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ARTICLE INFO ABSTRACT

Received: 30 Dec 2024 Diabetes is one of the most dangerous diseases that a significant number of people worldwide.

An accurate and timely diagnosis of diabetes helps to minimise the overall prevalence of the

illness and save the lives of diagnosed individuals. Researchers have proposed a number of

Accepted: 24 Feb 2025 diagnostic procedures for the identification of diabetes, but such methods should be improved
to guarantee accurate and effective diagnosis. This study aims to develop accurate and timely
predictions about diabetes to save the lives of diabetic patients. A three-stage integrated
methodology was developed for accurate diagnosis and applied to a Pima Indian Diabetes
(PID) Dataset. SMOTE technique was used to balance the dataset and ensure the lack of bias
during the training process. The proposed methodology is mainly based on a hard voting
classifier that predicts whether a patient will develop diabetes or not. Finally, a set of metrics,
namely, accuracy, k-fold cross validation, AUC, precision, recall and f1 score, was used to test
the performance of the proposed methodology in diagnosing diabetes. Results showed the
superiority of our proposed methodology, with values of 90%, 83.9% with 10-fold cross-
validation, 0.901, 0.871, 0.926 and 0.898, respectively.

Revised: 14 Feb 2025

Keywords: Diabetic Disease, Artificial intelligence, Machine Learning models, Prediction,
Hard Voting Classifier, SMOTE, Cross-validation.

INTRODUCTION

Diabetes, which is marked by excessive amounts of sugar in the blood, is one of the most frequent disorders that
affect the endocrine glands. It is a persistent condition that manifests itself when the pancreas is unable to generate
sufficient insulin and make appropriate use of the insulin that it does produce (Khan, Zeb, Al-Rakhami, Derhab, &
Bukhari, 2021). Diabetes can be in a few different forms, the most prevalent of which are type 1 and type 2, as well
as pre-diabetes and gestational diabetes (Knight & Nigam, 2017). Many economic and social changes have occurred
over the years but have had a major impact on people’s health and lives. Changes in lifestyles, poor diet, increased
smoking, decreased levels of physical activity and inactivity, Western consumption habits and overweight or obesity
are important factors that can play a role in the development of hyperglycaemia, which contributes significantly to
the increase in cases of diabetes (Alshammari, Atiyah, Daghistani, & Alshammari, 2020).

The World Health Organisation indicates that diabetes is a public health problem and a very serious and
widespread reality. According to statistics conducted by the World Health Organisation since 1990, more than two

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License which
permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
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hundred million people around the world live with diabetes. This number has quadrupled during the current time,
as more than eight hundred million people live with this disease. This terrifying increase is due to poor eating
habits, inactivity and increasing rates of obesity. According to the World Health Organisation’s expectations,
diabetes will be the sixth largest cause of death in 2030 (Abusaib et al., 2020).

Early detection of diabetes has a great impact and importance, as early measures can be taken to avoid increasing
the risk and save people's lives by improving the lifestyle of the infected person and modifying eating habits in
addition to practicing physical exercises (Kousar, 2019). Artificial intelligence (AI) is very important in the field of
health care, including diabetes, because it has created a unique breakthrough in terms of detecting and treating the
disease, as it helps the doctor make decisions through accurate diagnosis and early intervention (Contreras & Vehi,
2018). In addition, machine learning (ML) techniques are very important in predicting the disease by examining a
set of data that plays an important role in determining whether a person has the disease or not, such as age,
smoking status, blood glucose levels, etc. (Ismail & Materwala, 2021).

Studies have encountered difficulties in terms of the precision of the diagnosis. The reason for this might be that
the dataset was not sufficiently balanced while the AT models were being trained, or it could be that the AI
algorithms are not well matched to this dataset. Both of these possibilities are possible. Therefore, it is necessary in
this paper to enhance the accuracy of early diagnosis, which in turn serves to increase the likelihood that the patient
will survive, as explained in our contributions below:

e A pre-processing set was carried out to enhance the quality of the data for diabetes prediction, and the analysis
of the dataset served as the foundation for this.

e  Our efforts concentrate on dataset balancing with SMOTE technology to provide an equitable, unbiased model,
hence ensuring accurate learning for machine learning models, which enhances diagnostic precision.

e  Asa classification model, we proposed the hard voting classifier, which is made up of four separate models for
classification purposes. Due to the fact that this classifier is able to merge these four models into a single
model that has the power of these models, the accuracy of classification has been dramatically enhanced.

e  We assessed a machine learning model's performance and durability using other metrics, including k-fold
cross-validation, which had not been used in prior works. These measurements were used to complete the
assessment. This process assesses how well the model generalises to a dataset that is not related to it, which is
critical for ensuring that the model performs well on previously unseen data.

The other sections of the paper are arranged as follows: the remaining parts of the paper are presented: Section 2
contains all of the pertinent publications that were derived from earlier investigations that were conducted on the
prediction of stroke. The methodology that has been proposed is discussed in 3. Section 4 is where the evaluation
and presentation of the findings and discussion take place. The conclusions are discussed in Section 5.

RELATED WORKS

Confirming a diagnosis is one of the most important aspects of the healthcare industry, making it one of the most
important areas to apply artificial intelligence. As a result, various researchers have utilised artificial intelligence
techniques for the early identification of diabetes in order to increase the accuracy and efficiency of categorisation
strategies. The Pima Indian Diabetes (PID) Dataset was used in a number of relevant research projects that were
presented in this part. These studies utilised artificial intelligence approaches to diagnose diabetes, as explained
below.

Tigga and Garg (Tigga & Garg, 2020) proposed the development of a model that would predict the risk of diabetes
by utilising machine learning techniques. These techniques include Naive Bayes (NB), K Nearest Neighbour (KNN),
Random Forest (RF), Logistic Regression (LR), and Support Vector Machine (SVM). These techniques are
extremely accurate, which is essential in the field of medicine. In addition to performing an online and offline
questionnaire that consists of 18 questions relevant to lifestyle, genetics, health, and other topics, these approaches
were applied to a trustworthy dataset that was obtained from the Kaggle (PID) Dataset. According to the findings
of this research, the random forest method achieved the maximum level of accuracy, which was 75%. Soni and
Varma (Simanto et al., 2022) proposed an optimal model design from machine learning techniques (Decision Tree
(DT),KNN, Gradient Boosting (GB), LR, SVM and RF.) to predict the risk of diabetes, and applied this model to a
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diabetes dataset (PID dataset). According to the findings of this research, the random forest algorithm achieved the
maximum performance accuracy, around 77%. Kishore et al. (Naveen Kishore, Rajesh, Vamsi Akki Reddy, Sumedh,
& Rajesh Sai Reddy, 2020) worked on early diagnosis of diabetes using artificial intelligence methods. They
implemented five algorithms (SVM, KNN, RF, DT, and LR) to the diabetes dataset that was acquired from the
Kaggle website (PID) dataset. Based on the outcomes of the investigation, it was determined that the random forest
model had the maximum performance accuracy, which was around 74.4%. To project the chance of diabetes
development, suggested the use of machine learning classification methods and the implementation of numerous
algorithms, namely (SVM, LR, KNN, RF, NB), on a reliable data set for diabetes. They also recommended the use
of numerous metrics, including accuracy, recall, precision, error rate, F-measure. The logistic regression approach
turned out to have the highest performance accuracy about 79.17%.

Using three distinct classifiers that of multilayer perceptron (MLP), RF, and LR, Butt et al. (Butt et al., 2021)
developed an effective model based on machine learning methods. Given its huge relevance in life as it
compromises the person's life and fuels other deadly illnesses like heart, kidney, and nerve damage. This helps one
forecast the danger of diabetes. They also used linear regression (LR), moving averages (MA), and long- and short-
term memory (LSTM). This paper revealed that the long- and short-term memory (LSTM) algorithm had the
maximum performance accuracy of 87.26%. Sivaranjani et al. (Sivaranjani, Ananya, Aravinth, & Karthika, 2021)
presented the assessment of diabetes risk and the identification of potential infection threats using machine
learning methods, specifically employing the SVM and RF techniques on a validated dataset (PIDD) after data
preprocessing. They found the characteristics influencing decision-making by the use of forward and backward
feature selection. The technique for dimensionality reduction in principal component analysis (PCA) is examined
after the identification of certain characteristics. The study's findings showed that the random forest achieved the
maximum performance accuracy at 83%. Using LR and DT, Joshi and Dhakal (Joshi & Dhakal, 2021) constructed
an optimal model for early prediction of stroke risk. This was done due to the significance of the issue since prompt
diagnosis and prediction provide a chance to implement suitable preventative tactics and therapies. A number of
characteristics, such as age, glucose levels, and body mass index (BMI), were included in the dataset of Pima Indian
women, which they used to apply the model. LR was found to have the best performance accuracy, with an
estimated value of 78.26%, according to the findings of this study.

Krishnamoorthi et al. (Krishnamoorthi et al., 2022) suggested an ideal model using machine learning methods
(SVM, RF, KNN, LR) based on Decision Tree (DT) to predict diabetes risk and discover disease-related
characteristics. This model was applied to the PID dataset, which includes a variety of parameters such as glucose
level, insulin, age, gender, and so on. The research found that LR has the greatest performance accuracy (83%).
YAKUT (Yakut, 2023) used a PID dataset to develop an optimal model for predicting stroke; he separated the
database into two thirds training data and one-third testing data and processed them. After processing the data, it
is fed into machine learning models (Gaussian Process Classifier, RF Classifier, and Extra Trees Classifier) that use
five fold cross-validation to predict whether or not people have diabetes. In this research, they employed numerous
measures to assess the model's performance, including precision, recall, F-score, accuracy, ROC, and AUC. The
random forest achieved the highest performance accuracy, around 81.71%. In Tripathi et al. (Maurya & Jain, 2023)
paper, they proposed a robust model for diabetes prediction, where they analysed, studied and applied several
algorithms on the PID dataset after studying and processing them based on the existing features and
characteristics. The model was designed from machine learning algorithms (Soft voting, SVM, KNN, Gradient
Boosting (GB), AdaBoost classifier, LR). The finding of this research explains that logistic regression obtained the
highest performance accuracy estimated at 84.3%.

Talukder et al. (Talukder et al., 2024) employed machine learning approaches to predict diabetes risk early, using
eight machine learning algorithms applied to four distinct datasets. They also preprocessed the data and balanced
it by oversampling. The research found that the random forest method attained an accuracy of 86% and 98.48% for
datasets 1 and 2, respectively. For datasets 3 and 4, the extreme gradient boosting technique and decision tree
achieve 99.27% and 100% accuracy, respectively.

Furthermore, we see that earlier studies have struggled with the accuracy of the diagnosis. This can be because the
AT algorithms are not well adapted to this dataset, or it might be because the dataset was not sufficiently balanced
during the training of the AI models. In order to save the patient's life, these investigations must increase the
precision of early diagnosis. This paper's primary contributions include balancing the dataset to remove bias that
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arises during training, which improves the performance of the models, and beginning with a series of preliminary
processing, the most crucial of which is the treatment of missing data. Furthermore, we use the hard voting
classifier to enhance the prediction outcome, as it can merge many models into a single model that carries the
strength of each model. Additionally, we assessed a machine learning model's robustness and performance using
novel metrics—like k-fold cross-validation—that had not been covered in earlier research. To ensure that the model
performs well on data that has never been seen before, this process aids in assessing how well the model generalises
to a dataset that is unrelated to it.

METHODOLOGY

In this paper, we propose an effective methodology for predicting diabetes using a Pima Indian Diabetes dataset
(PIDD). This methodology consists of three stages: pre-processing, splitting and prediction. All these successive
stages seek to achieve the best results in terms of the accuracy of predicting diabetes. Figure. 1 shows this

methodology.
—
(st Jof o, o mormasn

splitting Phase  Pre-Processing Phase

Top Four
Models

Hard Voting
Classifier

Prediction Phase

Figure.1. The framework of the proposed methodology.
A. Dataset Description

This research centers on the PID Database as the focal point of our suggested technique. This dataset, gathered by
the National Institute of Diabetes and Digestive and Kidney Diseases, is extensively used in machine learning for
categorisation purposes. This dataset focuses on a group of Pima Indian women who are at least 21 years old. The
dataset comprises 768 records with 8 medical predictor variables (features) that are related to medical and
demographic characteristics and 1 target variable (https://www.kaggle.com/uciml/pima-indians- & Diabetes-
database, n.d.). All features are numerical values with different ranges. Figure. 2 displays the features of the dataset
and some records.

# Pregnancies = # Glucose =  #BloodPressure =  # SkinThickness = # Insulin = sBm = # DiabetesPedigre... = % Age = #Outcome

Number of times Plasma glucose Diastolic blood pressure  Triceps skin fold 2-Hour serum insulin (mu  Body mass index (weight | Diabetes pedigree Age (years) Class variable |

pregnant concentration a2 hours  (mm Hg) thickness (mm) Uimi) in kg/(height in m)*2) function 268 of 768 are
in an oral glucose others are 0
tolerance test
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22 0 9 0 846 0 671 0.08 242 2 81

108 80 0 ] 27 0.259 52
136 74 26 135 2 0.647 51
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Figure. 2. The PID dataset.



323 J INFORM SYSTEMS ENG, 10(27s)

B. Pre-processing phase

At this stage, we will perform a set of preliminary processing, which are Handling Missing Data, Dataset Balancing
and Normalisation. These operations that are performed on the dataset used help in improving the quality of the
data by handling missing data and eliminating bias that occurs during the training process and standardizing the
features, all of which play a major role in improving the accuracy of classification.

Handling Missing Data

The used dataset (PIDD) for diabetes contains a set of missing data which should be handled because it causes
problems during the training process and thus negatively affects the classification process. In this dataset the
missing values are expressed as "0" except for the feature "Pregnancies" where the value "0" is within the range.
Therefore, in this work we use the mean as a procedure to fill the missing data. Table I shows the features which
contain missing values expressed as "0" and their number.

Table 1. The features which contain missing values.

Feature Number of missing values
Glucose 5
Blood Pressure 35
Skin Thickness 227
Insulin 374
BMI 11

Dataset Balancing

The used dataset for diabetes contains 768 samples. 500 samples represent non-diabetic cases, and 268 samples
represent diabetic cases. This discrepancy between the number of diabetic and non-diabetic cases poses a major
challenge in the process of predicting the disease. This discrepancy leads to bias by the models used towards non-
diabetic cases during the training process because their number is almost double the number of diabetic cases.
Therefore, the models will train more on non-diabetic cases, which leads to bias. This bias in training will negatively
affect the disease prediction process, and thus we do not get good classification accuracy(Mavrogiorgos, Kiourtis,
Mavrogiorgou, Menychtas, & Kyriazis, 2024). Therefore, to solve this problem, we used the SMOTE technique. The
SMOTE technique relies mainly on the KNN algorithm, as this technique creates new samples and does not
duplicate existing samples. Smoot first finds the nearest neighbours of a sample of its choice and draws longitudinal
lines between the nearest neighbours of this sample and the original sample, then creates new samples on the lines
connecting them (Letteri, Di Cecco, Dyoub, & Della Penna, 2020), as detailed in Figure. 3. The primary justification
for using the SMOTE approach to equilibrate the dataset is that the SMOTE approach equalizes the number of
positive samples with those of negative samples to achieve data balance. Also, SMOTE produces synthetic instances
instead of replicating existing ones, hence mitigating the danger of overfitting (Hashim & Yassin, 2023).

Majority class samples

@ Minority class samples

@ Synthetic samples

Figure. 3. SMOTE technique (Letteri et al., 2020).

After applying the SMOTE to the diabetes dataset used, the count of samples with the disease becomes equal to the
count of samples without the disease and is 500 for both, as shown in Figure.4.
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Figure. 4. The sample counts of dataset a) before balancing, b) after balancing.
Normalisation

We used StandardScaler to normalize the features because to the potential presence of outliers in the dataset, which
might cause individual features to behave anomalously if the dataset is not regularly distributed (Sevilla, 2012).
Features possess several dimensions and scales, therefore necessitating their scaling for algorithm-dataset
modelling. Inconsistencies in the scales of data components complicate dataset modelling. Also, the correlation
between misclassification error and accuracy skews the prediction outcomes. Therefore, data scaling is necessary
before modelling (Ferreira, Le, & Zincir-Heywood, 2019).

C. Splitting phase

After performing a series of preliminary operations on the diabetes dataset, the data was ready to be passed to the
machine learning models for training and testing their performance. Therefore, we followed two methods to divide
the data into two parts, the first part for training and the second part for testing. The first division approach used in
our research allocates 80% for training and 20% for testing. The second method is referred to as k-fold cross-
validation. According to this approach, the dataset is divided into k equal-sized subsets, or "folds." After training on
k-1 folds, the model is evaluated on the remaining folds. K-fold cross-validation reduces Overfitting by using
different portions of the data for testing in each fold, ensuring that the model is evaluated on various subsets of the
data (Gorriz, Segovia, Ramirez, Ortiz, & Suckling, 2024).

D. Prediction phase

In this phase, an in-depth description of the models that were used in our research is provided here as well as the
mechanism followed to predict whether a patient has diabetes or not through the data entered for each patient by
selecting the best-performing models and passing these models to the voting classifier, as explained in detail below.

Logistic Regression

It is a machine learning and statistical method. Classification tasks are handled by logistic regression (LR), which
uses the logistic function to estimate the probability that a given input belongs to a certain class (Biostatistics,
2007). For the purpose of predicting binary values (either o or 1), this statistical model is utilised. The dichotomous
dependent variable, which is frequently referred to as the response variable, and the independent variable, which is
sometimes referred to as the predictor variable, were both subjected to LR in order to assess the relationship
between the two variables. It uses the sigmoid function to arrange the prediction to be between (0-1). Furthermore,
it addresses multi-class classification using techniques such as One against the Rest (OvR) or multinomial logistic
regression (Modhugu & Ponnusamy, 2024).

Support Vector Machine

It is a crucial supervised machine learning technique used in classification and regression tasks, consists of two
types: the first is linear, which is employed when the data can be separated linearly and is comparatively easy and
computationally efficient, The second kind is non-linear since it involves the use of a specialised function in order
to partition data in a space with a high dimension (Bhavsar & Panchal, 2012). The Support vector machine (SVM)
algorithm, which stands for support vector machine, is extensively used in a variety of domains, including text
classification, picture classification, spam filtering and many more. The fact that it is frugal in memory
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consumption and works well in high-dimensional areas are two of its advantageous features (FIDAN,
UZUNHISARCIKLI, & CALIKUSU, 2019).

K-Nearest Neighbours

K-Nearest Neighbours (KNN) is classified as a fundamental machine learning algorithm. The method is considered
non-parametric, and its effectiveness depends on the specific instance. This demonstrates that it refrains from
making any assumptions regarding the distribution of the fundamental data and instead utilises the data directly
during the prediction process (Suyal & Goyal, 2022). It operates in two phases: the training phase and the
prediction phase, the anticipated outcome varies based on the task type since classification involves selecting the
test point according to the predominant class among the neighbours, while regression analysis is carried out by
selecting the test point, which is the mean of the values of its neighbours (Uddin, Haque, Lu, Moni, & Gide, 2022).

Random Forest

Random forest, sometimes known as RF, is a supervised ensemble machine learning technique that is commonly
used for classification and regression applications. It integrates multiple decision trees to enhance prediction
accuracy and mitigate overfitting (Adetunji et al., 2021). The random forest in its first stage works on collecting
bootstrapping, where it randomly creates a number of data sets and trains each tree in the forest on a different data
set with the possibility of repetition and replacement. After that, the decision tree is built, and then the results of
the trees are collected, where each tree gives a vote to a specific class. The random forest is strong in reducing
overfitting and deals with high dimensions (Chen, Wu, Chen, Lu, & Ding, 2022).

Extra Trees Classifier

Extra Trees Classifier (ETC) is an ensemble machine learning technique, categorised under ensemble methods that
use decision trees, akin to random forests as it is used for categorisation assignments, recognizing a collection of
decision trees that are randomly partitioned and may be trained concurrently since the trees are created separately.
It is regarded as one of the most successful algorithms due to its ability to handle high-dimensional data while
avoiding overfittin (Ampomah, Qin, & Nyame, 2020).

Hard Voting Classifier

A Hard Voting classifier is a kind of ensemble learning approach that involves the combination of numerous
classifiers, with each model casting a "vote" for the class that is expected to be correctly identified. In accordance
with Figure. 4, the final output of the ensemble is the category that obtains the majority of votes. This strategy is
helpful in circumstances in which a single model may not be dependable enough, so a group of models can provide
more accurate predictions than a single model alone (Jabbar, 2024). In it, two or more base models are trained on
the same dataset in order to create a hard voting classifier. These models may be of the same or distinct kinds of
classifiers, and they may be trained on the same or separate subsets of features. Each of these two possibilities is
possible (Shareef & Kurnaz, 2023). The key benefit of using a hard voting classifier is that combining multiple
classifiers reduces the risk of poor performance from any single model. Also, individual models tend to overfit;
combining them can smooth out overfitting errors, especially if the models are diverse (Shi, Xu, Li, & Li, 2024).

After splitting the dataset into two sets one for training models and the other for evaluating the models'
performance we feed the data to the models LR, SVM, KNN, RF, ETC, and others for both training and testing.
After testing the performance of the five models mentioned, the poor-performing model is discarded, and the
remaining four models are passed to the hard voting classifier to obtain the final prediction of whether the patient
will develop diabetes or not, as shown in Figure. 5.
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Figure. 5. Predication phase.
RESULTS AND DISCUSSION

In order to demonstrate how effectively the machine learning models perform in these trials, we make use of a
number of different metrics. Accuracy, K-fold cross validation, F1 score, precision, recall, area under the curve
(AUC) and ROC curves are some examples of these. The performance of the models is shown in the first
experiment, which takes place before the process of balancing the data sets. On the other hand, in the second
experiment, we provide the findings that were obtained after the balancing process, and then we explain the
significance of the balancing process in terms of enhancing the performance of the models. In conclusion, we
evaluate the performance of our suggested model by contrasting it with the results of earlier research conducted in
the same area and dataset.

A. Experiment (1)

This experiment made use of the dataset that was first collected. A series of early processing operations were
carried out on it, with the exception of the balancing procedure, which consisted of filling in missing data and using
normalisation principles. Following that, the dataset was partitioned; twenty percent of it was put aside for testing,
and 80% was set aside for training. The data that was used to train the models on the dataset was then utilised to
test the performance of the models. After testing the performance of the models, the lowest-performing model is
dropped, and the remaining models are passed to the hard voting classifier. to test their performance and
demonstrate their importance in integrating more than one model and benefiting from the strengths of the models
passed to it to obtain the best classification accuracy. The results of the performance of the models that were
applied to the test data are shown in Table 2.

Table 2. A performance analysis of the models before the dataset is balanced.

Model Accurcy (%) | F-1Score | Precision Recall

LR 79.87 0.652 0.691 0.617

SVM 80.52 0.651 0.718 0.596

KNN 81.81 0.682 0.732 0.638

RF 81.17 0.695 0.688 0.702

ETC 80.52 0.688 0.673 0.702

Hard Voting 83.12 0.8 0.683 0.596

Classifier [SVM-KNN-
RF-ETC]

Through the results presented in the table above regarding the performance of the models used, we note that the
top four models in terms of performance are SVM, KNN, RF and ETC. Therefore, these four models were passed to
the hard voting classifier to test its performance and demonstrate its effectiveness in improving the classification
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accuracy. The results showed a clear superiority of the hard voting classifier in terms of performance over the other
models, as it achieved an accuracy of 83.12%. Here, the importance of using the voting classifier appears, as each
model has its strengths and weaknesses, and when combined, they can compensate for each other's errors.

To provide a more reliable measure of model performance than a single train-test split, we use k-fold cross
validation to measure the model's performance. Where by averaging results over multiple folds, k-fold cross-
validation tends to generalize better than models trained on a single training set. Also, we use AUC to evaluate the
model across all possible thresholds, which gives a comprehensive view of the model's performance. Table 3
displays the k-fold cross validation and AUC scores for each model.

Table 3. The k-fold cross validation and AUC scores for models.

Model 10 _ Fold (%) AUC

LR 77.1% 0.652

SVM 76.04% 0.651

KNN 72.66% 0.682

RF 77.47% 0.695

ETC 76.69% 0.688

Hard Voting Classifier 77.82% 0.8
[SVM-KNN-RF-ETC]

Through this experiment, we found that the hard voting classifier obtained the highest accuracy in predicting
diabetes whether the patient has the disease or not, but in this experiment, there remained an important problem
that greatly affects the performance of the models, which is the bias problem. Since the number of cases with the
disease is not equal to the number of cases without the disease, the bias problem will appear during the model
training process, which caused problems and limitations towards the performance of the models, which will be
dealt with and addressed in the next experiment.

B. Experiment (2)

This experiment made use of the dataset after balancing it by using SMOTE technique that was first collected. A
series of early processing operations were carried out on it, which consisted of filling in missing data and using
normalisation principles. Following that, the dataset was partitioned; twenty percent of it was put aside for testing,
and 80% was set aside for training. The data that was used to train the models on the dataset was then utilised to
test the performance of the models. After testing the performance of the models, the lowest performing model is
dropped, and the remaining models are passed to the hard voting classifier to test their performance and
demonstrate their importance in integrating more than one model and benefiting from the strengths of the models
passed to it to obtain the best classification accuracy. The results of the performance of the models that were
applied to the test data are shown in Table 4. The main goal of this experiment is to show how important it is to
balance the dataset in order to get rid of the bias that comes from the difference between the number of positive
and negative cases during training, where this bias makes disease prediction less accurate.

Table 4. A performance analysis of the models after balancing dataset.

Model Accurcy (%) | F-1Score | Precision | Recall

LR 80.5 0.804 0.769 0.842

SVM 85.5 0.854 0.817 0.895

KNN 83.5 0.842 0.772 0.926

RF 86.5 0.864 0.827 0.905

ETC 88.5 0.884 0.846 0.926
H[;r‘g\z(l)(t;l;g_g? sl;;r}ize]r 90 0.898 0.871 0.926
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A confusion matrix for each model is included in Figure. 6 for the purpose of discussion and analysis of the

findings.
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Figure.6. The confusion matrices for a) LR model, b) SVM model, c) KNN model, d) RF model, ) ETC model, f)
Hard Voting Classifier.

We make use of k-fold cross validation to evaluate the performance of the model in order to give a more
trustworthy measurement of the model's performance than a single train-test split currently offers. The area under
the curve (AUC) is another method that we use to assess the model across all of the available thresholds. This
provides a complete perspective of the performance of the model. The k-fold cross validation and area under the
curve (AUC) scores for each model are shown in Table 5.

Table 5. The k-fold cross validation and AUC scores for models after balancing dataset.

Model 10 _ Fold (%) AUC
LR 72.8 0.807
SVM 69.6 0.857
KNN 72.4 0.839
RF 80.8 0.867
ETC 83 0.887
Hard Voting Classifier [SVM-KNN-RF-
ETC] 83.9 0.901
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From Table 4, we notice a significant improvement in the performance of the models used. This improvement is
due to the balancing of the data set, which eliminated the bias that occurs during the training process towards the
majority class. We also notice in the same table that the hard voting classifier gave the highest classification
accuracy after excluding the LR model as it is less accurate and passing the remaining four models, as the voting
classifier obtained 90%. We also notice from Table 5 the clear superiority of the soft voting classifier in terms of the
k-fold value after giving the value of k equal to 10, as it obtained 83.9%. The same applies to the AUC value, as it
obtained a value equal to 0.901, as shown in Figure. 7.
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Figure. 7. The ROC curves and AUC for models.

In order to highlight the significance of our findings and the contributions that we have made to both our work and
the technique that we have presented; we need to compare the performance outcomes of our proposed approach
with performance results from earlier research. As a consequence of this, the comparisons are shown in Table 6.

Table 6. A comparative analysis of performance with analogous studies.

A
Author Year Dataset Best Model cc(t;r)acy
(1

Tigga (Tigga & Garg, 2020) 2020 | PID Dataset Random Forest 75 %

Soni (Simanto et al., 2022) 2020 PID Dataset Random Forest 77 %
Kishore (Naveen Kishore et al., 2020) 2020 PID Dataset Random Forest 74.4 %
Sahoo (Rani, Lamba, Sachdeva, Bathla, 2020 PID Dataset | Logistic Regression 79.17 %

& Aledaily, 2020)

Butt (Butt et al., 2021) 2021 PID Dataset LSTM 87.26 %

Sivaranjani (Sivaranjani et al., 2021) 2021 PID Dataset Random Forest 83 %
Joshi (Joshi & Dhakal, 2021) 2021 | PID Dataset | Logistic Regression 78.26 %

Krishnamoorthi (Krishnamoorthi et al., 2022 PID Dataset | Logistic Regression 83 %

2022)

YAKUT (Yakut, 2023) 2023 PID Dataset Random Forest 81.71%
Tripathi (Maurya & Jain, 2023) 2023 PID Dataset | Logistic Regression 84.3%
Talukder(Talukder et al., 2024) 2024 PID Dataset Random Forest 86%
The Proposed Methodology 2024 PID Hard Voting 90 %

Dataset Classifier

The inherent benefit of our suggested technique is shown in the table that is located above. A number of
preliminary treatments that were designed to improve the quality of the data have been implemented, which makes
this clear. Additionally, we have effectively picked the ideal classification model, represented by a hard voting
classifier, which attained the maximum classification accuracy. The classification accuracy that we attained was
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90%, which is much higher than the accuracy that was reached by a group of previous research that used the same
dataset.

CONCLUSION

Diabetes, one of the most serious illnesses, affects many individuals worldwide. Accurate and quick diabetes
diagnosis reduces its prevalence and saves lives. Despite the fact that researchers worldwide have offered several
diagnostic approaches for this condition, the current methods require refinement to provide an accurate and
successful diagnosis. This paper aims to generate accurate and timely diabetes forecasts to save diabetic patients'
lives. We provide a three-stage comprehensive diabetes diagnostic methodology in this paper. A PID dataset was
analysed using this approach. To avoid bias during training, the SMOTE approach was utilised to balance the
uneven dataset. This methodology uses a hard voting classifier to predict whether a patient will get diabetes based
on his data. Finally, accuracy, k-fold cross validation, AUC, precision, recall and f1 score were utilised to evaluate
our diabetes diagnosis technique. Our methodology outperformed existing research with 90%, 83.9% with 10-fold
cross-validation, 0.901, 0.871, 0.926 and 0.898.
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