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Abstract

The worsening of health problems among people worldwide is attributed to one of the main causes of
disease, resulting from sudden changes and irregularities in blood sugar levels. It should be noted here that
the rapid spread of such a disease may have a negative impact on the world’s economic and social
structures. Based on the above, not being able to control, diagnose, and provide necessary treatments for
such disorders may result in serious complications affecting vital organs in the human body, such as
peripheral nerve damage, kidney problems, retinal issues, and, in some critical cases, problems with the
coronary arteries. Consequently, there is a vast amount of research and experimentation in the medical
field focused on developing and updating mechanisms for the prevention of diabetes as well as methods
for its early detection. As a result of the tremendous advancements in data analysis and prediction using
machine learning algorithms across various fields, particularly in the medical field, these algorithms can
contribute to the early prediction and detection of diseases. Based on the above, this paper proposes a
detailed study of four proposed machine learning algorithms that contribute to improving the diagnosis of
this type of disease. This research analyzes the effectiveness of various machine learning algorithms in
processing datasets with minority classes. Evaluation was based on the classification report (including
accuracy, precision, recall, and F1-score), the confusion matrix, and the ROC AUC. The Artificial Neural
Network (ANN) is the classifier that warrants special recognition, as it attains an accuracy rate of 97%.
Strong performance and incremental differences indicate that the Random Forest and Decision Tree
models can manage the dataset well. Nevertheless, the Support Vector Machine (SVM) model exhibits a
lower performance rate than all of the aforementioned models, with a 96.36%. It appears to have difficulty
accurately classifying less frequent instances.

Keywords- Diabetes prediction, Neural network, Random Forest and Support Vector Machine.

I. INTRODUCTION

Diabetes mellitus, or simply diabetes, describes a group of metabolic diseases that result in high blood sugar levels, also known as
hyperglycemia. As time goes by, it can lead to severe and intricate health and systemic complications, including renal failure, heart
attack, apoplexy, peripheral arterial disease, cardiovascular disease, and damage to the micro and macro blood vessels and nerves.
Research by the Canadian Diabetes Association indicates that in Canada, the number of diabetes patients will grow from 2.5 million in
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the year 2010 to 3.7 million patients by 2020. The growing number of diabetes cases is a global problem, not limited to Canada alone
[2]. Currently, in Thailand, a third of people with diabetes are undiagnosed, bringing to light serious worries about the diabetes
epidemic. Observations also show a trend towards younger individuals being diagnosed with the condition.

Furthermore, women are found to be more affected by diabetes than men, and the disease is more frequent among obese individuals
than those of normal weight. These insights are driving interest in disease classification research, which holds considerable promise
for improving healthcare and tailoring treatment to individual needs [3]. However, the existing models face several issues, such as
limited classification performance, poor generalization [3], and difficulties in capturing imbalanced data [4].

This study aims to develop a technique for predicting diabetes risk in an individual without blood samples and hospital visits, which
enhances health awareness and promotion. Furthermore, this research aims to develop an online diagnostic application, which is
expected to be developed to be easily usable by the general population. It is important to note that this application is intended
primarily for the purpose of preliminary identification of possible patients only. Individuals who, after screening, are considered to be
at risk of diabetes are advised to get a medical evaluation from a qualified doctor for timely and appropriate management of diabetes-
related complications.

The arrangement of this paper is as follows: It opens with the section: "Literature Review", which gives details about the literature
central to the methods of developing the prediction models and background information. Next, the "Methodology™ section outlines the
strategies implemented to plan and carry out the study. In this research paper, the section on experimental results briefly summarizes a
set of findings. The Results and Discussion section ranks the findings in order of importance, addresses the limitations, and highlights
areas for further development. Finally, the conclusions section summarizes the main points addressed in this paper.

Il. LITERATURE REVIEW

A study conducted by Kandhasamy et al. [4] aimed to diagnose diabetes by using a variety of machine learning algorithms and
comparing their performance. The study included algorithms such as random forest, support vector machines, k-nearest neighbors, and
the J48 decision tree. To evaluate the performance of these classifiers, data samples coming from the UCI machine learning repository
were used for assessing the diagnostics accuracy/accuracy of detection/classification for reviewing the condition.

A study by Nai-Arun et al. [3] specifically investigated four popular classification models: Artificial Neural Networks, Decision Tree,
Logistic Regression and Naive Bayes. After this initial assessment, the work investigated Bagging and Boosting methods to enhance
these classification models' performance and reliability. In this research, Ribeiro et al. [5] proposed a data classification methodology
that improves the efficiency of input preprocessing by reducing data redundancy using well-known ICA methods like JADE, Fast
ICA, and INFOMAX. A one-class SVM classifier was used for diabetic/non-diabetic classification. The efficiency of
this classification was tested using a combination of non-invasive and invasive measures.

In this regard, Hayashi and Yukita, in their [6] study, proposed an example of clear, understandable, and precise classification rules
from the Pima Indian Diabetes (PID) dataset through a new rule extraction algorithm, Re-RX, coupled with J48graft, combined with
the selection techniques of sampling (sampling Re-RX with J48graft. The research in Mercaldo et al. [7] proposed a method using a
machine learning algorithm able to distinguish between diabetic and non-diabetic patients. They evaluated their method on real-world
data extracted by the Pima Indian population near Phoenix in Arizona. Indoria et al. [8] focused on recent machine learning
developments, which have made major impacts on diabetes detection and diagnosis. Nilashi et al. [9] used machine learning
techniques, a new hybrid intelligent system for diabetes disease classification. To cluster the experimental diabetes disease dataset,
they applied EM clustering algorithm. and for the classification of disease types, they use the SVM algorithm. In addition, PCA was
used to reduce dimensionality and address multicollinearity in the dataset. Lukmanto et al. [10] used FS to find the useful features in
the dataset and to train the dataset with the aim of generating the fuzzy rules, using SVM at last, and classifying the output through a
Fuzzy inference process. Rawat et al. [11] introduced five machine learning techniques to analyse and predict Diabetes
Mellitus: Logic Boost, AdaBoost, Naive Bayes, Robust Boost, and Bagging. Deo et al. [12] aimed to evaluate the effectiveness of
various classifiers in predicting patient disease probabilities with high precision and accuracy. They conducted experiments using nine
attributes sourced from the UCI Repository, applying several classification algorithms: Support Vector Machine (SVM), Decision
Tree (DT), Random Forest (RF), K Nearest Neighbor (KNN), Naive Bayes (NB), and Logistic Regression (LR)—on the Pima Indians
Diabetes dataset.

Divakar et al. [13] developed a model that can effectively predict diabetes to enable early detection of the disease. Two classification

algorithms were used in their work: the Support Vector Machine and the Fine Decision Tree. Maniruzzaman et al. [1] applied a
feature selection mechanism to give the highest classification accuracy. In order to verify their hypothesis, they developed a machine

—G)@ L :
http://doi.org/10.58564/1JSER.4.2.2025.315 @ Bv_sa https://ijser.aliragia.edu.iq



Ny . L L
#7430  Al-lragia Journal for Scientific Engineering Research, Volume 4, Issue 2, June 2025
=~  ISSN: 2710-2165

22 of 32

learning system that combines the Logistic Regression and Random Forest. YE et al. [14] employed a variety of techniques in NLP
and ML, including the use of a CNN with both word embeddings and UMLS entity embeddings. Kumari et al. [15] employed a
feature selection with the help of a neighborhood search method in order to get an effective subset of features that enhances
classification performance. Then, a feature ranking model refines the selected features. Finally, a neural network classifier was trained
to classify these features. Mainenti et al. [16] attempted to apply machine learning algorithms to classify various types of
diabetes mellitus based on clinical data collected from patients with diabetes through standard hospital routines. Bashir et al. [17]
considered two Pima Indian diabetes datasets to analyze different cases of diabetes mellitus. They indicated that several machine and
deep learning approaches had already been applied in the past to these types of Pima Indian Diabetes datasets, and hence a number of
highly successful diagnostic tools for diabetes had come into existence. They have also identified the research gap in the application of
varied techniques within the biomedical field. Zhou et al. [18] proposed to diagnose current health conditions and estimated the risk of
diabetes, treating it as a classification problem. The approach in that work was inspired by the model which is reliant on the hidden
layers of a deep neural network along with dropout regularization to avoid overfitting. Abiyev et al. [19] suggested a diagnosis of
diabetes using a neural network together with a Type-2 fuzzy system. Using statistical data, they used the framework of a Type-2
fuzzy neural network (T2FNN) to evaluate T2FNN for the diagnosis of diabetes.

Alyoubi et al. [20] designed fully automated diagnostic systems that outperform conventional manual techniques in terms of reducing
errors and saving time and costs, thus reducing manpower. These systems classify images of Diabetic Retinopathy into five stages-no-
DR, mild, moderate, severe, and proliferative DR with high efficiency, and help identify the exact site of lesions on the retina.
NAHZAT et al. [21] used the Pima Indian Diabetes Dataset to implement several machine learning classifiers such as Random Forest
(RF), K-Nearest Neighbors (KNN), Artificial Neural Network (ANN), Decision Tree (DT), and Support Vector Machine (SVM) for
forecasting diabetes. The accuracy of the performance varied among the different models used. Dudkina et al. [22] developed a
machine learning model based on decision tree techniques. Aparicio et al. [23] carried out a systematic review across 90 studies to
explore major opportunities for improving diabetes prediction through machine learning. They evaluated eighteen different models,
finding tree-based algorithms to be the most effective. Despite the ability of Deep Neural Networks to process large and noisy
datasets, their performance was not as strong in this specific application. A variety of studies on the detection and diagnosis of
diabetes are summarized in Table 1.

TABLE I. LISTS DIFFERENT PUBLICATIONS THAT ADDRESS DIABETES MELLITUS WITH DIFFERENT ALGORITHMS
Reference Dataset Algorithms Feature Processing Highlights Research Gap
[4] UCI Repository J48, KNN, Random Non Basic ML classifiers Lack of feature engineering
Forest, SVM compared
[3] Not explicitly stated | ANN, Decision Tree, Non Improvement with No mention of feature
Logistic Regression, ensemble methods selection and only
Naive Bayes
[5] Non One-class SVM ICA (JADE, Efficient preprocessing for | Focus on binary SVM
FastICA, classification
INFOMAX)
[6] Pima Indian Re-RX with J48graft Rule extraction Explainable Al with rule lacks an evaluation hybrid
Diabetes dataset generation model
[7] Real-world PID data | Not explicitly named Non Real-world dataset No performance metrics to
(Phoenix, Arizona) evaluate
[8] General overview Recent ML algorithim Non Review of ML no empirical model
developments in diabetes evaluation
[11] Non Logic Boost, AdaBoost, Non investigate multiple non
Naive Bayes, Robust ensemble models
Boost, Bagging
[12] UCI dataset SVM, DT, RF, KNN, Nine featuers Comparison of multiple No advanced preprocessing
NB, LR ML models or ensemble integration
[13] Non SVM, Fine Decision Non Early detection risk restricted algorithmic field
Tree
[1] Non Logistic Regression, Feature Selection Highest accuracy Lacks validation hybrid
Random Forest classification model
[14] Non CNN with NLP Word + UMLS Use of embeddings in Misses structured features.
techniques embeddings classification
[15] Non Neural Network The relevant feature | Refined feature subset via Lacks benchmark
is selected and neighborhood search
ranked.
. [16] clinical dataset Non Non Applied ML to hospital Models not specified
routine data
[17] Two Pima Indian ML and DL algorithms Non Historical review of No implementing new
datasets successful models models.
@ 00
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[18] Non DNN / dropout Integration Deep Risk levels classification No update models
learning with
regularization
[19] Statistical data Type-2 Fuzzy Neural Fuzzy logic Integration of NN and High computation load
Network integration fuzzy logic
[20] Retinal images CNN classification Classifies DR stages with not specified for predicting
high efficiency diabetes
[21] Pima Indian RF, KNN, ANN, DT, Non accuracy evaluation for No advanced preprocessing
Diabetes Dataset SVM comparison applied to features.
[22] Non Decision Tree Non ML model based on DT No benchmark for
evaluation
[23] 90 datasets 18 ML algorithms Non Tree-based algorithms are misses structured features
used
I1l. METHODOLOGY

The procedures for detecting the disease in this study are presented in the form of a proposed diagram, as shown in Figure 1. The
first step involves cleaning the database by removing duplicate data or missing values and deleting records, a process known as
preprocessing. This is followed by converting the data formats to a numerical format using a one-point coding algorithm. Furthermore,
to enhance the convergence of machine learning models and standardize feature scales, data hormalization is performed. Finally, to
detect blood sugar levels and distinguish between patients and healthy individuals, this paper developed four machine learning models
(SVM, RF, DT, and ANN).

Normal

. Upnormal

Preprocessing data

Trai/ feature engineering

Test

Classification Algorithms

—

Dataset

Performance Evaluation Analysis & Visualization

Fig.1. Suggested mechanism of the diabetic diagnosis system.

A. Artificial Neural Network

Acrtificial neural networks (ANNS) are constructed using a vast array of interconnected nodes designed to mirror the neurons found in
the human brain. It is worth noting here that the successful results achieved in data interpretation and processing are primarily
attributed to the collaborative work among these nodes. Artificial neural networks consist of layers with different functional
characteristics: the first layer is the input layer, responsible for gathering all the data for the algorithm. The artificial neural network
also contains a hidden layer or set of hidden layers capable of analyzing and processing the data received from the preceding layer and
forwarding it to a final layer known as the output layer, which outputs the final result after receiving and displaying the information as
an output.[21].

The model proposed in this paper consists of an input layer with 64 neurons, followed by a second layer with 32 neurons, and a
SoftMax output layer used for classification. Furthermore, to reduce computational load and overfitting, a Dropout layer has been
added.

B. Random Forest

The technical capabilities of the Random Forest approach in handling regression and classification make it widely used. This approach
is characterized by its ability to develop large numbers of decision trees within the training period. To produce the result, it calculates
the predictor's average or selects the dominant class in regression and classification tasks, respectively. To enhance the overall
effectiveness of this model, additional randomness is incorporated during tree construction through a bagging strategy. A set of sub-
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attributes is randomly selected, and the optimal attribute is chosen rather than the one deemed most important for node segmentation.
This random attribute selection (increasing randomness) contributes to improving the model's accuracy[12].

The parameter tuning of RF is configured to 100 and 10 for the number of estimators and maximum tree depth, respectively, to avoid
overfitting. To ensure robust splitting, each leaf node takes a minimum of 4 samples. A 5-fold cross-validation with GridSearchCV is
performed to obtain the optimal parameters. No class weights or balanced class weights are employed to avoid bias due to class
imbalance.

C. Support Vector Machine

Support Vector Machine (SVM) is a classification methodology developed by Corinna Cortes and Vladimir Vapnik. Serving as a
classifier, it employs a specific learning algorithm to organize input data for classification purposes and is adaptable for use in
regression scenarios as well. As a type of supervised learning, the SVM aims to differentiate between data points by maximizing the
margin between the classes in an expanded dimensional setting. It achieves this by creating a hyperplane that distinctly divides the
classes after the data has been transformed into a space of higher dimensions. Notably, SVM is proficient in executing non-linear
classification effectively by leveraging the kernel trick [24].

An RBF kernel is employed in the SVM classifier with regularization parameter C ([1, 10]) and kernel coefficient gamma ([0.01,
0.1]). GridSearchCV optimized these parameters to ensure a robust model and maximize classification metrics.

D. Decision tree classifier

Decision trees can find broad applications in the areas related to machine learning, image processing, and pattern identification. They
are flow-like models that integrate into one series of basic tests inside a smooth, well-organized model. Each test in this tree has a
numerical feature against a threshold value. The process of formulating the set of principles guiding decision trees is usually easier
than working out the numerical links between nodes in a neural network.

Decision trees are primarily used for classification, and hence, this is one of the most popular methods within Data Mining. Every tree
is composed of nodes and branches. In any given category, for classification purposes, each node represents characteristics, while each
branch reflects the possible value that could be taken by the node. Decision trees are especially renowned for being simple to
comprehend and have promised robust performance over a broad spectrum of different types of data. For these reasons, decision trees
have found their way into an immense array of applications [25].

Multiple values of max depth (None, 10, and 30) are assigned in the decision tree, with minimum samples split of 5 or 10. The tuning
parameters were selected by 5-fold cross-validation to ensure a balance between classification metrics and avoiding bias.

IV. EXPERIMENT RESULTS

A. Data acquisition

The training of machine learning models and the selection of the best model for diagnosing diabetes were based on a dataset used for
disease detection provided by Kaggle [26]. The importance of this dataset stems from the diversity of its information, which combines
demographic and medical data. This dataset includes data points such as gender, body mass index (BMI), age, history of heart disease,
history of hypertension and cardiovascular disease, tobacco use, glucose concentration, and HbAlc measurements, as shown in the
table below. The dataset is employed to forecast the presence of diabetes, depicting its absence as '0' and its presence as '1'. This table
comprises nine columns that contain a combination of textual, decimal, and integer data. The dataset contains 96,128 records.

TABLE II. DATASET DESCRIPTION

No. Attributes Description

1 Gender Identifies as male or female

2 Age The individual's age in years

3 Hypertension A condition often seen alongside diabetes,
characterized by elevated blood pressure

4 Heart_disease Includes various heart-related issues, such
as coronary artery disease and heart
failure

5 Smoking_history | Details regarding an individual's smoking
habits

6 Bmi Body Mass Index, an indicator of body fat
derived from height and weight

7 Hbalc_level Reflects the mean blood sugar
concentration over the last 2-3 months
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8 Blood_glucose_I | The concentration of sugar in the
evel bloodstream at a specific moment
9 Diabetes A binary indicator where 0 represents
absence and 1 indicates presence of
diabetes.

B. Data pre-processing and feature engineering

Preprocessing is one of the most important preparations for model training. Our dataset, comprising 96,128 rows and 9 columns (four
integers, three decimals, and two strings), underwent comprehensive data cleaning and missing value handling. To effectively manage
categorical features, we employed techniques in Feature Encoding, especially one-hot encoding, so that these variables are
appropriately preprocessed by the machine learning algorithms. The distribution of the dataset is severely imbalanced, as shown in
Figure 2; 91.5% of the samples belong to class 0 (normal class), while 8.5% belong to class 1 (diabetic class). Particularly in the
artificial neural network algorithm we adopted here, the split of the data is 80% for the training process and 20% for testing.

diabetes Distribution

80000 -

60000 -

count

40000

20000 -

diabetes

Fig.2. The diabet dataset classes

C. Hyperparameters Tuning

Following the preprocessing steps, we advance to the training of the models. We utilize GridSearchCV for the precise adjustment of
hyperparameters in the random forest, decision tree, and SVM algorithms, as detailed in Table Il1. The refinement of hyperparameters
plays a vital role in boosting the efficiency of machine learning models. It consists of identifying the ideal set of hyperparameters that
prevent both overfitting and underfitting, thus guaranteeing the models operate at their highest capability.

TABLE I11. THE BEST HYPERPARAMETER
Algorithm The best hyperparameter (using GridSearchCV)
Random forest | {'class_weight': None, 'max_depth': 10, 'min_samples_leaf': 4, 'n_estimators":
100}
Decision tree {'max_depth": 10, 'min_samples_split": 5}
SVM {'C" 10, 'gamma’: 0.1}

@00
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performance metrics
There are many factors to measure the performance of methods, which are explained below.

A. Confusion Matrix

The trained prototype is evaluated on the test set. A confusion matrix is used to visualize the model's performance [27]. The
predictions of the model are shown in Figure 3. Where:

True Positive (TP): These are the cases where the actual class is positive (diabetes) and the model correctly predicted them as

positive.
True Negative (TN): These are the cases where the actual class is negative (normal) and the model correctly predicted them as
negative.
False Positive (FP): These are the cases where the actual class is negative (normal) and the model incorrectly predicted them as
positive.
False Negative (FN): These are the cases where the actual class is positive (diabetes) and the model incorrectly predicted them as
negative.
Confusion Matrix 1.0
0.8
0- TN FP
0.6
©
ju
g 1 0.4
= FN TP 1 0.2
4 0.0
o 1
Predicted — 0.0
Fig. 3. Standard confusion matrix
B. Prescion

Precision (equation (1)) evaluates the correctness of positive identifications, defined by the proportion of true positives (TP) relative to
all positive predictions made, which includes both true positives (TP) and false positives (FP).

Precision=TP/(TP+FP) ooo

C. Recall

Recall, or Sensitivity (equation (2)), assesses the ability to accurately detect real positive cases. It is determined by the ratio of true
positives (TP) to the aggregate of actual positives, encompassing both true positives (TP) and false negatives (FN).

Recall=TP/(TP+FN) mnin|

D. Fl1-score

The F1 score (equation (3)) serves as the harmonic mean of Precision and Recall, designed to equally weigh both metrics. It's
computed by doubling the product of Precision and Recall, then dividing this by the addition of Precision and Recall.

F1 Score=2#Precision*Recall/ (Precision + Recall 71110 1010 O 0 0

In these formulas, True Positives (TP) are cases where a prediction of diabetes being present matches the actual condition. True
Negatives (TN) are cases where both the prediction and actual condition agree on the absence of diabetes. False Positives (FP)
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describe scenarios where diabetes is incorrectly predicted to be present when it is not. Conversely, False Negatives (FN) are instances
where diabetes is present but was not predicted.

V. THE RESULT AND DISCUSSION

The dataset was applied to the four algorithms, and the results gained from them are illustrated below.

The confusion matrix resulting from each algorithm is illustrated in Figure 4.

Confusion Matrix Confusion Matrix

o 9 o ]
= ©
3 2
g £
=78 1140 - - 591 1110
-
' ] (o] 1
o 1 predicted
(a) (b)

Confusion Matrix Confusion Matrix

=] 17496 12
(=} 17517 8
— o
2 2
B E
<
— = 687 1031
- 575 1126
]
' 0 1
o 1 Predicted
Predicted
(c) (d)

Fig. 4. The resulted confusion matrix from (a) NN (b) RF (c) DT (d) SVM

There are minor variations across the results of the four algorithms. The Artificial Neural Network (ANN) records the greatest count
of true positives (TP), which refers to accurately classifying abnormal patients. Meanwhile, the Random Forest (RF) algorithm
achieves the highest true negatives (TN), which means it is most effective at classifying normal people.

For the FN, the artificial neural network and decision tree give nearly the same numbers as the decision tree, giving the lo+-west
number, meaning it can reduce the number of patients with diabetes that are predicted as non-diabetes. The FP the random forest
algorithm give the lowest number (zero) meaning it does not make a wrong prediction for the persons who are non-diabetes.

Finally, each model achieves good results in different areas, spotlighting trade-offs between minimizing FN and FP to ensure correct
predictions.

TABLE IV. THE ACCURACY, PRECISION, RECALL, AND F1-SCORE

Algorithm Tr Acc/ Ts | Precision recall F1-score

Acc 0 1 0 1 0 1
NN 97 % 0.97 0.99 1.00 0.66 0.98 0.80

97.06%
RF 96.926% 0.97 1.00 1.00 0.65 0.98 0.79
DT 97.173% 0.97 0.99 1.00 0.66 0.98 0.79

96.967%
SVM 96.364% 0.96 0.99 1.00 0.60 0.98 0.75
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Tr: Train, Acc: Accuracy, Ts: Test

From the Table IV we can observe that the accuracy nearly the same with no overfitting, while the artificial neural network have the
highest accuracy. Despite the recall being relatively lower, this indicates that more improvement is required for positive case
detection. Improvements such as feature selection and data augmentation can enhance positive case detection without compromising
accuracy.

As for the F1 score, all algorithms yield a 98% score for class0, but the neural network distinguishes itself with the highest F1 score of
80% for classl. Regarding the precision, the Random Forest algorithm outperforms others for class1, showcasing its efficiency. For
the recall of classO, each algorithm demonstrates equal effectiveness, correctly classifying individuals as non-diabetic. The SVM
achieves accuracy close to that of the ANN, but it achieves lower recall, which indicates it is critical to improve for use in the medical
field. Accordingly, SVM needs other processes like data augmentation and feature selection to enhance its reliability for this task.

The accuracy curve of the Artificial Neural Network (ANN) is shown in Figure 5; the curve explains that the ANN model was
effectively trained with minimal overfitting, as indicated by the close accuracy values between training and validation datasets.

Training and Validation Accuracy Over Epochs

1.0
—
0.8 1
0.6 1
>
("]
e
=
o
g
0.4 1
0.2 1
—— Training Accuracy
Validation Accuracy
0.0 T T T T T T
0 20 40 60 80 100

Epochs

Fig. 5. The accuracy of NN

The ROC Curves help in understanding the balance between true positive rate and false positive rate at various threshold
settings. PRC Curves are particularly useful in evaluating models on imbalanced datasets. They represent the equilibrium
between precision and recall attained by modifying thresholds. A higher area under the curve (AUC) indicates both high
recall and high precision, meaning that the classifier is returning more correct results as well as returning most of the all
relevant results. The accuracy of a test increases as its ROC curve closely traces the left edge and subsequently rises along
the top edge of the ROC space.

Q.00
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Fig. 6. PRC and ROC curves (a) ANN (b) RF (c) DT (d) SVM

Figure 6 shows the ROC and PRC curves for each method. The ANN has an AUC of 0.98 for ROC and 0.88 for Precision-Recall.
Random Forest (RF) has ROC AUC: 0.97 and Precision-Recall AUC 0.87. DT has ROC AUC: 0.97 and Precision-Recall AUC: 0.85,
finally Support Vector Machine (SVM) ROC AUC: 0.94 and Precision-Recall AUC: 0.82.

With the highest AUC in both the ROC and Precision-Recall curves, the ANN looks to perform the best among the four algorithms
based on these AUC values. This implies that it offers the optimum compromise between precision and recall (Precision-Recall) and
between sensitivity and specificity (ROC), two crucial criteria for classification tasks.

The ROC AUC analysis shows that both Random Forest and Decision Tree algorithms exhibit comparable performance, with
Random Forest achieving a slightly higher Precision-Recall AUC. This could indicate that Random Forest performs slightly in an
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imbalanced datasets, particularly for identifying the positive class. Among the algorithms evaluated, SVM demonstrates the lowest
AUC values for both curves, indicating a weaker performance, as well as the others, in distinguishing between the classes.
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Fig. 7. Scatter plots

Figure 7 illustrates a set of critical parameters, including accuracy, precision, recall, and F1 score, for evaluating the performance of
the proposed models on Class 1 (the positive class) in this paper. Despite the accuracy demonstrated by these models, as indicated in
Figure 7a, and the fact that the accuracy of these systems was acceptable values ranging from 0.96 to 0.97, the recall values range
from 0.60 to 0.66 as appeared in figure 7b, and this indicates differences in their ability to reliably identify positive cases. F1 score,
which is defined as the harmonic mean of precision and recall, is characterized by a value range of 0.75 to 0.80, as illustrated in Figure
7-c. This value is ascribed to fluctuations in the accuracy of diagnosing positive cases.

With accuracy values ranging from 0.96 to 0.97 for the Accuracy Comparison displayed in Figure 7(a), there is little variance in
accuracy among the algorithms, demonstrating consistent performance across several models. The scatter plot in Figure 7(b)'s Recall
Comparison illustrates each algorithm's recall score for class 1 (positive class). Algorithms' recall values range from 0.60 to 0.66,
reflecting differences in their ability to reliably recognize positive cases. Compared to Random Forest and SVM, Artificial Neural
Network and Decision Tree have greater recall ratings, indicating that they perform better at catching positive instances. The F1-
scores, which represent the harmonic mean of precision and recall for the positive class, range from 0.75 to 0.80, as shown in the F1-
score Comparison in Figure 7(c). Similar to the recall results, Artificial Neural Networks and Decision Trees achieve higher F1-scores
than Random Forests and SVM, indicating superior overall performance in balancing precision and recall.

For the Precision Comparison shown in Figure 7(d), Precision values range from 0.99 to 1.00, reflecting the ability of each algorithm
to correctly classify positive instances among all predicted positive instances. Every method exhibits a high degree of precision, with
very little fluctuation.

Contain bar charts for different performance metrics (Accuracy, Precision for Class 0 and Class 1, and Recall for Class 0) across
several algorithms (Artificial Neural Network, Random Forest, Decision Tree, and SVM)..
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Fig. 8. The performance metrics for the four proposed models

A comparison of the actual performance of these systems can be observed by examining Figure 8, which presents three
performance metrics, accuracy, precision, and recall, for the four machine learning models across both Class 0 and Class 1. The results
for the Accuracy factor showed that the four models achieved high performance rates ranging from 96% to 97%. This indicates that
the above models are capable of general classification with good accuracy. The figure also shows that the precision calculations for
the four models yield excellent results ranging from 0.97 to 1.00, with a slight advantage for class 1 in the Random Forest model. As
for recall, the four models in class 0 achieved an optimal value close to 1, which clearly demonstrates these models’ ability to
accurately detect without loss.

VI. CONCLUSION

Early prediction and diagnostic accuracy help reduce the high likelihood of various complications arising from diabetes.
This is the main conclusion of this research paper, which developed four machine learning algorithms capable of
accurately diagnosing and predicting the disease. The proposed model, which is built with an artificial neural network
(ANN) achieved a diagnostic accuracy of approximately 97%. Moreover, regarding the minority class, the proposed
model demonstrated the ability to effectively recall and manage precision. In parallel, classification algorithms, for
instance, decision trees and random forests, demonstrated the ability to handle the dataset robustly, as evidenced by their
performance metrics and confusion matrices, with only minor differences. In contrast, the Support Vector Machine
(SVM) gained an overall accuracy less than that of other methods and reached approximately 96.36%. The high ability to
capture the nonlinear relationships within patient data, achieved through the implementation of artificial neural networks
(ANNS), may assist in providing accurate diagnoses to reduce the prevalence of this disease. In conclusion, based on the
benefits derived from using the above machine learning models, which can be considered resources to assist physicians in
diagnosing or predicting the disease, and which can contribute to patient health management. Finally, to address
imbalanced data, the artificial neural network (ANN), Decision Tree, and Random Forest algorithms provided a good
balance when comparing recall with precision, which is an important aspect, as shown in similar peer reviews. This
research improved diabetes detection and prediction by using each machine learning model individually. This may also
affect future works to combine these methods to improve accuracy or handle imbalanced class data.
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