [21]. AI employs the statistics accumulated from digital health 

records, to give you a result a good way to help the medical doctors in decision making 

and diagnosing diseases [22]. Classification techniques have been used in many fields to 

collect similar data together, which makes it much easier to treat each group similarly 

and used for many other purposes depending on the problem [23].  

In this thesis, different AI techniques are used for the classification of thyroid 

datasets local and international. The first model is the Decision Tree (DT), this 

technique classifies data into levels by building a tree consisting of three layers:  root 

node layer, internal nodes layer, and leaf nodes layer [58]. The second model is the 

Naïve Bayes (NB) it is a probability-based ML technique, used to classify classes in 

datasets, this technique assumes that the properties used to build the model are separate 

from each other, so changing the values of one property does not affect another property 

[59]. The third technique is Support Vector Machine (SVM), this model aims to make 

boundaries between classes to classify [82]. The fourth technique is K-nearest neighbor 

(KNN), this technique is very simple, gives a good result, and usually assumes that the 

similar data is close to each other, when classifying new data, it depends on the distance 

to each class [83]. The fifth technique the Ensemble is an aggregation of several ML 
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models to improve the accuracy of the results, rather than using a single model that 

leads to less accurate results [64].  The sixth model is an artificial neural network 

(ANNs), ANNs, and simulates the biological neural networks. ANNs use to solve a 

variety of problems in; pattern recognition, prediction, optimization, associative 

memory, and control [70]. In this research Multi-layer perceptron, neural networks 

(MLPNNs) are used [71]. The seventh technique is the Hybrid Model of Neural 

Networks (NNs) and Genetic algorithms (GAs) [GAs-MLPNNs]; this hybrid model is 

used to improve the accuracy of the classification of thyroid diseases datasets. The 

eighth model is (VGG-16) model, which depends on Convolutional Neural Network 

(CNN) architecture, it used for thyroid ultra-sound images classification [76].  

In this research, the experiments were performed using six ML    techniques were 

applied on the global dataset and on local datasets to classify thyroid diseases,  DT, NB,         

SVM, KNN, Ensemble, and MLP                           NNs.      Also, the local dataset is divided into 4 subsets 

depending on the city.  

A custom global dataset was used to compare the results of classification between 

the local and global datasets.  

To improve the classification of thyroid diseases, a Hybrid Model (GAs-

MLPNNs) was applied on custom global dataset and local dataset (all cities dataset). 

Finally, a Deep Learning (VGG-16) model based on CNN was used  to classify a group 

of ultrasound images of the thyroid gland into a malignant tumor or a benign gland 

tumor. 

 



5 
 

  

1.2   Objectives  

The main objective is to improve the accuracy to determine whether the person 

has hyperthyroidism or hypothyroidism or does not suffer from either by using AI 

techniques that apply to two groups of datasets (Global & Local). In other words, 

examining the appropriate mechanism to analyze the data, select feature, and find a 

more precise method to assess thyroid disease is the primary goal of the study. Early 

detection and accurate diagnosis of any thyroid disorder using AI technique contribute 

to the treatment plan as well as avoiding many serious diseases as mentioned in the 

introduction.   

Specific Objectives of the Study 

Other specific objectives of the study are the following: 

 Choosing the most effective variable that affects the dataset classification by 

using Feature Selection techniques. 

 Applying a group of AI techniques for thyroid Diseases classification on two 

groups of datasets (Global & Local). 

 Choosing the most appropriate AI techniques for the classification of thyroid 

Diseases on the global and local dataset. 

 Performing an accuracy comparison between Local and Global datasets by 

applying AI techniques.   

 Applying the proposed hybrid model of GAs-MLPNNs to the classification of 

thyroid Diseases. 
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 Applying Deep Learning (DL) model by using the VGG-16 model is based on 

Convolutional Neural Networks (CNN) technique to classify the types of thyroid 

cancer through thyroid roid nodules through an ultrasound images dataset. 

1.3    Contribution 

Many studies in the field of information technology have proposed many 

algorithms and used machine learning techniques in classifying and predicting thyroid 

diseases. But at the local level, no studies have been conducted in this field. So, the 

work is still rudimentary to automate the detection of thyroid diseases concerning 

hyperactivity or hypothyroidism. Therefore, the starting point was from here and to 

contribute to the collection of local data about laboratory thyroid examinations, and then 

use machine learning techniques to classify thyroid diseases at the local level. 

1.4   Overview 

In this section of the introduction chapter, we will review a summary of the rest of 

the upcoming chapters that we will discuss in this thesis, in order to achieve the goals 

and objectives of the work.  The rest of the thesis organized as follows: Chapter two will 

give a background about the three datasets we were used (Global dataset, Local dataset, 

and ultrasound images dataset), then literature within the related research field will be 

discussed, also, it provides some other used techniques to predict and classify thyroid 

diseases. Chapter three will discuss in general the methodologies were used in this study 

in general, at first the data collection, and then preprocessing steps will be shown, which 

are: feature selection and dealing with missing values. Secondly, the building model 

phase and DT, NB, SVM, KNN, Ensemble, and MLPNNs algorithms were explained, 
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also GAs model to be combined with MLPNNs the general method procedure will be 

illustrated, and VGG-16 model based on CNN model will be explained. Finally, 

different performance measurements were introduced to evaluate the machine learning 

models. In chapter four, some experiments and the results of each dataset with different 

models will be discussed, also, a comparison between models showing the best one will 

be provided for each dataset, also a comparison between results for global and local 

datasets. Chapter five presents the conclusion and future work.  
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Chapter 2 

Background 

2.1   Background 

Technological advances allow the different sciences to improve their processes, 

and incorporate new functionalities to optimize the times in diagnoses and treatment. 

The patients generate an enormous amount of information [25], providing the possibility 

of creating tools that allows us to collaborate in the diagnosis and study of different 

pathologies. Thyroid diseases are a problem for society because they generate a 

decrease in the quality of life of people, excessive tiredness, irritability, weight gain for 

no reason among others [26] [27].  

The thyroid is a gland belonging to the endocrine, its main function is to release 

into the blood thyroid hormones T3 and T4, which are involved in the development of 

the nervous system, cognitive processes, regulate metabolism, and burning calories that 

influence every cell in the body organ, that is necessary to control the functions of 

almost all organs of the body [27]. 

Many studies in the field of information technology have proposed many 

algorithms and use machine learning techniques in classifying and predicting thyroid 

diseases [1][2][3][4][5][6]. 

In this thesis, several models were used in classification such as Decision Tree 

(DT), Naïve Bayes (NB), K-Nearest Neighbors (KNN), Support Vector Machine 

(SVM), Ensemble tree, Multi-layer perceptron Neural Network (MLP), and hybrid 
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model (GAs-MLPNNs). These models were applied to the global dataset and the local 

datasets, and then comparisons were made between the results that appeared. Also, a 

(VGG-16) model based on the convolutional neural network (CNN) which is one of the 

deep learning models, had been applied to classify images of the thyroid gland (ultra-

sound images) and divide them according to the type of inflammation, benign or 

malignant. 

2.2    Dataset Description 

In this research, three datasets were used: 

2.2.1 Global Dataset 

These are global data sets that exist in University of California, Irvine (UCI) Machine 

Learning Repository [28] about thyroid lab tests: It is a data of patients that have been 

examined in the laboratory and have been divided into three classes: I. Normal. 

II.Hyper.  III. Hypo.    

This dataset contains 21 variables (feature) and contains 7200 samples (a record).  In the 

table (2.1), there are details of these variables. 

Table 2.1: Valid ranges & description for each feature (Global Dataset) 

# Feature Name Description 
Range of 

Value 

Type of 

value 

1. Age Age of the patient 0.01–0.97 
Continuous 

variable 

2. Sex Sex of the patient 
0 (Male) 

1 (Female) 

Binary 

variable 

3. On_thyroxine  
0 (FALSE) 

1 (TRUE) 

Binary 

variable 
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4. Query_on_thyroxine  
0 (FALSE) 

1 (TRUE) 

Binary 

variable 

5. On_antithyroid_medication type of treatment 
0 (FALSE) 

1 (TRUE) 

Binary 

variable 

6. Sick 
Does he/she suffer 

from illness? 

0 (FALSE) 

1 (TRUE) 

Binary 

variable 

7. Pregnant 
positive pregnancy 

result 

0 (FALSE) 

1 (TRUE) 

Binary 

variable 

8. Thyroid_surgery 
Did you do thyroid 

surgery? 

0 (FALSE) 

1 (TRUE) 

Binary 

variable 

9. I131_treatment type of treatment 
0 (FALSE) 

1 (TRUE) 

Binary 

variable 

10. Query_hypothyroid 

Request for laboratory 

examination to inquire 

about hypothyroidism 

0 (FALSE) 

1 (TRUE) 

Binary 

variable 

11. Query_hyperthyroid 

Request for laboratory 

examination to inquire 

about hyperthyroidism 

0 (FALSE) 

1 (TRUE) 

Binary 

variable 

12. Lithium type of treatment 
0 (FALSE) 

1 (TRUE) 

Binary 

variable 

13. Goitre Thyroid disease 
0 (FALSE) 

1 (TRUE) 

Binary 

variable 

14. Tumor Thyroid disease 
0 (FALSE) 

1 (TRUE) 

Binary 

variable 

15. Hypopituitary pituitary gland disease 
0 (FALSE) 

1 (TRUE) 

Binary 

variable 

16. Psych 
Does he/she suffer 

from mental illness? 

0 (FALSE) 

1 (TRUE) 

Binary 

variable 

17. TSH 
Thyroid-stimulating 

hormone 
(0.0–0.53) 

Continuous 

variable 

18. T3 
Triiodothyronine 

hormone 

(0.0005–

0.18) 

Continuous 

variable 

19. TT4 
Total Thyroxine 

hormone 
(0.002–0.6) 

Continuous 

variable 

20. T4U Thyroxine utilization 
(0.017–

0.233) 

Continuous 

variable 

21. FTI 

Free Thyroxine Index 

 TT4(ug/ml) x (T3 

uptake patient/T3 

uptake control) 

(0.002–

0.642) 

Continuous 

variable 

 

https://endocrinology.testcatalog.org/show/FRTUP
https://endocrinology.testcatalog.org/show/FRTUP
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Figure 2.1: Sample of Global dataset 

2.2.2 Local Dataset 

It is a dataset of patients who performed laboratory tests related to the thyroid gland 

from 4 local Palestinian cities. The patients were classified into three categories:   

I. Hyper.                          II. Hypo.                      III. Normal. 

This dataset contains 8 variables (feature) and contains 3775 samples (a record).  In 

table (2.2), there are details of these variables.  
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Table 2.2: Valid ranges & description for each feature (Local Dataset) 

# Feature Name Description Range of Value Type of value 

1. Age Age of the patient 1–82 
Continuous 

variable 

2. Sex Sex of the patient 
0 (Male) 

1 (Female) 
Binary variable 

3. TSH 
Thyroid-stimulating 

hormone (0.01-52.63) 
Continuous 

variable 

4. FT4 
Free Thyroxine 

hormone 
(0.15-4.90) 

Continuous 

variable 

5. FT3 
Free Triiodothyronine 

hormone 
(1.10-14.28) 

Continuous 

variable 

6. Pregnant 
positive pregnancy 

result 

0 (FALSE) 

1 (TRUE) 
Binary variable 

7. Treatment 

Is the person being 

treated with specific 

thyroid medication? 

0 (FALSE) 

1 (TRUE) 
Binary variable 

8. City 
The sample is from 

which city 

Nablus, 

Qalqliah, Salfit, 

Ram-Allah 

Numeric 

variable 

 

 

 

 

 

 

 

 

Figure 2.2: Sample of Local dataset 
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The details about each feature for the local Dataset: 

 Age: Ages of patients who were examined in the laboratory based on the decision 

of a doctor or therapist who suspected a specific problem in the thyroid gland after 

clinical diagnosis. The patients in the sample ranged from 1 year to 84 years old 

according to the collected local data, we note that those who suffer from or complain of 

thyroid problems are widespread among all age groups, especially the youth group. 

Figure (3.2) shows how the data is distributed depending on Age. 

 

 

 

 

Figure 2.2: Age distributed on the local Dataset 

 Sex: The gender of the patient who did the laboratory analysis of thyroid tests. 

Figure (3.1) shows the gender distribution over the entire sample (local dataset). 

 

             

 

 

Figure 2.2:  Gender distributed on the local Dataset 
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 TSH: Thyroid-stimulating Hormone, this hormone is secreted by the pituitary gland 

in the brain, which in turn stimulates the thyroid gland to produce its hormones into the 

bloodstream [29]. 

The TSH test indicates the levels of these hormones in the blood and detects the 

performance of the thyroid gland in the event of an overactive thyroid gland or 

hypothyroidism, this examination can also reveal the presence of any of these 

hormones, and detect an abnormality in the gland until Before symptoms appear on the 

patient, and get the necessary treatment before the disease progresses to the worst. 

[29][30]. 

TSH normal values are (0.5 to 5.0) milli-international units per liter (mIU/L); any rise in 

these normal percentages, the person may have hypothyroidism or be in the beginning 

stage of the disease. Conversely, any decrease in these percentages may be a person 

with hyperthyroidism or be at the beginning stage of the disease. The increase or 

decrease from normal levels can be caused by taking certain medications, being 

pregnant, or the patient is in the recovery stage from a certain surgery. [31][32]. 

 FT4: Free T4 or free thyroxin, thyroxine is one of the hormones produced by the 

thyroid gland, and there are two types of this hormone in the human bloodstream: the 

first is thyroxine bound to proteins and is called Total T4 (TT4) and the other is called 

free T4 or free thyroxin (FT4) [33], and this is measured in a thyroid blood test to detect 

problems that affect in the thyroid gland. It is more accurate and is what was used in this 

study [31]. This hormone and with the help of another hormone called triiodothyronine 

(T3) is responsible for the metabolic processes in the body, and any imbalance in the 

levels of their secretion in the blood leads to many problems. 
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The normal ratio of FT4 hormone is 0.8 to 1.8 nanograms per deciliter (ng/dL) [34], any 

imbalance in these ratios of increase or decrease can be the cause of a specific disease in 

the thyroid gland, but first, you must check the ratios of the rest of the hormones for 

accurate diagnosis. 

 FT3: Free T3 or free triiodothyronine, is the other hormone that the thyroid gland 

secretes into the bloodstream along with thyroxine to regulate energy processes in the 

body, as we mentioned above. The normal range: 2.3 to 4.1 picograms per milliliter 

(pg/mL) [34] 

 Pregnant: This variable indicates whether the woman person who did a thyroid test 

in the laboratory is pregnant or not. The patient is taken into consideration if she is 

pregnant or not; because the level of thyroid hormones in a pregnant woman is 

abnormal due to pregnancy and this does not mean that she has a thyroid disease, or that 

she has a thyroid disease temporarily [35].  

 Treatment: This variable indicates that the person who did the thyroid lab tests is 

taking a specific drug as a treatment for a disease he suffers from, especially a disease 

originally related to the thyroid gland. This variable was taken into account because the 

period of treatment with thyroid drugs does not give real results, but rather the results 

are based on treatment [36]. 

 City: This variable refers to the city in which the test sample was registered. In our 

study, samples were taken from private laboratories, laboratories affiliated with the 

United Nations Relief and Works Agency (UNRWA), laboratories of medical relief 

committees, and others. 
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The cities from which samples were taken are in order according to the variable 

number:  

1. Nablus.         2. Qalqiliah.             3. Salfeit.           4. Ramallah. 

Note: This variable was excluded from its entry into ML models and based on it; local 

datasets were divided into four sub-datasets. 

Figure (2.5) shows the distribution of patients or samples according to the four cities. 

 

 

 

Figure 2.5: Percentage of records (patients) in cities 

2.2.3 Ultra Sound Image Dataset 

In this part of the study, a set of ultrasound images of the thyroid were used for patients 

with inflammation within the thyroid, based on the doctor's initial diagnosis. Through 

these images, the doctor can assess whether the inflammation is benign or malignant 

through a set of factors and characteristics in the image [37]. The thyroid image set was 

obtained from a global dataset Digital Database Thyroid Image (DDTI) [38][39]; it is a 

website that contains an open-access data set for scientific research purposes. The 151 

medical images of the thyroid gland were used after processing between images of a 

thyroid gland with a malignant tumor (92 images) and a benign tumor (59 images) to 

train a (VGG-16) model. Figure (2.6) shows the distribution of images in the dataset 
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between images of malignant tumors and images of benign tumors, and this was 

implemented using Python code. 

 

 

 

 

 

Figure 2.6: Distribution of Tumor Types 

Figure (2.7) shows a sample from the training set of ultrasound medical images 

diagnosed with benign thyroiditis. This sample was taken from the training set images. 

 

 

 

 

 

 

Figure 2.7: Sample of Benign images for thyroid [39] 
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Figure (2.8) shows a sample from the training set of ultrasound medical images 

diagnosed with maligns thyroiditis. This sample was taken from the training set images. 

 

 

 

 

 

 

Figure 2.8: Sample of Maligns images for thyroid gland [39] 

2.3  Related Work 

Most of the studies that focused on the use of machine learning in terms of 

classification and prediction of thyroid diseases were applied to a global dataset and 

some of them on local researcher's communities in the researcher's country, and 

different inputs and variables were relied on from various points of view, most of which 

were based on medical laboratory analyzes, and some of them presented comparison 

studies of different types of machine learning algorithms to prove the accuracy of a 

particular technique (algorithm) on a global dataset, in this review will present the most 

relevant studies from newest to oldest. 

 



19 
 

  

 Machine Learning Related Articles 

Ioniţă, Irina, and Liviu Ioniţă. [1] analyzed and compared four classification 

models (Naive Bayes, Decision Tree, Multilayer Perceptron, and Radial Basis Function 

Network) in two of the most common thyroid dysfunctions (hyperthyroidism and 

hypothyroidism) among the population in Romania state, and the result of their study 

was the best classification rate being that of the Decision Tree model. Umar Sidiq et al. 

[2] used a  data set was taken from one of the recognized labs of Kashmir, and they 

proposed a  classification model is trained using classification algorithms like K-nearest 

neighbor (KNN), support vector machine (SVM), decision tree (DT) and Naïve Bayes 

(NB) for the diagnosis of thyroid diseases. (The Decision Tree outperformed other 

techniques as the result of their study with accuracy (98.89%), compared with other 

techniques such as (KNN 91.82%), (SVM 96.52%), and (NB 91.57%)). They used the 

most influencing variables in disease identification or classification (age, gender, TSH, 

T3, and T4) as a variable to their classification model. Duggal, Priyanka, and Shipra 

Shukla [3] proposed three classification techniques that have been used namely Naive 

Bayes, Support vector machines, and Random Forest. Their results show that the 

Support Vector Machines are the most accurate technique (92.92%) compared with 

Naive Bayes (74.37%), Random Forest  (78.21%). And hence this was used as a 

classifier to separate the symptoms of thyroid diseases into four classes namely 

Hypothyroid, Hyperthyroid, Sick Euthyroid, and Euthyroid (negative). They used 

(‗Age‘, ‗ Sex‘, ‗TSH‘ , ‗TT4‘, ‗T4U‘ , ‗T3‘, ‗FTI) as a variable to their classification 

model. 
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Tyagi et al. [4]. They used several techniques in the field of machine learning 

(support vector machine (SVM), K-NN, Decision Trees) to predict the estimated risk on 

a patient‘s chance of obtaining thyroid disease based on the information gathered from 

the dataset taken from UCI  (University of California, Irvine Machine Learning 

repository). They used several variables (‗Age‘, ‗ Sex‘, ‗TSH‘, ‗TT4‘, ‗T4U‘, ‗T3‘, 

‗FTI‘, ‗TBG‘), and their results shows that support vector machine and decision tree has 

also performed well, In their studies, they showed that the use of few variables saves 

time, effort and money for the patient, but undoubtedly not at the expense of accurate 

diagnosis of the disease. Chandel, Khushboo, et al. [5] used various classification 

models are used to classify thyroid disease (K-nearest neighbor, support vector 

machine, and Naive Bayes) based on the parameters like TSH, T4U, and goiter. And the 

results show that the K-nearest Neighbor technique is more accurate (94.44%) than 

other techniques.  

Prerana, P. S., & Taneja, K. [6] They used a systematic approach for earlier 

diagnosis of Thyroid disease using back propagation algorithm used in the neural 

network, they used dataset is taken from UCI machine learning repository, consists of 

patients records. Each record is having 29 attributes. They proposed a predictive neural 

model to classify thyroid disease in MATLAB Neural Network Toolbox software. FTI 

(Free Thyroxin Index) values (one of 29 attributes in the dataset) have been taken as 

input to classify in three different classes from 1-3 values. While training the neural 

network with error backpropagation in conjunction with gradient-based training 

methods, from their experiments they conclude that the Levenberg Marquardt method 

has shown better performance in comparison with the simple gradient descent 

algorithm. In addition, their observations conclude that the error accuracy limit achieved 
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by the Levenberg Marquardt method is superior and it trains the models to an accuracy 

level of the order of 10-5 for the applied data set. Yadav, Dhyan Chandra, and Saurabh 

Pal. [8] they proposed two main techniques for mining the hidden pattern in the dataset. 

Ensemble-I and Ensemble-II both are machine learning techniques. Ensemble-I 

generated from the decision tree, overfitting, and neural network. Ensemble-II generated 

from combinations of Bagging and Boosting techniques. Their results show that 

(Bagging+ Boosting) ensemble-II model is the best compared to others. Their dataset 

was collected from some different sources, like Rahul pathology, Chandan pathology 

(Indian data), and some data collected from the website. The classifier to separate the 

symptoms of thyroid diseases into 3 classes namely Hypothyroid, Hyperthyroid, and 

Euthyroid (negative). They used (Clinical symptoms) as a variable in their classification 

model. Jamkhandikar, Dayanand, and Neethi Priya.[9] they made a comparative study 

using different ML Techniques to predict thyroid disorder at an earlier stage. They were 

analyzing naïve Bayes, k-nearest neighbor, and Support Vector Machine (SVM) for 

multiclass classification of thyroid dataset (global dataset from UCI). Their study shows 

that the KNN technique was the more accurate technique to predict thyroid disease. 

Raisinghani, Sagar, et al. [10] made a comparative study using different ML Techniques 

to predict thyroid disease. They have used decision trees, random forest, support vector 

machine, artificial neural network, and logistic regression on a global dataset from UCI. 

Their study concluded that the decision tree algorithm gives the most accurate and 

precise results with an accuracy of 99.46% and a precision of 0.99. Challa, Manoj. [11] 

The authors have deliberated the implementation of four classification approaches 

namely, Naïve Bayes, Decision Tree, KNN, and SVM on UCI Machine Learning 

Repository thyroid data set for accurate prediction of hypothyroidism and 
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hyperthyroidism disorder. Their study showed that the best classification approach was 

the decision tree approach in all the effectuated implementations.  

 Deep Learning Related Articles 

Hou, Yiqing, et al. [13] developed a model using deep learning based on the 

diagnosis of Hashimoto‘s Thyroiditis. Through the data of patients diagnosed with the 

disease, an ultrasound scan of the affected gland was taken. The model showed a high 

performance in diagnosing normal and diffuse sub-parenchymal thyroid nodules in 

patients with Hashimoto's thyroiditis; the model showed better performance compared 

to radiologists with different years of experience. 

Shankarlal, B., P. D. Sathya, and V. P. Sakthivel. [14] they introduced a model 

capable of detecting and segmenting a tumor in the thyroid gland using machine 

learning and deep learning models. They used a set of thyroid images (ultrasound 

images) in their input data set. Their model was initially based on the use of an edge 

detector (Kirsch) to optimize the edge area pixels in the thyroid image and then a Dual-

Tree Contourlet Transform (DTCT) was applied to the enhanced image to obtain the 

coefficients. Next, the features are computed from the converted thyroid image, and 

these features are trained and classified using the Co-Active Adaptive Neuro Expert 

System (CANFES) classifier. Then, the morphological segmentation method is applied 

to the abnormal image of the thyroid gland to divide tumor areas. Finally, the 

Convolutional Neural Network (CNN) algorithm is implemented on tumor areas 

segmented to diagnose mild, moderate, and severe. Liu, Yuejun, et al. [15] used four 

deep learning models (CNN, Inception, VGG16, and RNN) to classify a set of medical 

images of the thyroid gland (SPECT images) into hyperthyroidism, normal, and 
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hypothyroidism, and pre-treat the images. Their results indicated that the use of an 

auxiliary deep learning-based diagnostic method is more accurate than many of the 

other methods they mentioned in their study. 

As previous studies showed that the use of machine learning models gives 

accurate and strong results in terms of classifying the famous thyroid diseases: 

hyperthyroidism and hypothyroidism, the application of machine learning models like 

(Decision Tree (DT), Naïve Bayes (NB), K-Nearest Neighbors (KNN), Support Vector 

Machine (SVM), Ensemble and Multi-layer Perceptron Neural Networks (MLPNNs) to 

local datasets (Palestinian datasets) will give a new addition to Scientific research in this 

area. Furthermore, the application of hybrid models (GAs-MLPNNs) to a local dataset 

(GAs-MLPNNs) also improved accuracy. Also, in this research, a VGG-16 model was 

used to classify medical images of the thyroid gland and categorize the tumor into 

benign or malignant based on a convolutional neural network (CNN). 
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Chapter 3 

Methodology 

3.1   Proposed Method 

This chapter of the thesis explains the methodologies and models in Machine Learning 

(ML) that will be used and applied to datasets to make a comparison of classification 

algorithms. Then determine the appropriate model or classifier to improve classification 

accuracy in cases of thyroid disease. We start with the global dataset of thyroid disease 

from (UCI) and then work on collecting the local dataset (Palestinian dataset) and 

describe the preprocessing steps. After that, the deployed models will be described: 

Decision Tree (DT), Naïve Bayes (NB), K-Nearest Neighbors (KNN), Support Vector 

Machine (SVM), Ensemble and Multi-layer perceptron Neural Network (MLPNN), then 

comparing the classification accuracy between the results of two datasets.  Also, we 

used a hybrid model are a (GAs-MLPNNs), where GAs as one of the evolutionary 

algorithms will use to find a set of optimal weights for MLPNNs. To enrich the thesis, 

we will turn to deep learning (DL) and build a model based on a convolutional neural 

network (CNN) implemented by the (VGG-16) approach to classify the ultrasound 

images dataset. Finally, we will explain  the performance metrics used to evaluate the 

model‘s performance. Figure (3.1) shows the block diagram of the Machine Learning 

(ML) model, and figure (3.2) shows the block diagram of the Deep Learning (DL) 

model. 
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Figure 3.1: Block diagram of the Machine Learning (ML) models 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.2: Block diagram of the VGG-16 model [76] 
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3.2    Data Collection 

Three datasets will be used; one global dataset form (UCI), the other is a local dataset, 

and a global thyroid image dataset from (DDTI). In this phase, our interest was in 

collecting local datasets; because the data was not easily available, as data were 

collected from private medical centers, government hospitals, and others affiliated with 

the United Nations Relief and Works Agency (UNRWA) for Refugees. The local 

dataset data were collected from four Palestinian cities, which are: Nablus, Qalqiliah, 

Salfeit, and Ramallah. 

3.3    Data Preprocessing Phase 

This stage is considered a very important stage to prepare the data before training it in 

different models in machine learning or deep learning [46]. For the preprocessing step 

exist many operations such as aggregation, normalization, feature selection, data 

cleaning, and dealing with missing values. In this thesis, we used the technique of 

dealing with missing values, as well as the feature selection technique. This section will 

describe these steps in detail. 

3.3.1 Feature Selection (FS) 

The Mutual information (MI) technique was applied to arrange the variables most 

related to the target. Mutual information (MI) is the degree of the quantity of 

information that one random variable has about another variable [47]. This explanation 

is useful within the context of feature selection because it gives a way to quantify the 
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relevance of a feature subset with respect to the output vector C. MI is defined as 

follows [48]: 

 (   )  ∑∑ ( ( )  ( ))    (
 ( ( )  ( ))

 ( ( ))  ( ( ))
)

 

   

 

   

                                           (   ) 

Where MI is 0 when x and y are statistically independent. P(x(i), y(j)) is the joint 

probability mass function of  x and y, and P(x(i)), P(y(j)) are the marginal probability 

density functions of x and y respectively. 

The feature selection was applied to local as well as global datasets, and the results of 

this (FS) appear as shown in table (3.1) and table (3.2) respectively. The (FS) technique 

was implemented by python code using (MI) method. 

Table 3.1: The Selected Feature and its Weights for Local dataset 

Variable Weight 

TSH 0.904767 

FT4 0.407761 

FT3 0.367434 

Age 0.045358 

City 0.005577 

pregnant 0.003485 

Treatment 0.000000 

sex 0.000000 
 

Table 3.2: The Selected Feature and its Weights for Global dataset 

Variable Weight 

TSH 0.226309 

FTI 0.106900 

TT4 0.094447 

T3 0.091485 

T4U 0.014352 

On_thyroxine 0.009191 

Query_hyperthyroid 0.003890 

AGE 0.003344 

https://en.wikipedia.org/wiki/Joint_distribution
https://en.wikipedia.org/wiki/Joint_distribution
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SEX 0.001868 

Sick 0.001650 

Query_hypothyroid 0.001083 

Pregnant 0.000339 

Thyroid_surgery 0.000000 

I131_treatment 0.000000 

Lithium 0.000000 

Goitre 0.000000 

Tumor 0.000000 

Hypopituitary 0.000000 

Psych 0.000000 

On_antithyroid_medication 0.000000 

Query_on_thyroxine 0.000000 
 

3.3.2 Dealing with Missing Values 

There are many methodologies used to deal with missing values in datasets, this is one 

of the great challenges faced by workers in the field of machine learning research, data 

science, and statistics; this is because making the right decision in this issue would 

result in powerful data models [49].  The methods that most researchers in this field use 

are: deleting the records that contain missing value/s, replacing the missing value/s with 

(mean/median/mode) of the variable, assigning a unique category, predicting the 

missing value, and/or using algorithms which support missing values [50].   While 

collecting data, we encountered some missing values and processed them using the 

(mean/median/mode) method. This was according to the location of the missing element 

in the data (in any variable) and the choice of the method closest to finding the true 

value.  

3.4    Building Models Phase 

In this part of the methodological chapter, we will highlight on the different models that 

were applied to the different datasets used in this thesis. The models were built and 
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applied to the data in several parts. The first part: applying several models of machine 

learning models to global and local datasets like Decision Tree (DT), Naïve Bayes 

(NB), K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Ensemble and 

Multi-layer perceptron Neural Network (MLPNN), and then making a comparison 

between the classification accuracy between them on the same models. The second part: 

applying the hybrid model (GAs-MLPNNs) on the local and global datasets to get more 

enhancing in the accuracy result for classification, and then making a comparison 

between the results. The third part: application of the (VGG-16) model to classify 

ultrasound images dataset. 

 First Part 

In this part, we discuss the machine learning algorithms that we used to classify local 

and global data, the figure (3.3) shows the scheme of the algorithms in general. 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 
 

 

Figure 3.3: The general Block diagram for first part (classification the datasets by 

all Models) 
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3.4.1 Decision Tree (DT) 

The decision tree algorithm falls into the category of supervised learning algorithms 

[51]. DT algorithm can be used to solve regression and classification problems as well 

[52]. The DT algorithm attempts to solve the problem using a tree representation. Each 

inner node of the tree corresponds to an attribute, and each leaf node corresponds to a 

class label [54]. A DT is used to start from observations about a particular element and 

to conclude about the value of that element represented by the leaves of the tree, while 

the same element is represented by the branches of the tree. DT algorithms produce a set 

of (Decision Rules) through which the class (test result) is found. It is based on the 

principle of dividing into nodes from top to bottom, then dividing the data set into 

smaller and smaller subgroups until the target nodes (class) are reached [55]. It starts 

from the root node, which contains all the records, and then divides according to the 

(Class Label) column -it is the column on which the classification is built-. In general, 

this process is used to categorize some populations into branches or stages by 

constructing a tree consisting of nodes and branches as shown in figure (3.4) [56].  

 

Figure 3.4: Decision Tree general Structure 
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The procedure of building a DT in general: 

1- Splitting: It is the process of dividing the data set at each node into two (two 

sets) or more according to the attribute descriptors (column) at the next level. 

The division process is based on two scales: 

a. A measure of randomness "entropy": This concept was invented by one of the 

pioneers of information theory Claude Shannon [57] and the basic concept of 

entropy is a measure of the amount of chaos in a system, and here the measure 

indicates the amount (probability) of variance in a node (that is, does a node 

contain more than one class?). Since it is a probability, it ranges between [0, 1], 

and if the entropy is 0, then the sub-data set in this node is pure (that is, it is of 

only one class), but if it is equal to or close to 1 then this means that the 

randomness is high (that is It contains data of more than one category and still 

needs to be divided). Its equation is: 

   ∑        

 

   

                                                          (   ) 

Where (Pi) is simply the frequentist probability of an element/class ‗i‘ in our data 

b. Information Gain: This metric is calculated to determine the best attribute 

(column) to split the data in a node so that this attribute is the most pure. Divide 

the data from others for this branch, its equation: 

                             –                                                  (   ) 

2- Stopping: To not make a model go in a complicated direction; we must take this 

step. There are some rules to stop which include minimizing: the number of 
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records in the leaf, the depth or number of levels (number of steps from the root 

node to the leaf node), and the number of records before the splitting. 

3- Pruning: As we have said before, the decision tree method takes into account all 

records during fitting, and for this reason, it is subject to (overfitting) that the 

data may contain noise; that is, because it processes all records, the accuracy of 

training becomes very high, but when testing we get a big error because the 

model Become trained and fit on the training data only, as the best tree is the one 

with high precision with simpler installation and lower depth (in short, fewer 

knots with high accuracy), so we prune to prune the tree [58]. 

3.4.2 Naïve Bayes (NB) 

It is a probability-based machine learning method. It is used to classify data, this method 

assumes that the properties used to build the model are separate from each other, so 

changing the values of one property does not affect another property. It is one of the 

very fast algorithms when doing classification, and therefore it is used in the real-time 

classification of data [59]. It is easy to build a naive Bayesian model, without complex 

iterative parameter prediction, which makes it particularly useful for very large datasets 

[59]. Despite its simplicity, the Naive Bayesian classifier often works surprisingly well 

and is widely used because it often outperforms more complex classification methods. 

The equation for the (NB) classifier is based on Bayes‘ Theorem is stated as:  

                      ( | )  
( ( | )   ( ))

 ( )
                                                         (   ) 

Where P(h|d) is the possibility of hypothesis h given the data d. This is called the 

posterior probability. P(d|h) is the possibility of data d given that hypothesis h was true. 
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P(h) is the possibility of hypothesis h being true (regardless of the data). This is called 

the prior probability of h.P(d) is the probability of the data (regardless of the 

hypothesis). 

3.4.3 Support Vector Machine (SVM) 

SVM used for both classification and regression tasks. But mostly the SVM is used for 

classification. It is based on the idea of finding a (hyper-plane) [60] that divides the data 

set into two classes as the simplest level of classification in the best way, as shown in 

figure 3.5, is a hyper-plane divides data into two classes, and the two points closest to 

the hyper-plane are the supporting vectors. 

 

 

 

 

 

Figure 3.5: SVM hyper-plane 

To understand the mechanism of action SVM, it is necessary to address some of the 

terms: 

 Support Vectors 

Supporting vectors are the data points closest to the hyper-plane and are the points that, 

if removed from the data set, will change the location of the hyper-plane that divides the 

data. So these points can be considered as the important elements in the data set. 
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 Hyperplane 

As a simple example, let's take a classification process for a data set with only two 

properties figure (3.5). As a figure shown, the hyper-plane as the line that linearly 

separates and classifies the data set. Intuitively, the further away the points are from the 

hyper-level, the more confident we are that the points are ranked correctly. So we want 

the points to be as far from the hyper-plane as possible keeping in mind that they stay 

on the right side of the dividing line. So when we add new data to test it will be 

categorized based on which side it is on for the hyper-plane. 

The distance between the hyper-plane and the nearest point of any data set is known as 

the margin. The goal is to choose a hyper-plane with the largest margin between it and 

any point in the training data set, increasing the likelihood that any new data will be 

correctly classified. Figure (3.6) shows the margin, which is the distance between the 

hyper-plane and its nearest points.  

 

 

 

 

Figure 3.6: SVM mechanism of classification & margin distance 
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To understand hyper-plane equations and how to create it, given training dataset:  

              (x1,y1), …, (xn,yn), xiϵ R
d
 and yi ϵ (-1,1)                                                   (3.5)         

Where Xi is the symbol of the feature vector and Yi is the class label (1 or 0) of training 

compound i. Hence, to express the optimum hyperplane equation: 

                                    wx
T
+ b =0                                                                           (3.6) 

Where W is the weight vector, X is the feature vector and b is the bias. b and w must 

satisfy the variances for the elements of the training  dataset: 

                       wxi
T
 + b ≥ +1 if yi = 1                                                                       (3.7) 

                      wxi
T
 + b ≤ −1 if yi = –1                                                                      (3.8) 

The objective of the training dataset on SVM is to determine the suitable B and W to 

separate the data with optimum hyper-plane and the max  margin distance 1/ || w ||
2
 [61]. 

Vectors For xi that |yi| (wxi
T
 + b) = 1 (will be called support vector). In the end, we will 

talk about the pros and cons of the vector support machine. The Precision, works well 

on small and refined data sets, and it can be more efficient because it uses part of the 

training data, all are advantages of the SVM model. In contrast, not suitable for large 

datasets as the time required to train the data is high and it is considered less effective 

with the noisiest and overlapping data between classes. 

3.4.4 K-Nearest Neighbor (KNN)  

KNN is considered one of the most important and simplest directed ML algorithms - 

which work with a supervisor - and the Nearest Neighbor algorithm is considered to be 

one of the descriptive and predictive classification algorithms. It can deal with 

anomalous data [62]. 
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The principle of work of this algorithm depends on calculating the Euclidean distance 

equation (3.9) between points (It is one of the equations for measuring the distance 

between points) and other equations [62], where the less the distance between two 

points, the greater the possibility of the point belonging to each other, hence the name of 

the algorithm, and the letter K refers to the cases that will be classified based on the 

distances between them (neighbors). As in figure 3.7. 

 

 

 

Figure 3.7:  KNN mechanism in classification 

The Euclidean distance‘s equation: 

 (   )   (   )  √(     )     (     )                                        (3.9)            

Where (p,q) are points one of them is a K point and another is the data point. Figure 3.8 

shows the flowchart of the KNN classifier procedure [63]. 

 

 

 

 

 

Figure 3.8: The flowchart of KNN classifier procedure 
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3.4.5 Ensemble Algorithm 

Ensemble algorithms are an aggregation of several models to improve the accuracy of 

the results, rather than using a single model that leads to less accurate results. Studies 

indicate that compiling several ML models that are identical in their work and simple in 

their performance achieve the performance of a complex model in less training time for 

data [64]. Ensemble methods depend on Boosting and Bagging techniques which are 

proven to be effective but require frequent resampling of training data [65]. Apply of 

ensemble algorithms makes the model more valuable and more accurate because it 

acquires the features of more than one classifier and combines the features of the 

different classifiers into one classifier [66].  

 Bagging Ensemble Algorithm 

The working principle of this technique from the ensemble method is that by making a 

group from (weak learner models) together they become (strong learner model). 

Bagging grows many decision trees [67]. Where each decision tree is an individual 

(weak learner), while a group of collective decision trees is a (strong learner). Figure 

(3.9) shows this technique.  

 

 

 

 

Figure 3.9: Bagging Ensemble architecture 
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 Boosting Ensemble Algorithm: 

The principle of its work is based in the same way as the ―Bagging‖ by strengthening 

the weak learner, but in it, the wrong results are taken and trained until the appropriate 

model is reached. It is in contrast to the Bagging technique which is a parallel 

aggregation method; the boosting methods are sequential aggregation algorithms where 

the weights are modified to reduce the error rate [68]. 

 Random Forests Ensemble Algorithm: 

A random forest is a collection of many individual decision trees which is provided to 

be diverse by using random samples to construct each tree in the forest [69]. 

3.4.6 Multi-Layer Perceptron Neural Networks (MLPNNs) 

Artificial neural networks (ANNs). It consists of an interconnected structure of 

artificially produced neurons that act as pathways for transmitting data [70]. Multi-layer 

perceptron neural networks (MLPNNs), the most widely used type of NNs [71]. 

MLPNNs consist of an input layer, an output layer, and one or more hidden layers. Each 

MLPNNs layer contains one or more neurons that are directly connected to the neurons 

of the previous layer and the next. Each connection has a value called ―weight‖, which 

is determined using the learning process. Figure (3.10) shows the general structure of  

MLPNNs. 
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Figure 3.10: General structure of MLPNN 

MLPNNs have two stages: the first stage is forward. In this stage, the output is 

predicted and it calculates the then sent the error back to the backward prorogation 

stage. The second stage is backward propagation, through this stage; the error is 

propagated back through the network to modify the values of the weights and to make 

reduce the error value in the output layer. 

We can explain how MLPNN work clearly through these main steps: 

1. Data entry: In the first step we enter the training data for which we already know 

the correct output, after which it is processed through the hidden layers of the 

neural network. 

2. Data processing by neurons (weights): At first, the input values are multiplied by 

the weights, according to this equation: 

     (∑       

 

   

 )                                                               (    ) 

Where              : is the connection weight between the ith node in the input layer and the jth   

node in the hidden layer, and    : is the ith input, and f is the activation function. It is 
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worth noting that in each cell the layer is connected to all the cells in the next layer. The 

activation function f calculated as in the following equation: 

                                 
 

     
                                                                      (    )  

Where, Xk is the input to the next layer‘ node. 

3. Repeat the process with the other hidden layers: These operations are repeated 

with the other layers in the NNs until the last layer, which is the output layer. 

4. Determine the output at the end: The output values are ultimately determined by 

the type and function of the NNs, so we get the results and compare them with 

the real output. 

5. Calculate the error: To break the process of training, there is a certain threshold 

θ is set depending on the error of the MLPNN which represents the difference 

between the desired and actual output. The error is calculated using the 

following equation: 

              
 

 
∑(     )

 

 

 

                                                              (    ) 

 

Where yd is desired output, yj is the actual output. So, by comparing the output with the 

results we already know.  

6. Modify the weights to obtain more accurate results using the following equation: 

                                                                                                           (3.13) 

7. The back-propagation algorithm always starts from the last layer (output layer) 

and propagates backward to update the weights.  In the output layer, the 
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difference value between the actual and the target value is    , where the actual 

value of the node k is Yk and the target value is tk. 

                                                                                                                                                                      (3.14) 

                                                                                    (           )                                                   (3.15) 

Where   k: The error signal of the output layer is calculated by ∆k and the derivative of 

the sigmoid function, the actual value of the node k is Yk and the target value is tk.  

8. The change in the weight between node j and node k is done by multiplying the 

error at node k by the output of node j by using the delta rule. 

                                                                                                                                                                            (3.16) 

      : The weight between node j and k, where    is the learning rate, so, to update it by 

the following formula: 

                                                                                                                                                                   (3.17) 

9. To calculate, the error signal     for node j in the hidden layer,     : The error signal 

for node j in the hidden layer is calculated by the following formula: 

                                                                                            (            )    ∑                                              (3.18) 

wij is the weights between the input node i and the node j can be updated by using 15 

and 16 so 

                                                                                                                                                                                                     (3.19) 

                                                                                                                                                                                                 (3.20) 

The back-propagation algorithm repeats until the error on the output node is minimized. 
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 Second Part 

In this part, we will explain a hybrid-mode called (GAs-MLPNNs), genetic algorithms 

(GAs) model used to find a set of optimal weights for neural networks, while Multi-

Layer Perceptron Neural Networks (MLPNNs) model used to classify the data to 

increase the classification accuracy as  much as possible. 

3.4.7 Genetic Algorithms (GAs) 

A genetic algorithm uses techniques inspired by evolutionary biology such as selection, 

mutation, inheritance, and recombination to solve a problem [73]. This search algorithm 

starts from a set of solutions Randomization ends with choosing one of the "sons" of 

solutions. 

Process of genetic algorithms: 

1. The population of chromosomes: This represents the search set or the search 

space, which is a set of solutions to the problem. 

2. Selection: Choosing the appropriate chromosomes as "parents" to carry out the 

process of mating between them, but the process of this selection is not random, 

but rather depends on the efficiency of the chromosome (fitness). 

3. Fitness: Coefficients that give each chromosome a certain value that indicates 

how efficient the chromosome is (its closeness to the solution) and based on it 

(the fitness coefficient) the chromosomes are selected. 

4. Crossover: After selecting the appropriate chromosomes from the first 

generation, crossing over occurs through which chromosomes formed new (new 

offspring) are based on maternal chromosomes. 



43 
 

  

5. Random Mutation: After the formation of the new offspring, mutations are made 

(changes in its chromosome formula), and this helps to reach the solution faster 

The genetic algorithms flowchart is illustrated in figure (3.11). 

 

 

 

 

 

 

Figure 3.11: Flow Chart for Genetic Algorithm Process 

 Third Part 

In this part we will explain a model based on a convolutional neural network (CNN) 

implemented by the (VGG-16) approach, it is a part of Deep Learning (DL). 

3.4.8 Visual Geometry Group-16 Model (VGG-16) 

VGG-16 is a simple and widely model used CNN Architecture used for (ImageNet), 

which is a large visual database project used in visual object recognition software 

research. The VGG-16 Architecture was developed and introduced by Karen Simonyan 

and Andrew Zisserman from the University of Oxford, in the year 2014, through their 
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article ―Very Deep Convolutional Networks for Large-Scale Image Recognition.‖ [76]. 

VGG-16 model which gave the best results in the 2014 competition (ImageNet Large 

Scale Visual Recognition Challenge ‗ILSVRC‘, and it is a deep model consisting of 16 

trained layers that can be used to display filters and feature maps because it has a simple 

unified structure consisting of layers convolution, maxing, and fully connected layers 

are arranged sequentially, and it has a very good performance [76], this means that the 

resulting filters will extract useful features. Figure (3.12) shows the basic architecture of 

the VGG-16 model. 

 

 

 

Figure 3.12: VGG-16 Architecture 

Before starting to explain the VGG-16 model that is used in this thesis, we must talk 

about the basis on which this model is built, which is the convolutional neural network 

(CNN). CNN is a type of Deep Learning (DL) and is usually used in computer vision 

applications and visual scene analysis; it is characterized by the presence of one or more 

hidden layers that extract features in images or videos and a fully connected layer to 

produce the required output, and it depends on the application of neuroscience theories 

related to the mechanism of action the brain recognizes patterns [75] [77]. Figure (3.13) 

shows the general structure of CNN. 
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Figure 3.13: General Structure of CNN 

The General Steps of the CNN model: 

1. Convolution 

The convolution process relies on a small matrix, which is the convolution kernel [24]. 

The pixel matrix of each layer above is continuously scanned in stages, the number of 

scans is multiplied by the number corresponding to the convolution kernel, and then the 

sum is calculated, each scan will get a value, and a new matrix will be generated when 

all scans are completed. As shown below in figure (3.14). 

 

 

 

Figure 3.14: Convolution Process on subset of image pixels 

Convolution kernels are regulated by the size and number of convolution nuclei of a 

CNN. The number of convolution layers is initially determined by a random initial 

value. When training the network, the network will constantly update parameter values 

through back-propagation until the best parameter value is found. It is evaluated by the 
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loss function. Convolution process equivalent to feature extraction and Convolution 

kernel equivalent to filter to extract the features we need. 

 Padding 

Before each convolution, a layer of zeros is added to the outside of the original array; 

this is to ensure that the filter passes over pixels in the image boundary the same number 

of times as it passes over inner pixels. Figure (3.15) shows the padding on the image. 

 

 

 

 

Figure 3.15: Zero Padding added to the image 

 Activation Function 

It is a nonlinear function that is a bridge to the next layer in a CNN. Its benefit is to 

reduce the number of completed accounts by not activating all the points of the feature 

maps at the same time, and in other words, it is to activate the points that represent the 

features and exclude the points that do not represent them, and it has several types, the 

most famous of which are: Sigmoid, TanH, and ReLU [53]. In this thesis, we used the 

most effective function among them, which is called ReLU or Rectified Linear Unit. Its 

equation is [53]: 

                        (  )   {
          
          

                                                   (3.21) 
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When the value of x is negative, the result is f(x) = 0, while when the value of x is 

positive, it will be f(x) = x, i.e. we take the same value see figure (3.16).     

 

 

 

 

Figure 3.16: ReLU activation function 

2. Polling 

After the convolution process, we extracted a lot of feature information. Adjacent 

regions have similar feature information, which can be exchanged for each other. If all 

this feature information is preserved, there will be duplication of information, which 

increases the difficulty of computation. At this time, grouping is equivalent to reducing 

dimension operations. Pooling is taking the maximum or average value of the area in a 

small matrix area to replace the area [74]. The size of the micro-array can be determined 

when building the network. Figure (3.17) shows the Polling process. 

 

 

 

Figure 2..3: Polling in CNN 
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3. Flattening 

Opening a multidimensional array and converting it to a one-dimensional vector; to 

enter this data into an artificial neural network later on. Figure (3.18) shows the process 

of flattening. 

  

 

 

Figure 3.18: Flatting in CNN 

4. Fully-Connected Layer 

The role of is fully-connected layer is to take the data and combine the features into a 

wider variety of attributes that make the convolutional network more capable of 

classifying images, which is the whole purpose of creating a CNN. In this layer, every 

neuron is connected to every neuron in the next layer so that the output is based on the 

whole image, in this layer, the final classification of the images takes place. Figure 

(3.19) illustrates the fully-connected layer. 

 

 

 

Figure 3.19: Fully-connected Layer in CNN 
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VGG-16 based on the CNN model is a pre-trained network based on the ImageNet 

image library of a large number of real images. The keras library corresponding to the 

VGG-16 model was trained. For us, in this thesis, we have transferred the acquired 

VGG16 weights to our CNN as initial network weights, so that our network does not 

need to start from scratch. A large amount of data is used for training to improve 

training speed.  VGG16 is an overlay of 13 convolutional layers + 3 fully connected 

layers. The model can be simply divided into 5 stages, (this idea comes from the 5-layer 

convolution of AlexNet [78]) each layer two convolution kernels are grouped, and 

finally, three layers of fully- connected are used for classification. 

Figure (3.20) shows the stages of a VGG-16. 

 

 

 

Figure 3.20: Stages of VGG-16 model 

Table (3.3) shows the details of the VGG-16 model for five stages. 

Table 3.3: Stages Implementation of VGG-16 model 

Stage Layer Convolution 
Output 

Dimension 
Pooling 

Output 

Dimension 

First Layer 1&2 

Convolution Layer of 64 

Channel of (3*3) Kernel 

With padding = 1, Stride = 

1 

224*224*64 

Max Pool, 

Stride = 2 , 

Size = 2*2 

112*112*64 

Second Layer 3&4 

Convolution Layer of 128 

Channel of (3*3) kernel 

With padding = 1, Stride = 

1 

112*112*128 

Max Pool, 

Stride = 2 , 

Size = 2*2 

56*56*256 

Third Layer 5,6,7 
Convolution Layer of 256 

Channel of (3*3) kernel 
56*56*256 

Max Pool, 

Stride = 2 , 
28*28*512 
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With padding = 1, Stride = 

1 

Size = 2*2 

Fourth Layer 8,9,10 

Convolution Layer of 512 

Channel of (3*3) kernel 

With padding = 1, Stride = 

1 

28*28*512 

Max Pool, 

Stride = 2 , 

Size = 2*2 

14*14*512 

Fifth 
Layer 

11,12,13 

Convolution Layer of 512 

Channel of (3*3) kernel 

With padding = 1, Stride = 

1 

14*14*512 

Max Pool, 

Stride = 2 , 

Size = 2*2 

7*7*512 

 

Then flatting the resulting matrix to three fully-connected layers, the one and two-layer 

have 4096 neurons with activation function ―ReLU‖, the last (output) layer has a 

number of classes neurons with activation function ―softmax‖. 

3.5    Performance Metrics Selection 

In supervised ML techniques that we used in this study, we provide the required input 

and target, in addition to providing the accuracy of the predictions while training the 

algorithm. Once the algorithm has finished learning, it will apply what it learned to new 

data [40]. Some main performance metrics like; the accuracy, confusion matrix, and 

area under curve ―AUC‖ were shown for all algorithms D-tree, NB, KNN, SVM, 

Ensemble, and MLPNNs. Before showing the results, the performance metrics should 

be clarified as follow:  

 Accuracy: It is one of the simplest performance metrics we can use,  is an index that 

measures the signal-to-noise ratio (SNR) of a given retrieval system, i.e. the percentage 

of related records detected to the total records detected in the sample [41]. It can be 

calculated according to this equation. 

                         Accuracy    
                                        

                                    
                              (3.22) 
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 Confusion Matrix: Also known as error matrix is a standard format for accuracy 

assessment, expressed as a matrix containing n rows and n columns. It is a correlation 

between model predictions or classification and actual category labels, or actual 

classification of data points [42]. In AI, a confusion matrix is a visualization tool, 

especially for supervised learning. In the confusion matrix, there are four different sets 

of expected and actual values, and here they are explained as follows: 

 True positive (TP): The true class of the sample is a positive example, and the 

result predicted by the model is also a positive example. 

 True Negative (TN): The true class of the sample is an example negative, and 

the model predicts it as an example negative. 

 False Positive (FP): The true category of the sample is negative, but the model 

predicts it as positive. 

 False-negative (FN): The true class of the sample is a positive example, but the 

model predicts it as a negative example. 

If you want your model to be intelligent, the model must predict correctly. This means 

your true positives and true negatives should be as high as possible and at the same 

time, you need to reduce your errors for which your false positives and false negatives 

should be as low as possible. Also in terms of ratios, your TP ratio and TN ratio should 

be very high while FP ratio and FN ratio should be very low. Figure (3.21) shows the 

confusion matrix with four combinations [43].  
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Figure 3.21: Confusion matrix structure 

 Sensitivity or Recall: is a measure that quantifies the probability of actual positives. 

In other words, this test feature mainly focuses on identifying the members of the 

sample who are positive towards the tested characteristic. It can be calculated by this 

equation: 

                                                                                                                                    
    

          
                     (3.23) 

 Specificity: Also known as a true negative rate (TNR), is a measurement that 

quantifies the probability of actual negatives. Privacy can also be easily put into an 

equation as follows: 

                                                                                                      
    

          
                                 (3.24) 

 Precision: This is the ratio of the number of retrieved records to the total number of 

retrieved records. It can be calculated by this equation: 

                                                      
    

          
                                (3.25) 

 Receiver Operating Characteristic Curve (ROC): is curve is a performance metric 

for classification problems. It is a probability curve that plots the TPR against FPR at 

various threshold values and essentially separates the ‗signal‘ from the ‗noise‘. It is a 
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comprehensive indicator that reflects the continuous variables of sensitivity and 

specificity, each point on the roc curve reflects sensitivity to the same signal stimulus 

In figure 2.34     ―TPR‖ on the y-axis and False Positive Rate ―FPR‖ on the x-axis fig 

where: 

    
  

     
                       (3.26) 

    
  

     
                                  (3.27) 

 The Area under Curve (AUC): It is easy to understand that when the FPR is 

relatively low, the TPR is relatively high, so there will be a better model, and the area 

under the corresponding curve will also be larger, so the area under the ROC can be 

used as an indicator to measure the classification algorithm. So the AUC denotes the 

areas under the ROC curve, which means the ability of the model to classify classes. 

Figure (3.22) shows AUC with the blue area and ROC curve.  

 

 

 

 

 

Figure 3.22: AUC and ROC 
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Chapter 4 

Experiments and Results 

4.1    Experiments and Results 

In this chapter, we will apply the all classification models which we explained in the 

previous chapter to our datasets. Then, we review and discuss the Results. This chapter 

is divided into five parts: First, practical experiment on global datasets (UCI Dataset) 

and applying classification models (DT, NB, SVM, KNN, Ensemble, and MLP), the 

accuracy of each model will be measured. Also the sensitivity, specificity, and precision 

for each model will be calculated. The Area Under Curve (AUC), and Receiver 

Operation Curves (ROC) for best classification model will be calculated, based on the 

previous performance metric results that will be mentioned; the best classification 

model will be determined for global dataset. Second, practical experiment on local 

datasets (Palestinian Dataset) and applying classification models (DT, NB, SVM, KNN, 

Ensemble, and MLP), the accuracy of each model will be measured. Also the 

sensitivity, specificity, and precision for each model will be calculated. The Area Under 

Curve (AUC), and Receiver Operation Curves (ROC) for best model will be measured. 

This will be done based on each region (governorate) dataset, and the above will be 

measured within each region and a comparison will be made between each governorate 

dataset, then we determined the best model for classification based on the performance 

metric results for each region. Third, choosing the common variable of the global 

dataset (Custom global dataset) with the local dataset and deleting the variable is not 

common, then making a comparison between the two datasets (Custom and local) and 

applying classification techniques (DT, NB, SVM, KNN, Ensemble, and MLP), the 
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accuracy of each model will be measured, and the sensitivity, specificity, and precision 

for each model also will be measured. Then we determined the best model for 

classification based on the performance metric results for each dataset. Then, the 

comparison will be made between the two datasets (Local Dataset, Custom Global 

Dataset). Forth, (MLPNNs-GAs) model will also be applied on the local dataset and 

custom global dataset), and then choose a certain number of neurons within the model 

and compare the accuracy or performance for each choice. And a comparison will be 

made between the two datasets (Local Dataset, Custom Global Dataset) based on 

classification accuracy results. Fifth, a classification of ultrasound images of the thyroid 

gland and its classification in terms of the type of inflammation, malignant or benign, 

using a (VGG-16) model, it is a deep learning model based on convolution neural 

network (CNN), where the model had been built using Python. 

4.2    Computing Environment 

The Computing Environment in this work was done by ASUS X455 SnonicMaster 

Intel, Corei7-4510U CPU 2.00GHz 2.60GHz, RAM: 8.00GB, HDD: 1 TB with 

windows 8.1 pro. For applying experiments MATLAP_R2019b and Jupyter Notebook 

were used. 

 

 

 

 

 

Figure 4.1: The performance of ASUS device while running MATLAB nprtool 
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4.3  Machine Learning Practical Experiment 

4.3.1 Classification Results for Global Dataset 

First Experiment: In this part of the result, we apply five classification algorithms to the 

global dataset (UCI dataset). They are as follows: decision tree (DT), Naïve Bayes 

(NB), support vector machine (SVM), K-nearest neighbor (KNN), and Ensemble. In 

this experiment, a K-fold cross-validation methodology was used to divide the dataset 

into a test set and training set to reach a good evaluation of the model. Cross-validation 

is used to evaluate the prediction performance of the model, especially the performance 

of the model trained on new data, which can reduce over-fitting to a certain extent [44]. 

You can also get as much effective information as possible from limited data. In the 

recent experiments, we used 5-fold cross-validation is used, 7200 records each fold 

1440 records are obtained, 1 fold for testing randomly, and 4 folds for training.  

Table (4.1) shows the results of applying the five models that we mentioned above on 

global; dataset, each model has four performance metrics: overall accuracy, sensitivity, 

specificity, and precision.  

Table 4.1: Classification results for different model on all variable global dataset 

 

It was concluded that Ensemble is the best model type for classification of this dataset 

due to higher accuracy 99.60% and it is close to Decision Tree accuracy result of 

99.50%; here 5-fold cross-validation was used, which (it) means that 20% of testing 

Model Type Accuracy Sensitivity Specificity precision 

Decision Tree 99.50% 97.88% 98.97% 96.80% 

Naive Bayes 93.30% 55.00% 74.21% 80.50% 

SVM 98.20% 87.10% 95.05% 92.36% 

KNN 95.10% 63.86% 96.58% 90.30% 

Ensemble 99.60% 99.56% 99.80% 96.50% 
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data and 80% for training and the best accuracy obtained here is 99.60%. Also, the best 

sensitivity is 99.56% and specificity is 99.80%. Figure (4.2) illustrates the Comparison 

between performance metrics for all Classification Models. 

 

 

 

 

 

Figure 4.2: Chart of Comparison between performance metrics for all 

Classification Models 

In the summary, we conclude that the highest model in terms of overall accuracy is the 

Ensemble model 99.6%, and achieved high results compared to the rest of the models. 

In the figure (4.3) are the whole lines with blue color representing the AUC and ROC 

curves for Ensemble model results [best accuracy], which represents sensitivity for three 

classes (class 1 is normal, class 2 is hyper, and class 3 is hypo); the sensitivity was 

(99.40%, 99.70%, and 99.58%). The specificity was (99.97%, 99.80%, and 99.63%). 

And the precision was (92.70%, 96.83%, and 99.95%) for classes 1,2 and 3 

respectively. These results are good results when the points were in the upper-left 

corner; here area under the curve occupies 100% of these curves for three classes, and 

the current classifier equals (0.00,0.99), (0.00,0.99), and (0.01,1.00) for class 1,2 and 3 

respectively. 
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Figure 4.3: AUC & ROC curves for global dataset (Class1, 2, and 3) by Ensemble 

model 

Second Experiment: Classification Global dataset using MLPNN model; the NNs are 

one of the most powerful methods for classifying and recognizing data patterns [45]. 

We build an NNs with two-layer feed-forward, with sigmoid and softmax output 

neurons. Many tests were done to get the best results. For each test of 10, 20, 30, 40, 

and 50 neurons were used in the hidden layer. We divide the data like the following: 

70% for training 5040 records, 15% for testing 1080 records, and 15% for validation 

1080 records. Figure (4.4) shows the neural network structure used in the model to 

classify the dataset. 

 

 

Figure 4.4: General Neural Network structure for classification Global dataset 

We used scaled conjugate gradient back propagation for training the data. After 

experimenting with training the model, the results that we obtained with changing the 

number of neurons in the hidden layer were according to table (4.2). 
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Table 2.2:MLPNNs Classification Results on Global Dataset 

 

 

 

Table (4.2) represents the MLPNNs model results. The model achieved the best 

performance with N=50 where the performance parameters of the 50 Neurons in the 

hidden layer represented as 95.70%, 95.60%, for training accuracy, test accuracy 

respectively. Figure (4.5) illustrates the train and test accuracy for the MLPNNs model 

applying to the global dataset with changing the number of neurons in the hidden layer. 

We also note that the higher the number of neurons, the more accurate the classification; 

and this seems to be due to the large data size of 7200 records. 

 

 

 

 

 

Figure 4.5: Chart comparing different numbers of neurons for MLPNNs 

classification model in terms of training and testing accuracy 

 

Number of neurons 

in the hidden layer 
Train Accuracy Test Accuracy 

10 94.30% 93.20% 

20 94.60% 93.10% 

30 94.50% 93.90% 

40 94.60% 94.10% 

50 95.70% 95.60% 
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Figure (4.6) shows the increase of test accuracy for the classification model when 

increasing the number of neurons in the hidden layer. 

 

 

 

 

 

Figure 4.6: Chart showing the test accuracy increasing with increasing the 

numbers of neurons for MLPNN classification model. 

In figure (4.7) shows the confusion matrices and accuracy percentages training, 

validation, and testing, the percentages were 95.7%, 95.0%, and 95.6% respectively. 

These figures represent the accuracy (94.60% overall accuracy) was obtained from the 

global dataset when using the MLPNNs model for classification when N=50 (the best 

result from experiments). Figure (4.8) shows the receiver operating characteristic (ROC) 

curves for the global dataset. The three lines with blue, green, and red colors for all 

figures represent the ROC curve for training, validations, and testing datasets. The ROC 

curve represents sensitivity versus (1- Specificity) for the global dataset. The sensitivity 

is 88.20%, the Specificity is 99.4%, and the precision is 76.5%, these results for class 1 

in All ROC. The sensitivity is 77.30%, the Specificity is 96.5%, and the precision is 

32.3%, these results for class 2 in All ROC. The sensitivity is 96.20%, the Specificity is 

90.3%, and the precision is 99.6%, these results for class 3 in All ROC. 
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Figure 4.7: Confusion Matrices for classifying Global dataset using MLPNNs when 

N=50. 

 

 

 

 

 

 

 

 

Figure 4.8: ROC curves for classifying Global dataset using MLPNNs when N=50 
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Decision Tree
Naive Bayes SVM

KNN
Ensemble

MLPNN,
N=50

99.50% 

93.30% 

98.20% 

95.10% 

99.60% 

95.60% 

Overall Accuracy for ALL Classification models applying on Global 
dataset 

Accuracy

And they are very well in network performance and good when the points are in the 

upper-left corner. Table (4.3) & figure (4.9) conclude the result for all classification 

models on global dataset. 

Table 4.3: Table summarizing of the overall accuracy of all classification models 

for the global dataset 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.9: Chart of summary of the overall accuracy of all classification models 

for the global dataset 

Model Type Overall Accuracy 

Decision Tree 99.50% 

Naive Bayes 93.30% 

SVM 98.20% 

KNN 95.10% 

Ensemble 99.60% 

MLPNN, N=50 95.60% 
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It was concluded that Ensemble is the best model type for classification of this dataset 

due to higher accuracy of 99.6% and it is close to the Decision Tree accuracy result of 

99.5%. 

4.3.2 Classification Results for Local Datasets 

First Experiment: In this experiment we applied five classification algorithms they are 

as follows: decision tree (DT), Naïve Bayes (NB), support vector machine (SVM), K-

nearest neighbor (KNN), and Ensemble. In this experiment, a K-fold cross-validation 

methodology was used to divide the dataset into a test set and a training set. In the 

recent experiments, we used 5-fold cross-validation from 3775 records each fold 755 

records are obtained, 1 fold for testing randomly, and 4 folds for training. The 

experiments were done on the local dataset through two stages: The first stage was the 

removal of the variable (city) from the variables in the dataset, where the classification 

was applied to all records from all cities (whole data (3775) records). The second stage 

was to aggregate all the records of each city separately without the variable (city) and 

apply the classification to the records coming from one city. In other words, make each 

city its own dataset and apply classification models to it, of course removal (city) 

variable. All experiments into each stage we were used 5-fold cross validation. 

The table 4.4 shows and summarizes the results for all local datasets for two 

stages. 
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Table 4.4: Classification results for different model on each city local dataset & all 

city local dataset without (city) variable 

City Model Type 
Overall 

Accuracy 
Sensitivity Specificity Precision 

All-City 

Dataset 

Decision 

Tree 
90.60% 89.58% 95.14% 90.75% 

Naive Bayes 89.70% 89.44% 94.86% 88.00% 

SVM 90.40% 90.00% 95.18% 89.40% 

KNN 86.70% 86.60% 96.50% 88.22% 

Ensemble 91.10% 90.20% 95.39% 89.7% 

Nablus 

Dataset 

Decision 

Tree 
88.50% 88.38% 94.00% 87.61% 

Naive Bayes 85.50% 86.30% 92.44% 85.70% 

SVM 87.00% 87.40% 93.37% 88.06% 

KNN 80.00% 80.54% 89.80% 81.81% 

Ensemble 85.80% 86.18% 92.77% 84.32% 

Qalqiliah 

Datast 

Decision 

Tree 
91.90% 89.52% 95.25% 91.39% 

Naive Bayes 91.80% 90.68% 95.65% 90.74% 

SVM 90.20% 89.14% 94.97% 88.59% 

KNN 85.50% 83.76% 94.38% 83.52% 

Ensemble 90.70% 88.78% 94.78% 89.72% 

Salfeit Data 

set 

Decision 

Tree 
89.90% 89.72% 94.92% 90.33% 

Naive Bayes 88.10% 88.33% 94.05% 88.37% 

SVM 87.20% 87.35% 93.60% 87.33% 

KNN 83.60% 83.79% 95.99% 90.20% 

Ensemble 89.30% 89.41% 94.60% 89.52% 

Ramallah 

Dataset 

Decision 

Tree 
92.40% 91.05% 96.18% 91.97% 

Naive Bayes 92.00% 90.68% 96.32% 91.32% 

SVM 91.60% 90.27% 96.10% 90.93% 

KNN 87.80% 87.00% 94.30% 87.84% 

Ensemble 92.30% 91.67% 96.48% 91.58% 
 

It was concluded that Ensemble is the best model type for classification this dataset in 

case all cities (whole local dataset record) due to higher accuracy 91.10%, and it is close 

to Decision Tree accuracy result 90.6%; Due to the procedures of the Ensemble model, 

which is the use of more than one model, and the data is divided into sub data and 
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ALL Cities Nablus Qalqiliah Salfeit Ramallah

Classification Overall Accuracy for all models on all Local datasets 

Accuracy

passing to more than one model, and then the highest accuracy is voted on and approved 

as the total accuracy of the model. 

We can also conclude that the Decision Tree (DT) model was the best model for the 

classification of the data on each city alone. Here, the preference of the decision tree 

model over the Ensemble model appeared due to the small size of the data on each city 

dataset, despite the presence of convergence between them.  

 

 

 

 

 

 

 

 

 

Figure 4.10: Chart of summary for Classification Accuracy of all models on five 

Local Datasets 

Results From First Stage: 

After the end of the experiments from the first stage (practical experiments on the all 

cities dataset (local dataset). Figure (4.11) illustrates the Comparison between 

performance metrics for all classification models on the Local dataset (all cities dataset). 
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Figure 4.11: Chart of Comparison between performance metrics for all 

Classification models on Local dataset 

we obtained the highest model in terms of overall accuracy is the Ensemble model 

91.10%, and achieved high results compared to the rest of the models. 

In the figure (4.12), are the whole lines with blue color representing the ROC curves, 

which represents sensitivity for three classes; the sensitivity was 94.97%, 97.00%, and 

78.64% for classes 1,2 and 3 respectively. The specificity was 97.10%, 93.00%, and 

96.07% for class 1,2 and 3 respectively. The precision was 93.51%, 97.00%, and 

78.64% for class 1,2 and 3 respectively. These results are good results when the points 

were in the upper-left corner; here area under the curve occupies 99% of these curves 

for class 1 and class 2, 97% for class 3, and the current classifier equals (0.03,0.95), 

(0.07,0.97), and (0.04,0.79) for class 1,2 and 3 respectively. 

 

 

 

 

Figure 4.12: AUC & ROC curves for Local dataset (all cities dataset) (Class 

1, 2, and 3) by Ensemble model 
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Results From Second Stage: 

After the end of the experiments from the Second stage (practical experiments using the 

five models (DT, NB, SVM, KNN, and Ensemble) on each city  dataset (Nablus, 

Qalqiliah, Salfeit, and Ramaalah datasets), The results in each city's data set were as 

follows: 

1. Nablus dataset: Figure (4.13) illustrates the Comparison between performance 

metrics for all classification models on the (Nablus) dataset. 

   

 

 

 

 

 

We conclude that the highest model in terms of overall accuracy is the Decision Tree 

(DT) model 88.5% and achieved high results compared to the rest of the models. 

In the figure (4.14), are the whole lines with blue color representing the ROC curves, 

which represents sensitivity for three classes; the sensitivity was 89.86%, 94.93%, and 

80.35% for classes 1,2 and 3 respectively. The specificity was 98.83%, 90.24%, and 

92.87%. The precision was 96.53%, 85.96%, and 80.35% for class 1,2 and 3 

respectively. These results are good results when the points were in the upper-left 

Figure 4.13: Chart of Comparison between performance metrics for all 

Classification Models on (Nablus) dataset 
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corner; here area under the curve occupies 97%, 93%, and 88% of these curves for class 

1, class2, and class 3 respectively, and the current classifier equals (0.01,0.90), 

(0.10,0.95), and (0.07,0.80) for class 1,2 and 3 respectively. 

 

 

 

Figure 4.14: AUC & ROC curves for (Nablus) dataset (Class 1, 2 and 3) by DT 

model 

2. Qalqiliah dataset: Figure (4.15) illustrates the Comparison between performance 

metrics for all classification models on the (Qalqiliah) dataset 

 

 

 

 

 

Figure 4.15: Chart of Comparison between performance metrics for all 

Classification Models on (Qalqiliah) dataset 

In the summary, we conclude that the highest model in terms of overall accuracy is the 

Decision Tree (DT) model 91.9%, and achieved high results compared to the rest of the 

models. In the figure (4.16), are the whole lines with blue color represents the ROC 

curves, which represents sensitivity for three classes; the sensitivity was 94.24%, 

97.36%, and 76.95% for class 1,2 and 3 respectively. The specificity was 98.49%, 



69 
 

  

90.87%, and 96.47%. The precision was 94.63%, 92.77%, and 86.78% for class 1,2 and 

3 respectively. These results are good results when the points were in the upper-left 

corner; here area under the curve occupies 99%, 95%, and 90% of these curves for class 

1, class2, and class 3 respectively, and the current classifier equals (0.02,0.94), 

(0.09,0.97), and (0.04,0.77) for class 1,2 and 3 respectively 

 

 

 

Figure 4.16: AUC & ROC curves for (Qalqiliah) dataset (Class 1, 2, and 3) by DT 

model 

3. Salfeit dataset: Figure 4.17 illustrates the Comparison between performance 

metrics for all classification models on the (Salfeit) dataset. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 4.17: Chart of Comparison between performance metrics for all 

Classification Models on (Salfeit) dataset 
 

We conclude that the highest model in terms of overall accuracy is the Decision Tree 

(DT) model 89.9%, and achieved high results compared to the rest of the models. In the 

figure (4.18), are the whole lines with blue color represents the ROC curves, which 
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represents sensitivity for three classes; the sensitivity was 93.47%, 98.02%, and 77.66% 

for class 1,2 and 3 respectively. The specificity was 97.40%, 91.12%, and 96.23%. The 

precision was 93.85%, 86.55%, and 90.60% for class 1,2 and 3 respectively. These 

results are good results when the points were in the upper-left corner; here area under 

the curve occupies 96%, 94%, and 90% of these curves for class 1, class2, and class 3 

respectively, and the current classifier equals (0.03,0.93), (0.09,0.98), and (0.04,0.78) 

for class 1,2 and 3 respectively. 

 

 

 

Figure 4.18: AUC & ROC curves for (Salfeit) dataset (Class 1, 2, and 3) by DT 

model 

4. Ramallh dataset: Figure (4.19) illustrates the Comparison between performance 

metrics for all classification models on (Ramallah) dataset. 

 

 

 

 

Figure 4.19: Chart of Comparison between performance metrics for all 

Classification Models on (Ramallah) dataset 
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In the summary, we conclude that the highest model in terms of overall accuracy is the 

Decision Tree (DT) 92.4%, and achieved high results compared to the rest of the 

models. In the figure 4.20 the whole lines with blue color representing the ROC curves, 

which represents sensitivity for three classes; the sensitivity was 98.66%, 95.06%, and 

79.42% for classes 1,2 and 3 respectively. The specificity was 95.87%, 95.45%, and 

97.21%. The precision was 94.86%, 89.75%, and 91.29% for class 1,2 and 3 

respectively. These results are good results when the points were in the upper-left 

corner; here area under the curve occupies 99%, 97%, and 94% of these curves for class 

1, class2, and class 3 respectively, and the current classifier equals (0.04,0.99), 

(0.06,0.95), and (0.03,0.79) for class 1,2 and 3 respectively. 

 

 

 

 

Figure 4.20: AUC & ROC curves for (Ramallah) dataset (Class 1, 2, and 3) by DT 

model 

Second Experiment: Classification Local datasets using MLPNN model; we build a 

neural network model with two-layer feed-forward, with sigmoid and softmax output 

neurons. Many tests were done to get the best results. For each test of 5, 10, 15, and 20 

neurons were used in the hidden layer on each dataset. We use the same strategy that we 

followed previously in terms of dividing the work in the local data into two stages. We 

divide the practical experiment on the whole local dataset into five datasets:  
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1. All records from all cities (whole local dataset) 3775 records without (city) 

variable. 

2. Nablus city records (Nablus Dataset) 818 records without (city) variable. 

3. Qalqiliah city records (Qalqiliah Dataset) 1105 records without (city) variable. 

4. Salfeit city records (Salfeit Dataset) 822 records without (city) variable. 

5. Ramallah city records (Ramallah Dataset) 1030 records without (city) variable. 

We divide the records as the following for the five above datasets: 70% for training, 

15% for testing, and 15% for validation. Figure (4.21) shows the neural network 

structure used in five local datasets to classify the dataset by using MLPNN: 

 

 

 

Figure 4.21: General Neural Network structure for classification Local datasets 

We used scaled conjugate gradient backpropagation for training the data on each dataset 

in local datasets. After experimenting with training the model, the results that we 

obtained with changing the number of neurons in the hidden layer were according to 

each experiment on each dataset from local datasets on table (4.5). The table shows the 

training accuracy and test accuracy for each city dataset from the local dataset, when 

changing the number of neurons in the hidden layer within the neural network. We have 

five datasets, each data set has a specific record number. Each dataset had four different 

experiments, each experiment had a different number of neurons, and the training 

accuracy and testing accuracy were recorded for each experiment. 
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Table 4.5: MLPNNs Classification Results on Local Datasets 

City 
Number of 

neurons 
Train Accuracy Test Accuracy 

All Cities (3775) 

Records 

5 86.7% 86.0% 

10 88.4% 88.2% 

15 89.3% 89.0% 

20 89.7% 89.2% 

Nablus (818) Records 

5 86.7% 82.9% 

10 85.8% 79.6% 

15 85.1% 79.4% 

20 84.3% 78.2% 

Qalqiliah (11 

05) Records 

5 89.8% 85.5% 

10 90.9% 89.2% 

15 90.9% 87.9% 

20 90.8% 87.2% 

Salfeit (822) Records 

5 88.5% 81.3% 

10 87.9% 81.2% 

15 87.6% 80.2% 

20 86.4% 79.1% 

Ramallah (1030) Records 

5 90.4% 92.3% 

10 91.3% 86.5% 

15 91.1% 85.9% 

20 90.1% 85.1% 
 

The best accuracy we got from local datasets classification is the dataset for the city of 

Qalqiliah (1105) records and it was 90.9% using 10 neurons in the hidden layer. We 

also notice from the table that the classification based on MLPNN, which the larger the 

data size, the greater the number of neurons in the hidden layer gives better accuracy. 

For example, the highest classification accuracy was obtained in the dataset (all cities) 

when we used 20 neurons and it was the size of the data  (3775) records, while in the 

dataset of the city of Nablus (818) records had the best classification accuracy when we 

used 5 neurons, and this conclusion can be observed on the rest of the datasets of cities. 

 

 



74 
 

  

Results from First stage: 

After the end of the experiments from the first stage, it was the classification (All Cities) 

dataset using Multi-Layer Perceptron Neural Networks (MLPNNs) Model. The results 

had obtained from these figures below figure (4.22) shows the confusion matrices and 

ROC curves. The overall accuracy was 89.7%, and accuracy percentages for training, 

validation, and testing were 89.7%,90.3%, and 89.2% respectively. These figures 

represent the accuracy was obtained from local datasets (All Cities) when using the 

MLPNNs model for classification when a number of neurons in the hidden layer = 20. 

In the figure (4.22) also shows the receiver operating characteristic (ROC) curves for 

the (All Cities) dataset. The three lines with red, green, and blue colors for all figures 

represent the ROC curve for training, validations, and testing datasets.  

The sensitivity is 91.5%, Specificity is 98.7%, and the precision is 97.1%, these results 

for class 1 in All ROC. The sensitivity is 92.3%, Specificity is 94.1%, and the precision 

is 91.2%, these results for class 2 in All ROC. The sensitivity is 83.8%, Specificity is 

91.9%, and the precision is 79.8%, these results for class 3 in All ROC. 

 

 

 

 

 

 

Figure 4.22: Confusion Matrices and ROC curves for classifying (All Cities) 

dataset using MLPNNs when N=20. 
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Results From Second Stage: 

After the end of the experiments from the second stage, classification each city  dataset 

(Nablus, Qalqiliah, Salfeit, and Ramaalah datasets)), using Multi-Layer Perceptron 

Neural Networks (MLPNNs) Model. The results (Over all accuracy) in each city dataset 

were as follows, according the table (4.6) 

Table 4.6: Overall accuracy for MLPNNs experiments on Local Datasets 

 

 

 

We conclude that the data from the city of Qalqiliah (Qalqiliah dataset) obtained the 

highest accuracy in classification by MLPNNs 90.5%. When using N=10. 

Figure (4.23) shows and summarize the highest overall accuracy value (achieved when 

changing the value of N) of the MLPNNs classification model for each dataset from the 

local datasets.  

 

 

 

 

Figure 4.23: Chart of summary for MLPNNs Classification Accuracy on five 

Dataset from local dataset 

Dataset 

The number of 

neurons that gives 

the best result 

Overall Accuracy 

All Cities 20 89.7% 

Nablus 5 86.1% 

Qalqiliah 10 90.5% 

Salfeit 5 87.5% 

Ramallah 10 89.9% 
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At the end of the all experiments on all Local datasets, table (4.7) shows the Overall 

accuracy for all classification models were had been used on five local datasets. 

Table 4.7: Table summarizing of the overall accuracy of all classification models 

for the Local datasets 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

City dataset 
Classification 

Model Type 
Overall Accuracy 

All Cities Dataset 

Decision Tree 90.60% 

Naive Bayes 89.70% 

SVM 90.40% 

KNN 86.70% 

Ensemble 91.10% 

MLPNNs , N=20 89.10% 

Nablus Dataset 

Decision Tree 88.50% 

Naïve Bayes 85.50% 

SVM 87.00% 

KNN 80.00% 

Ensemble 85.80% 

MLPNNS, N=5 86.10% 

Qalqiliah Dataset 

Decision Tree 91.90% 

Naive Bayes 91.80% 

SVM 90.20% 

KNN 85.50% 

Ensemble 90.70% 

MLPNNs, N=10 90.50% 

Salfeit Dataset 

Decision Tree 89.90% 

Naïve Bayes 88.10% 

SVM 87.20% 

KNN 83.60% 

Ensemble 89.30% 

MLPNNs, N=5 87.50% 

Ramallah Dataset 

Decision Tree 92.40% 

Naïve Bayes 92.00% 

SVM 91.60% 

KNN 87.80% 

Ensemble 92.30% 

MLPNNs, N=10 89.90% 
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Figure (4.24) shows the Overall accuracy of all classification models used in the 

classification of local datasets. 

 

 

 

 

 

Figure 4.24: Chart of summary for all Classification models Overall Accuracy 

applying on five Local Datasets 

We conclude that the Ensemble model gave the highest accuracy in classification the 

(All cities dataset) 91.10%.  Decision tree model record the highest accuracy for 

classification of the (Nablus dataset), (Qalqiliah dataset), (Salfeit dataset), and 

(Ramallah dataset) 88.50%, 91.90%, 89.90%, and 92.40% respectively.  

The highest overall accuracy value (92.40%) was obtained from the (Ramallah dataset) 

by applying the decision tree (DT) model. 

4.3.3 Comparison between Results for Global Data and Local Data 

To make a comparison between the results of global data and local datasets (All cities 

datasets), we must first find the common variables between the two datasets; due to the 

presence of some differences in the variables. In this experiment, some variables will be 
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removed from the global dataset to be more involved with the local dataset (All cities 

dataset). 

The new global data set will be according to the first column in table 4.8. We will call it 

(Custom Global dataset), after excluding the variables that do not exist in the local 

dataset like (On_thyroxine, Query_on_thyroxine, Sick, Thyroid_surgery, 

Query_hypothyroid, Query_hyperthyroid, Goitre, Tumor, Hypopituitary, Psych, TT4, 

and T4U); the reason is that there are no equivalent variables in the local dataset so that 

the comparison is more reasonable. 

The local dataset will be the same as before with the variable (city) was omitted, 

according to the second column in table (4.8). In short, global and local datasets that are 

compared in terms of variables will have equivalent variables where the comparison is 

most useful and meaningful. 

Table 4.8: Custom global dataset variables and local dataset variables (All cities 

dataset) to make a comparison 
 

# 
Feature Name in Global 

dataset 

Feature 

Name in 

Local 

dataset 

Description Range of Value 
Type of 

value 

1. Age Age Age of the patient 

(0.01–0.97) in 

Global 

(1 – 82) in Local 

Continuous 

variable 

2. Sex Sex Sex of the patient 
0 (Male) 

1 (Female) 

Binary 

variable 

3. Pregnant Pregnant 
positive pregnancy 

result 

0 (FALSE) 

1 (TRUE) 

Binary 

variable 

4. 
On_antithyroid_medicati

on 
Treatment 

Any Type of 

treatment 

       0 (FALSE) 

1 (TRUE) 

Binary 

variable 5. I131_treatment 

6. Lithium 

7. 
 

TSH 
TSH 

Thyroid-

stimulating 

hormone 

(0.0–0.53) in 

Global 

(0.01-52.63) in 

Local 

Continuous 

variable 

8. T3 FT3 

Free 

/Triiodothyronine 

hormone 

(0.0005–0.18) in 

Global 

(1.10-14.28) in 

Continuous 

variable 
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Local 

9. FTI FT4 

Free Thyroxine 

Index/ Free 

Thyroxine 

 

(0.002–0.642) in 

Global 

(0.15-4.90) in 

Local 

Continuous 

variable 

 

 Classification Results: 

In these experiments we apply five classification algorithms they are as follows: 

decision tree (DT), Naïve Bayes (NB), support vector machine (SVM), K-nearest 

neighbor (KNN), and Ensemble. The First experiments were done on the custom global 

dataset. [9 variables * 7200 records]. In the experiments, we have used 5-fold cross-

validation. Table (4.9)  shows and summarizes the results for the custom global dataset.  

Table 4.9: Classification results for different models on custom global dataset (9 

variables) 

 

It was concluded that Ensemble is the best model type for classification this dataset in 

case (9 variable); due to higher accuracy 98.4%, and it is almost the same to Decision 

Tree accuracy result 98.3%; here 5-fold cross-validation was used, which (it) means that 

20% testing data and 80% for training. The second experiment was done on the local 

dataset (All cities dataset) after the removal of the variable (city) from the variables in 

the dataset, where the classification was applied to all records from all cities (whole data 

Model Type Accuracy Sensitivity Specificity precision 

Decision Tree 98.30% 96.56% 97.72% 96.00% 

Naive Bayes 94.30% 59.55% 76.54% 81.33% 

SVM 96.50% 81.39% 90.32% 95.86% 

KNN 95.70% 71.92% 84.73% 82.80% 

Ensemble 98.40% 96.34% 97.80% 94.72% 

https://endocrinology.testcatalog.org/show/FRTUP
https://endocrinology.testcatalog.org/show/FRTUP
https://endocrinology.testcatalog.org/show/FRTUP
https://endocrinology.testcatalog.org/show/FRTUP
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(3775) records). [7 variables * 3775 records]. In the experiments, we have used 5-fold 

cross-validation. Table (4.10) shows and summarizes the results for the local dataset.  

Table 4.10: Classification results for different models on Local dataset (All cities 

dataset) 

 

It was concluded that Ensemble is the best model type for classification this dataset in 

case all cities (whole local dataset record) due to higher accuracy 91.1%, and it is close 

to Decision Tree accuracy result 90.6%; here 5-fold cross-validation was used, which 

(it) means that 20% testing data and 80% for training. We conclude also that the custom 

global dataset recorded a higher accuracy than the local dataset when the process of 

comparison was made between them in all classification models. And the Ensemble 

model is the best model for the classification of the two datasets. Figure (4.25) shows 

the comparison between the custom global dataset and the local dataset (all cities) in 

terms of overall accuracy for each classification model. 

Model Type Accuracy Sensitivity Specificity Precision 

Decision Tree 90.60% 89.58% 95.14% 90.75% 

Naive Bayes 89.70% 89.44% 94.86% 88.00% 

SVM 90.40% 90.00% 95.18% 89.40% 

KNN 86.70% 86.60% 96.50% 88.22% 

Ensemble 91.10% 90.20% 95.39% 89.70% 
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Figure 4.25: Chart of summary for all models Classification Accuracy on Local & 

Custom Global datasets 
 

 Neural Network Results: 

We build a neural network model with two-layer feed-forward, with sigmoid and 

softmax output neurons. The experiments were done on a custom global dataset & on 

the Local dataset (All Cities). Many tests were done to get the best results. For each test 

of 5, 10, 15, and 20 neurons were used in the hidden layer. The records divide as the 

following for the five above datasets: 70% for training, 15% for testing and 15% for 

validation. Scaled conjugate gradient backpropagation was used for training the data. 

After training with changing the number of neurons, the results had been obtained 

according to the table (4.11). 

Table 4.11: MLPNNs Classification Results on Custom Global Dataset & (All 

cities) dataset 
 

 Custom Global Dataset Local Dataset (All Cities) 

Number of neurons 

in the hidden layer 
Train Accuracy Test Accuracy Train Accuracy Test Accuracy 

5 94.20% 93.80% 86.7% 86.0% 

10 93.30% 93.30% 88.4% 88.2% 

15 94.10% 93.80% 89.3% 89.0% 

20 94.40% 94.30% 89.7% 89.2% 
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Table (4.11) represents the MLPNNs Models results for two datasets to be comparison. 

The model achieved the best performance with N=20 in both datasets, but in the custom 

global dataset where the performance parameters of the 20 Neurons in the hidden layer 

represented as 94.40%, 94.30%, for training accuracy, test accuracy respectively. While 

in the local dataset (all cities) where the performance parameters of the 20 Neurons in 

the hidden layer represented as 89.70%, 89.20%, for training accuracy, test accuracy 

respectively. We conclude that the MLPNNs model achieved a higher accuracy result in 

the custom global dataset. Figure (4.26) shows the test accuracy percentage for each 

dataset with changing the number of neurons.  

 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

Figure 4.26: Chart of summary for MLPNNs Classification test accuracy on Local 

dataset & Custom Global datasets 
 

4.4   Hybrid Model Practical Experiments 

In this section, we use hybrid models that combine multi-layer perceptron with 

optimization algorithms (Genetic Algorithms) to improve the accuracy of the thyroid 

disease classification system. The GAs-MLPNNs algorithms were used to create class 

classification on the Custom Global dataset and Local (All cities dataset). The goal of 
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the experiments performed using the GAs-MLPNNs model was to find the best 

classification accuracy for the two datasets. To improve the performance of the model 

we were through many trials and errors, we have used the following parameters and 

fixed them in the Genetic Algorithms (GAs) model, according to table (4.12). 

Table 4.12: Fixed Genetic Algorithm Parameter 

Number of generation 200 

Number of population 50 

Crossover Uniform 3 point random 

Mutation Uniform Constraint dependent 

Probability of crossover 1 

Probability of Mutation 0.01 
 

Then many tests were done to get the best results through changing the number of 

neurons in the MLPNNs model. For each test, we used 5, 10, 15, and 20 neurons in the 

hidden layer. The results were as follows on the two datasets according to table (4.13). 

Table 4.13: Hybrid Model (GAs-MLPNNs) Classification Results on Custom 

Global Dataset & (All cities) dataset 
 

 

Table (4.13) represents the Hybrid Model (GAs-MLPNNs) results for two datasets to be 

comparison. The model achieved the best performance with N=10 in both datasets, but 

in the Local dataset (all cities) where the performance parameters of the 10 Neurons in 

the hidden layer represented as 97.50%, 96.0%, for training accuracy, test accuracy 

respectively. While in the Custom global dataset where the performance parameters of 

 Custom Global Dataset Local Dataset (All Cities) 

Number of neurons in the 

hidden layer 

Train 

Accuracy 

Test 

Accuracy 

Train 

Accuracy 

Test 

Accuracy 

5 93.00% 91.00% 96.00% 94.00% 

10 96.30% 95.00% 97.50% 96.00% 

15 95.50% 94.00% 96.70% 95.00% 

20 92.80% 90.00% 94.50% 92.00% 
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the 10 Neurons in the hidden layer represented as 96.30%, 95.00%, for training 

accuracy, test accuracy respectively. 

We conclude that the MLPNNs model achieved a higher accuracy result in the Local 

dataset (all cities). Figure (4.27) shows the test accuracy percentage for two datasets 

with changing the number of neurons. 

 

 

 

 

 

Figure 4.27: Chart of summary for Hybrid Model (GAs-MLPNNs) Classification 

test accuracy on two datasets 

4.5  Deep Learning Practical Experiments 

In this section, we use deep learning to classify ultrasound medical images of the 

thyroid gland as malignant or benign. I've built a Visual Geometry Group 16 (VGG-16) 

model, which is a model built based on the architecture of Convolutional Neural 

Network (CNN) to classify.  I used Jupyter Notebook to write Python code using Keras 

library. We divided the image dataset as the following: 80% for training, 124 images, 

20% for validation, 31 images. After training the model, the results came as follows:  
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Figure (4.28) shows the learning curve for changing in the accuracy of training and the 

accuracy of the validation with the increase in the number of the epoch (time). 

 

 

 

 

 

Figure 4.28: Performance learning curves for training & validation accuracy 

The VGG-16 model performance is growing over epoch, which means the model is 

improving with experience (its learning). We also see it grows at the beginning, but over 

time it reaches a plateau, meaning it‘s not able to learn anymore. Figure (4.29) shows 

the confusion matrix of the test data for the model, where (B) is an abbreviation for a 

benign tumor, while (M) is an abbreviation for malignant tumor: 

 

 

 

 

Figure 4.29: Confusion matrix for vgg-16 model 
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From the confusion matrix for the VGG-16 model, we obtained sensitivity, 

specificity, and precision percentages equal 66  .7%, 100%, and 100% 

respectively by some calculations from these results based on these parameters 

(TP, TN, FP, and TN). 

The Figure (4.30) shows the images that the model failed to classify them. In 

fact, they are ultra-sound images of a thyroid gland diagnosed by a benign 

tumor, and the model classified them as images of a malignant tumor. 

 

 

 

Figure 4.30: Images that the VGG-16 model failed to classify 

The table (4.14) shows a summary of the results of the VGG-16 model 

Table 4.14: Summary of result for vgg-16 model 

 

 

 

In conclusion, the table (4.14) shows the final results of the model, where we note that 

the overall accuracy of the model is 87%, where (b) is an abbreviation for a class benign 

tumor, while (m) is an abbreviation for class malignant tumor. 
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4.6  Challenges and Limitation  

We encountered several challenges and obstacles during the collection of data 

used in the models. The most prominent problem was the lack of arrangement 

of medical laboratory data in health centers and local hospitals, and a large part 

of it was written on paper and not in computerized spreadsheets. The lack of 

standardization of some variables in medical analysis in laboratories, as each 

laboratory has variables that differ from the other; so we excluded a lot of data 

for this reason. Also, there are some records that contain missing data, and this 

problem we deal with it by using the mathematical methods we mentioned in 

Chapter 3. 

One of the obstacles we encountered was the lack of sufficient image quantity 

for the ultra-sound Thyroiditis images dataset; and this somewhat reduced the 

accuracy of the (VGG-16) model. Also, this model needs a long training time 

on the graphic data and a processor with powerful specifications, and this was 

not available, as all the training operations were done on a Personal Computer 

(PC) with simple specifications that we mentioned in the introduction of this 

chapter. Better results could be obtained if a computer with higher 

specifications is used. Also, in order to generalize this research all over 

Palestine, data from many other cities larger population is needed to be 

collected. 
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Chapter 5 

Conclusion and Future Work 

5.1 Conclusion  

Health is considered the human capital, without which he would not be able to carry out 

daily chores and various activities and it is one of the components of his happiness in 

this life. Therefore, a person must initiate periodic reassurance of his health in all stages 

of his life; because the discovery and diagnosis of any disease in its early stages 

contributes to the process of accelerating recovery and returning to the clear enjoyment 

of health. The term ―thyroid disease‖ is often used to refer to common thyroid diseases, 

the most famous of which are hypothyroidism and hyperthyroidism [12] [16], as well as 

various infections. So, it was important to diagnose and detect thyroid diseases; because 

thyroid disease does not affect the thyroid gland in particular but rather exceeds its 

impact, it leads to imbalances in vital bodily functions [19] [20] [79]. Consequently, this 

work aimed to develop an intelligent medical diagnosis and decision support model that 

helps detect the disease at an early stage before it worsens. 

The medical expert system will help in the task of rapid diagnosis so that treatment can 

be started immediately, and the effects of delays in detection and diagnosis are avoided. 

This is the role of expert systems in the medical field, which is to sustenance decision 

support systems [80]; because they contribute to making decisions based on human 

experience for a specialist in a particular field: Because the diagnosis is often confused 

and inaccurate. 
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In this work, we have covered several Machine Learning (ML) models and benefited 

from their advantages in classification and diagnosis in medical practice, as they contain 

valuable information. Medical data can be used to train different machine learning 

models and build expert systems from them; these enrich doctors‘ diagnoses and give 

them a new perspective. 

In this thesis, all ML models (DT, NB, SVM, KNN, Ensemble, and MLPNNs) were 

applied on the global dataset from (UCI) to classify thyroid diseases; the model that 

achieved the highest classification accuracy was the Ensemble model by 99.6%. Then, 

we have applied all ML models (DT, NB, SVM, KNN, Ensemble, and MLPNNs) on the 

local dataset from Palestine to classify thyroid diseases; the model that achieved the 

highest classification accuracy was the Ensemble model by 91.10%. Also, we divided 

the local dataset into four subsets, which are: Nablus dataset, Qalqiliah dataset, Salfit 

dataset, and Ramallah dataset, the DT model obtained the highest classification 

accuracy among all the models that we had been applied to each sub-dataset, by 

88.50%, 91.90%, 89.90%, and 92.40% respectively. Then we made a comparison 

between the classification accuracy of the local dataset and the global dataset after its 

modification (Custom global dataset), and the custom global dataset obtained a higher 

classification accuracy in all models. Hybrid Model (GAs-MLPNNs) was used to 

improve the accuracy of the classification of thyroid diseases, the model was applied on 

a Custom global dataset and Local (All cities) dataset, the results were as follows: 

95.00% for the custom global dataset, and 96.00% for local (All cities) dataset. Finally, 

a VGG-16 model based on CNN was used to classify a group of ultrasound images of 

the thyroid gland into a malignant tumor or a benign gland tumor, and the accuracy 

result of the classification was 87.00%. 
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5.2 Future Work & Recommendations 

In future work, we will try to expand the variables of the local dataset in intensive 

cooperation with endocrinologists to add clinical symptoms to the variables that give a 

more accurate diagnosis. More Hybrid systems can also be used like integrating Particle 

Swarm Optimization (PSO) algorithm with Genetic algorithm (GA) namely GA-PSO 

can be made so that it shows better results and accuracy than using single techniques. 

Also, on the level of deep learning, it is possible in future work to form a local dataset 

from thyroid images and use other models for classification such as (VGG-19) for 

example and make comparisons in terms of accuracy in more than one model. 

This work can be developed and create a user friendly interface application, that helps 

medical specialists to diagnose the thyroid diseases as well as diagnose medical images. 

Encouraging work to establish a share medical database for all medical laboratories in 

Palestine; in order to create a medical data repository for Palestine that includes all 

governorates; in order to collect larger data about many diseases and use them for 

scientific research in the field of machine learning. 
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