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Abstract 

 
Diabetes mellitus is one of the deadliest and chronic diseases that affect the persons who 

have an increase in their blood glucose levels. Type 1 Diabetes Mellitus “T1DM” is 

considered as one of the most dangerous types of diabetes as it is the reason why diabetes is 

called the silent killer. Due to the common symptoms of type 1 and 2 diabetes, diabetes 

specialists face doubts about their diagnosis of the type of diabetes in the patient where the 

uncertainty about the diagnosis of the disease may lead to delays in controlling the potential 

complications, especially if they have T1DM. 

In this thesis, we have collected a local Palestinian dataset "DataPal" With the assistance of 

the Palestinian Diabetes Institute. A local Palestinian dataset was applied using machine 

learning algorithms to predict diabetes. The DataPal consists of 9 predictors used to 

diagnose diabetes types. The dataset consists of 314 instances of diabetic females. Where 

the women are more likely to die due to diabetes, so we gave them priority in this thesis.  

Thus, our samples were for females with both types 1 and 2 diabetes, aged between 5 and 

89 years. The local dataset "DataPal" and the global dataset "PIDD" were preprocessed 

using the K-nn algorithm to fill their missing values because in medical diagnosis there is 

no room for error. The SVM algorithm also applied to the datasets to select the most 

optimal features to predict diabetes. Both the two-fold and four-fold cross-validation 

methods were applied to the datasets to evaluate the applied models fairly. A hybrid model 

"PSO-FFNN" uses the PSO evolutionary algorithm to train an FFNN and find the optimal 

weight values of the trained network. The PSO-FFNN model was applied to the 
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preprocessed datasets. Then the performance of the model was evaluated using different 

metrics such as the overall accuracy, recall, specificity, G-mean, and AUC and others. The 

obtained results show that the proposed PSO-FFNN model outperformed all models applied 

in this thesis in the classification of diabetes and its types. 
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1 Introduction

Diabetes mellitus is a chronic disease and one of the 10 deadliest diseases in countries with

a strong economy [1]. Diabetes causes many complications that greatly affect human life

[2]. Diabetes is one of the main causes of myocardial infarction, diabetic retinopathy,

diabetic bone necrosis, kidney failure, amputation, diabetic neuropathy, diabetic coma and

other complications that have not been discovered yet. The number of diabetic people with

both types of diabetes has been increasing over the last forty years. According to the World

Health Organization [1], diabetes is an epidemic disease that poses a threat to human life.

80% of diabetes deaths are in low-income countries that occur in low and middle-income

countries [1]. Diabetes caused 4.2 million deaths [70]. Diabetes can be controlled whenever

it is detected in the early stages. In addition, the correct diagnosis of the type of disease

plays a major role in reducing the symptoms of the disease. T1DM is the most dangerous

level of diabetes as it is the reason why diabetes is called the silent killer. Diabetes affects

people with high blood sugar in the body. There are two different types of diabetes: T1DM

and T2DM, which affect people who are unable to produce insulin or are unable to use it to

convert the glucose in the blood into energy [2].

T1DM usually affects young people, mostly under the age of 30. The most common

symptom of T1DM is high blood sugar and constant thirst [3]. This type of diabetes cannot

be prevented and can only be treated with insulin injections. T2DM is the most common

diabetes type and often affects adults. Usually associated with high blood pressure, obesity,

atherosclerosis, and other diseases [6].
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Usually, doctors and diabetes specialists use some of the tests and factors that help them in

the diagnosis of diabetes and its type. Diabetes is usually diagnosed by a person's weight,

blood pressure, fasting blood glucose FBS, random blood glucose RBS, the Hemoglobin

A1C, and many other tests [3][4][5]. To help detect diabetes early to be able to control it,

machine learning mechanisms have proven their ability to help doctors make an initial

diagnosis and It can also be a source to confirm their diagnoses [7][8].

To predict diabetes accurately, all attributes that will be used to predict the disease have to

contain the correct values without any missing values. The features that are best suited to

predict diabetes must be selected. A set of preprocessing steps has to be applied on datasets

to fill in the missing values and select the optimal features. To select the optimal features,

different feature selection algorithms can be applied such as the genetic algorithm [15],

Linear discriminant [53] and some of the evolutionary algorithms [37][38].

Several Previous works have applied different machine learning methods to predict

diabetes. A large number of common learning algorithms have been applied in diabetes

prediction [9] including Support Vector Machine "SVM", Decision Tree "DT" and others.

Olaniyi and Adnan [4] have applied Back Propagation Neural Network "BPNN" to

distinguish between diabetic and non-diabetic people. N. Mohana Sundaram [9] proposed

an approach of applying the Elman neural network with MLP neural network to predict

diabetes. The Scaled conjugate gradient back-propagation algorithm used to train the

network.
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Support Vector Machine "SVM" with different kernel functions (i.e.Linear, Radial Base

[54], Polynomial, and Gaussian) functions, K-Nearest Neighbor "KNN", Discriminant

Analysis Classifier "DA", Naive Bayes "NB", Decision Tree "DT" and Random Forest

"RF" algorithms are some of the most common machine learning techniques used to predict

diabetes.Zou Q et.al [18] collected a data set from Luzhou, China, consisting of 12

attributes that have been used in diabetes predictions. They have noticed that fasting

glucose is the most important predictor but it does not eliminate the role of the rest of the

attributes in diabetes prediction.

They have applied the Random Forest "RF", MLP-BPNN and J48 decision tree to the PIDD

dataset [24]  and a local dataset that they have collected to predict and diagnose diabetes.

K-NN, SVM, Naïve Bayes, and Decision trees automatic classification algorithms were

applied by Thirumal P. C. and Nagarajan N. [52] to predict diabetes. The algorithms have

been applied and tested to the PIDD dataset. The K-NN is a lazy algorithm given that it

doesn't get rid of the previous classified instances until the coming of the other. So, the

K-NN algorithm got one of the worst overall accuracy values. The distinction between the

presence of diabetes and non-diabetes is very important, but misdiagnosis of its type poses a

greater risk. Several previous studies have used machine learning algorithms to predict type

2 diabetes. XL Xiong et.al. [10] have applied AdaBoost "AD", MLP, Random Forest "RF",

and Gradient Tree Boosting "GTB" algorithms in addition to their proposed algorithm to

their own local dataset of the Chinese adult population consisting of 11845 cases to classify

non-diabetic and people with T2DM, where they have achieved accuracy up to 87%.
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Razavian et.al. [11] have proposed a machine learning methodology to classify high

dimensional datasets of multiple features to predict T2DM, using the logistic regression

mechanism. In contrast, previous studies have put the type of diabetes as future work  [18].

It has proven that Machine learning techniques can make a medical diagnosis, especially

diabetes prediction. The support vector machine "SVM" is one of the most powerful

supervised machine learning methods. SVM has been applied in various fields including the

medical diagnosis. Multi-Layer Perceptron Backpropagation Neural Network MLP-BPNN

has been widely applied to diagnosis diabetes, with different training algorithms that are

used to adjust the network weight values. The evolutionary algorithms [36] such as Particle

Swarm Optimization "PSO", Genetic Algorithm "GA", and Ant Colony Optimization

"ACO" algorithms have been applied to solve machine learning problems. The evolutionary

algorithms used in training the ANNs to search the optimal weight values in the problem

search space. Some of the above-mentioned models and others have been applied in this

thesis to demonstrate the ability of the proposed model to predict diabetes.

In this thesis, we have collected a local Palestinian dataset "DataPal" With the assistance of

the Palestinian Diabetes Institute. The DataPal consists of 314 cases of diabetic people and

9 predictors are presented in section 2.1.1. Diabetes in the dataset is classified into two

types T1DM and T2DM. Another dataset called Pima Indian Diabetes Dataset "PIDD" the

most applied dataset in diabetes prediction also has applied in this thesis to validate the

performance of the proposed model. Both datasets were applied to a set of preprocessing

steps to prepare them for prediction. The K-nearest neighbor algorithm was applied to the



6

datasets to clean their missing values. The missing values were estimated using the K

nearest instances. Then the SVM classifier was applied as a feature selection method, to

select the most optimal attributes.

The preprocessed datasets were applied to the K-fold cross-validation method to split the

datasets into two subsets for training and testing as presented in section 3.2.3. In this thesis,

we have applied both Two-fold and four-fold cross-validation methods to validate the

performance of the applied models. Each of support vector machine SVM, K-nearest

neighbor KNN, Decision Tree DT, MLP-BPMN, and other machine learning algorithms

were applied in this thesis. In addition, the PSO-FFNN proposed a hybrid model that uses

one of the most powerful evolutionary algorithms used with the high-dimensional search

spaces. In this thesis, we propose to use a hybrid approach of the Feed-forward neural

network FFNN model with the PSO optimization algorithm to improve the diagnosis of

Diabetes Mellitus and its types. The PSO algorithm is supposed to be the training method of

the FFNN model to adjust the weights of the network. To prove the ability of the applied

models including the PSO-FFNN, a set of performance metrics was used [45][46].

Confusion matrix, classification accuracy, classification error rate, precision, recall,

specificity, g-mean, and area under curve ”AUC” are some of the main measurements used

to evaluate the performance of the applied models in this work. Where all results show that

the PSO-FFNN model outperforms all models in predicting diabetes and types with

accuracy with a total accuracy by up to 89.09% and 99% respectively.
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1.1 Objectives

Through this thesis, we aim to improve the accuracy of diagnosing diabetes compared to

previous studies. In medical diagnoses, there is no room for error because this will affect

the human life. Misdiagnosis of diabetes may lead to death because diabetic people will

not be able to receive proper preventive treatment. In addition, the Misdiagnosis of diabetes

type is very dangerous as well. Where people with diabetic type I may develop serious

complications and other diseases caused by diabetes. In case they are not provided with

insulin to prevent these complications. Thus, for example, if people with type 1 diabetes are

misdiagnosed as having type 2 diabetes, they are prevented from receiving the necessary

insulin doses, which is a big risk to their lives.

This thesis presents the hybrid PSO-FFNN prediction model to predict diabetes types. The

PSO-FFNN, K-NN, SVM, and other machine learning models were trained using local (i.e.

the DataPal) and global (i.e. the PIDD) datasets in this thesis. The trained models are then

used to obtain an accurate diagnosis of the types of diabetes.

During the work in this thesis, we have faced a set of limitations such as our inability to

find any medical data related to following up patients ’conditions for long periods of time,

which made it almost impossible to predict the state of diabetes for a particular patient.

1.2 Contribution

In this thesis, several machine learning techniques have been applied to improve the

diagnosis of the type of diabetes. The models were applied to two datasets, local datasets
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collected from the Palestinian Diabetes Institute and global dataset collected from the UCI

Machine Learning Repository. The local "DataPal" dataset is the first Palestinian diabetes

dataset that has been applied to predict diabetes.

The performance of the applied models was evaluated by a set of measures where the

proposed PSO-FFNN model had the best results. The model was the best among the

applied models in terms of total accuracy and in terms of recall that proves the ability of the

model in diagnosing T2DM and the specificity that proves the ability of the model in

diagnosing T1DM. It was the best in terms of the G-mean values and the value of the

prediction tradeoff between T1DM and T2DM. In addition to the area under the ROC curve

that illustrates the ability of the models to predict T2DM correctly.

1.3 Overview

The content of the thesis is arranged as follows. Chapter 2 will introduce a backgIteration

about the DataPal and PIDD datasets that will be used in this thesis, and then a set of

previous works within the same research field will be discussed in the related work section.

Chapter 3 will illustrate the proposed approach, where the dataset selection considerations

will be discussed in section 3.1, the dataset collection and preprocessing steps will be

presented in section 3.2 then the rest of the chapter will discuss the main three applied

models, the model procedures and the performance metrics used to evaluate the machine

learning techniques. The preprocessing phase, the implementation platform, and the system

parameters are presented in Chapter 4. The results of applying the PSO-FFNN and the other

models that have been applied in some of the previous works to the DataPal and the PIDD
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datasets will be illustrated in Chapter 4 as well. Where the conclusions and some future

works will be discussed in Chapter 5. At the end of this thesis, the results of the

experiments of selecting the PSO-FFNN optimal parameters will be presented in Appendix

A.

1.4 Summary

In this chapter, we have introduced the main purpose of this work. The motivation and the

contribution of this thesis in solving the problem statement were discussed as well. Also,

the main objectives of this work were discussed. The next chapter will present

backgIteration about the datasets applied in this thesis and various previous works in

predicting diabetes.
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2 Background

Given that diabetes is a widespread chronic disease that affects adults and children, it has to

be predicted and diagnosed accurately. All diseases have to be predicted sensitively and

accurately because they may affect human lives. Diabetes Mellitus "DM" has many types

such as Gestational diabetes GDM, T2DM and T1DM. DM types differ in terms of

complications and side effects. T1DM is the most dangerous level of diabetes that may

cause death [64]. So, the early diagnosis of the disease can slow down or alleviate the side

effects of the disease and can also prevent them from developing a lot of side effects. A lot

of methodologies were applied to support the diabetes diagnosis. Machine Learning

techniques have been applied by several researchers in diabetes prediction as presented in

section 2.2.

Diabetes occurs when the body does not produce insulin or it cannot convert insulin into

glucose, the main source of energy for the human body [64].

Diabetes has many types, where two of the most common types are T1DM and T2DM.

1-Type I diabetes T1DM: Type I Diabetes Mellitus is the most dangerous level of diabetes

mellitus that may cause death. T1DM infects the persons who do not produce insulin at all,

the hormone necessary for the absorption and utilization of glucose. Where this type of

diabetes constitutes less than 20% of diabetic people[1]. T1DM is mostly common among

young people.

2-Type II diabetes T2DM: Type II Diabetes Mellitus is less dangerous compared to T1DM.

This type affects individuals directly and it is common for older people. It occurs when the
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patients are unable to metabolize glucose [12]. Where the majority of diabetic people are

carriers of the disease type II by up to 80%.

3- Gestational Diabetes Mellitus GDM: Gestational Diabetes is caused by a glucose

tolerance disorder during pregnancy or it may be the beginning of symptoms of permanent

diabetes. Where 7% of pregnant women develop gestational diabetes, equivalent to 200,000

cases annually, most of them return to the way they were before pregnancy [75].

2.1 Datasets Description

There is a set of diabetes datasets that have been used in diagnosing diabetes in different

domains whether it is in the field of diagnosing the diabetes disease or in diagnosing the

type of diabetes. On the one hand, a global dataset the Pima Indians Diabetes mellitus PIDD

dataset collected from the UCI Machine Learning Repository is the most common applied

dataset in diabetes prediction [21] [6] [7] [10][14]. On the other hand, there are some

locally collected datasets such as the dataset collected from several clinics in Kerala [56]

and a dataset collected in [62].

In this thesis, we have collected and prepared a new dataset DataPal to be applied to

different models. Besides the Pima Indians Diabetes Mellitus PIDD that will be used to

prove the ability of the proposed model to predict diabetes. In the following subsections, we

describe the two datasets applied in this thesis.
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2.1.1 DataPal Dataset

DataPal dataset is a Palestinian dataset locally collected from the Palestinian Institute of

Diabetes within two weeks. It consists of 9 predictors used to diagnose diabetes types.The

dataset consists of 314 diabetic females . Where the women are more likely to die due to

diabetes, so we gave them priority in this thesis. Thus, our samples were for females with

both type 1 and type 2 diabetes, aged between 5 and 89 years. Figure 2.1 illustrates the

distribution of diabetes types in the DataPal dataset. The following are the attributes used to

diagnosis diabetes types:

1- Age: Age of patient is one of the most powerful predictors in predicting diabetes types.

Where the T1DM is mostly common among young people while T2DM is common for

older people

2- Diabetes Mellitus DM-family history: Having first and second-degree relatives with

diabetes have the effect of transmitting the disease from generation to generation.

3- Pregnancies: Number of pregnancies. The number of pregnancies affects the

determination of the type of sugar because pregnant women are more likely than others to

develop diabetes.

4- Body mass index "BMI": The body fat index according to the height and the weight of

patients. Obesity is one of the leading causes of diabetes because of high blood sugar levels.

Thus, BMI has a role in the classification of the type of diabetes.The following equation is

used to calculate the BMI value [71]:
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𝐵𝑀𝐼 = 𝑤𝑒𝑖𝑔ℎ𝑡 𝑖𝑛 𝑘𝑖𝑙𝑜𝑔𝑟𝑎𝑚𝑠/(ℎ𝑒𝑖𝑔ℎ𝑡 𝑖𝑛 𝑚𝑒𝑡𝑒𝑟𝑠 𝑋 ℎ𝑒𝑖𝑔ℎ𝑡 𝑖𝑛 𝑚𝑒𝑡𝑒𝑟𝑠)                    2. 1

5- Hypertension "HTN": Hypertension in family history. Blood pressure has a direct

relationship with diabetes, where blood pressure is one of the most important factors

affecting diabetes.Thus, the presence of high levels of blood pressure in the first and second

degree relatives makes people vulnerable to the same disease, which is one of the diseases

most linked to diabetes.

6- Ischemic Heart Disease "IHD": People with both diabetes and cardiovascular disease are

more likely to die [6] [66] where both diseases are closely linked to each other. Thus, the

genetic factor has a role in the transmission of the disease between generations.

7- Fasting Blood Sugar "FBS": Blood tests are done after fasting a full night to find out the

blood sugar level [67].

8- Human Glycated Hemoglobin A1c "HbA1c": Test of the average blood sugar associated

with hemoglobin during the last two months or three months without the need to fast before

the test [13][67].

9- Blood Pressure "BP": The patient diastolic blood pressure value. According to ADA, at

high blood pressure, the effort on the heart increases, so the incidence of heart disease and

diabetes increases [68]. Hypertension is closely related to diabetes, as the combination of

both type 2 diabetes and hypertension is one of the most fatal cases [68]. In addition to the

high incidence of other side effects such as blindness, renal virtue or retinopathy. The max

and min values for the DataPal dataset attributes are shown in table 2.1.
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Table ‎2.1: The DataPal dataset features List.
Attribute Minimum Val Maximum Val
Age (years) 5 89

DM (The number of diabetic people  in the

family [0:2]) 0 2

Pregnancies (Number of times

pregnant) 0 17

BMI (weight in kg/(height in m)^2) 19 40

HTN (The number of people with high

blood pressure in the family [0:2]) 0 2

IHD (Number of people with

cardiovascular disease in the family [0:2]) 0 2

FBS (mg/dL) 58 612

BP (mm Hg) 45 110

HbA1c (mmol/L) 5 15

To predict diabetes, the Fasting Blood Sugar FBS test can be used to distinguish the T1DM

and T2DM [69]. It can be distinguished between T1DM and T2DM according to the value

of the FBS test, so the patient has T1DM or T2DM if FBS value < 130 mg/dL or > 130

mg/dL for both types, respectively.
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Figure ‎2.1: A chart illustrates the distribution of diabetes types in the DataPal dataset.

2.1.2 Pima Indian Diabetes Mellitus Dataset “PIDD”

The most applied dataset for diabetes mellitus prediction research is the PIDD dataset as we

will present in section 2.2. Diabetes is prevalent among the Pima Indians, where the only

type of diabetes that affects them is T2DM. The PIDD dataset collected from the UCI

Machine Learning Repository [24].The dataset contains 8 attributes that help diagnose

diabetes consist of 768 diabetic females over 21 years old. Where 500 of them are

non-diabetic and 268 are diabetic as shown in figure 2.2
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Figure ‎2.2: A chart illustrates diabetes distribution in the PIDD dataset.

The PIDD will be applied to the proposed model and various machine learning models to

validate the proposed model's ability to predict diabetes. Where the following attributes are

the predictors that will be used to diagnose diabetes in the PIDD [24]:

1- Pregnancies: Number of pregnancies as we have mentioned in sec 2.1.1 .

2 - Glucose: Plasma glucose concentration 2 hours in an oral glucose tolerance test.

3 - Blood Pressure "BP" - (mmHg): The patient diastolic blood pressure value as we have

mentioned in sec 2.1.1.

4 - Skin Thickness - (mm): triceps skinfold thickness.

5 - Insulin 2-Hour serum insulin (mu U/ml).

6 - Body mass index "BMI": BMI is calculated according to [71] as we have mentioned in

sec 2.1.1.
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7 - Diabetes Pedigree Function.

8 - Age.

The PIDD dataset contains many missing fields, so we will present in section 3.2.2 the

preprocessing steps that we follow to correct the dataset and estimate the missing values

and how to select the optimal attributes. The max and min values for the PIDD dataset

attributes are shown in table 2.1.

Table ‎2.2: The PIDD dataset features List.
Attribute Minimum Val Maximum Val

Pregnancies (Number of times pregnant) 0 17
Glucose (mmol/L ) 44 199

Blood Pressure (mm Hg) 19.6 122
Skin Thickness (Triceps skin fold thickness (mm)) 7 99

Insulin (2-Hour serum insulin (mu U/ml)) 14 846
BMI  (weight in kg/(height in m)^2) 18.2 69

Diabetes Pedigree Function (Diabetes pedigree

function) 0٫078 2.42
Age (years) 21 81

2.2 Related Works

The problem that will be raised in this thesis is the model used to classify and predict

diabetes mellitus types.The main objective of applying machine learning methods to

classify medical datasets is to help the medical specialist and doctors to process the

non-linear data automatically and find the correct diagnosis. The medical diagnoses are

very sensitive, especially with chronic diseases such as Diabetes Mellitus.
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manipulate

Artificial Intelligence methods have proved to be effective in analyzing non-linear data

more than statistical methods [72][73] . In previous years, many researchers have used

different machine learning techniques to predict and diagnose diabetes. Olaniyi and Adnan

[4] have applied Back Propagation Neural Network (BPNN) on Pima Indians Diabetes Data

Set after normalizing the sample with values between 0 and 1. They have got an overall

accuracy of up to 82 %. Pradhan and Sahu [5] have also applied their proposed

methodology to the Pima Indians Diabetes Data Set. They have got an overall accuracy of

up to 73.5% using a Genetic algorithm GAs and the backpropagation neural network

approach.

Zou Q et.al. [18] Have collected a set of instances from a hospital in Luzhou, China consists

of 12 attributes used in diabetes predictions. They have noticed that fasting glucose is the

most important predictor but it does not eliminate the role of the rest of the attributes in

diabetes prediction. Random Forest "RF" the method of some decision trees where the

average of all trees output is the final output of the RF model. The MLP-BPNN neural

network that learns in a backpropagation manner as we will present in chapter 3. The J48

decision tree or it called C4.8 [20][19] was one of all attributes selected to be the root node,

a branch will be generated for each attribute, the samples separated into different subsets,

where the subsets will be distributed over branches of the root node. The algorithm stops

when all samples got the same classification [21]. The three above algorithms were applied

to both the collected Luzhou dataset and the PIDD dataset. The best results obtained by
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applying Luzhou and the PIDD datasets were 80.84% and 77.2%, respectively. They also

expressed their inability to predict the type of diabetes and made it their future work, the

problem that we will fix in our thesis.

SomnathRakshit, et .al [6] have achieved an 83.3% overall accuracy. They have applied

their model on women over 20 to predict T2DM. Where a two-class neural network was

applied to the global PIDD dataset. While Akm Ashiquzzaman, et al [7] have used a new

approach, where they have trained the PIDD using a dropout of neurons approach with a

neural network by extracting some neurons from some layers while the network weights are

updating to avoid overfitting. They have noticed that the overall accuracy achieved from

applying the dropout methodology is better than the standard regression networks, by up to

88.41% and 76% respectively.

The neural network methodologies proved to be one of the best machine learning

techniques in diabetes predictions. M. Durairaj and G. Kalaiselvi [8] have evaluated

various machine learning techniques to classify diabetes, thus the ANN model was the

winner with overall accuracy up to 89%. N.MohanaSundaram [9] proposed an approach of

applying the Elman neural network with MLP neural network. The Scaled conjugate

gradient backpropagation algorithm used by Olaniyi and Adnan [4] has applied Back

Propagation Neural Network "BPNN" to distinguish between diabetic and non-diabetic

people. N.MohanaSundaram [9] proposed an approach of applying the Elman neural

network with the MLP neural network to predict diabetes. The Scaled conjugate gradient

backpropagation algorithm used to train the network.
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Train the network. While the softmax activation function used to calculate the final output

of the layers instead of using the sigmoid activation function. A 95.7% accuracy achieved

by training an ELMAN Softmax model on the PIDD to predict diabetes mellitus. While the

Neural networks have proven their predictability in diabetes by applying different

approaches to train the neural networks and tune the connection weights. The evolutionary

algorithms (i.e.GA, PSO and ACO) proved their ability to support the neural networks in

diabetes predictions as well. As Karamath Ateeq and Dr. Gopinath Ganapathy [10] have

proposed a modified PSO "MPSO" model to predict diabetes. Both a Multi-Layer

Perceptron Network "MLPN" and a Radial Basis Function Network "RBFN" models were

applied to validate their proposed model. The three mentioned models were applied to both

the PIDD and US datasets. Where the proposed hybrid MPSO-NN model was the winner

achieved an 84.2% and 81.8% overall accuracy by applying the US and the PIDD datasets,

respectively. A lot of evolutionary algorithms used in medical diagnoses in general and in

diabetes pattern recognition specifically.

Vaishali et . al. [14] has proposed a hybrid approach consisting of a Fuzzy classifier with

Multi-Objective Evolutionary to predict diabetes. The genetic algorithm used as a feature

selection classifier to select the most relevant attributes from the PIDD dataset, where a lot

of features have been eliminated. The model is based on rules which are suitable to apply

with the critical decision support systems. Using the proposed hybrid model they got an

overall accuracy of up to 83%. The genetic algorithm proposed by Choubey, D.K. et.al. [15]

as a feature selection method as well. The Naive Bayes classification algorithm has been
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applied to The PIDD dataset to diagnose diabetes. The results show that the Naive Bayes

algorithm got 78% overall accuracy. It can be noticed that medical datasets became larger

and larger, making the search space more complex to predict. Thus, Asha Gowda

Karegowda et al. [17] have applied the Genetic algorithm to train an MLP-BPNN to find

the optimal weights. Where the GA is considered as one of the best search methods through

large spaces. The PIDD was applied to a Decision Tree and GA_CFS feature selection

methods to select the most optimum features in predicting diabetes Mellitus.

The above-mentioned works that have applied various evolutionary algorithms to improve

the predictions were a bit weak. The GA is time-consuming in an iterative manner

algorithm and needs a lot of parameters to tune. The mentioned modified PSO algorithm

has additional adjustments that may affect the results of the prediction negatively. The thing

that we try to avoid through our applied PSO-FFNN model.

It is undeniable that the preprocessing phases are an integral part of the success of any

pattern recognition methodologies. Collecting the datasets, cleaning the datasets and

selecting the most optimal features are three of the main phases of any pattern recognition

approaches. The datasets can contain missing values as with the PIDD dataset. Several

previous studies [16] have proposed to clean these missing values with the mean of all

column values. Use the K-nearest Neighbor “K-NN” algorithm of K neighbor columns to

estimate the missing values [16]. Or remove the samples with missing values. In this thesis,

we will prove that the optimal way of cleaning the PIDD dataset is by removing the samples

with missing values. The medical diagnosis is very sensitive, where any error in the
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diagnosis may affect human life so there is no room for error. T. Jayalakshmi et al. [16]

have preprocessed the PIDD dataset using the K-nearest Neighbor algorithm “K-NN” by

replacing the missing values from nearby columns. The K-NN algorithm applied as a

classifier to predict diabetes mellitus. Krati Saxena et.al. [50] have applied the K-NN

algorithm to a dataset [51] consist of 200 instances with 11 predictors. K-NN algorithm

applied to train and test the instances for a different number of "K" nearest neighbors to

predict diabetes. The overall accuracy and error rate metrics have been calculated to

evaluate the results of the model. Where both K=5 and K=3 have been used to test the

model.

K-NN, SVM, Naïve Bayes, and Decision trees automatic classification algorithms were

applied by Thirumal P. C. and Nagarajan N. [52] to predict diabetes. The algorithms have

been applied and tested to the PIDD dataset. The K-NN is a lazy algorithm given that it is

don't get rid of the previous classified instances until the coming of the other. So, the K-NN

algorithm got one of the worst overall accuracy values. The overall accuracy values

obtained by applying the K-NN, SVM, Naïve Bayes, and Decision trees models are

77.73%, 77.4%, 77.86%, and 78.25%, respectively. In this thesis, we have applied the

models presented at [52] to validate the PSO-FFNN.

Parashar A. et al. [53] have applied the Support Vector Machine to classify diabetes mellitus

and the linear discriminant feature selection method to select the optimal predictors. They

have applied a Feed-forward Neural Network "FFNN" to verify their applied model. Their

combination model of Support vector Machine with Linear discriminant feature selection
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method outperformed the FFNN in predicting the PIDD dataset, by up to 77.6%. Also,

Kumari V. Anuja and Chitra R. [54] have applied the Support Vector Machine algorithm

using a Radial base function kernel “RBF-SVM" to predict diabetes. The RBF-SVM model

applied to the PIDD dataset to classify diabetic and non-diabetic instances. thus the model

has achieved classification accuracy up to 78%.

Sarwar, M. A et.al. [55] have applied six machine learning algorithms to the PIDD dataset

to classify diabetes. Support Vector Machine "SVM", K Nearest Neighbor "KNN",

Decision Tree "DT", Logistic Regression "LR", Naive Bayes "NB" and Random Forest

"RF" were the algorithms used to classify the PIDD dataset. The results obtained by training

all the 8 features of the PIDD dataset where they have achieved classification accuracy up

to 77% by applying both KNN and SVM models. Veena and Anjali [56] have proposed a

set of machine learning classifiers to diagnose diabetes. A global dataset collected from the

UCI repository of machine learning and a local dataset collected from several clinics in

Kerala used to evaluate the models. Decision Tree "DT", Support Vector Machine "SVM",

Naive Bayes "NB", and Decision Strumb "DS" were applied to both datasets. The DS got

the highest accuracy of up to 80.72%. Minyechil Alehegn et.al. [57] have applied Naive

Net "NN", Decision Stump "DS", and Support Vector Machine "SVM" algorithms to

validate their proposed model. They have applied the mentioned models to the PIDD

dataset. A set of pre-processing techniques have been applied to the dataset such as filling

the missing data, removing duplication and data conversion. Their proposed model

achieved an overall accuracy of up to 90%.
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Evolutionary algorithms have the main role in medical dataset diagnosis. Several previous

datasets have applied various evolutionary algorithms in predicting diabetes. The Genetic

Algorithm "GA" and a Back Propagation Neural Network have been applied as a hybrid

prediction model by A.G. Karegowda et.al. [58] to predict the PIDD dataset. The GA has

been used to optimize the MLP-BPNN neural Network. The hybrid model of the GA and an

MLP-BPNN has achieved an accuracy of up to 84%. The PSO evolutionary algorithm has

been applied to predict medical diagnosis in general and diabetes in particular. Yuan et al

[59] have applied each of the GA and the PSO evolutionary algorithms to optimize the

parameters of the SVM classifier. G.Kranthi Kumar and K.Swathi [60] also proposed the

PSO algorithm to adjust the SVM classifier parameters. Then the optimized SVM has been

used to classify the PIDD dataset. Alaa Badr Eysa et al [61] have applied two models to

predict diabetes. The MLP-BPNN and PSO-NN hybrid approach have been applied to the

PIDD dataset to classify diabetes. Where the implementation of both models achieved an

accuracy of 77.8% and 88.2% respectively. Many studies have applied different machine

learning techniques to predict diabetes and the status of the disease (i.e. Diabetic,

Non-diabetic or Pre-diabetic). Sejdinović, D et.al.[62] have proposed an approach to

classify the T2DM and Prediabetic instances according to two predictors. A dataset

consisting of 190 samples was applied by an ANN to classify T2DM and Pre-diabetic using

both the FPG and the HbA1c predictors (i.e.Fasting blood sugar and cumulative diabetes

during the last three months). They rated 94.1% and 93.3% of cases of Pre-diabetic and

T2DM correctly.
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In this thesis, we will conduct a set of data mining methods using machine learning

techniques to predict Diabetes Mellitus. The proposed PSO-FFNN model and a set of

machine learning techniques will be used to classify the Diabetes mellitus and its types

(i.e.T1DM and T2DM). A Palestinian dataset DataPal has been collected to be used in this

thesis to evaluate applied models in classifying the Diabetes types (i.e.T1DM and T2DM).

In addition to a global dataset, the PIDD dataset to be applied using applied models in this

thesis to classify the diabetic and non-diabetic cases.

PSO, GA, and ACO are some of the applied evolutionary algorithms on the optimization

problems of machine learning to optimize the ANNs and classify variant datasets. Also,

evolutionary algorithms can be used as a feature selection method to extract valuable data

from all the huge amounts of data in databases to improve the resolution of prediction

[37][38]. Both the GA and the PSO algorithms are very good optimization algorithms with

the large search spaces for large datasets. But, if we compare the implementation of PSO

algorithm based on particle's velocity with another evolutionary algorithm such as GA, it is

easier to implement PSO than GA, since the GA has a lot of factors to take into

consideration when implementing an optimization problem such as mutation and crossover

which is time-consuming [41]. Thus in this thesis, we propose to use a hybrid approach of

the Feedforward neural network FFNN with the PSO optimization algorithm to improve the

diagnosis of Diabetes Mellitus and its types. The PSO algorithm is supposed to be the

training method of the FFNN model to adjust the weights of the network. Chapter 4 will
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present the experiment results of applying various models that will be used to demonstrate

the ability of the PSO-FFNN model in diabetes predictions.





29

3 The Proposed Method

In this chapter, we present the whole scheme of dataset considerations and models used and

built to validate our results in this thesis. The methods used to prepare valuable datasets

and the models that used these datasets to improve the pattern recognition accuracy in

diabetes mellitus are described in this chapter. In section 3.1, the dataset selection

considerations are described. The data collection method used to collect the Palestinian data

set “DataPal" that mentioned in chapter 2 section 2.2.1, the preprocessing phase and the

datasets partitioning method were described in section 3.2. Then the proposed hybrid model

procedure and the other models (i.e. SVM and MLP-BPNN) will be described in section

3.3. Finally, the analysis techniques and measurements used to evaluate the performance of

the models in this thesis are presented in section 3.4 of this chapter.

3.1 Dataset Selection Considerations

The development of biotechnology has resulted in a huge amount of medical data [22][23],

resulting from clinical and laboratory tests of patients. Different datasets have been applied

to diagnosis diabetes, global data sets such as the PIDD dataset which have been applied by

most researchers [24] and a local diabetes dataset such as “LDD” that have been customized

by Choubey and others for their study [25]. Both local and global data contain a set of data

for a group of patients that is converted from data to knowledge using data mining

techniques such as machine learning algorithms. Data mining techniques (e.g. SVM, K-NN

.etc) have been applied to the databases of a group of patients to distinguish between
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diabetic and non-diabetic people. The data sets used to detect diabetes are divided into two

groups,the first group to classify the people to diabetic and non-diabetic and the second

group to determine the type of diabetes in diabetic people. Most of the databases available

are from the first group, but in contrast, the databases available from the second group are

very few. When taking the risk of death due to diabetes into account, the females are more

vulnerable to the risk of death compared to males [26][27]. Females are more likely to

develop serious diabetes complications than males, such as heart disease, which can cause

death [28].Thus, in this study, we prioritize diabetic females so we have collected a diabetes

dataset of diabetic females that will be applied in this thesis. With the help of some

Palestinian doctors and specialists in the field of diabetes, we have collected samples for

diabetic females of the two types (i.e.T1DM and T2DM) to be used to validate the model

presented in this thesis. The data set consists of some features that help specialists

distinguish between the two types of diabetes to determine the level of risk of the disease to

the patient. The selection of the data set has an impact on the efficiency of the evaluation.

Therefore, we have collected a medium-sized data set with no shortage of content. The

selection of the data set has an impact on the efficiency of the evaluation. Therefore, we

have collected a medium-sized data set with no shortage of content. Our dataset is divided

into two groups, with T1DM diabetes being the largest 82% compared to 16% for T2DM.

With such a large proportion of T1DM, we have a great chance to limit the development of

T2DM to T1DM if possible by accurately detecting the type of diabetes and informing

patients of the seriousness of their disease.
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3.2 Dataset Collection

Before starting our process, we have collected a new diabetes dataset from the Palestinian

Diabetes Institute, which specializes in the classification of types of diabetes in diabetic

people. Randomly, we have collected 314 data samples of diabetic females. In addition to

the lack of time that we faced because all government and private institutions refused to

give us any data related to their patients except the Palestinian Diabetes Institute where they

were our only option. Thus, our samples were for females with both types 1 and 2 diabetes,

aged between 5 and 89 years. Data collection using questionnaires was not possible because

diabetes tests are very accurate. No ordinary person can give accurate information about his

or her health, so we have to take them from their original and exact source.

3.3 Data Preprocessing

After collecting the Palestinian dataset DataPal and downloading the most popular used

global dataset PIDD, many data pre-processing steps [29] have to be applied to extract

valuable data values. Preprocessing involves some steps such as fill the missing values

(data cleaning), feature selection and data partitioning , most of which are used to prepare

the used dataset in different machine learning methods. The following are the main steps

for data preprocessing:
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3.3.1 Data Cleaning

Preprocessing involves some steps to fill the missing values, where the PIMA Indian

diabetes global data set present in table 2.2 contains a large number of missing values that

must be considered before use to verify the efficiency of the proposed model in this thesis.

Where the data set that we customized for this thesis consists of 10 attributes presented in

table 2.1, as it contains a few missing values compared to global data sets. The data set

consists of 2 classes (T1DM and T2DM) that distinguish it from other datasets. The local

dataset "DataPal" is applied in this thesis to conduct the first study on a Palestinian dataset,

in particular, to distinguish the two types of diabetes using the model proposed in this

thesis. Both datasets applied in this thesis contain only numeric data. As mentioned earlier,

the data sets, especially the general PIMA, contain missing values.

Most of the previous studies did not mention that PIDD has a lot of missing values, where

approximately 57% of the PIDD cases have at least one missing value. Where they have

verified their models using all dataset values including missing values, with a total of 768

rows. So, the KNN algorithm [16] has been applied to fill the missing values in both

datasets applied in this thesis. The PIDD dataset contains at least 400 instances that have a

missing value in one or more attributes. So in this thesis, we have applied the KNN

algorithm to estimate the missing values from the K nearest instances [16].
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3.3.2 Feature Selection

Some features in the applied datasets are irrelevant based on specialists in the field of

diabetes. So, optimal features must be selected. In this thesis, we have applied the SVM

[74] method to select the relevant features. By applying feature selection to both global and

local data sets, some features that contain duplicate or non-useful records for the

classification of diabetes and its types were excluded.

3.3.3 Dataset Partitioning (K-Fold Cross-Validation)

After performing the KNN algorithm to fill the missing values and selecting the most

optimum features of datasets, the data should be divided into groups to evaluate the

classification model performance. The K-Fold cross-validation methodology will be used to

evaluate the applied models in this thesis. Where the datasets samples are separated into

K-Folds randomly to train and test the groups through K number of Iterations/Iteration s. At

each Iteration , one of the K folds will represent the testing dataset and the rest will be used

to train the model. This method is optimal in the case of limited data [42][43][44]. For

example, if we apply this method to the DataPal of 314 samples and we apply the two-fold

cross-validation method, each record of the 314 records will have a random label of 1 or 2

because we have two-folds to separate in this case, the training and testing groups will be

50% of the dataset. The generated folds are evaluated alternately where in the first Iteration

the contents of the first fold for testing the data set and the rest for training and vice versa in

the second Iteration. In this thesis, we evaluated the performance of the models using both
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two-fold and four-fold cross-validation because the distribution of our limited data would

be illogical if we applied ten-fold cross-validation with 10% of samples for testing.

3.4 Building Models Phase

In this section, we present the models that we have applied to the diagnosis of diabetes

existence and their types. The SVM and MLP-BPNN are two of the strongest and most

applied models in pattern recognition fields, so we applied them to prove the merit of our

hybrid model PSO-FFNN by applying them to both data mentioned in chapter 2. The PSO

is a fast convergence algorithm where it has a few parameters to adjust, short computational

duration and a high probability to get the problem optimized solution in a non-iterative

way.

3.4.1 Support Vector Machine

It is one of the most powerful supervised machine learning methods. SVM has been applied

in various fields including the medical diagnosis [9][54]. Find the maximum geometrical

margins between hyperplanes are the robustness of the SVM method, to determine the

optimal hyperplane that separates the dataset classes in the middle of the maximum margin.

Both binary and multi-class classification can be applied using the SVM. A Kernel trick is

what allows the SVM to perform well in non-linear classification by mapping the inputs of

the dataset on high-dimensional feature spaces [30].

To build a classification model of a high-dimensional dataset consisting of n features, it

needs an n-dimensional feature space. The s samples vectors are separated by the optimal
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hyperplane into classes. A maximum margin between the support vectors which are the

closest points of both positive and negative classes to the optimal hyperplane has to be

taken into consideration. The maximum margins mean the minimum risk of misclassifying

of new data. The training data points presented in the form of:

3.1  𝑑 =  [(𝑥1,  𝑦1), (𝑥2, 𝑦2),..... (𝑥𝑠, 𝑦𝑠)]

Where d is the dataset of xs the data point that belongs to class ys = -1/1. Where

s = number of data samples/support vectors.

Each X is represented by an n-dimensional vector mapped into a high-dimensional feature

space. The two data points that have no other data points between them considered as the

initial hyperplanes with maximum margins to be separated with an optimal hyperplane w.

Where the way to maximize the margins m=2/ is to minimize the norm of w vector by𝑊| || |

finding the value of ^2)/2.( 𝑊| || |

3.2𝑤.  𝑥𝑠  +  𝑏 =  0 

Where b is a scalar proved to help finding the maximum margins. While the threshold

values of the two classes ys=-1/1 are:

3.3 𝑤.  𝑥𝑠   +  𝑏 =  1

for the positive class  hyperplane and

3.4𝑤.  𝑥𝑠   +  𝑏 =  − 1 

for the negative class hyperplane as shown in figure 3.1 the boundaries between the two

classes. The final decision is made based on the results of the optimization problem for

both minimize the error of the classification using the regularization parameter and
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maximizing the margin of hyperplanes according to the formula 3.5 after reformulating it

using Lagrange Method [32]:

3.5𝑠𝑔𝑛 𝑤.  𝑥( ) + 𝑏( ) = 𝑠𝑔𝑛
𝑖=1

𝑠

∑ 𝑦
𝑖
α

𝑖
𝐾 𝑥

𝑖
, 𝑥( ) + 𝑏( )

Each xi data point joins the class yi=1/-1 using the step function sgn. Where is the 𝐾 𝑥
𝑖
, 𝑥( )

kernel function such as sigmoidal and Gaussian kernels and is a Lagrange constant SVMα
𝑖

that has a whole library called SVMLIB [31], that supports some SVM algorithms with

different purposes including binary and multiclass classification. Each of Matlab, C#, C++,

Python, and other platforms and programming environments support the SVMLIB. Where

in this work we use the built-in tool of SVM in the Matlab environment to compare its

result with our proposed model.

Figure ‎3.1: SVM data points separated by an optimal hyperplane.

https://docs.google.com/document/d/10LDYEVSky6D4pCt5Wjg1J8e5KYFKTO8xtYp5RpiT9t8/edit#heading=h.3s49zyc
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3.4.2 Artificial Neural Networks

Artificial neural networks are one of the most widely used classification methods. Despite

some disadvantages, the most important of which is its ability to deal with data sets in

terms of increasing the number of properties and how to find the correct transfer function to

classify datasets in the right way, which is not so easy. After collecting the data sets to be

classified, they are divided into training and testing datasets so that each of them is applied

individually.The optimal weight vectors are obtained by applying the largest set of the

dataset which is usually 2/3 of the whole dataset, where the optimal weights will be used to

test the trained network with the remaining dataset

After completing the network training, it is necessary to calculate the classification error to

adjust the network parameters to obtain the lowest error and the highest accuracy. The

network parameters are usually adjusted using various methods so that each of them has the

advantage of distinguishing it from the others, the most important of which are applied in

this thesis:

3.4.2.1 Scaled Conjugate Gradient Descent Algorithm “SCGD”:

The basic of the back-propagation learning algorithm is to train a multilayer feed-forward

neural network iteratively using the gradient descent algorithm. The values of initial

weights and biases are given to allow the designed neural network to start the training

process. The network weights W's are tuned and the inputs X's are updated at the steepest

descent direction of the function (i.e. when the performance of the function is reduced)

[33]. But if we compare the convergence of the gradient descent algorithm with the
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Conjugate Gradient Descent algorithm which is a fast convergence algorithm, it will be

much less convergent [34]. The following formula shows how it is tuned the weights and

biases using the basic gradient descent:

3.6𝑥
𝑛+1

= 𝑥
𝑛

− α
𝑛
∆𝑔

𝑛

where and is the vector of weights and biases after updating them from the𝑥
𝑛+1

𝑛 = 1, 2,..

current vector of weights and biases to the new values in back-propagation way as shown𝑥
𝑛

in figure 3.2, is the learning rate and is the current gradient of the function.α
𝑛

∆𝑔
𝑛

Figure ‎3.2: The basic structure of the Artificial Neural Network-MLP.

The Conjugate Gradient Descent algorithms characterized by the way in finding the

minimum performance of the function. Where the algorithm based on the search by the

https://docs.google.com/document/d/10LDYEVSky6D4pCt5Wjg1J8e5KYFKTO8xtYp5RpiT9t8/edit#heading=h.3s49zyc
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conjugate gradient direction to find out the step size to get the minimum function

performance. Also, there is an algorithm called the Scaled Conjugate Gradient Descent

algorithm which outperforms the Conjugate Gradient Descent algorithm by being

inexpensive in time searching for the steepest descent to adjust the weights [34]. A lot of

approaches can be used to estimate the step size including the Levenberg-Marquardt

method. The algorithm as we mentioned earlier in this section begins from the direction of

the steepest descent of the function (i.e. toward the negative gradient) as the following

formula shows:

3.6𝑓(𝑥) = 𝑚𝑖𝑛 𝑓(𝑥) → 𝑑
𝑖

=  −  𝑔
𝑘
,  𝑘 = 0

         

Where is the initially negative gradient vector and i=1,2,3,...The new values of weights 𝑔
𝑘

and biases calculated according to the formula:

3.7𝑥
𝑖+1

=   𝑥
𝑖

+ α
𝑖
 𝑑

𝑖
 

Where is the step size to the next steepest descent point, which is usually determined byα
𝑖

the Levenberg-Marquardt algorithm [35]. is the next point. The search vector is𝑥
𝑖+1

𝑑
𝑖

calculated as follow if the function is non-linear:

3.8𝑓( 𝑥
𝑖

+ α
𝑖
 𝑑

𝑖
 ) = 𝑚𝑖𝑛 𝑓( 𝑥

𝑖
+ α

𝑖
 𝑑

𝑖
), α

𝑖
≥0  

As shown in formula 3.9 the new search direction is associated with the optimal point𝑑
𝑖
 

(i.e. the new steepest descent point) and the previous search direction in addition to𝑑
𝑖−1

  β
𝑖
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, the coefficient of the conjugate descent algorithm. The following formula is to calculate

when :𝑑
𝑖
  ≥ 0

3.9𝑑
𝑖 

=  −  𝑔
𝑖 

+  β
𝑖 
𝑑

𝑖−1 

Many ways have been proposed to calculate the coefficient of the conjugate descent

algorithm , [34] gives the value of the coefficient of the conjugate descent as: β
𝑖

, µ
𝑖 

= ( 𝑑
𝑖 
) 𝑇  𝑔

𝑖 
                                                             3. 11

The SCGD algorithm is the training algorithm that the Matlab tools used in pattern

recognition to classify a lot of the high-dimensional features datasets in record time

compared with the other training algorithms. So in this thesis, we have applied our datasets

on these tools to validate the proposed hybrid model، by comparing the results of both

models.

3.4.2.2 The Evolutionary Algorithms - Particle Swarm Optimization PSO:

Many evolutionary algorithms have been applied to optimize the ANNs to find the optimal

weights of the network [36]. PSO, GA, and ACO are some of the applied evolutionary

algorithms on the optimization problems of machine learning to train the ANNs and

classify variant datasets. Also, evolutionary algorithms can be used as a feature selection

method to extract valuable data from all the huge amounts of data in databases to improve
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the resolution of prediction [37][38].In this thesis, we propose to use a hybrid approach of

the Feed-forward neural network FFNN model with the PSO optimization algorithm to

improve the diagnosis of Diabetes Mellitus and its types. The PSO algorithm is supposed to

be the training method of the FFNN model to adjust the weights of the network. The

inspiration for evolutionary algorithms, in general, is the process of evolution of nature, the

process of seeking solutions evolutionarily.

The PSO algorithm Inspired by the social behavior of the movement of birds flocks and

how each particle plays a role in finding a possible solution to the optimization problem

[39][40]. The PSO algorithm particles fly over a search space with its memory to share the

rest of the particles with potential solutions, where each particle has a velocity to fly over

the search space [41]. If we compare the implementation of PSO algorithm based on

particle's velocity with another evolutionary algorithm such as GA, it is easier to implement

PSO than GA, since GA has a lot of factors to take into consideration when implementing

an optimization problem such as mutation and crossover which is time-consuming.

The PSO algorithm consists of particles within an - dimensional search𝑛, 𝑛 = [1, 2,...  𝑛] 𝑆

space, . Each particle , has an initial position , an initial𝑆 = [1, 2,...  𝑆]  𝑥
𝑖

𝑖 ∈ 𝑛 𝑥
𝑖𝑙

 𝑙∈ 𝑆

velocity and a personal best position chosen based on the best value of the fitness𝑣
𝑖

𝑃
𝑏𝑒𝑠𝑡,𝑖 

function within a search space. The global best position is the position of the𝐺
𝑏𝑒𝑠𝑡,𝑖

particle with the best fitness value among all particles.

Solving an optimization problem means that a set of particles fly over a search space to
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evaluate the personal and global possible solutions. Where the velocity and the position of

each particle updated according to the best global and personal best fitness values.

According to the model used in our thesis, the personal best position is calculated𝑃
𝑏𝑒𝑠𝑡,𝑖 

according to the following formula:

= 3.12𝑃
𝑏𝑒𝑠𝑡,𝑖 

𝑃
𝑏𝑒𝑠𝑡,𝑖  

,  𝑖𝑓    𝑓(𝑥
𝑖
) > 𝑃

𝑏𝑒𝑠𝑡,𝑖 { }𝑒𝑙𝑠𝑒 𝑥
𝑖𝑙

  , 𝑖𝑓    𝑓(𝑥
𝑖
)≤𝑃

𝑏𝑒𝑠𝑡,𝑖  
 { }

Then to calculate the global best position the following formula used:𝐺
𝑏𝑒𝑠𝑡,𝑖

= 3.13𝐺
𝑏𝑒𝑠𝑡,𝑖

𝑚𝑖𝑛(𝑃
𝑏𝑒𝑠𝑡,𝑖

) ,  𝑤ℎ𝑒𝑟𝑒 𝑖∈𝑛 = [1, 2,...  𝑛] { }
and the following one used to  calculate the velocity of the particles:

𝑣
𝑖,𝑛𝑒𝑤 

= 𝑤 𝑣
𝑖
 + 𝑐

1
𝑟

1
(𝑃

𝑏𝑒𝑠𝑡,𝑖
−  𝑥

𝑖
) + 𝑐

2
𝑟

2
(𝐺

𝑏𝑒𝑠𝑡,𝑖
−  𝑥

𝑖
)

3.14

Where is the inertia weight and ( ) is the inertia component that helps the particles to𝑤 𝑤 𝑣
𝑖

move in the correct direction. The higher the value of the inertia component the higher the

chance to explore the whole search space. Therefore, the inertia component value gives the

poise between the effect of the individual component in exploiting the search space and the

effect of the social component in exploring the whole search space. The value of the inertia

component lies between [39], in our model we have supposed that it can be[0. 8 ,  1. 2]

calculated as . and are random values between , and𝑤 = 𝑟𝑎𝑛𝑑 * 0. 35 𝑟
1

𝑟
2

[0, 1] 𝑐1 𝑐2

are coefficients of the individual learning component (i.e. ) and social𝑐
1
𝑟

1
(𝑃

𝑏𝑒𝑠𝑡,𝑖
−  𝑥

𝑖
)

learning component (i.e. ) where and usually lies between 0 and𝑐
2
𝑟

2
(𝐺

𝑏𝑒𝑠𝑡,𝑖
−  𝑥

𝑖
) 𝑐

1
   𝑐

2
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2 [39].

After calculating the velocity of particles the new position of them will be determined by

the equation:

3.15𝑥
𝑖,𝑛𝑒𝑤 

=  𝑥
𝑖

+  𝑣
𝑖,𝑛𝑒𝑤 

As for how this evolutionary algorithm-PSO trains neural networks, each particle represents

a set of weights (i.e. the neural feed-forward network weights) values which are the

dimension of the particle. The particles fly over the weights search space to minimize the𝑛

classification error (i.e.maximum fitness) to update the local and global best positions.

The training process of the PSO-FFNN is shown in figure 3.3. A set of particles with

random positions (i.e. initial random weights) is initialized at the first step. An FFNN is

trained in the second step using the initialized positions of the PSO algorithm. Then, the

learning error is calculated to evaluate the performance of the training process in the third

step. Where in the fourth step, the velocity and positions of the particles updated according

to the new best local and global positions. Hence the new positions of the particles are the

new weights that will be used to train the PSO-FFNN again, and so on until the minimum

classification error is reached.

The new position (i.e. new weights) of each particle is updated by adding the new velocity

to the old position value. Where the best global position with minimum classification error

is the solution to our optimization problem.

The output of each node of the trained FFNN is calculated according to the following

formula:
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3.16𝑦 =
𝑖=0

𝑗

∑ (𝑤
𝑖
 𝑥

𝑖
+ 𝑏

𝑖
),  𝑖 ∈ [0, 1,...  𝑗] 𝑎𝑛𝑑 𝑗 𝑖𝑠 # 𝑜𝑓 𝑛𝑜𝑑𝑒 𝑖𝑛𝑝𝑢𝑡𝑠      

The ANN input layer has no function to apply to the network inputs, where the inputs

forward directly to the hidden layer. But the hidden and the output layers have to apply one

or more functions to pass their neurons outputs (i.e. the output of equation 3.16). A function

called activation function used to calculate the output of the hidden and output layers. A lot

of activation functions can be used to train the ANN models [63]. The activation functions

are chosen according to both the problem that needs to be solved and the model training

algorithm. In this thesis, we are solving a pattern recognition problem to classify medical

datasets. The Sigmoidal and Binary Threshold or step activation functions are two of the

most commonly applied activation functions with pattern recognition problems [63].
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Figure ‎3.3: The process of training PSO-FFNN.

In this thesis, the Sigmoid function has been used to calculate the output of the FFNN

hidden layer to estimate the probability of disease occurs as shown in equation 3.18. While

the Binary Threshold or step function has been used to predict the final output of the FFNN

as shown in equation 3.17.

● Binary Threshold / Step  Activation Function:

● Sigmoidal Activation Function:

3.18𝑌 = 1/(1 + 𝑒𝑥𝑝 −𝑥)
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3.4.3 The General Method Procedures

The whole procedures that used to predict and diagnose both DataPal and PIMA datasets are shown

in Figure 3.4 and Algorithm 1.

Figure ‎3.4: The general procedures of the PSO-FFNN, SVM and MLP-BPNN models.

Algorithm 1: The general procedure of the models used in this thesis

Input: Dataset-input, Dataset-target, the number of Folds F, number of hidden layers neurons n ( for
MLP-BPNN and PSO-FFNN models), particle position x (for PSO-FFNN model);

Output: Training and Testing Results;

Data Preprocessing:
// Applying the Data Cleaning/Filling method on the dataset fields

for sample in the dataset, do
for variable = 1 to size(sample), do

if =0𝑠𝑎𝑚𝑝𝑙𝑒 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒[ ]
Apply KNN
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←Build KNNModel(sample)𝑚𝑜𝑑𝑒𝑙
𝐾𝑁𝑁

Estimate 𝑠𝑎𝑚𝑝𝑙𝑒 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒[ ]
Fill 𝑠𝑎𝑚𝑝𝑙𝑒 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒[ ]

// Feature selection
f = # features
train = train sub-dataset
test = test sub-dataset
array a[5],sorted[f]

for i = 1 to f , do
←Build SVMModel(train)𝑚𝑜𝑑𝑒𝑙

𝑠𝑣𝑚

Results=𝑚𝑜𝑑𝑒𝑙
𝑠𝑣𝑚

𝑇𝑒𝑠𝑡 𝑆𝑉𝑀𝑀𝑜𝑑𝑒𝑙(𝑚𝑜𝑑𝑒𝑙
𝑠𝑣𝑚

,  𝑡𝑒𝑠𝑡)

sorted[i] =sort ( Results)𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 𝑚𝑜𝑑𝑒𝑙
𝑠𝑣𝑚

for j = 1 to 5 , do

a[j]=  select (sorted)

// Cross-Validation, K-Fold Cross-Validation
K=# of Folds
array targLabel[size(Dataset-target)]

for i= 1 to size(Dataset-target) , do

if =0𝐷𝑎𝑡𝑎𝑠𝑒𝑡 − 𝑡𝑎𝑟𝑔𝑒𝑡 𝑖[ ]

targLabel[i]=”T1”

else

targLabel[i]=”T2”

endif

array indices[size(Dataset-target)]
size=size(Dataset-target)/F

for i= 1 to size(Dataset-target) , do
indices[i] crossvalind(“K-fold”,DataPalSpecies,K)←

for x= 1 to size(Dataset-target) , do
for j= 1 to F , do

array  Fold j [size]
if =j 𝑖𝑛𝑑𝑖𝑐𝑒𝑠[𝑥]

for n= 1 to F , do
Fold j[size] ← 𝑖𝑛𝑑𝑖𝑐𝑒𝑠[𝑥]

endif
return Fold , errorRate

// Distribute the samples into training, testing sub-datasets and determine some general parameters
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// R= # of Iterations
R=F
array tr [size]
n=# hidden neurons
x= particle position/ neural network weights
net-f = feedforward neural network
for i= 1 to R , do
TrainD ← 𝑑𝑎𝑡𝑎𝑠𝑒𝑡 −   𝐹𝑜𝑙𝑑 𝑗[𝑠𝑖𝑧𝑒] { }
TestD dataset[ ]←  𝐹𝑜𝑙𝑑 𝑗[𝑠𝑖𝑧𝑒] 

// PSO-FFNN model
𝑚𝑜𝑑𝑒𝑙

𝑃𝑆𝑂𝐹𝐹𝑁𝑁
← 𝐵𝑢𝑖𝑙𝑑𝑃𝑆𝑂𝐹𝐹𝑁𝑁𝑀𝑜𝑑𝑒𝑙(𝑇𝑟𝑎𝑖𝑛𝐷,   𝑛 , 𝑥,   𝑛𝑒𝑡 − 𝑓 )

  𝑡𝑒𝑠𝑡𝑖𝑛𝑔 𝑟𝑒𝑠𝑢𝑙𝑡𝑠 = 𝑇𝑒𝑠𝑡𝑃𝑆𝑂𝐹𝐹𝑁𝑁(𝑚𝑜𝑑𝑒𝑙
𝑃𝑆𝑂𝐹𝐹𝑁𝑁

, 𝑇𝑒𝑠𝑡𝐷)

// Linear SVM model
𝑚𝑜𝑑𝑒𝑙

𝑆𝑉𝑀
← 𝑇𝑟𝑎𝑖𝑛𝑆𝑉𝑀𝑀𝑜𝑑𝑒𝑙( 𝑇𝑟𝑎𝑖𝑛𝐷)

𝑡𝑒𝑠𝑡𝑖𝑛𝑔 𝑟𝑒𝑠𝑢𝑙𝑡𝑠 = 𝑇𝑒𝑠𝑡𝑆𝑉𝑀(𝑚𝑜𝑑𝑒𝑙
𝑆𝑉𝑀

, 𝑇𝑒𝑠𝑡𝐷)

// MLP-BPNN model
𝑚𝑜𝑑𝑒𝑙

𝑀𝐿𝑃𝐵𝑃𝑁𝑁
← 𝑇𝑟𝑎𝑖𝑛𝑀𝐿𝑃𝐵𝑃𝑁𝑁𝑀𝑜𝑑𝑒𝑙( 𝑇𝑟𝑎𝑖𝑛𝐷, 𝑛)

𝑡𝑒𝑠𝑡𝑖𝑛𝑔 𝑟𝑒𝑠𝑢𝑙𝑡𝑠 = 𝑇𝑒𝑠𝑡𝑀𝐿𝑃𝐵𝑃𝑁𝑁(𝑚𝑜𝑑𝑒𝑙
𝑀𝐿𝑃−𝐵𝑃𝑁𝑁

, 𝑇𝑒𝑠𝑡𝐷)

return training results, testingResults.

3.5 Performance Metrics

The performance of Pattern recognition models is evaluated using different measurements

[45][46]. Confusion matrix, Classification Accuracy, Classification error or

Misclassification Rate, Precision, Recall, Specificity, G-mean, and Area Under Curve

”AUC” are some of the main measurements used to evaluate the performance of different

pattern recognition models. Some important measures have to be clarified before start

evaluating the diabetes types classification models such as:

True Positive TP: Number of records that are in the positive class and it is classified as a

positive class.
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False Positive FP: Number of records that are not in the positive class and it is classified as

a positive class.

True Negative TN: Number of records that are in the negative class and it is classified as a

negative class.

False Negative FN: Number of records that are not in the negative class and it is classified

as a negative class.

Confusion Matrix: As shown in Table 3.1, the confusion matrix is a two-dimensional

matrix, where the rows represent the actual/target classes value and the columns represent

the predicted class values. Table 3.2 and Table 3.3 represent the confusion matrices of

DataPal and PIDD datasets respectively.

Table ‎3.1: General Confusion matrix.

Classified Positive Classified Negative

Positive TP FP

Negative TN FN

Table ‎3.2: DataPal Confusion matrix.

Classified T1DM Classified T2DM

T1DM TP FP

T2DM TN FN

Table ‎3.3: PIDD Confusion matrix.

Classified Diabetic Classified Non-Diabetic

Diabetic TP FP

Non-Diabetic TN FN
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The Accuracy of pattern recognition models is calculated according to the following

formula:

3.4.1𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  𝑇𝑃+𝑇𝑁
𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁  *  100 %

where the Misclassification Rate or Classification error (1-Accuracy) is calculated as the

following formula:

3.4.2𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑒𝑟𝑟𝑜𝑟 =  𝐹𝑃+𝐹𝑁
𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁  *  100 %

Precision: Is the percentage of samples have been predicted as positive class correctly to all

samples that have been predicted as a positive class as shown in the following formula:

3.4.3𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃
𝑇𝑃+𝐹𝑃  *  100 %

Sensitivity or Recall: Is the percentage of samples has been predicted as positive class

correctly to all samples that have been predicted as positive class correctly and incorrectly

as a negative class. Is the measurement used to evaluate the accuracy of positive cases, as

the following equation shows:

3.4.4𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  𝑇𝑃
𝑇𝑃+𝐹𝑁  *  100 %

Specificity: Is the percentage of samples predicted as negative class correctly to all samples

that have been predicted as negative class correctly and incorrectly as a positive class. Is the
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measurement used to evaluate the accuracy of negative cases, as the following equation

shows:

3.4.5𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  𝑇𝑁
𝑇𝑁+𝐹𝑃  *  100 %

Geometric Mean G-mean: It is a measurement used to evaluate the classification

performance in imbalanced datasets. The smallest value of G-mean means there are

deficiencies in the performance of the classification of the class that has the lowest number

of samples even if the other class is classified correctly.

3.4.6                                   𝐺 − 𝑚𝑒𝑎𝑛 = (𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 * 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦)
1
2

F-measure or F-score: It is the harmonic mean of precision and sensitivity [47]. It is

making a balance between the sensitivity and the precision to measure the testing accuracy.

When F-measure value =0 that means that both precision and sensitivity have bad values,

while when the F-measure value =1 precision and sensitivity have the best values.The

following equation shows how F-measure is calculated:

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑖𝑛𝑔 =  2*𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 * 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

‎3.4.6

Area Under Curve AUC: The Area under the ROC curves that illustrate the tradeoff

between the Recall/sensitivity and the specificity values of the prediction model [46]. The

area calculated under the ROC curve between the true-positive rate TPR (i.e.sensitivity) and

the false-positive rate FPR (i.e.1-specificity), it appears the ability to classify classes.
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3.6 Summary

In this chapter, we have presented the procedures that we have followed in this thesis.

Firstly in section 3.1, we have presented the data selection considerations we followed in

the DataPal collection and the selection of PIDD datasets. Secondly, in section 3.2 we have

presented the pre-processing steps that we took to prepare the datasets before applying them

to different models of machine learning. The main three applied models that we have used

in this thesis were introduced in section 3.3, including the pseudo code and the flow chart

that illustrate the procedures of the PSO-FFNN model. Finally, different performance

evaluation metrics were presented in section 3.4 that will be used to measure the efficiency

of models applied in the prediction of diabetes.
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4 Experiments and Results

The previous chapter described the models applied in this thesis to the hybrid PSO-FFNN,

the SVM, and the MLP-BPNN [4]. Before that, the methods used to prepare valuable

datasets without any missing values or non-optimal features were presented. and finally, the

used metrics to evaluate the performance of the models were presented in the last section of

the previous chapter. In this chapter, the PSO-FFNN model applied to both DataPal and

PIDD datasets to compare it with the different Matlab models MLP-BPNN [4], SVM. In

addition to the three main models mentioned before, we have also applied a set of machine

learning algorithms that have been applied in various previous studies to validate the

proposed PSO-FFNN model. Support Vector Machine "SVM" with different kernel

functions (i.e. Linear, Radial Base [54], Polynomial, and Gaussian) functions, k nearest

neighbor "KNN", Discriminant Analysis Classifier "DA", Naive Bayes "NB", decision tree

"DT" and Random Forest "RF" algorithms [18][15][8][50][52][53][55][56] , were the

algorithms have been used to prove the ability of the PSO-FFNN model in predicting

diabetes. The main objectives of this chapter are, first to define if it is possible to apply the

PSO-FFNN model on the "PIDD" and the "DataPal" datasets. The second objective is to

adjust the parameters with their optimal values. Then to show whether the PSO-FFNN

model can outperform the other models in classifying the diabetes mellitus and its types or

not. So the experiments in this thesis were applied using two different datasets, the local

"DataPal" dataset collected from the Palestinian Institute for diseases of diabetes and the

global dataset PIDD. The hybrid PSO-FFNN model, the built-in Matlab SVM tool (i.e. one
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of the classification learner tools) and MLP-BPNN model were used to classify the

mentioned datasets. Before applying the datasets on the presented models, both datasets

were preprocessed as it presents in the next sub-section. Before starting the experiments

the datasets were applied to the SVM feature selection method and then parting the datasets

into training and testing groups using K-Fold cross-validation that all will be discussed in

the next section.

4.1 Implementation Platform

The platform used in this thesis is an off-chip platform that means that the applied ML

methods (i.e. PSO-FFNN, SVM and MLP) are executed using a computer without any

special ML chips or related devices. Software was used only, the Matlab R2019a tools used

to apply the models. The special-purpose software such as C# and Java machine learning

programs were suffering from the lack of flexibility in control of the programs compared to

the general-purpose software [48]. With the new Matlab versions we have more control

over the models we develop. Matlab programs and tools are more flexible and faster to

build with additional tools rather than building everything from scratch.

4.2 System Parameters

Each of the SVM and MLP-BPNN models were applied directly using the built-in tools in

Matlab. As we have mentioned in chapter 2, to train a feedforward neural network we have

to adjust the number of hidden neurons in hidden layers of the network. In this thesis, the

hidden neurons were adjusted by trial and error to gain the best pattern recognition results.
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Both datasets DataPal and PIDD were applied using the Linear SVM classification learning

tool and MLP-BPNN tool in Matlab. The classification accuracy, misclassification rate,

sensitivity, specificity, precision, Geometric Mean and F-Measure metrics were used to

evaluate the three models' performance. These metrics are used with the models that

typically apply the imbalanced datasets in their evaluations as we have mentioned in

section 3.4.

Appendix A will present the results of the PSO parameter selections. The optimal PSO

parameters were selected according to the overall accuracy produced by applying different

parameter values as shown in tables A.1, A.2, A.3, and A.4. Where the optimal values of

the PSO algorithm parameters should be selected. Sections 4.4 and 4.5 will show the

experimental results using the optimal values of the PSO parameters. By applying both

datasets used in this thesis on the three models including the PSO-FFNN model. And

therefore the following are the optimal values of the PSO parameters used in the proposed

PSO-FFNN model in this thesis:

- The coefficients of the individual learning component and : are the components𝑐1 𝑐2

that allow particles to exploit and explore the search space of the PSO to search for a

solution. The optimal values for both components were found to be 2 by increasing their

values as shown in tables A.1 and A.2.

- The number of Population or Particles: The number of particles has been adjusted to be

30 particles, the smallest number of particles needed to search the search space for a

solution to keep the model within a stable generalization status as shown in tables A.2 and
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A.4. The small number of particles make the model get rid of its slow state if a large

number of molecules are used [49].

- The inertia weight component: The component that helps the particles to move with the

correct direction. The higher the value of the inertia component the higher the chance to

explore the whole search space. Therefore, the inertia component value gives the balance

between the effect of the individual component in exploiting the search space and the effect

of the social component in exploring the whole search space. The value of the inertia

component lies between [39], in our model we have supposed that it can be[0. 8: 1. 2] 

calculated as .= 𝑟𝑎𝑛𝑑 * 0. 35

- The initial velocity : The particles start searching the search space with an initial𝑣

velocity . in our model we have supposed that the initial velocity can be calculated as𝑣 𝑣

, where is the initial position of particles.𝑣 = 0. 15 * 𝑥
0

𝑥
0

- The search space boundaries (i.e the Lower boundary and the upper boundary) 𝐿𝐵

and : search spaces should have boundaries to prevent the particles from boundary𝑈𝐵

violations and to stay within the determined boundaries. In this thesis, each of the lower

and upper boundaries have been adjusted to be and respectively. They were− 1. 5 1. 5 

selected based on the results obtained by applying different values And choose the optimal

among them, as shown in Tables A.5 and A.6.

- The number of input layer neurons in the FFNN: It is flexible and is equal to the

number of dataset features.
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- Activation Function: As we have mentioned in chapter 3 a lot of activation functions to

get the outputs of the hidden and the output layers in the FFNN. In this thesis, we have used

the Sigmoidal activation function to calculate the output of the hidden layer neurons and the

Binary Step function (Threshold function) to calculate the final output of the output layer.

The most successful and used activation functions in multi-class classification.

The following table illustrates the optimal parameter values that have been used in this

thesis to train the proposed PSO-FFNN model:

Table 4.1: The PSO-FFNN model optimal parameters.

Parameter The optimal value

𝑐1 2

𝑐2 2

Population number 30

𝑤 𝑟𝑎𝑛𝑑 * 0. 35

𝑣 0. 15 * 𝑥
0

𝐿𝐵 -1.5

𝑈𝐵 1.5

Number of input layer neurons According  to the number of input features

Activation function - The Sigmoidal function for the
hidden layer.

- The Binary Step function for the
output layer.
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4.3 DataPal Dataset Experiments

As we have presented before, the main aim of this thesis is to diagnose diabetes mellitus

and to classify its types. So, diabetes mellitus patients are aware of the level of seriousness

of their illness especially the patients with T2DM. In this chapter, we compare and discuss

the results of our experiments using the main three applied models in this thesis (i.e. our

proposed PSO-FFNN, Linear-SVM, MLP-BPNN) models. In addition to these models, we

have also applied a set of machine learning algorithms from previous studies to prove the

ability of our improved model PSO-FFNN to predict diabetes. Support Vector Machine

"SVM" with different kernel functions (i.e.Linear, Radial Base [54], Polynomial, and

Gaussian) functions, k nearest neighbor "KNN", Discriminant Analysis Classifier "DA",

Naive Bayes "NB", decision tree "DT" and Random Forest "RF" algorithms

[18][15][8][50][52][53][55][56], were the algorithms have been used to prove the ability of

the PSO-FFNN model in predicting diabetes. The best parameters values of our proposed

model that made it outperform the other models are proposed as the optimal parameters for

building a diabetes prediction model As Appendix A presents. All the results of our

experiments are presented in the following subsections:

4.3.1 Linear SVM and MLP-BPNN Experiments on DataPal Dataset

The MLP-BPNN and Linear-SVM models were applied to the DataPal in this section.

There are some parameters to adjust when applying MLP-BPNN. The number of neurons in

the hidden layer where we apply a single hidden layer in this model. The activation
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functions used in the hidden and the output layers are the sigmoidal and binary-step

activation functions, respectively as presented in section 4.3. The threshold measure used to

evaluate the performance of the MLP-BPNN model is the number of hidden layer neurons.

The Linear-SVM model as we have mentioned in chapter 3 is one of the most applied

classifiers in medical diagnoses. The kernel function used is linear. The model is validated

using both two-fold and four-fold cross-validation methods. The following tests show the

results of applying the models mentioned above:

Test 1: The results of applying the two-fold cross-validation method to validate the

MLP-BPNN performance are illustrated in this test. Adjusting hidden neurons is important

for improving MLP-BPNN network performance. Tables 4.2 and 4.3 illustrate the results of

applying the MLP-BPNN model with a different number of hidden neurons. The number of

hidden neurons is adjusted by starting with n = 2 and gradually until n = 10. From the

following tables, we can notice that both Iterations of this test are somewhat close to each

other in the overall accuracy, for both training and testing accuracy. T2DM predictions with

both Iterations are good. It is clear that Iteration 1 stably predicts T2DM, but Iteration 2 has

perfect T2DM predictions when n=4 by up to 100%. looking at both Iterations results in

Iteration 1 and Iteration 2 have almost the same behavior to some extent. Both Iteration 1

and Iteration 2 have overall accuracy up to 97.5 % and specificity up to 88.88% when n=8

and n=10 for Iteration 1 and Iteration 2, respectively. The G-mean values in both Iterations

are close as well to each other.
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Test 1 results show that the MLP-BPNN was able to classify T1DM and T2DM with an

overall accuracy of up to 97.5%. on the one hand, It was able to predict T2DM perfectly

when n= 4 in Iteration 2. On the other hand, the Test 1 model has less ability to classify

T1DM compared to T2DM, where T2DM is less dangerous than T1DM. The T1DM

misdiagnosis may cause death. Figures 4.1 and 4.2 show the ROC curve where the tradeoff

between TPR and FPR values is illustrated. It can be noticed from Table 4.4 that Iteration 2

has a stable behavior in the ROC curve while Iteration 1 has curvy and unstable behavior.

By applying Iteration 2 an AUC value by up to 0.9185 is obtained. From the above, we can

conclude that the MLP-BPNN model was not able to accurately classify the most serious

types of diabetes.

Table ‎4.2:  Test1 two-fold cross-validation in Iteration 1 results.
Two-Fold Cross-Validation Iteration 1

n=2 n=4 n=6 n5=8 n=10

Training Accuracy 96.2% 96.8% 96.8% 97.5% 96.8%

Testing Accuracy 95.6% 94.3% 93.7% 94.9% 95.6%

TP 129 129 129 129 129

FP 5 4 4 3 4

TN 22 23 23 24 23

FN 1 1 1 1 1

Error rate 0.038 0.032 0.032 0.032 0.032

Precision 96.27% 96.99% 96.99% 96.27% 96.99%

recall 99.23% 99.23% 99.23% 99.23% 99.23%

Specificity 81.48% 85.15% 85.18% 88.88% 85.18%

Gmean 89.9% 91.9% 91.9% 93.9% 91.9%

TPR 0.9923 0.9923 0.9923 0.9923 0.9923

FPR 0.1851 0.1481 0.1481 0.1111 0.1481

Area 0.0918 -0.0367 0 -0.0367 0.0367
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Table ‎4.3:  Test1 two-fold cross-validation in Iteration 2 results.
Two-Fold Cross-Validation Iteration 2

n=2 n=4 n=6 n=8 n=10

Training Accuracy 94.3% 96.8% 96.8% 96.2% 97.5%

Testing Accuracy 92.4 93% 96.2% 94.9% 93.7%

TP 122 130 129 129 129

FP 3 5 4 5 3

TN 24 22 23 22 24

FN 8 0 1 1 1

Error rate 0.057 0.032 0.032 0.034 0.025

Precision 97.6% 96.29% 96.99% 96.26% 97.72%

recall 93.84% 100% 99.23% 99.23% 99.23%

Specificity 88.88% 81.48% 85.18% 81.48% 88.88%

Gmean 91.32% 90.26% 91.93% 89.91% 93.91%

TPR 0.9384 1 0.9923 0.9923 0.9923

FPR 0.1111 0.1851 0.1481 0.1851 0.1111

Area 0.0521 0.0717 -0.0369 0.0367 -0.0714

Figure ‎4.1: The ROC-AUC chart of Test1 two-fold cross-validation in Iteration 1 results.



63

Figure ‎4.2: The ROC-AUC chart of Test1 two-fold cross-validation in Iteration 2 results.

Table 4.4: Test 1 AUC values.
Iteration AUC

1 0.9037

2 0.9183

Test 2: In this test, a four-fold cross-validation method has applied to validate the

MLP-BPNN model. Four Iterations applied to the MLP-BPNN model used in this thesis.

Tables 4.5, 4.6, 4.7 and 4.8 show the results of the four Iterations. The best overall accuracy

value obtained at Iteration 1 when n=10. All Iterations got good T2DM predictions.

Iteration 1 was the better model in T1DM predictions and the G-mean value compared to

others. To distinguish the best model all the above results must be taken into account in

addition to the AUC value. Figures 4.3, 4.4, 4.5 and 4.6 illustrate the results of applying the
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ROC curve for each of Iteration 1, Iteration 2, Iteration 3 and Iteration 4, respectively. On

the one hand, it can be noticed that Iteration 1 and Iteration 4 ROC curves behavior are the

closest to each other. But on the other hand, Iteration 1 is more efficient in T1DM and

T2DM predictions than others. From Table 4.9, Iteration 1 gives the highest AUC value as

well, by up to 0.9348.

From the above, we can conclude that the results of applying four-fold cross-validation to

the MLP-BPNN model were better than the results of Test 1. The Iteration in Test 2 was

able to predict both T1DM and T2DM better than Test 1. But the results in each of Iteration

2, Iteration 3, and Iteration 4  were worse than the third test, especially in predicting T1DM.

Table ‎4.5:  Test2 four-fold cross-validation in Iteration 1 results.

Four-Fold Cross-Validation Iteration 1

n=2 n=4 n=6 n=8 n=10

Training Accuracy 96.2% 97.4% 97.9% 97.9% 98.3%

Testing Accuracy 89.9% 92.4% 92.4% 92.4% 92.4%

TP 193 194 193 193 194

FP 7 5 3 3 3

TN 33 35 37 37 37

FN 2 1 2 2 1

Error rate 0.038 0.026 0.021 0.021 0.017

Precision 96.5% 97.48% 98.46% 98.46% 98.47%

recall 98.97% 99.48% 98.97% 98.97% 99.48%

Specificity 82.5% 87.5% 92.5% 92.5% 92.5%

Gmean 90.36% 93.29% 95.68% 95.68% 95.92%

TPR 0.9897 0.9948 0.9897 0.9897 0.9948

FPR 0.175 0.125 0.075 0.075 0.075

Area 0.0866 -0.0496 -0.0496 0 0

Table ‎4.6:  Test2 four-fold cross-validation in Iteration 2 results.
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Four-Fold Cross-Validation Iteration 2

n=2 n=4 n=6 n=8 n=10

Training Accuracy 96.2% 96.2% 95.8% 95.8% 97%

Testing Accuracy 97.4% 96.2% 96.2% 93.6% 96.2%

TP 192 192 194 192 193

FP 6 6 9 7 5

TN 35 35 32 34 36

FN 3 3 1 3 2

Error rate 0.038 0.038 0.042 0.042 0.03

Precision 96.96% 96.96% 95.56% 96.48% 97.47%

recall 98.46% 98.46% 99.48% 98.46% 98.97%

Specificity 85.36% 85.36% 78.04% 82.92% 87.80%

Gmean 96.8% 91.68% 88.11% 90.36% 93.22%

TPR 0.9846 0.9846 0.9948 0.9846 0.9897

FPR 0.1463 0.1463 0.2195 0.1707 0.1219

Area 0.0720 0 0.0724 -0.0483 -0.0482

Table ‎4.7:  Test2 four-fold cross-validation in Iteration 3 results.
Four-Fold Cross-Validation Iteration 3

n=2 n=4 n=6 n=8 n=10

Training Accuracy 95.7% 93.6% 97% 96.6% 97%

Testing Accuracy 96.2% 92.4% 96.2% 94.9% 96.2%

TP 191 193 192 192 193

FP 6 13 4 5 5

TN 34 27 36 35 35

FN 4 2 3 3 2

Error rate 4.3% 6.4% 3% 3.4% 3%

Precision 96.95% 93.68% 97.95% 97.46% 97.47%

recall 97.94% 98.97% 98.46% 98.46% 98.97%

Specificity 85% 67.5% 90% 87.5% 87.5%

Gmean 91.24% 81.73% 94.13% 92.81% 93.06%

TPR 0.9794 0.9897 0.9846 0.9846 0.9897

FPR 0.15 0.325 0.1 0.125 0.125

Area 0.0735 0.1723 -0.2221 0.0246 0
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Table ‎4.8:  Test2 four-fold cross-validation in Iteration 4 results.
Four-Fold Cross-Validation Iteration 4

n=2 n=4 n=6 n=8 n=10

Training Accuracy 96.6% 96.2% 97% 97% 94.5%

Testing Accuracy 97.4% 96.2% 96.2% 97.4% 94.9%

TP 192 191 191 192 192

FP 5 5 3 4 10

TN 36 36 38 37 31

FN 3 4 4 3 3

Error rate 0.034 0.038 0.032 0.025 0.032

Precision 97.46% 97.44% 98.45% 97.95% 95.04%

recall 98.46% 97.94% 97.94% 98.46% 98.46%

Specificity 87.80% 87.80% 92.68% 90.24% 75.60%

Gmean 92.98% 92.73% 95.27% 94.26% 86.28%

TPR 0.9846 0.9794 0.9794 0.9846 0.9846

FPR 0.1219 0.1219 0.0731 0.0975 0.2439

Area 0.0600 0 -0.0478 0.0240 0.1441

Table 4.9: Test 2 AUC values.
Iteration AUC

1 0.9348

2 0.9216

3 0.9188

4 0.9306
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Figure ‎4.3: The ROC-AUC chart of Test2 four-fold cross-validation in Iteration 1 results.

Figure ‎4.4: The ROC-AUC chart of Test2 four-fold cross-validation in Iteration 2 results.
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Figure ‎4.5: The ROC-AUC chart of Test2 four-fold cross-validation in Iteration 3 results.

Figure ‎4.6: The ROC-AUC chart of Test2 four-fold cross-validation in Iteration 4 results.
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Test 3: This experiment presents the results of applying a Linear-SVM classifier with a

two-fold cross-validation method. A linear kernel used as the hyperplane to separate the

samples. It can be noticed that both Iteration 1 and Iteration 2 have the same results. The

overall accuracy, the T1DM predictions (i.e.specificity), the T2DM predictions (i.e.recall)

and the tradeoff between T1DM and T2DM predictions (i.e.G-mean value) all of them

have the same values in both Iterations, as shown table 4.10. While we can conclude that

this model can predict both T1DM and T2DM well but not accurately

Table ‎4.10:  Test3 two-fold cross-validation of Iteration 1 and 2 results.
Linear SVM

Iteration 1 Iteration 2

Training Accuracy 96.8% 96.8%

Testing Accuracy 96.8% 96.8%

TP 130 130

FP 1 1

TN 23 23

FN 4 4

Error rate 0.032 0.032

Precision 99.23% 99.23%

Recall 97.01% 97.01%

Specificity 95.83% 95.83%

Gmean 96.42% 96.42%

Test 4: This experiment presents the results of applying a Linear-SVM classifier with a

four-fold cross-validation method. A linear kernel used as the hyperplane to separate the

samples. Table 4.11 illustrates the results of this model. on the one hand, It can be noticed

that the performance results of all Iterations are good. But on the other hand, Iteration 1 has
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better results than other Iterations. The overall accuracy, the T1DM predictions

(i.e.specificity), the T2DM predictions (i.e.recall) and the tradeoff between T1DM and

T2DM predictions (i.e.G-mean value) all of them are in their best values in Iteration 1

model compared to other Iterations.

Despite SVM's ability to predict well T1DM and T2DM in both Test 3 and Test 4 models, it

is still unable to predict them accurately.

Table ‎4.11:  Test4 four-fold cross-validation of Iteration 1-4 results.
Linear SVM

Iteration 1 Iteration 2 Iteration 3 Iteration 4

Training Accuracy 98.3% 96.2% 96.2% 96.6%

Testing Accuracy 92.4% 97.4% 98.7% 97.4%

TP 130 194 192 192

FP 1 1 3 3

TN 37 33 34 36

FN 3 8 6 5

Error rate 0.032 0.038 0.038 0.034

Precision 99.23% 99.48% 98.46% 98.46%

recall 97.74% 96.03% 96.96% 97.46%

Specificity 97.36% 97.05 91.89% 92.30%

Gmean 97.55% 96.54% 94.39% 94.84%



4.3.2 PSO-FFNN Experiments on DataPal Dataset

The main idea of the PSO-FFNN model is to use the PSO optimization algorithm to

optimize the FFNN weights values. The particles of the PSO search the search space for the

optimal weights. We have specified values for some PSO algorithm parameters as their

optimal values when applying the PSO algorithm as we have mentioned in section 4.3. The

performance evaluation of applying the DataPal dataset on the PSO-FFNN model using

K-Fold Cross-Validation methodology. Where the optimal number of neurons in the hidden

layer of the FFNN will be adjusted during the following experiments.

Test 5: In this experiment the two fold cross-validation method used to partition the

DataPal dataset into training and testing subsets. The results were distributed in terms of the

number of neurons in the hidden layer of the FFNN network. The mentioned dataset was

applied using the proposed PSO-FFNN model to predict diabetes mellitus. Where some of

the PSO algorithm parameters were specified with their optimal values while training the

proposed model as we have presented in section 3.4. Tables 4.12 and 4.13 illustrate the

overall accuracy of training and testing the dataset where we got high values by up to

98.73%. The high accuracy is not always a good measure, especially with imbalanced

datasets. For example, high values of model classification accuracy do not necessarily

imply their accuracy in predicting each type of disease present in the DataPal dataset. So,

we need more accurate measurements to prove the accurate prediction of the T1DM and

T2DM. Where diabetic patients with T1DM are at a more dangerous level of their illness so

we must not compromise in the diagnosis of their disease. Recall and Precision are the
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metrics that prove the effectiveness of the model in predicting T2DM. The Specificity value

proves the effectiveness of the model in predicting T1DM.

Precision is the metric that measures the percentage of the samples correctly classified as

T2DM to the all predicted as T2DM. A recall is a metric that measures the percentage of

the samples correctly classified as T2DM to all samples that are T2DM actually. So, the

recall measures how the model is accurate in predicting T2DM. The specificity is the

metric that measures the percentage of the samples correctly classified as T1DM to all

samples that are T1DM actually. So, the specificity measures how the model is accurate in

predicting T1DM. Tables 4.12 and 4.13 show that the model was effective in predicting

both T1DM and T2DM with different numbers of neurons in the hidden layer of the FFNN.

Tables 4.12 and 4.13 show the results of Iteration 1 and Iteration 2 respectively of applying

the PSO-FFNN model with a two-fold cross-validation method. On the one hand, the

results show that the model is effective in predicting diabetes types by looking at the

overall accuracy of both Iterations. The overall accuracy of both Iterations looks very close

to each other. To judge the final results of the PSO-FFNN model, other measurements

should be used such as recall, specificity, and G-mean.

In both Iterations that have been applied in this test, our model got higher efficiency in

predicting T1DM and T2DM. When n=6, it can be noticed that Iteration 2 has better values

to predict T1DM by up to 100%. Also when n=8, we can notice that the results of Iteration

2 show that the model can predict T2DM perfectly. Both Iterations results show good

values for the geometric mean that present the tradeoff between the recall and specificity
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predictions. Where the PSO-FFN model got a G-mean value by up to 99.6%, which is

perfect.

On the other hand, all the above results show that the performance of the two Iterations is

very close to each other. So, we need a final measure to prefer one Iteration over the other

to decide the winner between them. Area Under the ROC curve (i.e. AUC), the area under

the ROC curve illustrates the tradeoff between the true positive rate and the false positive

rate. Where the ROC curve represents the model’s ability to separate classes. Table 4.14,

figure 4.7 and figure 4.8 show that both Iterations of this test have good AUC values

0.9774 and 0.9591, respectively. We can notice that the Iteration with higher specificity

percentages that mean lower FPR values got a higher AUC value (i.e.Iteration 1) the

Iteration with the higher recall and specificity values.

So, from the above and taking into account all performance measurements, especially the

AUC, the use of a two-fold cross-validation method with the PSO-FFNN model shows that

the two-fold cross-validation method was successful in classifying T1DM when n= 6 and

T2DM when n= 8 by up to 100%.

Table ‎4.12:  Test5 two-fold cross-validation in Iteration 1 result.
Two-Fold Cross-Validation Iteration 1

n=2 n=4 n=6 n=8 n=10

Training Accuracy 97.47% 98.73% 98.73% 97.47% 99.36%

Testing Accuracy 95.54% 96.8% 96.17% 96.8% 96.8%

TP 128 130 130 129 130

FP 1 1 1 2 1

TN 26 26 26 25 26

FN 3 1 1 1 1

Error rate 0.0253 0.0127 0.0127 0.0253 0.0127
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Precision 99.22% 99.24% 99.24% 98.47% 99.24%

recall 97.7% 99.24% 99.24% 99.23% 99.24%

Specificity 96.3% 96.3% 96.3% 92.59% 96.3%

Gmean 97% 97.75% 97.75% 95.85% 97.75%

TPR 0.977 0.9923 0.9923 0.9923 0.9923

FPR 0.037 0.037 0.037 0.08 0.037

Area 0.0181 0 0 0.0427 -0.427

Table ‎4.13:  Test5 two-fold cross-validation in Iteration 2 results.
Two-Fold Cross-Validation Iteration 2

n=2 n=4 n=6 n=8 n=10

Training Accuracy 98.09% 98.1% 98.73% 98.73% 98.09%

Testing Accuracy 98.73% 98.1% 97.47% 96.83% 94.30%

TP 129 129 130 130 129

FP 2 2 0 2 2

TN 25 25 27 25 25

FN 1 1 1 0 1

Error rate 0.0191 0.0191 0.0127 0.0127 0.0191

Precision 98.47% 98.47% 100% 98.48% 98.47%

recall 99.23% 99.23% 99.23% 100% 99.23%

Specificity 92.59% 92.59% 100% 92.59% 92.59%

Gmean 95.85% 95.85% 99.6% 96.22% 95.85%

TPR 0.9923 0.9923 0.9924 1 0.9923

FPR 0.0740 0.0740 0.0740 0 0.0740

Area 0.0367 0 0 -0.0737 0.0737

Table 4.14: Test 5 AUC values.
Iteration AUC

One 0.9774

Two 0.9591
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Figure ‎4.7: The ROC-AUC chart of Test5 two-fold cross-validation in Iteration 1 results.

Test 6: in this experiment, we apply the PSO-FFNN model (i.e. the optimized FFNN)with

a four-fold cross-validation method to validate the performance of the model. As we have

mentioned before, the optimal number of hidden layer neurons "n" is adjusted by training

neural networks with different numbers of hidden layer neurons. So by training the network

a different number of hidden neurons to find the optimal "n" and using the K-Fold Cross

Validation methodology to cross-validate the datasets, we can measure the performance of

our PSO-FFNN model using different performance metrics.

The DataPal dataset was divided into four sub-datasets and validated as shown in the

following results through 4 Iterations. Tables 4.15, 4.16, 4.17 and 4.18 present the whole

results of applying four Iterations, respectively.
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Figure ‎4.8: The ROC-AUC chart of Test5 two-fold cross-validation in Iteration 2 results.

On the one hand, Immediately, we can notice that Iteration 1 results got higher overall

accuracy values compared to the other Iterations, by up to 99.57% training accuracy. But,

on the other hand, the overall accuracy results of testing the model trained in Iteration 1 is

worse than other Iterations results. The overall accuracy isn't the only measurements to

choose the model process methods according to. The precision, recall, and specificity of the

metrics used to evaluate the ability of the model to predict T1DM and T2DM correctly are

presented to evaluate the better model. The T2DM predictions were perfect as shown in

table 4.15, the results of applying the first fold samples as a testing dataset. Table 4.15 also

shows that T1DM predictions are better in Iteration 1 than other Iterations. Also, the better
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percentages of G-mean metric that describes the tradeoff between predicting T1DM and

T2DM are gained by applying the Iteration 1.

Table ‎4.15:  Test6 four-fold cross-validation in Iteration 1 result.
Four-Fold Cross-Validation Iteration 1

n=2 n=4 n=6 n=8 n=10

Training Accuracy 98.72% 99.15% 99.15% 98.72% 99.57%

Testing Accuracy 92.4% 91.14% 93.67% 89.8% 91.14%

TP 194 195 195 195 195

FP 2 2 2 3 1

TN 38 38 38 37 39

FN 1 0 0 0 0

Error rate 0.0128 0.0085 0.0085 0.0128 0.0043

Precision 98.98% 98.98% 98.98% 98.84% 99.5%

recall 99.49% 100% 100% 100% 100%

Specificity 95% 95% 95% 92.5% 97.5%

Gmean 97.21% 97.46% 97.46% 96.17% 98.74%

TPR 0.9949 1 1 1 1

FPR 0.05 0.05 0.05 0.075 0.025

Area -0.05 0.025 0 0 0.0249

To determine the best decision of which model cross-validation to use, the ROC curve must

be illustrated to decide the winner according to the previously discussed results and the

AUC values. Table 4.19 and figures 4.9, 4.10, 4.11 and 4.12 show that the first Iteration got

the most stable state in predicting T2DM compared to other Iterations, with minimum TPR

values. The overall accuracy was in its better value at Iteration 1 when n=10 by up to

99.57% training accuracy. T2DM predictions were good at all Iterations but they were

perfect and in a stable manner with any number of neurons in Iteration 1 by up to 100%.

Iteration 1 got better predictions of T1DM as well. By taking the AUC values of each
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Iteration into consideration, we can decide that Iteration 1 has a better area under the ROC

curve, by up to 0.9750 which means better predictability in T2DM. So, according to the

above, we can decide that the PSO-FFNN model was able to predict each of T1DM and

T2DM by up to 97.5% and 100% respectively.

Table ‎4.16:  Test6 four-fold cross-validation in Iteration 2 results.
Four-Fold Cross-Validation Iteration 2

n=2 n=4 n=6 n=8 n=10

Training Accuracy 97.46% 97.03% 97.88% 97.88% 97.03%

Testing Accuracy 96.15% 93.59% 94.87% 96.15% 96.15%

TP 193 195 193 193 194

FP 4 5 3 3 6

TN 37 36 38 38 35

FN 2 2 2 2 1

Error rate 0.0254 0.0297 0.0212 0.0212 0.0297

Precision 97.97% 97.5% 98.47% 98.47% 97%

recall 98.97% 98.98% 98.97% 98.97% 99.49%

Specificity 90.24% 87.80% 92.68% 92.68% 85.36%

Gmean 94.5% 93.22% 95.77% 95.77% 92.15%

TPR 0.9897 0.9898 0.9897 0.9897 0.9949

FPR 0.0976 0.1220 0.0732 0.0732 0.1464

Area 0.0483 0.0241 -0.0483 0 0.0726

Table ‎4.17:  Test6 four-fold cross-validation in Iteration 3 results.
Four-Fold Cross-Validation Iteration 3

n=2 n=4 n=6 n=8 n=10

Training Accuracy 96.59% 96.59% 96.59% 97.45% 97.45%

Testing Accuracy 94.93% 94.93% 98.73% 93.67% 97.46%

TP 194 193 191 191 193

FP 7 6 4 2 4

TN 33 34 36 38 36

FN 1 2 4 4 2

Error rate 0.0340 0.0340 0.0340 0.0255 0.0255

Precision 96.52% 96.98% 97.95% 98.96% 97.97%
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recall 99.49% 98.97% 97.95% 97.95% 98.97%

Specificity 82.5% 85% 90% 95% 90%

Gmean 90.6% 91.71% 93.9% 96.46% 94.37%

TPR 0.9949 0.9897 0.9795 0.9795 0.9897

FPR 0.1750 0.1500 0.1000 0.0500 0.1000

Area 0.0871 -0.0248 -0.0492 -0.0490 0.0492

Figure ‎4.9: The ROC-AUC chart of Test6 four-fold cross-validation in Iteration 1 result.

Table ‎4.18:  Test6 four-fold cross-validation in Iteration 4 results.
Four-Fold Cross-Validation Iteration 4

n=2 n=4 n=6 n=8 n=10

Training Accuracy 97.03% 97.46% 97.88% 97.46% 97.03%

Testing Accuracy 97.43% 96.15% 96.15% 94.87% 96.15%

TP 192 194 192 194 194

FP 4 5 2 5 6

TN 37 36 39 36 35

FN 3 1 3 1 1
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Error rate 0.0297 0.0254 0.0212 0.0254 0.0297

Precision 97.96% 97.49% 98.97% 97.49% 97%

recall 98.46% 99.49% 98.46% 99.49% 99.49%

Specificity 90.24% 87.8% 95.12% 87.8% 85.36%

Gmean 94.26% 93.46% 96.77% 93.46% 92.15%

TPR 0.9846 .9949 .9846 .9949 .9949

FPR 0.0976 0.1220 0.0488 0.1220 0.1464

Area 0.0480 0.0241 -0.0728 0.0728 0.0243

Table 4.19: Test 6 AUC values.

Iteration AUC

1 0.9750

2 0.9482

3 0.9086

4 0.9479

Figure ‎4.10: The ROC-AUC chart of Test6 four-fold cross-validation in Iteration 2 results.
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Figure ‎4.11: The ROC-AUC chart of Test6 four-fold cross-validation in Iteration 3 results.

Figure ‎4.12: The ROC-AUC chart of Test6 four-fold cross-validation in Iteration 4 results.
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Summary: Based on the results of PSO-FFNN tests above using two-fold and four-fold

cross-validation methods, we can decide that Iteration 1 is the best in each of two-fold and

four-fold cross-validation models. In the previous tests, the PSO optimization algorithm has

been used to train an FFNN of two layers of network to adjust the FFNN network weights

in an optimization manner. On the one hand, the DataPal dataset is an imbalanced dataset

where the overall accuracy metric is not enough to determine the optimal model in

predictions. On the other hand, tests 5 and 6 shows that both a two-fold and four-fold

cross-validation method has proved the ability of the proposed PSO-FFNN model to predict

T1DM and T2DM. Test 5 has got an overall accuracy of up to 99.36%, the test model was

able to predict T1DM and T2DM perfectly.

Test 6 model was able to predict T1DM and T2DM by up to 97.5% and 100% respectively,

with a 99.57% overall accuracy when n=10. It can be noticed that the Test 6 model was

unable to compete with the Test 5 model in predicting T1DM, considered the most

dangerous type of diabetes. As for their ability to classify the T2DM, both test results were

very close to each other by up to 0.9750 and 0.9773 for two-fold and four-fold

cross-validation methods, respectively.

4.3.3 Discussion of the Results

The PSO-FFNN presented model, an MLP-BPNN algorithm and a Linear-SVM algorithm

were applied on the DataPal dataset. Section 4.3 introduced various parameters that have

been adjusted with their optimal values. The three model performance results were better

using the determined parameters in section 4.3. The parameters have been adjusted to
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determine their optimal values, by training the models with different parameter values.

PSO-FFNN model parameters were justified by trying different values to find the optimal

parameter values with any number of hidden neurons of the FFNN hidden layer. The K-fold

cross-validation method used to validate the performance results of the three models

applied in this thesis. Both the two-fold and four-fold cross-validation methods were

selected to validate the models applied to the DataPal dataset. The results of the all above

tests show that the PSO-FFNN model outperformed the other models in predicting diabetes

types. The PSO-FFNN model was the best in T2DM predictions by up to 100% using a

four-fold cross-validation method and 10 neurons in the hidden layer. So, the model was

able to predict the most dangerous level of diabetes (i.e. T2DM) perfectly. The performance

results of the two-fold cross-validation and four-fold cross-validation methods were good.

But, it can be noticed that the four-fold cross-validation method outperforms the two-fold

cross-validation method in some places. The overall accuracy values of training the

Iteration 1 of previous test 2 (i.e. four-fold cross-validation) models were the best values

generated by training the DataPal dataset by up to 99.57%. Also, test 2 (i.e. four-fold

cross-validation) model was the best in T2DM and T1DM predictions as well, by up to

97.5% and 100% respectively. As for the AUC value, it was better in the mentioned model

compared to other models.Therefore, from the above, we can notice that the optimal FFNN

weights values (i.e. optimal particle positions) tuned in Iteration 1 of the test 2 model. Thus,

the optimal number of neurons in the hidden layer of trained FFNN is 10. Both the
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MLP-BPNN and the Linear-SVM classifiers failed to outperform the PSO-FFNN model in

predicting the DataPal dataset.

A lot of machine learning techniques have been applied as classifiers for different medical

datasets. Diseases predictions should be very accurate because of the sensitivity of medical

data and how they relate to human health. Tables 4.20 and 4.21 show the results of applying

various machine learning algorithms mentioned in the related works section

[18][15][8][50][52][53][55][56] to predict the DataPal dataset. k nearest neighbor "KNN",

Discriminant Analysis Classifier "DA", Naive Bayes "NB", decision tree "DT" and

Random Forest "RF" were the algorithms that have been used to predict DataPal dataset. In

addition to the Support Vector Machine algorithm using different types of kernel functions

such as Linear, Radial Base Function "RBF", Polynomial, and Gaussian kernel functions.

A two-fold cross-validation method used to define the comparison and validate the

PSO-FFNN model. It can be noticed that the Naive Bayes "NB", Discriminant Analysis

Classifier "DA" and the Linear-SVM algorithms performance values were close to each

other. The overall accuracy, T2DM predictions, and T1DM predictions were in their best

values using NB, DA and Linear-SVM algorithms. Figure 4.13 illustrates the comparison

between the various previous algorithms and our applied three models. Where the models

were compared in terms of total accuracy. Thus, as shown in the figures the PSO-FFNN

model outperforms all models in the overall accuracy of predicting DataPal datasets.

Tables 4.22, 4.23, 4.24 and 4.25 present the results of applying different machine learning

algorithms to predict the DataPal dataset. A four-fold cross-validation method used to



85

validate the models as well. Looking at figure 4.15, it can be noticed that the PSO-FFNN

model outperforms all models through four Iterations in predicting the DataPal dataset with

overall accuracy, by up to 99.57%.

To support our hypothesis, another performance metric can be taken into account such as

the Recall metric. Recall percentages represent the ability of models in predicting T2DM

that we have mentioned before as the most dangerous level of Diabetes Mellitus. Figure

3.16 shows that the proposed PSO-FFNN model outperforms the other models in T2DM

predictions as well. There is no doubt that the PSO-FFNN model outperforms all models in

all Iterations with both two-fold and four-fold cross-validation methods. So, PSO-FFNN is

the winner.

Table ‎4.20:  Two-fold cross-validation results Iteration previous works - Iteration 1.

Iteration 1 KNN DA NB DT Linear-SVM RBF-SVM Polynomial-SVM
Gaussian-SV

M RF

Accuracy 92.67% 96.8% 96.8% 95.2% 96.1% 95.2% 94.9% 95.2%
95.2
%

TP 247 255 256 255 255 254 252 254 254

FP 13 5 4 5 5 6 8 6 6

TN 44 48 48 44 47 45 46 45 45

FN 10 6 6 10 7 9 8 9 9

Precision 95% 98.07% 98.46% 98.07% 98.07% 97.69% 96.92% 97.69%
97.6
9%

recall 96.10% 97.7% 97.7% 96.22% 97.32% 96.57% 96.92% 96.57%
96.5
7%

Specificity 77.19% 90.56% 92.3% 89.79% 90.38% 88.23% 85.18% 88.23%
88.2
3%

Gmean 86.12% 94.06% 94.97% 92.95% 93.79% 92.31% 90.86% 92.31%
98.7
4%
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Table ‎4.21:  Two-fold cross-validation results Iteration previous works - Iteration 2.
Iteration 2 KNN DA NB DT Linear-SVM RBF-SVM Polynomial-SVM Gaussian-SVM RF

Accuracy 93.63% 96.49% 96.81% 95.22% 96.17% 95.2% 94.9% 95.2% 95.22%

TP 253 255 256 255 255 254 252 254 254

FP 7 5 4 5 5 6 8 6 6

TN 41 48 48 44 47 45 46 45 45

FN 13 6 6 10 7 9 8 9 9

Precision 97.3% 98.07% 98.46% 98.07% 98.07% 97.69% 96.92% 97.69% 97.69%

recall 95.11% 97.7% 97.7% 96.22% 97.32% 96.57% 96.92% 96.57% 96.57%

Specificity 85.41% 90.56% 92.3% 89.79% 90.38% 88.23% 85.18% 88.23% 88.23%

Gmean 90.13% 94.06% 94.97% 92.95% 93.79% 92.31% 90.86% 92.31% 98.74%

Figure ‎4.13: The  Recall values Iteration applied algorithms on the DataPal dataset using
two-fold cross-validation.
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Figure ‎4.14: The accuracy values Iteration applied algorithms on the DataPal dataset using
two-fold cross-validation.

Table ‎4.22:  Four-fold cross-validation results Iteration previous works - Iteration 1.

Iteration 1 KNN DA NB DT
Linear-SV

M
RBF-SV

M Polynomial-SVM Gaussian-SVM RF

Accuracy 93.30% 96.81% 96.81% 93.94% 96.18% 95.87% 95.23% 95.87% 96.17

TP 247 256 256 248 254 254 251 254 255

FP 13 4 4 12 6 6 9 6 5

TN 46 48 48 47 48 47 48 47 47

FN 8 6 6 7 6 7 6 7 7

Precision 95% 98.46% 98.46% 95.38% 97.69% 97.69% 96.53% 97.69% 98.07%

recall 96.86% 97.70% 97.70% 97.25% 97.69% 97.31% 97.66% 97.31% 97.32%

Specificity 77.96% 92.30% 92.30% 79.66 88.88% 88.67% 84.21% 88.67% 90.38%

Gmean 86.90% 94.97% 94.97% 88.01% 93.18% 92.89% 90.68% 92.89% 93.79%

Table ‎4.23:  Four-fold cross-validation results Iteration previous works - Iteration 2.

Iteration 2 KNN DA NB DT
Linear-SV

M
RBF-SV

M Polynomial-SVM Gaussian-SVM RF

Accuracy 93% 96.81% 96.81% 93.94% 96.18% 95.87% 95.23% 95.87% 96.17

TP 247 256 256 248 254 254 251 254 255

FP 13 4 4 12 6 6 9 6 5
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TN 45 48 48 47 48 47 48 47 47

FN 9 6 6 7 6 7 6 7 7

Precision 95% 98.46% 98.46% 95.38% 97.69% 97.69% 96.53% 97.69% 98.07%

recall 96.48% 97.70% 97.70% 97.25% 97.69% 97.31% 97.66% 97.31% 97.32%

Specificity 77.58% 92.30% 92.30% 79.66 88.88% 88.67% 84.21% 88.67% 90.38%

Gmean 86.52% 94.97% 94.97% 88.01% 93.18% 92.89% 90.68% 92.89% 93.79%

Table ‎4.24:  Four-fold cross-validation results Iteration previous works - Iteration 3.

Iteration 3 KNN DA NB DT
Linear-SV

M
RBF-SV

M Polynomial-SVM Gaussian-SVM RF

Accuracy 94.9% 96.81 96.81% 93.94% 96.18% 95.87% 95.23% 95.87% 96.17

TP 250 256 256 248 254 254 251 254 255

FP 10 4 4 12 6 6 9 6 5

TN 48 48 48 47 48 47 48 47 47

FN 6 6 6 7 6 7 6 7 7

Precision 96.15% 98.46% 98.46% 95.38% 97.69% 97.69% 96.53% 97.69% 98.07%

recall 97.65% 97.70% 97.70% 97.25% 97.69% 97.31% 97.66% 97.31% 97.32%

Specificity 82.75% 92.30% 92.30% 79.66 88.88% 88.67% 84.21% 88.67% 90.38%

Gmean 89.89% 94.97% 94.97% 88.01% 93.18% 92.89% 90.68% 92.89% 93.79%

Table ‎4.25:  Four-fold cross-validation results Iteration previous works - Iteration 4.

Iteration 4 KNN DA NB DT
Linear-SV

M
RBF-SV

M Polynomial-SVM Gaussian-SVM RF

Accuracy 93.3% 96.81% 96.81% 93.94% 96.18% 95.87% 95.23% 95.87% 96.17

TP 247 256 256 248 254 254 251 254 255

FP 13 4 4 12 6 6 9 6 5

TN 46 48 48 47 48 47 48 47 47

FN 8 6 6 7 6 7 6 7 7

Precision 95% 98.46% 98.46% 95.38% 97.69% 97.69% 96.53% 97.69% 98.07%

recall 96.86% 97.70% 97.70% 97.25% 97.69% 97.31% 97.66% 97.31% 97.32%

Specificity 77.96% 92.30% 92.30% 79.66 88.88% 88.67% 84.21% 88.67% 90.38%

Gmean 86.90% 94.97% 94.97% 88.01% 93.18% 92.89% 90.68% 92.89% 93.79%
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Figure ‎4.15: The accuracy values Iteration applied algorithms on the DataPal dataset using
a four-fold cross-validation method.

Figure ‎4.16: The  Recall values Iteration applied algorithms on the DataPal dataset using a
four-fold cross-validation method.



4.4 The PIDD Dataset Experiments

In these experiments, we apply different machine learning techniques to the PIDD dataset.

The dataset that we have presented in section 2.1.2. A dataset consists of 768 records of

diabetic and non-diabetic instances. The previous experiments on the DataPal dataset were

applied to some machine learning techniques to diagnose diabetes types. While the PIDD

dataset used to predict diabetes occurs, where all the Pima citizens who are in diabetes have

T2DM diabetes only. So, in these experiments, we apply the PIDD dataset to the proposed

PSO-FFNN model and various other machine learning methods in diabetes predictions.

On the one hand, the PIDD dataset consists of 8 predictors used to classify diabetic and

non-diabetic people. A linear-SVM classifier has been used to select the most optimal

features to predict diabetes. 6 of 8 features were selected to diagnose diabetes. On the other

hand, the PIDD dataset includes about 400 records with missing values. The medical

diagnoses are the most sensitive predictions where all predictor values are needed to

confirm the diagnosis. In this thesis, the K-NN algorithm used to fill in the missing values.

Thus, the " K" nearest neighbor instances have been used to estimate the missing values.

Both two-fold and four-fold cross-validation methods have been used to validate the

diabetes predictions with the optimal parameters of the models. Where Appendix A

presents the selection manner of the optimal parameters for the models applied in this

thesis. The following tests show the results of applying the PSO-FFNN model and various

machine learning models to the PIDD dataset to predict diabetes and to validate our

proposed PSO-FFNN model:
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4.4.1 Other Models Experiments on PIDD Dataset

To prove the ability of the PSO-FFNN model in predicting diabetes. We have applied

various machine learning techniques to the PIDD dataset. Multiple Layer Perceptron

Backpropagation Neural Network “MLP-BPNN”, Support Vector Machine SVM with

different kernels, k nearest neighbor "KNN", Discriminant Analysis Classifier "DA",

Naive Bayes "NB", decision tree "DT" and Random Forest "RF" were the algorithms that

have been used to predict PIDD dataset [18][15][8][50][52][53][55][56].The SVM model

was applied with different kernels Linear Function, Radial Base Function "RBF",

Polynomial function and Gaussian function kernels. Several previous studies have applied

different machine learning techniques to the PIDD to predict diabetic and non-diabetic

Mellitus. The following tests present the results of applying the mentioned models to the

PIDD dataset:

Test 1: Two-Fold cross-validation methods have been used to validate the models

mentioned above. Table 4.26 shows the result of applying the MLP-BPNN with a different

number of neurons in the hidden layer. Table 4.27 shows the results of applying the other

mentioned algorithms (i.e.SVM, DA, DT, KNN, NB, and RF models) above to the PIDD,

with a two-fold cross-validation method. The SVM model was applied with different

kernels Linear Function, Radial Base Function "RBF", Polynomial function and Gaussian

function kernels. Figure 4.17 illustrates the comparisons between all applied models. It can

be noticed that the Polynomial-SVM model was not competitive. The closest results to the
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PSO-FFNN model results were achieved by applying the MLP-BPNN model. While the

PSO-FFNN model is still outperformed by up to 5% overall accuracy.

Table ‎4.26: Test 1 Two-fold cross-validation results of applying the MLP-BPNN model to
the PIDD.

Iteration 1 n=2 n=4 n=6 n=8 n=10

Training Accuracy 74.7% 78.4% 79.7% 78.9% 80.5%

Testing Accuracy 74% 72.7% 72.7% 74.5% 72.9%

Iteration 2 n=2 n=4 n=6 n=8 n=10

Training Accuracy 75% 76% 74.2% 76.8% 77.3%

Testing Accuracy 72.9% 76% 78.4% 79.2% 79.2%

Table ‎4.27:  Test 1 Two-fold cross-validation results of applying various machine learning
methods to the PIDD.

Iteration
1 KNN DA NB DT

Linear-
SVM

RBF-
SVM

Polynomial-SV
M

Gaussian-
SVM RF

Accuracy 67.44% 78.38% 76.56% 73.69% 77.86% 70.05% 54.94% 70.05% 77.34%

Iteration
2 KNN DA NB DT Linear-SVM

RBF-S
VM

Polynomial-SV
M

Gaussian-S
VM RF

Accuracy 62.5% 71.61% 70.57% 67.96% 72.91% 72.91% 41.14% 72.91% 69.79%

Test 2: Four-Fold cross-validation methods have been used to validate the models

mentioned above. Table 4.28 shows the result of applying the MLP-BPNN with a different

number of neurons in the hidden layer. Table 4.29 shows the results of applying the other

mentioned algorithms (i.e.SVM, DA, DT, KNN, NB, and RF models) above to the PIDD,

with a four-fold cross-validation method. The SVM model was applied with different

kernels Linear Function, Radial Base Function "RBF", Polynomial function and Gaussian

function kernels. Figure 4.18 illustrates the comparisons between all applied models. It can

be noticed that the Polynomial-SVM model was not competitive as well as it was in test 1.

The closest results to the PSO-FFNN model results were achieved by applying the
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MLP-BPNN, Linear-SVM, DA and RF models. While the PSO-FFNN model still

outperformed them by up to 11%, 12.5%, 12.5% and 14% overall accuracy, respectively.

Figure ‎4.17: The accuracy values Iteration applied algorithms on the PIDD dataset using
two-fold cross-validation.

Table ‎4.28:  Test 2 four-fold cross-validation results of applying the MLP-BPNN model to
the PIDD.

Iteration 1 n=2 n=4 n=6 n=8 n=10

Training Accuracy 76.4% 77.6% 76.9% 77.3% 78.8%

Testing Accuracy 73.4% 75.5% 73.4% 76.6% 76%

Iteration 2 n=2 n=4 n=6 n=8 n=10

Training Accuracy 76.4% 76.7% 77.3% 77.4% 77.8%

Testing Accuracy 76% 73.4% 72.4% 74.5% 72.9%

Iteration 3 n=2 n=4 n=6 n=8 n=10

Training Accuracy 74.8 77.3% 76.6% 76% 78%

Testing Accuracy 75.5 77.1% 76% 74% 77.1%

Iteration 4 n=2 n=4 n=6 n=8 n=10

Training Accuracy 75% 76.9% 77.3% 78.1% 78%

Testing Accuracy 77.1% 75.5% 76% 78.6% 76%
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Table ‎4.29:  Test 2 four-fold cross-validation results of applying various machine learning
methods to the PIDD.

Iteration 1 KNN DA NB DT
Linear-
SVM

RBF-
SVM

Polynomial-
SVM

Gaussian-
SVM RF

Accuracy 68.22% 77.43% 75.69% 71% 77.25% 69.96% 32.11% 69.96% 74.82%

Iteration 2 KNN DA NB DT
Linear-SV

M
RBF-SV

M
Polynomial-S

VM
Gaussian-S

VM RF

Accuracy 66.84% 75.69% 76.56% 70.83% 76.73% 75 % 44.09% 73.61% 73.61%

Iteration 3 KNN DA NB DT
Linear-SV

M
RBF-SV

M
Polynomial-S

VM
Gaussian-S

VM RF

Accuracy 65.79% 75.86% 72.56% 70.83% 76.21% 69.27% 36.80% 69.27% 74.82%

Iteration 4 KNN DA NB DT
Linear-SV

M
RBF-SV

M
Polynomial-S

VM
Gaussian-S

VM RF

Accuracy 73.26% 75.86% 73.09% 66.84% 76.04% 72.39% 45.65% 72.39% 75.34%

Figure ‎4.18: The accuracy values Iteration applied algorithms on the PIDD dataset using
four-fold cross-validation.
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4.4.2 PSO-FFNN Experiments on PIDD Dataset

The main aim of using the PSO evolutionary algorithm is to adjust FFNN weight values

that will be used in diabetes predictions. The PSO optimal parameters have been tuned.

Appendix A shows the results of tuning the PSO optimal parameters. The following tests

present the results of applying the PSO-FFNN model to the PIDD dataset with two-fold and

four-fold cross-validation methods:

Test 1: A two-fold cross-validation method used to validate the PSO-FFNN model. The

PSO-FFNN model applied to the PIDD model to predict diabetes. The model trained using

the optimal parameters determined in Appendix A. Table 4.30 illustrates the results of

applying the PSO-FFNN to the PIDD dataset with a two-fold cross-validation method. The

results show that the PSO-FFNN model has a very good ability to predict diabetes with a

two-fold cross-validation method, by up to 85.16%. Iteration 1 when n= 4,6 or 8 got the

best results.

Table ‎4.30:  Test 1 Two-fold cross-validation results of applying the PSO-FFNN model.
Iteration 1 n=2 n=4 n=6 n=8 n=10

Training Accuracy 83.33% 85.16% 85.16% 85.16% 84.9%

Testing Accuracy 81.9% 82.41% 83.92% 82.41% 81.4%

Iteration 2 n=2 n=4 n=6 n=8 n=10

Training Accuracy 82.03% 80.5% 81.77% 82.3% 82.3%

Testing Accuracy 84.9% 81.9% 84.4% 80.4% 86.4%

Test 2: A four-fold cross-validation method used to validate the PSO-FFNN model. The

PSO-FFNN model applied to the PIDD model to predict diabetes. The model trained using

the optimal parameters determined in Appendix A. Table 4.31 illustrates the results of
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applying the PSO-FFNN to the PIDD dataset with a four-fold cross-validation method. The

results show that the PSO-FFNN model has a better ability to predict diabetes more than

two-fold cross-validation as in Test 1. Iterations 1, 2, 3 and 4 have achieved an overall

accuracy up to 89.06%, 88.88%, 87.84%, and 87.67%, respectively.

Table ‎4.31:  Test 2 Four-fold cross-validation results of applying the PSO-FFNN model.
Iteration 1 n=2 n=4 n=6 n=8 n=10

Training Accuracy 87.5% 89.06% 88.71% 86.63% 88.88%

Testing Accuracy 81.77% 83.85% 83.33% 81.77% 82.29%

Iteration 2 n=2 n=4 n=6 n=8 n=10

Training Accuracy 88.88% 88.37% 88.19% 88.37% 87.84%

Testing Accuracy 83.33% 81.77% 80.73% 80.4% 80.21%

Iteration 3 n=2 n=4 n=6 n=8 n=10

Training Accuracy 87.5% 87.67% 86.63% 87.15% 87.84%

Testing Accuracy 84.9% 82.81% 85.41% 84.37% 83.33%

Iteration 4 n=2 n=4 n=6 n=8 n=10

Training Accuracy 87.67% 87.67% 86.8% 86.8% 87.5%

Testing Accuracy 84.37% 83.85% 84.37% 85.93% 84.37%

4.4.3 Discussion of the Results

The above results prove that the PSO-FFNN model outperformed the other models such as

SVM with its different kernels, KNN, NB, DA, DT, and the RF models. The PSO-FFNN

model with a four-fold cross-validation method has achieved a very good accuracy of up to

89.08% in predicting diabetes and non-diabetes cases. Also, it can be noticed that the model

was perfect in predicting diabetes types with a classification accuracy of up to

99.57%.From previous experiments on the PIDD dataset, we have verified the ability of the

PSO-FFNN model in predicting diabetes and non-diabetes.



4.5 Summary

In this chapter, we have applied the system procedures that we have introduced in chapter

3. The datasets were preprocessed using both the SVM and the KNN algorithms. Where the

KNN algorithm has been used to estimate the missing values and fill them. The SVM

algorithm has been used to select the most optimal predictors/attributes that have increased

the efficiency of the models in the prediction of diabetes. The platform we have used to

implement the models was presented in section 4.2. Section 4.3 has illustrated the optimal

PSO parameters that we have obtained by applying them with different values as presented

in Appendix A. Both sections 4.4 and 4.5 presented and discussed the results obtained by

applying the PSO-FFNN model to both the DataPal and the PIDD datasets. In addition to

the results of applying various machine learning algorithms such as SVM, NB, DT, DA and

RF to both the DataPal and the PIDD datasets. In short, this chapter showed the ability of

the PSO-FFNN model in diabetes predictions. where it was able to outperform other

applied models.
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Conclusion and Future Works

Taking into account all risks of diabetes, early stages and type of disease must be detected

early. Diabetes can be controlled whenever it is detected in the early stages. Also, the

correct diagnosis of the type of disease plays a major role in reducing the symptoms of the

disease.T1DM is the most dangerous level of diabetes as it is the reason why diabetes is

called the silent killer. This type of diabetes cannot be prevented and can only be treated

with insulin injections. So, the diagnosis of the type of diabetes must be very accurate.

Using the artificial neural networks model can be designed and implemented for complex

medical processes by software. The software systems are more effective and efficient in

various medical fields including predict, diagnose, treat and help to the surgeons and

physicians and the general population. This research aimed to determine effective variables

and their impact on diabetes and estimating a neural network hybrid model with particle

swarm optimization to Predict and classify diabetes.

Thus, in this thesis, we have collected a local Palestinian dataset "DataPal" With the

assistance of the Palestinian Diabetes Institute. The dataset consists of 314 instances of

diabetic females. Where the females are more likely to die due to diabetes compared to

males, so we gave them priority in this thesis.

Thus, our samples were for females with both type 1 and 2 diabetes, aged between 5 and 89

years. For the first time, a Palestinian dataset was applied using machine learning

algorithms to predict diabetes. The collected dataset was used to train the proposed

PSO-FFNN model in addition to a set of machine learning algorithms.
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The parameters of the PSO optimization algorithms including the number of the PSO

particles, The values of local and global cognitive parameters c1 and c2, and the boundaries

of the PSO search space were optimized. Then the optimized PSO algorithm has been used

to adjust the FFNN weights values. Both the local DataPal and the Global PIDD datasets

were applied using the PSO-FFNN and some of the machine learning algorithms that have

been applied in many previous works. In conclusion, The PSO-FFNN model has proved its

ability in predicting each of T1DM and T2DM with an accuracy of 99.57%. The

PSO-FFNN model has outperformed each of the MLP-BPNN, SVM, K-NN, DT, DA, NB,

and RF algorithms in classifying T1DM and T2DM, where each of the MLP-BPNN and the

SVM have gained an accuracy of 98.3% for both of them which is the highest value

compared to the other models applied in this thesis (i.e. K-NN, DT, DA, NB, and RF).

Also, it was best to diagnose if a person has or does not have diabetes as shown in the

PIDD experiment results. Given the results obtained, the PSO-FFNN classifier to identify

diabetic people is proposed as a useful tool to help the diabetes specialist in the early

detection of the disease and to confirm their diagnosis. In particular, the level of success of

the system in diagnosis is very high, depending on the patient's symptoms and tests results

that are analyzed.

In future work, as the reader could see in the conclusions the challenge for the future is

extensive, but promising in this area and could impact the health system in a good way. We

plan to develop a medical application that will help people with a family history of diabetes

who suspects they are based on linking machine learning algorithms to provide them with
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preventive treatments and advice. The Fuzzy-Rule Based system will be used with the

PSO-FFNN model to predict diabetes and give preventive treatments automatically. The

application will be supervised by doctors and diabetes specialists to build a medical

database containing correct preventive treatments. One possibility of future work is to

evaluate the possibility of implementing classification and prediction models in the public

health system. In addition, developing a prediction and classification system with real-time

remote monitoring applications, measures the effective cost of implementing them and the

impact they can have on people's lives.
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Appendix

This section includes the results obtained while optimizing the PSO-FFNN model

parameters.

Appendix A

This section contains the results obtained during the process of optimizing the parameters

of the PSO algorithm that have been used to train an FFNN. The DataPal dataset has been

used to generate the following results.

Table A.1: The Accuracy vs. social and cognitive weights results of applying Two-fold
cross-validation.

c1 and c2 value Iteration 1 Accuracy Iteration 2 Accuracy
1 98.1% 98.1%

1.9 96.83% 97.46%
1.2 96.83% 95.56%
1.3 98.1% 98.1%
1.4 98.73% 97.46%
1.5 96.83% 97.46%
1.6 98.1% 98.1%
1.7 98.73% 98.1%
1.8 97.46% 98.1%
1.9 98.73% 97.46%
2 98.73% 98.1%

Table A.2: The Accuracy vs. social and cognitive weights results of applying Four-fold
cross-validation.

c1 and c2 value
Iteration 1
Accuracy

Iteration 2
Accuracy

Iteration 3
Accuracy Iteration 4 Accuracy

1 98.3% 96.18% 96.18% 95.33%
1.1 95.76% 96.18% 94.91% 95.33%
1.2 99.15% 96.18% 96.18% 95.33%
1.3 98.72% 97.03% 97.45% 96.18%
1.4 98.72% 97.45% 96.6% 96.18%
1.5 98.3% 96.6% 96.6% 97.45%
1.6 98.72% 96.6% 96.6% 96.18%
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1.7 98.72% 96.6% 96.6% 97.03%
1.8 99.15% 96.6% 97.03% 97.45%
1.9 98.72% 96.6% 97.03% 97.45%
2 99.58% 97.45% 97.45% 97.03%

Table A.3: The Accuracy vs. # of PSO particles results of applying Two-fold
cross-validation.

# of PSO Particles Iteration 1 Accuracy Iteration 2 Accuracy
5 98.1% 98.1%
10 97.46% 97.46%
15 97.46% 97.46%
20 97.46% 98.1%
25 97.46% 97.46%
30 98.73% 98.1%
35 98.1% 97.46%
40 99.36% 98.1%
45 98.1% 98.1%
50 98.1% 98.1%

Table A.4: The Accuracy vs. # of PSO particles results of applying Four-fold
cross-validation.

# of PSO Particles Iteration 1 Accuracy
Iteration 2
Accuracy

Iteration 3
Accuracy Iteration 4 Accuracy

5 97.87% 97% 97.46% 94%
10 99.14% 97.46% 96.18% 97.46%
15 99.14% 97.46% 97.03% 97.46%
20 98.72% 96.6% 96.18% 93.64%
25 99.14% 97.88% 96.6% 94.49%
30 99.57% 97.45% 97.46% 94.49%
35 99.14% 97.88% 97.03% 95.33%
40 99.14% 97.88% 97.46% 94.49%
45 99.14% 97.46% 97.46% 93.22%
50 99.57% 97.46% 97.46% 94.49%

Table A.5: The Accuracy vs. search space boundaries LB and UB results of applying
Two-fold cross-validation.

LB and UB values
Iteration 1
Accuracy

Iteration 2
Accuracy

Iteration 3
Accuracy

Iteration 4
Accuracy

0.5 : - 0.5 99.15% 98.3% 97.44% 97.88%
0.1 : - 0.1 99.15% 97.45% 97.02% 97.88%
1.5 : - 1.5 99.58% 97.03% 97.44% 97.03%

2 : - 2 98.73% 97.03% 97.87% 97.88%
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Table A.6: The Accuracy vs. search space boundaries LB and UB results of applying
Four-fold cross-validation.

LB and UB values Iteration 1 Accuracy Iteration 2 Accuracy
0.5 : - 0.5 97.46% 98.1%
0.1 : - 0.1 98.73% 98.1%
1.5 : - 1.5 98.73% 98.1%

2 : - 2 98.1% 97.46%
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الىتصنيفهفيوالسكريمرضوجودتشخيصفيالافضلانهالمقترحالنموذجأثبتقدذلك

".T2DM"و"T1DM"النوعين
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الملخص

قضيةهيالصحيةللمشكلاتحلولتطويرعندالاعتبارعينفيأخذهايتوجبالتيالقضاياأهمأحد

داءاعتبارتمالعالم.حولفتكاأمراضٍعشرةأكثرِكأحدِيعرفباتالذيالسكريداءفيالتحكم

العديدقامتفيه.التحكمفيحاملهلمساعدةعنهالمبكرالكشفيتوجبلذلكقاتلوباءأنهعلىالسكري

Machine"الآليالتعلمنماذجعدةبتطبيقالسابقةالدراساتمن Learning"علىالقدرةلتحسين

باستخدامقامواقلةهناكالمقابلفيالأشخاص.لدىالسكريمرضوجودعدمأووجودعنالكشف

السكرمرضحاملوينقسمحيث".T2DM"السكريمرضمنالثانيبالنوعللتنبؤالآليالتعلمنماذج

".T2DMالمرض"منالثانيالنوعو"T1DM"الأولالنوعهماانتشاراوأكثرهاأنواععدةالى

وأمراضمضاعفاتمنيسببهمامنالإنسانحياةعلىخطورةالأكثرالنوعهوالأولالنوعيعدحيث

إنتاجعلىقادرغيرالبنكرياسيكونحيثالجسم.فيالأنسولينهرمونمستوياتانخفاضنتيجة

التشخيصيعتبروطاقة.الىتحويلهوالدمجلوكوزمنللاستفادةالضروريالأنسولينهرمون

بالعلاجالمريضتزويدبعدميتسببالذيوتداركهيتملاقدخطيرأمرالمرضانواعلاحدالخاطئ

Data"فلسطينيةمحليةبياناتمجموعةبجمعالاطروحةهذهفيقمنالذلك،نظراالمناسب.الوقائي

Pal"بياناتمجموعةالىبالاضافةالمقترحالهجيننموذجناأداءتقييموتدريبفيلاستخدامها

قبلمانهجقدمناالاطروحةهذهفيعدمه.والمرضوجودلتصنيف"PIDD"اخرىعالمية

باستخدامالبياناتمجموعاتداخلالمفقودةالقيمتقديرعلىيعتمدالذي"Preprocessing"المعالجة

"الميزاتاكثرلاختياراستخدامهاتمالتي"SVM"خوارزميةالىبالاضافة"K-nn"خوارزمية

Dataset attributes"الهجينالنموذجاستخدامتمكماالتنبؤ.نتيجةفيتأثيرا"PSO-FFNN"

العديدتطبيقتموأنواعه.السكريمرضتشخيصدقةتحسينعلىتساعدحلولبناءعلىيعملالذي

والسكريبمرضالتنبؤعلى"PSO-FFNN"نموذجقدرةلاثباتالالىالتعلمخوارزمياتمن

عدمأووجودتشخيصعلىالمقترحالنموذجقدرةلإثبات"PIDD"البياناتقاعدةتطبيقتمانواعه.

منبالرغمومنافسةالأكثر"MLP-BPNN"خوارزميةكانتالمرضى.لدىالسكريمرضوجود


