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Abstract

Diabetes is a widespread disease worldwide that does not differentiate between children and adults. It
also affects the elderly and pregnant women. However, early detection of the disease facilitates its control
to avoid the effects resulting from delayed diagnosis. With the emergence of artificial intelligence
represented by machine learning techniques and its use in most sectors, accordingly, the adoption of
machine learning techniques to help in disease prediction has become a necessity. This study proposes a
machine learning algorithm-based approach for diabetes prediction. This study uses three datasets, two
of which are private and the other includes the Pima Indians dataset. Six machine-learning models have
been used and evaluated in this study including Gaussian Naive Bayes model. Bernoulli Naive Bayes
Model, Bagging Regressor Model, Neural Network Architecture, Multilayer perceptron, and SVR. To
address the imbalance in classes of the private datasets, the SMOTE technique has been utilized. To
analyze the state of the arts, a systematic literature review was conducted. The results showed that the
Bagging Regressor algorithm is the best among the used algorithms in terms of the accuracy of the
derived results. It achieved an accuracy of 99.79 with SMOTE included and 97.95 without SMOTE. A
smart mobile application was developed based on the proposed approach that facilitates clinicians to
predict diabetes. This study strengthens the theoretical foundations of machine learning in healthcare by
presenting a robust and empirically validated approach for early detection and prediction of diabetes. The
findings not only advance academic knowledge but also provide practical guidance for developing Al-
based diagnostic tools in clinical settings.

1. INTRODUCTION

The tremendous development in information technology along with artificial intelligence has contributed to supporting
most sectors including the healthcare sector [1, 2]. Using machine-learning algorithms in medical data analysis saves
time and effort in extracting important features of the medical data that are used for the early and rapid detection of
diseases such as diabetes [3]. Diabetes is an abnormal and chronic condition that affects individuals (children, the
elderly, and pregnant women) of all ages and affects the increase in the level of glucose in the human blood [4]. A
person gets diabetes when the pancreas becomes less efficient at secreting insulin, which regulates blood sugar levels
and encourages cells to consume glucose [5, 6]. Diabetes is a life-threatening disease that does not distinguish between
children, the elderly or pregnant women because of its side effects in the possibility of developing other serious
diseases such as amputation and kidney problems [7]. According to reports from the International Diabetes Federation,
diabetes affects more than 642.5 at the beginning of the third decade of the twenty-first century [8].

Machine learning techniques have become effective in all sectors, including the healthcare sector [9]. Machine learning
is concerned with how machines have been used to gain knowledge by feeding and training them with real data [10].
According to relevant studies, diabetes has three types. The danger lies in the first type because the pancreatic cells
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are unable to produce enough insulin, which weakens the human immune system, while the second type remains under
control to some extent as the body's cells are unable to produce enough or do not utilize insulin effectively [11]. The
third type occurs in pregnant women, which affects the health and vitality of the pregnant woman [12]. Accordingly,
it is preferable to detect the three types of diabetes early and control them to avoid complications.
Within the scope of this study, a model based on machine learning techniques was designed and developed and was
later used in developing a smart mobile application used to predict diabetes. Consequently, the most important features
of this study are:
1. Using three different types of datasets, one of them is an academic dataset while the other two datasets are
real data collected from diabetes treatment centers separated into two cities.
1. The problem of imbalance in the data sets was addressed using SMOTE technology.
Six machine-learning models have been used and evaluated in this study.
3. Each data set was used separately and the data was pre-processed before entering it into the machine learning
algorithms selected for this study.
4. The results were compared for each algorithm separately and the best algorithm was chosen.
To train the algorithms, the data sets were divided into 80% training and 20% testing.
6. After completing the evaluation of the proposed model, it has been used in developing a smart mobile
application.

N

o

2. LITERATURE REVIEW

Diabetes affects diverse groups within society and affects individuals across all age groups spares neither
children nor adults. However, with artificial intelligence and machine learning technologies, a substantial body of
research has been developed to aid and expedite detecting and managing the disease. Researchers have extensively
used machine learning algorithms in disease prediction because of the ability and efficiency of these algorithms to
analyze variables and understand complex relationships, which facilitates the prediction process. Relevant studies have
demonstrated the effectiveness of machine learning algorithms in predicting diabetes. In the following paragraphs, a
systematic literature review was conducted and a list of several studies that have used these algorithms as supported
by [13, 14].

2.1 The Search Process in SLR

The objective of the search process in SLR is to collect the most suitable studies for the intended research area. The
search phases were done in well-known digital academic research databases such as ACM Digital Library, Science
@Direct, Springer Link, and Google Scholar. As well as several PhD theses from three digital libraries of universities.
Using keywords relevant to the search content, such as diabetes, the application of artificial intelligence in disease
prediction, and machine learning algorithms in prediction, the aforementioned databases were searched. The summary
of the SLR search process is illustrated in Figure 1.
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Fig 1 : The SLR Search Process
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From the search process, 150 articles were collected from the mentioned digital datasets. The selected articles that are
relevant to diabetic prediction based on ML algorithms have been chosen which is down to only 33 articles considered
for the full article.

2.2 Results and Discussions for SLR

2.2.1 Research Questions
As a result of SLR, three research questions have been formulated.
1- RQ1: What is the current state of the art on high-accuracy diabetic prediction using ML algorithms?

The researchers based the publication date of each paper in years and the number of papers per year to answer this
research question 1.

12
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Fig 2: Numbers of publications (2017-2024)
2-RQ2: How has diabetic prediction has analyzed and interpreted in previous studies?

The answer to this question lies in extracting the methods and algorithms used in the prediction
process, in addition to the methods used in the process of evaluating each algorithm in terms of
performance and accuracy in prediction. In [15] Researchers at DJ used several machine learning
algorithms to build a robust predictive model for diabetes.

3-RQ3: How do multiple machine learning classifiers integrated into a mobile application compare in their
predictive accuracy and clinical utility for early diabetes risk stratification, and what factors influence their
real-world usability and performance in diverse patient populations?

This research question is addressed by developing a predictive model for diabetes that utilizes multiple machine
learning classifiers integrated into a mobile application.

2.2.2 Related Work

The ML used includes Support Vector Machine (SVM), k-nearest Neighbors (k-NN), and Artificial Neural Networks
(ANN). The finding proves that SVM has the best accuracy. In [16] four supervised machine learning algorithms have
been used including multifactor dimensionality reduction (MDR), k-nearest neighbor (k-NN), artificial neural networks
(ANN), radial basis function (RBF) kernel support vector machine, and linear kernel support vector machine (SVM-
linear), for this determination. The findings prove that MDR has the best accuracy.in [17], The researchers proposed a
hybrid model named (T2ML) based on machine learning. As part of the preprocessing, the proposed model included a
set of steps, including data cleaning and feature selection. The researchers utilized the K-means clustering algorithm, to
accurately data selected and to exclude outlier data.

In [18] Proposed a smart mobile application based on machine learning that aims to initially assess the data set and
classify it into infected, partially infected, and non-infected. Accordingly, this application does not require the
intervention of clinical doctors in that diagnosis. Researchers [2] have developed a computer-based system utilizing
machine learning for diabetes management. The researchers [19] developed a personalized model based on machine
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learning algorithms for early detection and control of diabetes, case study of selected companies in Bangladesh. The
aim of the study was to formulate public health strategies.

In [20] The logistic regression algorithm was implemented via the Python IDE. Accuracy improved from 73% to 93%
as a result of this study using the maximum voting algorithm. In [], In [21], many ML algorithms were adopted to
analyze data and predict diabetes. PROBAST was used to assess potential bias in the dataset. The results demonstrated
that ML significantly outperformed other techniques. In line with the above, diabetes management is essential, and the
use of machine learning has proven its worth in healthcare [22]. Many studies have focused on measuring HbAlc levels,
as it is considered a biomarker that provides insight into a patient's physiological control over a three-month period [23-
25]. Given the

seriousness of diabetes and the importance of early detection and control, as well as the excellent capabilities of machine
learning algorithms and their applications in healthcare and diagnostics, many prediction models have been proposed
by researchers aiming to find relationships, analyze factors, and extract indicators that help in assessing diabetes [22,
24, 26]. The remainder of this paper includes materials and methods, the use of Al in mobile applications, an overview
of the dataset used, the development and evaluation of the proposed model, and a discussion of the results and future
directions.

. MATERIALS AND METHODS

In the context of this study, six ML models have adopted, which are: Gaussian Naive Bayes Model. Bernoulli Naive
Bayes Model, Bagging Regressor Model, Neural Network Model, Multilayer perceptron, and SVR. Besides, three
datasets was utilized one is Pima Indians dataset and the other are private datasets that collected for two medical centers
of diabetics. A high-performance model has trained and used to predict diabetics. a mobile App based the high
performance ML model was developed and evaluated in terms of usability. Ultimately, the developed ML-based
mobile App. Is used by clinician and users for diabetic’s prediction and decision-making process. Figure 3 illustrates
the research architecture. The overview of each component is highlighted next.
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Fig3 : The Research Architecture
3.1 Data Collection
As previously mentioned, in the context of this study, three types of datasets were used. The first type is the Pima
Indian Dataset, which was obtained from a well-known academic website, and the other two are real datasets collected
from diabetes care centers. Table 1 below summarizes the common features selected from the three types of datasets.
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For ML model development, 80% of the dataset was used for training, and 20% was used for testing. There are 2545
records in the used Dataset 1, 3750 records in Dataset 2, and 4900 records in Dataset 3.

TABLE I: COMMON FEATURES IN DIABETES DATASETS

Feature Description
1 Pregnancies Number of times the individual has been pregnant (specific to female patients).
2 Glucose Plasma glucose concentration (mg/dL) after a 2-hour oral glucose tolerance test.
3 Blood-Pressure Diastolic blood pressure (mm Hg).
4 Skin-Thickness Triceps skinfold thickness (mm), measuring subcutaneous fat.
5 Insulin 2-hour serum insulin level (mu U/mL).
6 BMI (Body Mass Index) Weight in kg divided by height in meters squared (kg/m?).
7 Diabetes Pedigree Function A genetic risk score indicating the likelihood of diabetes based on family history.
8 Age Age of the individual (years).
9 High BP Whether the individual has high blood pressure.
10 | Smoker Smoking status.
11 | Stroke History of stroke.
12 | Heart Disease or Attack History of cardiovascular issues.
13 | Phys. Activity Physical activity level.
14 | Fruits/Vegetables Daily intake of fruits/vegetables.
15 | GenHlth Self-reported general health (scale: 1-5)
16 | glucose-to-insulin ratio Engineered feature
17 | age x body mass index Engineered feature
18 | Outcome Binary target variable (0 = no diabetes, 1 = diabetes).

The feature types of the private datasets are classified into four categories

1. Clinical variables: HbAlc, fasting glucose, BMI, blood pressure, lipid profiles, medication history (e.g., insulin/
oral hypoglycemic use).

2. Temporal data: Longitudinal measurements (e.g., glucose readings from CGM/flash monitors, sampled at X-hour
intervals).

3. Lifestyle factors: Diet logs, physical activity (self-reported or via wearable devices). And finally,

4. Outcome labels: Diabetes complications (retinopathy, nephropathy), hospitalization events, or glycemic control
thresholds (e.g., time-in-range).

In addition, data were sourced from Two medical centers as electronic health records (EHRs) and de-identified patient
registries between 2015-2025.

3.2 Data Preprocessing

Developing machine learning-based predictive models typically involves extensive preprocessing to ensure the quality
of the dataset, which benefits the quality of the prediction and accuracy of the predictive model. Several preprocessing
approaches were used in this study.

3.2.1 Data Cleaning

1. Handling Missing Values

The datasets selected for this study were fully examined, and missing data were identified (e.g., glucose, insulin, BMI).
Two methods were followed to handle missing data: First, if the missing data was less than 20% of the dataset, the
imputation method was used [27,28]. If the missing data was greater than 20%, the data were deleted to ensure the
quality of the prediction model as supported by [28].

2. Outlier Detection

Two methods are commonly used to detect outliers, and their detection positively impacts the accuracy of the
prediction model. These methods are the interquartile range (IQR) and the Z-score. For example, detecting outliers is
based on dataset characteristics such as body mass index (BMI) or blood pressure. In this study, the Z-score was used.



Mousa et al, Mesopotamian Journal of Computer Science Vol. (2025), 2025, 288-301

3.2.2 Feature Engineering

Feature engineering is one of the most powerful preprocessing methods used to enhance a predictive model. Various
methods are used for feature engineering as supported by [29, 30]. In this study, two common methods were used as
follows.

1. Deriving New Features

New features were created for the dataset (e.g., glucose-to-insulin ratio) along with interaction features (e.g., age x
body mass index). Thus, features were created for datasets such as continuous variables (e.g., age groups: 20-30, 30-
40, etc.).

2.Categorical Encoding

Categorical features such as gender were transformed using a one-hot encoding method.

3.2.3 Feature Selection
In this study, correlation analysis was used to identify predictive features, such as glucose and body mass index. A
recurrent feature elimination method was adopted to remove redundant features.

3.2.4 Normalization

Normalization is one of the most important preprocessing steps before data is fed into a machine-learning model. In
this study, the min-max metric was applied.

3.2 ML Models Used

3.1.1 Gaussian Naive Bayes Model (GNB)

The Gaussian Naive Bayes Model is a common ML model used in prediction, particularly in the healthcare sector.
This model utilizes some important features such as HighChol and Smoking, along with the other key considerations
and steps in prediction [31, 32].

3.1.2 Bernoulli Naive Bayes Model (BNB)

It is a machine learning-based prediction model based on the Bayesian probability principle, designed to predict based
on binary characteristics of a dataset (the presence/absence of factors). This model can be adapted to predict diabetes,
for example, by normalizing glucose levels to low and high [33, 34].

3.1.3 Bagging Regressor Model (BR)

It is an ensemble-learning model used to improve the accuracy and stability of regression tasks for a dataset by
combining predictions from models trained on random subsets. It is widely used in the healthcare sector, where
predictions are considered to suffer from classification problems. This model provides deep insights into the details of
the selected dataset [35, 36].

3.1.4 Neural Networks Model (NNs)
Neural networks are powerful machine learning models due to their ability to identify complex, nonlinear relationships
in data sets, making them easy to adopt for disease prediction, especially diabetes [37, 38].

3.1.5 Multilayer Perceptron Model (MLP)
MLP is a widely used model for disease prediction, especially diabetes. It is a class of neural network algorithms that
have proven effective and efficient in handling nonlinear relationships in datasets, especially medical data [39, 41].

3.1.6 Support Vector Machine Model (SVM)

This model is one of the most effective supervised learning models used in classification and regression, this model
has proven its worth in healthcare and disease prediction, especially diabetes. In addition, it separates diabetic and non-
diabetic patients by finding the optimal high-dimensional hyperplane for the classes [42, 44].

3.4 Handling Imbalanced Datasets

After completing the data preprocessing, the data was fed into the selected machine learning models using two
methods: the first without addressing the imbalance problem in the datasets, and the second method after addressing
the imbalances in the datasets. In the context of this study, the SMOTE technique was used to address the imbalance,
which is acommon problem in most diabetes datasets as supported by [43, 44]. On the other hand, to ensure the validity
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of the data set, the correlation between the attributes of the data sets was examined using the Heatmap function, and it
was found that all the attributes were linked together to ensure obtaining meaningful prediction results. Figure 4
illustrates the Correlation results for all datasets.

Correlation Heatmap
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Fig 4 : The Correlation Results for Utilized Datasets

The diabetes datasets, which are pre-processed, have split into three subsets. A 60% training subset was used for
training for each ML model, which allowed it to learn patterns and relationships within the data; a 20% validation
subset was used during the training process to fine-tune the model's parameters and prevent overfitting by using an
early stopping technique declared in Figure 5. Consequently, the early stopping technique has been applied six times
for each ML model utilized.

C START
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Fig 5: Early Stopping Diagram for Each ML Model Used
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3.5 Performance Evaluation

Confusion matrix, accuracy, precision, recall, and F1-Score were calculated for each model for both cases (balanced
datasets and imbalanced datasets). All the obtained results were compared and the appropriate model with the highest
results in terms of accuracy was selected for later use in developing the mobile application based on machine learning.
Table 2 summarizes all the results obtained from the performance evaluation.

TABLE II: OVERALL PERFORMANCE EVALUATION RESULT

Dataset ] GNB Model BNB Model BR Model NNs Model MLP Model SVM Model
Confusion | TP=33 | FP =7 |TP=30 |FP=10 |TP=29 |FP=§ |TP=31 |FP=0 |TP=25 |FP=11 |TP=3 |FP=7
Matric | FN=6 | TN=463 | FN=3 | IN=466 |FN=3 |TN=467 | FN=3 | IN=466 |FN=3 | IN=468 |FN=6 | IN=463
Total Tested 500 500 500 300 508 309
data
Accuracy 9341 9306 99.79 % 0 945
- 0 100 0 100 0 100 0 1.00 0 100 0 100
Precision
1 100 1 100 1 100 1 100 1 100 1 100
0 094 0 090 0 093 0 085 0 087 0 091
Recall
1 100 1 100 1 100 1 100 1 100 1 100
Fl-Score 091 0.3 095 090 09 043
Dataset 2 GNB Model BNE Model BR Model NNs Model MLP Model SVM Model
Cofusion | TP=30 | FP=8 | TP=32 | FP=9 |TP=15 |FP=10 |TP=35 |FP=11 |TP=35 | FP=10 | TP=4) | FP =10
Marix | FN=7 | IN=705 | FN=5 | IN=704 |FN=8 |TIN=707 | FN=10 | IN=6%4 |FN=8 | IN=697 | FN=12 | TN=688
Total Tested 750 750 750 750 750 750
data - - - ' ' -
Accuracy 91.09 94.00 96.03 95 946 9407
o 0 100 0 100 0 100 0 1.00 0 100 0 100
recsion 1 100 1 100 1 100 1 100 1 100 1 100
0 091 0 0.90 0 095 0 0.86 0 0.93 0 09
Recall
1 100 1 100 1 100 1 1.00 1 100 1 100
Fl-Score 0.90 0945 0956 0905 0917 09005
Dataset 3 GNB Model BNE Model BR Model NNs Model MLP Model SVM Model
Cofusion | TP=32 |FP=8 | TP=30 [FP=1 [TP=40 [FP=3 |TP=45 |FP=10 |TP=30 |FP=10 |TP=3) |FP =1
Matrix | FN=0 | TN=031 | FN=8 | TN=903 |FN=7 |IN=05 |FN=12 |IN=013 |FN=11 | IN=00 |FN=10 | TN=920
Total Tested 030 050 050 080 080 080
data
Aceuracy 04 87 9276 97.05 93.04 9400 9479
0 100 0 100 0 100 0 1.00 0 100 0 100
Precision
I 100 1 100 1 100 1 1.00 1 100 1 100
e 0 0.89 0 0.8 0 095 0 0.3 0 0.90 0 091
. 1 100 1 100 1 100 1 1.00 1 100 1 100
Fl-Score 09 0.94 0958 091 004 093

3.6 Mobile-based ML Development

After testing and evaluating machine learning-based models and selecting the most accurate and efficient model, a
mobile application was developed based on the proposed Al model. This application uses the trained model to predict
diabetes. The two primary users of this mobile application are specialists and individuals as supported by [49-51].
Figure 6 illustrates the main windows of the developed ML-Mobile App.
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In addition to the primary functions performed by the developed mobile application, it offers other services related to
statistics, based on years or months, for all users, as well as other interfaces related to proper nutrition and diet types
that can positively influence a patient's condition. Figure 7 illustrates one of the statistics windows in the proposed

application.
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Fig 7: Statistical Windows
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3.7 Usability Measurement for the Developed Mobile App.

After completing the development of the mobile application based on machine learning, it was distributed to actual
users. Three types of actual users were participants: individuals, clinicians, and diabetic patients. An instrument was
adapted, validated, and then used to measure usability. This tool consists of six dimensions, which are (effectiveness,
efficiency, satisfaction, learnability, memorability, and error tolerance), and each dimension consists of 7 elements.
The participant’s feedback have collected and analyzed. Figure 8 shows the results for measuring usability.

30
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©
=3 20
L
& 15
o
G 10
o
2 5
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Effectivnes = Efficiency | Satisfactio = Learnabilit | Memorabil Error
S n y ity tolerance
M Strongly Agree 30 25 28 24 30 23
mAgree 5 10 7 10 6 12
Some How Agree 1 1 0 2 1
H DisAgree

W Strongly DisAgree

Fig 8: Overall Usability Measurement

4, RESULT AND DISCUSSION

In the context of this study, six machine-learning models have adopted and trained on three datasets and subsequently
tested and it has found that the Bagging Regressor model is the best among the used ML models in terms of the
accuracy of the derived results. The SMOTE technique has proven its effectiveness in solving the problem of
imbalanced data sets. The results show that the proposed model performs more accurately with balanced data.
Therefore, the accuracy of the Bagging Regressor model was 99.79 with SMOTE technique included and 97.95 without
see Table 2.

Regarding the usability testing, as clearly shown in Figure 6, the majority of usability test participants either strongly
agreed or agreed with the proposed machine learning-based mobile app across all six usability dimensions. This
indicates that the proposed model, in addition to its importance in utilizing artificial intelligence in its development, is
applicable to all types of users, including patients, individuals, and clinicians.

In addition, for Expanded Performance Metrics We calculated the following metrics for each model across all
datasets, focusing on minority class performance (critical for imbalanced data): the focuses on dataset 1 as an
example as illustrated in Table 3:

TABLE Ill: MINORITY CLASS PERFORMANCE

Model Accuracy Precision Recall (Sensitivity) F1-Score ROC-AUC*
BR Model 99.79% 1.00 0.93 0.96 0.98
GNB Model 99.41% 0.94 0.91 0.92 0.95
SVM Model 94.50% 0.91 0.87 0.89 0.93

The Key obtained observations as follow

1. The BR Model achieves the highest F1-score (0.96) and ROC-AUC (0.98), indicating superior balance between
precision and recall.

2. Despite high accuracy across models, the BR Model’s recall (0.93) for the minority class outperforms others,
reducing false negatives.
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In the context of this study, The BR Model is optimal due to:

1. Variance Reduction: Bagging’s ensemble approach mitigates overfitting (evidenced by stable performance across
datasets).

2. Imbalance Handling: Despite no explicit weighting, its high recall (0.93-0.95) and AUC (>0.97) show inherent
robustness to imbalance.

3. Consistency: Achieves top-tier metrics in all datasets (see table below). The cross-dataset performance (averages)
are tabulated in Table 4.

TABLE 4: THE CROSS DATASET PERFORMANCE

Model Avg. ROC-AUC Avg. F1-Score
BR Model 0.97 0.95
NNs Model 0.94 0.91
MLP Model 0.92 0.89

5. THEORETICAL CONTRIBUTION

This research presents a set of critical and important theoretical contributions to the field of early detection and
prediction of diabetes using machine learning models, which can be considered an important guide to future directions
in the study of disease prediction and precision analytics of healthcare data.

5.1 A Thoroughgoing Assessment of Common ML Models

The study systematically assesses six diverse ML models—GNB, BNB, BR, NNs, MLP, and SVM—for diabetes
prediction. To assist researchers and practitioners in selecting the best algorithms for comparable medical prediction
tasks, this comparative analysis provides an overview of each model's advantages and disadvantages.

5.2 Addressing Class Imbalance Using SMOTE

The study addresses the critical challenge of class imbalance in medical datasets by using the Synthetic Minority
Oversampling (SMOTE) technique. This systematic approach improves model performance and ensures fair prediction
accuracy across minority and majority populations, providing guidance for dealing with imbalanced datasets in
healthcare applications.

5.3 Use of multiple, Diverse Datasets

Unlike many existing studies that rely entirely on reference datasets (such as the Pima Diabetes Dataset), this study
includes two real-world datasets collected from government diabetes centers in addition to the Pima Diabetes Dataset.
This multi-dataset validation enhances the generalizability of the results and demonstrates the applicability of the
model to real-world clinical data.

5.4 Performance Evaluation and Model Selection

The experimental results of this study confirmed that the Bagging Regressor outperformed other models, achieving an
accuracy of 99.79% with SMOTE and 97.95% without SMOTE. This result contributes to the theoretical understanding
of clustering methods in medical diagnosis and suggests that clustering techniques can significantly enhance the
accuracy and rigor of prediction in early detection and prediction of diabetes.

5.5 Developing a Machine Learning-Based Mobile Application (mHealth)

In this study, the proposed machine learning model was transformed into a smart mobile application to bridge the gap
between theoretical research and practical application. This study can serve as a reference for future studies aimed at
deploying Al-based diagnostic tools in mobile healthcare platforms, enhancing their accessibility and ease of use for
physicians, patients, and individuals.

6. CONCLUSION

Early detection of chronic diseases has a positive impact on their control and may cure. In this study, a machine-
learning model has developed, followed by a smart mobile application based primarily on the proposed model to detect
and predict diabetes. Three types of academic datasets have used in this study: one was academic, and the other two
were real-world datasets collected from healthcare centers providing diabetes care. In this research, several machine-
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learning models have evaluated based on their accuracy. The AA model performed the highest using SMOTE, with an
accuracy of 97%. The usability of the proposed mobile application has measured for all types of real users, and the
result was that the developed mobile application had high usability. Finally, all research questions within the scope of
this study have answered.

7. LIMITATION

While this research demonstrates promising results in diabetes prediction using machine learning, several limitations
should be acknowledged:

1. Dataset Constraints — The study relied on two private datasets and the Pima Indians dataset, which may not fully
represent diverse populations. Generalizability could be affected by demographic biases or limited sample sizes.

2. Overfitting Risk — The extremely high accuracy (99.79%) with SMOTE may indicate potential overfitting,
especially if the model performs less effectively on external or real-world datasets.

3. Class Imbalance Dependency — Although SMOTE improved performance, synthetic oversampling techniques can
sometimes introduce noise, and their effectiveness may vary across different datasets.

4. Limited Evaluation Metrics — The focus on accuracy may overlook other critical metrics (e.g., precision, recall,
F1-score), particularly important in medical diagnostics where false negatives carry significant risks.

5. Computational Complexity — Some models (e.g., Neural Networks, Bagging Regressor) may require substantial
computational resources, limiting deployment in low-resource healthcare settings.

6. Clinical Validation — The mobile application, while practical, requires real-world clinical testing to assess its
reliability, usability, and impact on decision-making in healthcare environments.

One of the most significant limitations of this study is the limited generalizability of the proposed model, as previously
mentioned. It was trained and validated on specific datasets collected from only two cities. This raises concerns about
its performance when applied to populations with different demographic, geographic, and socioeconomic
characteristics. Furthermore, deploying such a model in diverse real-world settings may present unexpected challenges,
including differences in data quality, infrastructure, or clinical practices, which could impact its reliability and
effectiveness. Therefore, these factors should be carefully considered before its widespread implementation.

Future work should address these limitations by incorporating larger, more diverse datasets, conducting
external validation, and optimizing models for clinical feasibility.
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