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Abstract: Diabetes mellitus is one of the deadliest and chronic diseases that affect persons who have an increase in 

their blood glucose levels. Type 1 Diabetes Mellitus “T1DM” is considered 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. 

The prime motto of this work is to classify the diabetes types accurately. In this work, we have collected a local 

Palestinian dataset “DataPal” With the assistance of the Palestinian Diabetes Institute. The "DataPal" dataset was 

applied using machine learning algorithms to predict diabetes types. The “DataPal” consists of 9 predictors used to 

diagnose diabetes types. The dataset consists of 314 instances of diabetic females. Thus, our samples were for females 

with both types 1 and 2 diabetes, aged between 5 and 89 years. The local dataset “DataPal” was preprocessed using 

the K Nearest Neighbor (KNN) algorithm to fill their missing values, wherein medical diagnosis there is no room for 

error. The Support Vector Machine (SVM) algorithm was applied to the dataset to select the most optimal features to 

predict diabetes types. Both the two-fold and four-fold cross-validation methods were applied to the datasets to 

evaluate the applied models fairly. A hybrid Model Particle Swarm Optimization with Multi-Layer Perceptron Neural 

Networks (PSO-MLPNNs) uses the PSO evolutionary algorithm to train an MLPNNs and find the optimal weight 

values of the trained network. The PSO-MLPNNs model was applied to the preprocessed dataset. Then the 

performance of the model was evaluated using different metrics such as the overall accuracy, recall, specificity, and 

others. The obtained results show that the proposed PSO-MLPNNs model outperformed all models applied in this 

work in the classification of diabetes types with an overall accuracy (ACC= 98.73%). 

Keywords: Classification, Diabetes mellitus, Diabetes mellitus types, Particle swarm optimization, Multilayer 

perceptron Neural networks, T1DM, T2DM, Localized diabetes dataset. 

 

 

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 occur in low and middle-income countries 

[1]. Diabetes caused 4.2 million deaths [3].  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. 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 
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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 [4]. 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 [5]. 

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 [4, 

6, 7]. To help detect diabetes early, 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 [8, 9].  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 

methodologies can be applied to any medical dataset 

to select their optimal attributes such as the genetic 

algorithm [10], linear discriminant analysis [11], and 

some of the evolutionary algorithms [12, 13]. It has 

been proven that Machine learning techniques can 

make a medical diagnosis, especially diabetes 

prediction. Support Vector Machine "SVM" with 

different kernel functions (i.e. Linear, Radial Base 

[14], 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. 

To classify diabetes types efficiently, in this work 

we applied various techniques of machine learning 

including a new enhanced model "PSO- MLPNNs". 

A local dataset was collected and used to predict 

diabetes types (i.e. T1DM and T2DM). With the 

assistance of the Palestinian Diabetes Institute, we 

have collected a local Palestinian dataset “DataPal”.  

In the preprocessing phase, the K-nearest 

neighbor algorithm [14] was used to estimate the 

missing values, where, SVM [39] classifier applied 

for feature selection, K-fold cross-validation has been 

used to split the datasets into two subsets training and 

testing. Both two-fold and four-fold cross-validation 

methods have been applied to validate the 

performance of the applied models. PSO-MLPNNs 

proposed a hybrid model that uses one of the most 

powerful evolutionary algorithms PSO to optimize 

the weights of MLPNNs. The combination of these 

two approaches with the tuning of the PSO 

parameters tends usually to converge the 

optimization process effectively.  The PSO algorithm 

supposes to be the training method of the MLPNNs 

model to adjust the weights of the network. To prove 

the ability of the applied models including the PSO- 

MLPNNs. A set of performance metrics were used 

[15, 16]. Confusion matrix, classification accuracy, 

recalls, specificity is some of the main measurements 

used to evaluate the performance of the applied 

models in this work. To prove the efficiency of the 

PSO-MLPNNs, different machine learning 

approaches have been applied to classify DataPal as 

support vector machine SVM, K-nearest neighbor 

KNN, Decision Tree DT, MLP-BPNNs.  

The paper is organized as follows. Section 2 will 

introduce a set of previous works within the same 

research field. The "DataPal" dataset description will 

be shown in section 3. Section 4 will illustrate the 

algorithmic foundations of the proposed approach. 

The preprocessing phase, implementation platform, 

system parameters, and the performance metrics will 

be presented in Section 5. The experimental Result 

will be presented and discussed in section 6. 

Conclusions and future works will be discussed in 

section 7. 

2. Related works 

The purpose of this research is the creation of a 

model to classify and to provide predictive analysis 

on the diagnosis of diabetes, which allows 

organizations that provide services to cover health 

access information on the diagnosis of diabetes 

mellitus quickly, through using machine learning 

techniques. The main objective of applying machine 

learning methods to classify medical datasets is to 

help the medical specialist and physicians process the 

non-linear data automatically and find the correct 

diagnosis [17].   On the other hand, there is no such 

Palestinian local dataset that has been applied to any 

machine learning method to predict and classify the 

types of diabetes.  So, there is a need to optimize the 

diagnosis of diabetes mellitus through an evaluation 

process of symptomatic features and risk factors 

using machine learning techniques.  

In previous years, many researchers have used 

different machine learning techniques to predict and 

diagnose diabetes. Zou Q et.al. [18] used a 12 

attributes dataset in diabetes predictions. Random 

Forest "RF" methodology reached the highest 

accuracy by up to 80.84% and 77.2% for Luzhou and 
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PIDD datasets respectively. J. Beschi Raja and others 

[36] have applied a new proposed methodology to 

predict type 2 diabetes using both PSO and fuzzy 

means clustering methodologies. They obtained an 

overall accuracy up to 95.42% when they have 

applied their proposed methodology to the PIDD 

dataset. N. Mohana Sundaram [19] proposed an 

approach of applying the Elman neural network with 

MLP neural network. GAs, PSO, and ACO proved 

their ability to support the NNs in diabetes 

predictions as well. Karamath Ateeq and Dr. 

Gopinath Ganapathy [42] have proposed a modified 

PSO "MPSO" model to predict diabetes. Both an 

MLPNNs and a Radial Basis Function Network 

"RBFN" models were applied to validate their 

proposed model on both PIDD and US datasets. 

Where the proposed hybrid MPSO-NNs model was 

the winner, were achieved 84.2% and 81.8% overall 

accuracy by applying the US and the PIDD datasets, 

respectively. 

A lot of evolutionary algorithms are used in 

medical diagnoses in general and in diabetes pattern 

recognition specifically. Vaishali and others [12] 

have proposed a hybrid approach consisting of a 

Fuzzy classifier with Multi-Objective Evolutionary 

to predict diabetes. The GAs are used as a feature 

selection classifier to select the most relevant 

attributes from the PIDD dataset. The model 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%. 

GAs proposed by D. K. Choubey [10] as a feature 

selection method as well. The Naive Bayes 

classification algorithm has been applied to the PIDD 

dataset to diagnose diabetes. The results show that the 

Naive Bayes algorithm got 78% overall accuracy. 

Thus, Ebru Pekel Özmen and Tuncay Özcan [21] 

have applied the GAs to improve different machine 

learning methodologies. They have proposed new 

hybrid methodologies consist of the ANNs and 

CART classification algorithms and GAs. The hybrid 

CART-GA and ANN-GA models have been applied 

to the PIDD dataset, where the highest accuracy was 

obtained by the proposed CART-GA model by up to 

96.05%. SVM, Naïve Bayes, and Decision trees 

automatic classification algorithms were applied by 

Deepti Sisodia and, Dilip Singh Sisodia [22] to 

predict diabetes. The algorithms have been applied 

and tested to the PIDD dataset. The overall accuracy 

values obtained by applying the SVM, Naïve Bayes, 

and Decision trees models are 65.1%, 73.6%, and 

76.3%, respectively. 

G. Krishnaveni and T. Sudha [14] applied a set of 

data mining techniques to predict diabetes including, 

KNN, Discriminant Analysis DA, Naive Bayes NB, 

and SVM with different kernels functions. They 

obtained an overall accuracy of up to 76.3% using the 

Discriminant Analysis DA algorithm. Ashok Kumar 

Dwivedi [23] has evaluated various machine learning 

algorithms for predicting diabetes. Classification 

Tree, ANN, SVM, Naive Bayes "NB", K-NN", and 

logistic regression are the techniques applied to PIDD 

to predict diabetes. Both the ANN and SVM models 

got the highest accuracy by up to 77% and 78% 

respectively. inyechil Alehegn and others [24] Have 

applied Naive Net, Decision Stump "DS", and SVM 

algorithms to validate their proposed model to the 

PIDD dataset. Their proposed model achieved an 

overall accuracy of up to 90%.  

The PSO evolutionary algorithm has been applied 

to predict medical diagnosis in general and diabetes 

in particular. Yuan et al [25] have applied each of the 

GAs and the PSO to optimize the parameters of the 

SVM classifier. G. Kranthi Kumar and K. Swathi 

[26] 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 [27] 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. Sejdinović, and others [28] have 

proposed an approach to classify the T2DM and 

Prediabetic instances according to two predictors. A 

dataset consists of 190 samples was applied by ANNs 

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. 

In this research, a proposed PSO-MLPNNs model 

and a set of machine learning techniques will be used 

to classify diabetes mellitus and its types (i.e.T1DM 

and T2DM). A Palestinian dataset DataPal has been 

collected to be used in this work to evaluate applied 

models in classifying the Diabetes types. In the 

proposed hybrid model PSO-MLPNNs, PSO which 

is a global optimization approach will be used to 

tuning the MLPNN weights. This hybrid model 

proves its efficacy in the classification of diabetes. 

3. Dataset 

The DataPal dataset is a Palestinian dataset 

locally collected from the Palestinian Institute of 

Diabetes. It consists of 9 predictors used to diagnose 

diabetes types. The dataset consists of 314 diabetic 

females both type 1 and types 2 diabetes, aged 

between 5 and 89 years. Diabetes has many types, 
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where two of the most common types are T1DM and 

T2DM. Type I diabetes T1DM 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.  Type II diabetes T2DM is less dangerous 

compared to T1DM. This type affects individuals 

directly and it common for older people. It occurs 

when the patients are unable to metabolize glucose 

[29]. The following are the attributes used to 

diagnose diabetes types: 

- Age: The age of the 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 

- Diabetes Mellitus DM-family history: Having first 

and second-degree relatives with diabetes have the 

effect of transmitting the disease from generation to 

generation. 

- 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. 

- Body mass index "BMI": The body fat index 

according to the height and the weight of patients. 

BMI has a role in the classification of the type of 

diabetes. Eq. (1) used to calculate the BMI value [30]: 

 

     𝐵𝑀𝐼 = 𝑤𝑒𝑖𝑔ℎ𝑡   (𝑘𝑔) ÷  ℎ𝑒𝑖𝑔ℎ𝑡 (𝑚 )2   (1) 

 

- 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. 

- Ischemic Heart Disease “IHD”: People with both 

diabetes and cardiovascular disease are more likely to 

die [5] [31] where both diseases are closely linked to 

each other. Thus, the genetic factor has a role in the 

transmission of the disease between generations. 

- Fasting Blood Sugar “FBS”: Blood tests are done 

after fasting a full night to find out the blood sugar 

level [32]. 

- 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 [32]. 

9- Blood Pressure "BP": The patient diastolic blood 

pressure value. 

 

 

 

Table 1. The max and min values for the DataPal dataset 

attributes are shown in Table 1 

Attribute Min Val Max 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 

4. Algorithmic foundations 

4.1 Artificial neural networks 

Artificial neural networks are one of the most 

widely used classification methods. 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.  

4.2 Particle swarm optimization “PSO” 

Many evolutionary algorithms have been applied 

to optimize the ANNs to find the optimal weights of 

the network [34]. PSO is used on the optimization 

problems of machine learning to train the ANNs and 

classify variant datasets. In this research, we propose 

to use a hybrid approach of the MLPNNs model with 

the PSO to improve the diagnosis of Diabetes 

Mellitus and its types. The PSO algorithm supposes 

to be the training method of the MLPNNs model to 

adjust the weights of the network. PSO algorithm 

consists of 𝑛 = [1,2, . . . 𝑛]  particles fly over a 𝑆 - 

dimensional search space, 𝑆 = [1,2, . . . 𝑆] according 

to the number of input attributes of a dataset. Each 

particle 𝑥𝑖has an initial position 𝑥𝑖𝑙 within the search 

space S, an initial velocity 𝑣𝑖  and a personal best 

position 𝑃𝑏𝑒𝑠𝑡,𝑖  determined based on the best value of 
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the fitness function obtained by a particle within a 

search space. The global best position 𝐺𝑏𝑒𝑠𝑡  is the 

position of the particle that has obtained the best 

fitness value among all particles. Solving an 

optimization problem means that a set of particles fly 

over a search space to evaluate the personal and 

global possible solutions. Where the velocity and the 

position of each particle are updated according to the 

best global and personal fitness values. According to 

the model used in our work, the personal best position 

𝑃𝑏𝑒𝑠𝑡,𝑖 is calculated according to Eq. (2): 

 

𝑃𝑏𝑒𝑠𝑡,𝑖 =  {𝑃𝑏𝑒𝑠𝑡,𝑖  , 𝑖𝑓    𝑓(𝑥𝑖) > 𝑃𝑏𝑒𝑠𝑡,𝑖 }          

             𝑒𝑙𝑠𝑒 {𝑥𝑖  , 𝑖𝑓    𝑓(𝑥𝑖) ≤ 𝑃𝑏𝑒𝑠𝑡,𝑖   }    (2) 

 

Where the new best position could be the current 

position if the particle has not obtained better fitness 

value or it is a new position if it is gained a new best 

fitness value. Then to calculate the global best 

position 𝐺𝑏𝑒𝑠𝑡 Eq. (3): 

 

𝐺𝑏𝑒𝑠𝑡,𝑖 =  {min(𝑃𝑏𝑒𝑠𝑡,𝑖) , 𝑤ℎ𝑒𝑟𝑒 𝑖 ∈ 𝑛 =

[1,2, . . . 𝑛] }               (3) 

 

Where it is the position of the particle with 

minimum error. The following Eq. (4) used to 

calculate the velocity of the particles: 

 

𝑣𝑖,𝑛𝑒𝑤 = 𝑤 𝑣𝑖  + 𝑐1𝑟1(𝑃𝑏𝑒𝑠𝑡,𝑖 −  𝑥𝑖) +

𝑐2𝑟2(𝐺𝑏𝑒𝑠𝑡,𝑖 −  𝑥𝑖)                                                 (4) 

 

Where 𝑤 is the inertia weight and (𝑤 𝑣𝑖) is the 

inertia component that helps the particles to 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 [0.8 , 1.2] [35], in our 

model we have supposed that it can be calculated 

as: 𝑤 = 𝑟𝑎𝑛𝑑 ∗ 0.35 , where 𝑟1  and 𝑟2  are random 

values between [0,1], 𝑐1and 𝑐2  are coefficients of 

the individual learning component (i.e. 𝑐1𝑟1(𝑃𝑏𝑒𝑠𝑡,𝑖 −
 𝑥𝑖)  ) and social learning component (i.e. 

𝑐2𝑟2(𝐺𝑏𝑒𝑠𝑡,𝑖 −  𝑥𝑖) ) where 𝑐1  and    𝑐2  usually lies 

between 0 and 2 [35].  After calculating the velocity 

of particles the new position they will be determined 

by Eq. (5): 

 

  𝑥𝑖,𝑛𝑒𝑤 =  𝑥𝑖 +  𝑣𝑖,𝑛𝑒𝑤                   (5) 

 

Where the new position of the particles in the current 

position and the velocity of the particle. 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 𝑛 

particles fly over the weights search space to 

minimize the classification error (i.e. maximum 

fitness) to update the local and global best positions. 

The training process of the PSO-MLPNNs is shown 

in Fig. 1. 

 

Step 1: A set of particles with random positions (i.e. 

initial random weights) is initialized. 

Step 2: A MLPNNs is trained using the initialized 

positions of the PSO algorithm. 

Step 3: the learning error is calculated to evaluate the 

performance of the training process. 

Step 4: the velocity and positions of the particles are 

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- 

MLPNNs again, and so on until the minimum 

classification error is reached. 

Step 5: 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. 

 
Figure. 1 The process of training PSO- MLPNNs 
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The output of each node of the trained MLPNNs 

is calculated according to Eq. (6):   
 

𝑦 = ∑ (𝑤𝑖 𝑥𝑖 + 𝑏𝑖)𝑗
𝑖=0                    (6) 

 

where i € [0,1,...j] and j is # of inputs.                         

The ANNs 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. The sigmoidal and binary 

threshold or step activation functions are two of the 

most commonly applied activation functions [37]. 

The sigmoid function has been used to activate the 

output of the MLPNNs hidden layer to estimate the 

probability of disease occurs as shown in Eq. (8). 

While the binary threshold or step function has been 

used to predict the final output of the MLPNNs as 

shown in Eq. (7). 

 

𝑓(𝑦)  = ( 1, 𝑖𝑓 𝑦 ≥ 0) 𝑒𝑙𝑠𝑒 (0, 𝑖𝑓 𝑦 < 0)      (7) 

 

               𝑌 = 1/(1 + 𝑒𝑥𝑝−𝑥)                        (8) 

5. Implementation 

The Applied models in this work are simulated 

using the Matlab R2019a platform. We have applied 

a set of machine learning algorithms that have been 

applied in various previous studies to validate the 

proposed PSO-MLPNNs model. SVM with different 

kernel functions (i.e. Linear, Radial Base, 

Polynomial, and Gaussian) [14], KNN, Discriminant 

Analysis Classifier “DA” [11], Naive Bayes “NB” [9], 

decision tree “DT” and Random Forest “RF” [42], 

where the algorithms have been used to prove the 

ability of the PSO-MLPNNs model in classifying 

diabetes. 

5.1 System parameters 

To train a feed-forward neural network we have 

to adjust the number of hidden neurons in hidden 

layers of the network. In this work, the hidden 

neurons were adjusted by try and error way to gain 

the best pattern recognition results. Table 2 

summarizes the optimal values of the following PSO 

parameters used in the proposed PSO-MLPNNs 

model in this work: 

- The coefficients of the individual learning 

component 𝑐1and 𝑐2: are the components that allow 

particles to exploiting and exploring 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 in the try and error approach. 

- 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. The small number of 

particles makes the model gets rid of its slow state if 

a large number of molecules are used [35].  

- The inertia weight component: the component that 

helps the particles to 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 

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 [0.8: 1.2] [35], in our model we have 

supposed that it can be calculated: as= 𝑟𝑎𝑛𝑑 × 0.35 . 

- The initial velocity 𝑣: the particles start searching 

the search space with an initial velocity 𝑣 . In our 

model, we have supposed that the initial velocity 𝑣 

can be calculated: as= 0.15 × 𝑥𝑖  , where 𝑥𝑖  is the 

initial position of particles. 

- The search space boundaries (i.e. the Lower 

boundary and the upper boundary) 𝐿𝐵 and 𝑈𝐵 : 

search spaces should have boundaries to prevent the 

particles from boundary violations and to stay within 

the determined boundaries. In this work, each of the 

lower and upper boundaries has been adjusted to be 

−1.5 and 1.5 respectively. They were selected based 

on the results obtained by applying different values 

and choose the optimal among them. 

 
Table 2. The PSO-MLPNNs model optimal parameters 

Parameter The optimal value 

𝑐1 2 

𝑐2 2 

Population number 30 

𝑤 𝑟𝑎𝑛𝑑 × 0.35 

𝑣 0.15 × 𝑥𝑖  

𝐿𝐵 -1.5 

𝑈𝐵 1.5 

Activation function Sigmoidal function \ hidden layer. 

The Binary Step \ output layer. 
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5.2 Feature selection 

Some features in the applied dataset may be 

irrelevant based on specialists in the field of diabetes. 

So, optimal features must be selected. In this work, 

we have applied the SVM method to select the 

relevant features. By applying feature selection to the 

“DataPal” local data set, some features that contain 

duplicate or non-useful records for the classification 

of diabetes and its types were excluded. 

5.3 Data partitioning 

Datasets divided into groups to evaluate the 

classification model performance. The K-Fold cross-

validation methodology will be used to evaluate the 

applied models. Where the dataset samples are 

separated into K-Folds randomly to train and test the 

groups through K number of iterations. 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. 

The generated folds are evaluated alternately wherein 

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. We use both two-fold 

and four-fold cross-validation because the 

distribution of our limited dataset. 

5.4 Performance metrics 

The classification accuracy, misclassification rate, 

sensitivity, specificity, precision, geometric mean, 

and F-Measure metrics were used to evaluate the 

three models' performance [15] [16]. These metrics 

are used with the models that typically apply the 

imbalanced datasets in their evaluations. 

The Accuracy of pattern recognition models is 

calculated according Eq. (9): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
   ×  100 %       (9) 

 

Precision: is the percentage of samples that have been 

predicted as positive class correctly to all samples 

that have been predicted as a positive class as shown 

in Eq. (10): 

 

      𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 ×  100 %             (10) 

 

Sensitivity or Recall: this is the percentage of samples 

that have 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 shown in Eq. (11) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 ×  100 %          (11) 

 

Specificity: is the percentage of samples that have 

been predicted as negative class correctly to all 

samples that have been predicted as negative class 

correctly and incorrectly as a positive class. Is the 

measurement used to evaluate the accuracy of 

negative cases, as shown in Eq. (12): 

 

         𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
 ×  100 %         (12) 

 

Where True Positive TP, False Positive FP, True 

Negative TN, and False Negative FN. 

6. Results and discussions 

In this section, we compare and discuss the results 

of our experiments using the applied models. The 

DataPal dataset is divided using two-fold and four-

fold cross-validation into two sub-datasets to train 

and test the applied models. The SVM with different 

kernels [14, 39, and 41] which is considered as one of  

 
Table 3. The results of applying different machine 

learning models using two-fold cross-validation 

Approach Performance Metrics 

 Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

MLP-NN [38] 97.15% 99.23% 87.03% 

Linear-SVM 

[14] 

96.17% 97.32% 90.38% 

Polynomial- 

SVM [39] 

94.9% 96.92% 85.18% 

Gaussian- 

SVM [41] 

95.2% 96.97% 88.23% 

RBF-SVM 

[14] 

95.2% 96.97% 88.23% 

K-NN [41] 93.63% 95.11% 85.41% 

DA [41] 96.49% 97.7% 90.56% 

NB [40] 96.81% 98.46% 92.3% 

DT [41] 95.22% 96.22% 89.79% 

RF [42] 95.22% 96.57% 88.23% 

PSO- 

MLPNNs 

98.73% 99.24% 94.45% 
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Table 4. The results of applying different machine 

learning models using four-fold cross-validation 

Approach Performance Metrics 

 Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

MLP-NN 

[38] 

96.7% 98.97% 85.85% 

Linear-SVM 

[14] 

96.18% 97.69% 88.88% 

Polynomial- 

SVM [39] 

95.23% 97.66% 84.21% 

Gaussian- 

SVM [41] 

95.87% 97.31% 88.67% 

RBF-SVM 

[14] 

95.87% 97.31% 88.67% 

K-NN [41] 93.62% 96.96% 79.06% 

DA [41] 96.81% 97.70% 92.30% 

NB [40] 96.81% 97.70% 92.30% 

DT [41] 93.94% 97.25% 79.66% 

RF [42] 96.17% 97.32% 90.38% 

PSO- 

MLPNNs 

97.77% 99.48% 93.12% 

 

the most powerful machine learning algorithms has 

been applied to the DataPal dataset. 

It can be noticed from Table 3 that the Linear-

SVM model was accurate in classifying the types of 

diabetes by up to 96.17%. But it was ineffective in 

predicting T1DM, which is the most dangerous type 

of diabetes. Both KNN and DA algorithms were able 

to predict the types of diabetes by up to 93.63% and 

96.49% respectively. Therefore, both KNN and DA 

were unable to predict T1DM efficiently. Each of the 

NB, RF, and DT has obtained convergent results in 

predicting the “DataPal” dataset by up to 96.81%, 

95.22%, and 95.22 respectively. 

The proposed PSO- MLPNNs model was the 

most accurate model with classification accuracy up 

to 98.73%. The PSO- MLPNNs model was the best 

in T2DM and T1DM predictions by up to 99.48% and 

94.45% respectively as shown in Table 3 and Table 4 

that summarize the results obtained by applying 

different machine learning methodologies using two-

fold and four-fold cross-validation methodologies.  

As shown in Tables 3 and 4, the hybrid model of 

PSO-MLPNNs outperforms the other known 

machine learning classification algorithms in 

classification accuracy, sensitivity, and specificity. 

The results show that based on various features used 

in the literature, such as the number of pregnancy 

rates, diastolic blood pressure, body mass index, age, 

etc. 

The percentage of successes of the hybrid model 

is very high, it’s clear that the proposed model found 

 

 
Figure. 2 Accuracy values comparison using two-fold 

cross-validation 

 

 

Figure. 3 Accuracy values comparison using four-fold 

cross-validation 

 

 

Figure. 4 Sensitivity values comparison using two-fold 

cross-validation 
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Figure. 5 The sensitivity values comparison using two-

fold cross-validation 

 

 
Figure. 6 Specificity values comparison using two-fold 

cross-validation 

 

 
Figure. 7 Specificity values comparison using two-fold 

cross-validation 

 

better results to diagnose diabetes. This finding 

further facilitates the detection of the disease by 

contributing to its prevention Fig. 1 and 3 illustrate 

the classification accuracy of applying the PSO- 

MLPNNs model with two-fold and four-fold cross-

validation methodologies. 

Fig. 2 and 4 show the ability of our model in 

classifying T2DM by up to 99.48%. 

Fig. 3 and 6 show how our model outperforms 

other models in predicting the most serious types of  

diabetes T1DM. 

7. Conclusions 

Taking into account all risks of diabetes, early 

stages and types 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.  

This research aimed to determine effective 

variables and their impact on diabetes and estimating 

a neural network hybrid model with PSO to Predict 

and classify diabetes types. Thus, in this work, we 

have collected a local Palestinian dataset "DataPal" 

With the assistance of the Palestinian Diabetes 

Institute. For the first time, a Palestinian dataset was 

applied using machine learning algorithms to predict 

diabetes types. The collected dataset was used to train 

the proposed PSO-MLPNNs model in addition to a 

set of machine learning algorithms.  The parameters 

of the PSO optimization algorithms were optimized. 

Then the optimized PSO algorithm has been used to 

adjust the MLPNNs weights values.  In conclusion, 

The PSO-MLPNNs model has proved its ability in 

predicting each of T1DM and T2DM with an 

accuracy of 98.73%. The PSO-MLPNNs model has 

outperformed each of the MLPNNs, SVM, K-NN, 

DT, DA, NB, and RF algorithms in classifying 

T1DM and T2DM. Each of the MLP-BPNN and the 

SVM have gained an accuracy of 97.15% and 96.18% 

respectively, the highest accuracy percentages 

compared to the other models applied in this work (i.e. 

K-NN, DT, DA, NB, and RF). Given the results 

obtained, the PSO-MLPNNs 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 future, 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 preventive treatments and advice. 

The Fuzzy-Rule Based system will be used with the 

PSO-MLPNNs model to predict diabetes and give 

preventive treatments automatically. Also, 

developing a prediction and classification system 
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with real-time remote monitoring applications, 

measure the effective cost of implementing them, and 

the impact they can have on people's lives. 
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