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Abstract

Diabetes mellitus is a major chronic disease that requires continuous monitoring and timely
risk assessment to reduce the likelihood of severe long—term complications. Recent ad-
vances in mobile health technologies and machine learning (ML) provide new opportunities
for developing intelligent systems that support diabetes self —management and early risk
screening. This paper presents an end—to—end mobile health platform that integrates
diabetes monitoring functionalities with an ML—based prediction service within a modular
client—server architecture. The proposed system enables users to record glucose measure-
ments, insulin injections, physical activity, and other health—related information while
providing historical data visualization, automated reminder notifications, and real —time
diabetes risk prediction. The prediction module was trained using the publicly available
PIMA Indians Diabetes Dataset and evaluated using Decision Tree (DT), Random Forest
(RF), and XGBoost classifiers. Model performance was assessed using accuracy, precision,
recall, specificity, F1—score, calibration analysis, and the area under the receiver operating
characteristic curve (AUC). Experimental results showed that the RF classifier achieved
the highest AUC (0.925), demonstrating superior discrimination capability among the
evaluated models and making it the most suitable candidate for deployment within the
proposed platform. Although the current prediction model was trained on a benchmark
public dataset, the proposed framework provides a practical foundation for integrating
ML-driven decision support into mobile health applications and can be further extended
through external clinical validation and personalized prediction models.

Keywords: diabetes monitoring; mobile health; diabetes risk prediction; machine learning;
Random Forest; self -management

1. Introduction

Chronic diseases represent a major global public health challenge and account for
approximately 90% of deaths worldwide. Among these conditions, diabetes mellitus is one
of the most prevalent metabolic disorders, affecting millions of people globally. Diabetes
occurs when the body is unable to adequately regulate blood glucose levels owing to
insufficient insulin production, impaired insulin action, or both. Without appropriate treat-
ment and continuous monitoring, diabetes may lead to severe long—term complications,
including cardiovascular disease, chronic kidney disease, neuropathy, and retinopathy [1].

Effective diabetes management relies on continuous monitoring of blood glucose
levels together with careful observation of lifestyle—related factors. Regular monitoring
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enables patients and healthcare professionals to make informed decisions regarding medi-
cation, diet, and physical activity. Previous studies have demonstrated that regular glucose
monitoring significantly reduces the risk of long-term diabetes—related complications [2].
Self —monitoring of blood glucose is considered one of the most effective methods for
managing diabetes. Without continuous monitoring and appropriate treatment, the disease
can significantly impact daily activities and overall quality of life. Current monitoring
techniques include traditional self —monitoring of blood glucose, continuous glucose mon-
itoring systems, and telehealth solutions that enable remote supervision by healthcare
professionals [2—4]. In recent years, mobile health technologies have emerged as powerful
tools for supporting patients in managing chronic diseases. Mobile health applications
enable users to record health-related data, receive personalized feedback, and visualize
longitudinal trends in their medical information, thereby supporting continuous disease
monitoring, improving patient engagement, and increasing adherence to treatment plans.
Concurrently, machine learning (ML) techniques have demonstrated considerable potential
for supporting medical decision—making and disease risk prediction [5,6]. ML algorithms
are capable of identifying complex relationships among clinical and demographic variables
associated with diabetes risk. Numerous studies have applied algorithms such as Support
Vector Machines, DTs, and Neural Networks for diabetes prediction, achieving promising
results [7-10].

The integration of predictive models within mobile health platforms can significantly
improve early detection and patient awareness. Motivated by these developments, this
paper proposes a mobile—based diabetes monitoring and prediction system that combines
ML algorithms with mobile health technologies. The proposed platform is primarily
intended to support diabetes self —-management while providing machine learning—based
diabetes risk assessment as a decision—support functionality. The prediction module is
designed to assist users in identifying potential diabetes risk and does not replace clinical
diagnosis or medical decision—making. For individuals already diagnosed with diabetes,
the application facilitates continuous monitoring through glucose logging, insulin tracking,
physical activity recording, and automated reminder notifications. Although considerable
progress has been achieved in both mobile health technologies and machine learning—based
diabetes prediction, most published studies focus either on predictive model development
or on mobile monitoring applications as separate solutions. Comparatively fewer studies
integrate these components into a unified end—to—end platform capable of supporting
continuous diabetes self—management while simultaneously providing real —time diabetes
risk prediction.

Several recent studies have investigated the application of ML models for diabetes
prediction using clinical and lifestyle data. Comparative analyses have shown that ensem-
ble models and deep learning architectures often achieve high accuracy in predicting the
onset of type 2 diabetes [11,12].

In addition to predictive capabilities, modern digital health systems increasingly focus
on continuous monitoring and self—management support for chronic diseases. Mobile
technologies provide patients with accessible tools for tracking daily health parameters
such as glucose levels, insulin administration, and physical activity. These systems can
significantly improve disease awareness and allow patients to maintain a consistent history
of medical data that can later be used during clinical consultations. Mobile applications are
particularly suitable for diabetes management since patients typically carry smartphones
throughout the day, making them an effective platform for real—time monitoring and
feedback [13,14].

Despite these advances, relatively few studies integrate machine learning—based
diabetes risk prediction with comprehensive mobile health functionalities within a single
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end—to—end platform. Developing such integrated solutions has the potential to improve
both early risk assessment and long—term disease self-management by combining pre-
dictive analytics with continuous health monitoring and user engagement. The main
contributions of this work are as follows:

*  Design and implementation of an integrated mobile health system for diabetes moni-
toring and prediction.

*  Design of a scalable client—server architecture combining mobile technologies with
ML services.

*  Development of a REST—based prediction service that enables real—time prediction
and risk assessment of diabetes.

* Integration of comprehensive diabetes self —management functionalities including
glucose logging, insulin tracking, and physical activity monitoring.

¢ Design and implementation of a reminder mechanism that encourages continuous
glucose monitoring and improves patient adherence.

The remainder of this paper is organized as follows. Section 2 presents related work in
diabetes monitoring and ML—based prediction models. Section 3 describes the materials
and methods used in the development of the predictive model. Section 4 presents the
architecture of the proposed system. Section 5 presents the experimental evaluation of the
proposed system, while Section 6 discusses the obtained results, limitations, and future
research directions. Finally, Section 7 concludes the paper by summarizing the main
findings and outlining potential directions for future work.

2. Related Work
2.1. Diabetes Monitoring Systems

Monitoring blood glucose levels is essential for effective diabetes management. Pa-
tients diagnosed with diabetes are required to regularly track their glucose levels in order
to maintain optimal glycemic control and prevent complications. Previous studies have
shown that individuals who experience diabetes—related complications tend to monitor
their glucose levels more frequently due to increased awareness regarding the importance
of disease management [15].

Certain patient groups require even more frequent monitoring. For example, pregnant
women diagnosed with gestational diabetes must closely monitor their glucose levels to
prevent complications that may affect both the mother and the fetus. Medical guidelines
recommend regular blood glucose evaluations throughout pregnancy to ensure appropriate
treatment and lifestyle adjustments [16].

In recent years, mobile health applications have become increasingly popular tools for
diabetes monitoring. These applications enable users to record various health parameters,
including glucose levels, medication intake, physical activity, and dietary habits. Further-
more, the integration of mobile applications with wearable sensors and Internet of Things
(IoT) devices allows continuous monitoring and real —time analysis of physiological data.

Research has shown that combining continuous glucose monitoring systems with mo-
bile applications can improve glycemic control and reduce the risk of severe hypoglycemic
events. In addition, elderly patients using IoT —enabled monitoring solutions have demon-
strated improved disease management compared to those relying on traditional monitoring
methods [17].

Systematic reviews have also highlighted the benefits of mobile health systems in
diabetes care, emphasizing their role in improving patient education and providing
timely feedback for self —-management. These technologies contribute to better adher-
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ence to treatment plans and improved long—term health outcomes for patients with
diabetes [13,14].

Although prior studies have reported strong predictive performance for diabetes
risk assessment, many focus either on standalone prediction models or on monitoring
applications without integrated predictive analytics. In contrast, the proposed system
combines mobile health monitoring, patient data logging, visualization, reminders, and
ML —based prediction within a unified client-server architecture.

2.2. Machine Learning for Diabetes Prediction

A meta—analysis conducted by Kodama et al. demonstrated the strong predictive
capabilities of modern ML algorithms compared with traditional statistical approaches for
diabetes risk assessment [8].

For example, Farran et al. developed ML models capable of predicting the risk of
diabetes and hypertension using national healthcare datasets [7]. Similarly, Qin et al.
showed that ML algorithms trained on lifestyle-related variables can effectively predict
diabetes risk [9].

Additional studies have shown that incorporating lifestyle variables into predictive
models significantly improves the accuracy of diabetes prediction systems. Health—related
behaviors such as diet, physical activity, and body weight represent important predictors
of diabetes development and can enhance the performance of ML models when included
as predictive features [10].

Hybrid ML approaches have also been explored to further improve prediction per-
formance. For instance, Mastoli et al. proposed a hybrid model combining Support
Vector Machines and Artificial Neural Networks, achieving high prediction accuracy and
demonstrating the effectiveness of combining multiple algorithms for diabetes diagnosis
tasks [18].

Other research has investigated the use of electronic health records to develop pre-
dictive models capable of identifying patients at risk of missing clinical appointments or
experiencing complications related to diabetes. Kurasawa et al. showed that ML techniques
applied to clinical records can assist healthcare systems in identifying patients who require
additional monitoring or medical intervention [19].

Recent studies have investigated the use of advanced ML and deep learning tech-
niques for diabetes prediction, demonstrating high predictive accuracy and improved
interpretability of models [5,6,11,12,20,21].

Despite the significant progress achieved in diabetes prediction using ML algorithms,
many existing studies focus primarily on the development of predictive models without
integrating them into practical healthcare systems. Moreover, limited research has explored
the combination of ML prediction models with mobile health applications designed for
continuous patient monitoring and self —management. Therefore, integrating predictive
analytics with mobile health platforms represents an important research direction for
improving diabetes monitoring and enabling earlier disease detection.

3. Materials and Methods
3.1. Dataset

The ML model used in this study was trained using the PIMA Indians Diabetes Dataset,
which is publicly available through the Kaggle platform [22]. This dataset is widely used in
diabetes prediction research and contains 768 patient records, together with several clinical
attributes commonly used for diabetes risk assessment. The PIMA Indians Diabetes Dataset
was selected because it is one of the most extensively used public benchmark datasets
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for diabetes prediction, enabling direct comparison with previously published machine
learning studies.

The data set includes the following independent variables: number of pregnancies,
plasma glucose concentration, blood pressure (mm Hg), skin thickness (mm), insulin level
(wU/mL), body mass index, diabetes pedigree function, and age. Within the mobile applica-
tion, BMI is not entered directly by the user but is automatically computed from the user’s
weight and height before the prediction request is submitted. The target variable indicates
whether the patient has diabetes or not. Therefore, diabetes risk prediction can be modeled
as a binary classification problem. It should be noted that the health data recorded through
the mobile application are currently stored exclusively for monitoring and visualization
purposes and are not used to retrain or personalize the deployed machine learning model.
Future work will investigate personalization strategies based on longitudinal patient data
collected through the application.

To provide a better overview of the features in the data set, Figure 1 shows the
correlation matrix between the dependent and independent features. It can be seen that
the features that are mostly correlated with the outcome are represented by the glucose
level, BMI, and age. From a clinical perspective, these features directly influence the
predisposition of a person to diabetes. For example, a high BMI value associated with a high
glucose level would significantly increase the chances of developing diabetes. Similarly,
a high glucose level is associated with a higher chance of developing diabetes from a
clinical perspective.
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Figure 1. Correlation Matrix of the features provided by the Pima Indians Diabetes Dataset.

3.2. Data Preprocessing

Before training the ML models, the dataset was analyzed to detect inconsistencies,
missing values, and potential outliers. Data preprocessing is a critical stage in ML pipelines
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because it improves data quality and allows the model to better identify meaningful
patterns in the dataset.

The overall data preprocessing and prediction workflow used in this study is illus-
trated in Figure 2.

S S o —

Outlier Correction .
PIMA Diabetes Dataset Selected Model:

Random Forest
Median replacement

Data Cleaning Train/Test Split Prediction AP
Remove inconsistencies; N N - N
Check null values; X_train, X_test, Y_train, Y_test FastAPI service integration
iaai i Model Training
Missing Value Handling Mobile Application
Degcision Tree, Random Forest, Prediction
Mean value replacement XOBoost
Outlier Detection Model Evaluation

Box plot Accuracy, Precision, Recall,
i Specificity and AUC-ROC Analysis

I e S —

Figure 2. Data preprocessing and prediction workflow used for the diabetes prediction.

The workflow begins with the PIMA dataset, followed by preprocessing steps in-
cluding missing value handling and outlier correction. After preprocessing, the dataset
is divided into training and testing subsets. Multiple ML algorithms are then trained and
evaluated in order to determine the most suitable model for diabetes prediction.

During the exploratory analysis, several attributes were found to contain zero values.
Since zero values are physiologically impossible for certain medical measurements, such as
glucose concentration or insulin level, these values were interpreted as missing data. The
distribution of zero values across the dataset attributes is illustrated in Figure 3.
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Figure 3. Distribution of zero values across the clinical variables in the PIMA Indians Diabetes
Dataset.

The analysis revealed the presence of extreme values for several attributes, including
blood pressure, BMI, skin thickness, and age. To reduce the influence of these extreme
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observations on the training process, the detected outliers were replaced with median
values calculated for each attribute. After completing these preprocessing steps, the dataset
was considered suitable for training ML models.

3.3. Machine Learning Algorithms

Three supervised ML algorithms were evaluated in order to determine the most suit-
able model for diabetes prediction: Decision Tree (DT), Random Forest (RF), and XGBoost.
DT is a supervised learning algorithm that predicts a target value by learning decision rules
derived from the dataset features. RF is an ensemble learning method that constructs multi-
ple DTs and combines their outputs to improve prediction accuracy. XGBoost is a gradient
boosting algorithm that builds sequential DTs and optimizes prediction performance using
gradient descent techniques.

4. Proposed System Architecture

The overall workflow of the proposed diabetes monitoring and prediction system is
illustrated in Figure 4.

' Dataset
[ « PIMA Indians Diabetes Dataset

« Clinical Data
« Numeric Attributes
« Target Outcome

Data Preprocesing

« Data Cleaning
« Missing Value Handling

+ Outlier Detection
» Train/Test Split

!

¢ Model Training

| b 1;

[ g_ « Decision Tree
« XGBoost

| - Random Forest

= (o)
« Deploy Trained Model
- FastAPI Service

» Diabetes Risk Prediction

]

P

Mobile Health Application

« Patient Data Input
« Predict Diabetes Risk
» Real-Time Feedback

Figure 4. Machine learning workflow architecture of the proposed system.

The workflow begins with the PIMA Indians Diabetes Dataset, followed by prepro-
cessing steps including data cleaning, missing value handling, and outlier detection. The
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processed dataset is then used to train multiple ML algorithms. The best—performing
model is deployed through a FastAPI—based prediction service and integrated into the
mobile health application to provide real—time diabetes risk prediction.

The proposed system follows a modular client-server architecture designed to support
both health monitoring and predictive analytics functionalities. The architecture consists
of three main components: a mobile client application, a backend application server, and
a ML prediction service. The mobile application allows users to record health—related
information such as glucose levels, insulin injections, and physical activity. In addition,
users can request diabetes risk predictions based on medical parameters entered into
the application. The backend server is responsible for managing authentication, data
storage, and communication between the mobile application and the prediction service.
The prediction service hosts the trained ML model and processes prediction requests sent
by the backend server. The overall system architecture is illustrated in Figure 5.

.NET CORE Framework
Entity Framework for Code-First
approach

MOBILE
APPLICATION

— {——=> |paTaast

SERVER

lonic Framework with T .
Angular |

PREDICTION
SERVER

Python for creating the Machine
Learning script
FastAPI to load the trained model and
create the endpoint

Figure 5. Overall architecture of the proposed diabetes monitoring and prediction system.

The mobile client communicates with the backend server implemented using ASP.NET
Core through RESTful APIs. The backend server interacts with the ML prediction service
implemented using Python version 3.14.6 and FastAPI, version 0.139.0 to generate diabetes
risk predictions.

4.1. System Objectives and Functionalities

The main objective of the proposed system is to support diabetes monitoring and
prediction through the integration of mobile health technologies and ML algorithms.

The system allows users to obtain a diabetes risk prediction by completing a form
containing relevant clinical and demographic parameters required by the trained ML model.
Based on these inputs, the system generates a prediction regarding the likelihood of dia-
betes occurrence. The prediction form collects the user’s weight and height together with
the remaining clinical parameters required by the deployed machine learning model. Since
the prediction model was trained using the Body Mass Index (BMI) feature provided by
the PIMA Indians Diabetes Dataset, the application automatically computes BMI from the
entered weight and height values using the standard Body Mass Index formula. The calcu-
lated BMI value is then transmitted to the prediction service together with the remaining
input variables, ensuring full consistency between the mobile application and the machine
learning model.

In addition to prediction functionality, the application enables continuous monitoring
of health—related data. Users can log glucose levels, insulin injections when required, and
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physical activity. These records are stored in the system and can later be accessed through
historical logs and graphical visualizations that help users observe trends and fluctuations
in their health data.

The application also includes a calendar feature that allows users to schedule future
medical appointments or health—related events. Another important functionality is the
automated notification mechanism, which sends reminders if users do not record glucose
data by a predefined time during the day. This feature encourages consistent monitoring
and supports better diabetes self —management.

4.2. Use Case Overview

The primary features of the application include logging glucose levels and insulin
injections, as well as requesting predictions based on medical parameters entered by the
user. The prediction functionality allows users to analyze their potential diabetes risk and
increase awareness regarding their health status.

The interactions between the user and the system functionalities are illustrated in the
use case diagram presented in Figure 6.

_______________________________ validate fields .
get result w Main server
prediction T’ ¥ 4 A
e o = Database
. store data "

f~
- send back the
equesled datg get users who
did not log dal
retrieve user's
emails

Send back the .. send
equested datg . email

Hc
0

-

smtp server
Prediction server P

FOOBIVE BMAI | . o tienssssesessseseears s R
Lpeammaen s

Figure 6. Use case diagram of the proposed diabetes monitoring system.

Additional functional requirements include validation mechanisms implemented both
on the client side and on the server side to ensure data integrity. The application also
stores all user-related data and monitoring logs in the system database. The application
allows users to update their personal information and ensures that restricted routes remain
accessible only to authenticated users. If an unauthenticated user attempts to access a
protected route, the system automatically redirects them to the login page.

4.3. Implementation Technologies

The proposed system was implemented using a combination of modern web
and mobile development technologies. The mobile client was developed using the
Angular—integrated Ionic framework, enabling cross—platform deployment on Android
and iOS devices. Ionic provides a rich set of Ul components and allows the development of
hybrid mobile applications using web technologies such as HIML, CSS, and TypeScript.

The backend server responsible for data management and user authentication was
implemented using the ASPNET Core framework. This framework enables the develop-
ment of scalable RESTful APIs and supports modern software architecture patterns such as
dependency injection and repository—based data access.
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The ML prediction service was implemented using Python and the FastAPI framework.
FastAPI allows efficient deployment of trained ML models as web services and provides
automatic API documentation and testing capabilities.

For data persistence, the system uses a Microsoft SQL Server database accessed through
Entity Framework using the code—first approach. This approach simplifies database manage-
ment and ensures consistency between application models and database schema.

4.4. Database Design

The system database consists of six main tables that store information related to
users and their health monitoring data. The Users table stores general user information,
including name, date of birth, username, password, and diabetes—related information. The
Predictions table stores the prediction results generated for each user. The GlucoseLogs,
InsulinLogs, and SportLogs tables store monitoring data related to glucose levels, insulin
intake, and physical activity. Additionally, the Events table stores information about
scheduled medical appointments or other health—related events. All tables are connected
to the Users table, which acts as the central entity of the database schema. The structure of
the database is illustrated in Figure 7.

Predictions
§ Predictonld

Pregnancies
Age
TrcepsThickness
Userld
BMI
DiabetesPedigree
Diabetic
DiastolicBioodPressure

PiasmaGlucose

N ¥ Userd
| InsulinLogs ar— Sportlogs

@ InsulinLogld ¥ Sponlogld
LastName

Insulinlntake Duration
Email N
LoggedDate LoggedDate
======(0  DateOfith Eam—

WhenWasinjected TypeOtactivy

Username

Notes Notes
Password
Usedd Usedd
DisbetesType

HasDiabetes

Glucoselogs
¥ Glucoselogld
Glucoselevel
LoggedDate
WhenWaslogged

Notes

Events
¥ Eventid
Tide
StanTime
EndTime

Userld

Userld

Figure 7. Database schema used for storing user health data and monitoring logs.

4.5. System Workflow

The interaction between the mobile application, backend server, and prediction ser-
vice is illustrated in the sequence diagram shown in Figure 8. The backend server was
implemented using the ASP.NET Core framework following the Model-View—Controller
(MVQ) architectural pattern. This approach improves modularity and maintainability by
separating the application logic into distinct components responsible for data handling,
request processing, and response generation. To manage database operations, the sys-
tem employs the repository pattern, which centralizes data access logic and reduces code
duplication across different components. The backend communicates with the mobile
application through RESTful APIs and processes requests encoded in JSON format.
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Figure 8. Sequence diagram illustrating the interaction between the mobile client, backend server,
and prediction service.

This workflow describes the main operational process of the system. The user inter-
acts with the mobile application to submit monitoring data or request predictions. The
backend server processes the request and communicates with the prediction service when
a prediction is required. The prediction service evaluates the input parameters using the
trained ML model and returns the result to the server, which forwards the response to the
mobile application.

4.6. Notifications Mechanism

In addjition to the core functionalities of monitoring and prediction, the system includes
an automated notification mechanism. The system sends daily reminder emails to users
who have not recorded glucose data by a specified time during the day. Maintaining a
consistent history of glucose measurements is essential for effective diabetes management,
as it allows users to identify trends and variations in their glucose levels over time. An
example of the notification email sent by the system is presented in Figure 9.
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Diabetes Tracking App = fnboxx & B

diabetestrackingl@outlook.com Sat,Jun25,7:49 PM (3daysago) 3¢ &

tome v
X5 English v > Romanian v Translate message Turn off for: English x

Please log in to your glucose levels!

This email has been checked for viruses by Avast antivirus software.
https:/www.avast.com/antivirus

4 Reply » Forward

Figure 9. Example of an automated reminder notification email.

The notification service is implemented using a scheduled job system that periodically
checks whether users have logged glucose values during the day. If no data have been
recorded before a predefined time, the system automatically sends a reminder email
encouraging the user to perform the measurement. This mechanism promotes consistent
monitoring behavior, which is essential for effective diabetes self-management.

5. Experimental Results
5.1. Prediction Performance

In order to deploy the prediction service within the proposed system, an ML model
capable of accurately predicting diabetes risk was required. The model was trained using
the PIMA Indians Diabetes Dataset, which contains 768 patient records and several clinical
attributes commonly used for diabetes prediction [22]. Following the preprocessing phase
described in Section 3, the dataset was divided into training and testing subsets. The feature
matrices were stored in X}, and Xjest, while the corresponding target vectors were stored
N Yirgin and Yeest. Three supervised ML algorithms were evaluated in order to determine
the most suitable model for diabetes prediction: RF, DT, and XGBoost. Each algorithm was
trained using the training dataset and evaluated using the testing dataset. Additionally, to
increase the reliability of the evaluation of the ML models, 5—fold cross—validation was
employed. The performance of the evaluated classifiers was assessed using six standard
evaluation metrics: Accuracy (ACC), Positive Predictive Value (PPV, also referred to as
Precision), Recall (REC, also referred to as the True Positive Rate (TPR) or Sensitivity),
Specificity (SPC, also referred to as the True Negative Rate (TNR)), F1—score, and the Area
Under the Receiver Operating Characteristic Curve (AUC—ROC).

ACC= 157 $;i£§+ FN @
PPV = TPTFP @

TPR = REC = 7TP1PFN ©)
TNR = SPC = TNTifFP (4)
Fl=2. % (5)
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AUC-ROC = /O 1 TPR(FPR) d(FPR) (6)

where TP, TN, FP, and FN denote the numbers of true positives, true negatives, false
positives, and false negatives, respectively. The False Positive Rate (FPR) is defined as:

FP

FPR = 55 TN @

The Receiver Operating Characteristic (ROC) curve represents the relationship be-
tween the True Positive Rate (TPR) and the False Positive Rate (FPR) across different
classification thresholds.

The results obtained by the DT, RE, and XGBoost models are presented in Table 1.
Moreover, the corresponding confusion matrices and ROC curves are presented in
Figures 10 and 11, respectively. The Area Under the ROC Curve (AUC—ROC) provides a
quantitative measure of the classifier’s overall discriminative performance, with higher
values indicating better classification capability.

Decision Tree Random Forest

15
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Actual

o
kg
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Predicted Predicted
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$ 13 42
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Figure 10. Confusion Matrices of the: (a) Decision Tree, (b) Random Forest and (c) XGBoost Classifiers.

Additionally, the calibration curves presented in Figure 12 compare the probabilities
predicted by the ML models with the observed outcome frequencies. Five bins were used to
generate the calibration curves. For each bin, two quantities were employed to determine
the calibration level of the ML—based models. The first quantity is represented by the
mean predicted probability which is measured on the x—axis and highlights the average
predicted probability assigned by each ML model. The second quantity is represented
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by the fraction of positives which is measured along the y—axis and shows the observed
proportion of positive—class samples within a certain bin. The calibration curves indicate
that the DT and RF models exhibit better agreement between predicted probabilities and
observed outcomes than the XGBoost model, which is consistent with the performance
metrics reported in Table 1.

Table 1. Performance evaluation results of the machine learning models.

Model ACC [%] PPV [%] TPR/REC [%] TNR/SPC [%] F1 [%] AUC-ROC
Decision Tree 87.3 86.1 87.5 81.6 86.8 0.919
Random 84.5 82.7 83.1 86.9 82.9 0.925
Forest
XGBoost 82.2 80.4 81.6 84.8 80.9 0.923
ROC curves
1.0

0.8
[0}
]
©
X 0.6
(O]
=
o+
i
(o]
[a
o 0.4
2
|_
0.2
//’ —— Decision Tree (AUC-ROC = 0.919)
Random Forest (AUC-ROC = 0.925)
0.0 £ —— XGBoost (AUC-ROC = 0.923)
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 11. ROC Curve obtained after training the machine learning models.

Although the Decision Tree achieved the highest accuracy, the Random Forest classifier
obtained the highest AUC—ROC value, which indicates better discrimination capability
across different classification thresholds. Therefore, Random Forest was selected for de-
ployment.

A perfectly calibrated model follows the diagonal line, indicating that predicted
probabilities closely match the observed outcomes.

To improve the interpretability of the deployed prediction model, permutation feature
importance was computed to identify the variables with the greatest influence on the predic-
tion results. Therefore, Figure 13 presents the top five most important features that are used
in the decision—making process using permutation importance. Permutation importance
quantifies the importance of each feature’s contribution in the dataset by measuring the
decrease in the AUC—ROC value as its corresponding values are randomly shuffled.
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Figure 12. Calibration curves obtained for the evaluated machine learning models.
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Figure 13. Permutation importance analysis of the five most influential features.

Therefore, the larger the drop in AUC—ROC score, the greater the importance of the
feature is. It can be observed that the first two features (e.g., insulin and glucose) are the
most important features with respect to the AUC—ROC values. From the clinical point
of view, the feature importance is valid since both the glucose and insulin levels directly
influence whether a person has diabetes or not.

5.1.1. Functional Validation of the Mobile Application

In addition to evaluating the predictive model, functional testing of the mobile ap-
plication (Figure 14) was performed in order to validate the correct operation of the
implemented features.
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Glucose level is over the normal
range. Please contact the doctor!

(©
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Figure 14. User interfaces illustrating (a) the diabetes prediction form, (b) the glucose logging page,
and (c) the confirmation message displayed after recording a glucose measurement.

Functional testing was conducted to validate the main components of the application,
including user registration, authentication, prediction requests, and health data logging.
Validation mechanisms were implemented both on the client side and on the server side
to ensure that required fields were completed and that data formats were correct. The
ML model was also tested using multiple input scenarios to verify the correctness of
the prediction service and the communication between the mobile application and the
backend system.

User registration was tested through a form—based interface requiring users to enter
their personal information. Validation mechanisms ensure that all required fields are
completed, the email address follows a valid format, and the password meets minimum
security requirements. Security mechanisms were implemented to protect user data stored
within the system. User credentials are encrypted before being stored in the database,
reducing the risk of unauthorized access in the event of security breaches. Access control is
enforced through authentication mechanisms that restrict protected routes to authenticated
users only. In addition, server—side validation is applied to ensure data integrity and
prevent invalid or malicious requests.

The backend server verifies whether the username and email address are unique
before creating a new user account. User authentication was also validated. When login
credentials are submitted, the server checks whether the provided username exists in the
database and verifies the corresponding password. If authentication is successful, the user
is redirected to the application home page; otherwise, an error message is displayed.

Additional validation mechanisms are implemented for prediction requests and health
data logging. For example, prediction requests require all input fields to be completed
before submission. Similarly, forms used for logging glucose levels, insulin injections, and
physical activity only enable submission once all mandatory fields are filled.

The mobile application also provides a history page that displays glucose measure-
ments, insulin injections, and physical activity records collected during the previous two
months. These historical records enable users to monitor changes in their health status over
time and may assist healthcare professionals during follow-up consultations (Figure 15).
Additionally, the application includes a charts page that graphically presents trends in
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blood glucose levels, insulin administration, and physical activity over the same period,
allowing users to better understand the evolution of their recorded health parameters.

Charts

Glucose variation for the last 2 months

Insulin injection for the last 2 months

[51)

Figure 15. History page displaying the user’s blood glucose measurements, insulin injections, and
physical activity records collected during the previous two months.

5.1.2. Data Preprocessing Validation

During the preprocessing phase, the dataset was analyzed for potential outliers using
box plot visualization for each feature. In some attributes, such as blood pressure, outliers
were identified. After applying the outlier correction strategy described in Section 3, the
box plot analysis was repeated to verify that the issue had been resolved. An example of
the outlier correction process is illustrated in Figure 16.

bp bp

(a) (b)

Figure 16. Overview of outlier correction process during data preprocessing: (a) before and (b) after
outlier correction.

The corrected dataset was then used for training and evaluating the ML models.
Overall, the predictive model achieved high accuracy on the testing dataset, with the RF
classifier demonstrating the best performance. In addition, functional testing confirmed
that the mobile application correctly supports user registration, authentication, prediction
requests, and health data logging.
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6. Discussion

The experimental results demonstrate that the RF algorithm achieved the highest AUC
score among the evaluated models, outperforming both the DT and XGBoost classifiers.
This result highlights the effectiveness of ensemble—based learning techniques in handling
complex relationships within medical datasets. RF combines the predictions of multi-
ple DTs, reducing overfitting and improving model stability, which explains its superior
performance on the PIMA Indians Diabetes Dataset. These findings are consistent with
previous studies reporting strong predictive performance of ML—based diabetes prediction
models [20,21].

Beyond the predictive performance of the ML model, an important contribution of
the proposed work lies in the integration of the predictive model within a mobile health
monitoring platform. While many existing studies focus primarily on the development
and evaluation of ML models, the proposed system extends this approach by embedding
predictive analytics into a practical mobile health application designed for continuous
patient monitoring. This integration enables users not only to obtain predictions regarding
their potential diabetes risk but also to monitor relevant health parameters over time, thus
supporting proactive disease management.

The system supports diabetes self -management by providing functionalities that
allow users to record glucose measurements, insulin injections, and physical activity. These
monitoring features are complemented by data visualization tools that enable users to
observe trends and variations in their glucose levels through graphical representations
and historical logs. Such capabilities can improve patient awareness and facilitate more
informed health-related decisions.

Another important functionality of the system is the automated notification mecha-
nism. By sending reminder emails when glucose measurements are not recorded during the
day, the system encourages users to maintain consistent monitoring behavior. Continuous
monitoring is widely recognized as a critical component of effective diabetes management,
as it enables early detection of abnormal glucose levels and helps patients maintain better
glycemic control.

Despite the promising results obtained in this study, several limitations should be
considered. The predictive model was trained using the PIMA Indians Diabetes Dataset,
which contains a relatively limited number of samples and represents a specific population
group. Consequently, although the obtained results are encouraging, the generalizability of
the model to ethnically and clinically diverse populations has not yet been demonstrated.
Future work will therefore focus on external validation using publicly available multi-
ethnic datasets, such as NHANES, together with retrospective and prospective validation
using real clinical data collected in collaboration with healthcare institutions. Although
multiple evaluation metrics were considered, including accuracy, precision, recall, speci-
ficity, F1—score, calibration analysis, confusion matrices, and AUC, further validation
using independent clinical datasets remains necessary before the model can be considered
suitable for deployment in real clinical environments.

From a clinical perspective, the proposed system demonstrates the potential of in-
tegrating ML prediction models with mobile health technologies to support early risk
detection and continuous monitoring of diabetes. By providing users with a convenient mo-
bile platform for logging glucose levels, insulin injections, and physical activity, the system
encourages regular self —monitoring and increases patient awareness regarding their health
status. The integration of predictive analytics allows users to receive an estimation of their
potential diabetes risk based on clinical parameters, which may help identify individuals
who could benefit from further medical evaluation. In addition, the automated notification
mechanism promotes consistent glucose monitoring, which is essential for maintaining
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glycemic control and preventing long—term complications associated with diabetes. Such
systems could complement traditional healthcare services by providing patients with acces-
sible digital tools that support proactive disease management and facilitate communication
between patients and healthcare professionals.

Future research could address these limitations by training and validating the model
using larger and more diverse clinical datasets. Incorporating additional features related to
lifestyle factors, medical history, and wearable sensor data could further improve prediction
accuracy and model robustness. Moreover, the integration of additional explainable artifi-
cial intelligence techniques (e.g., local interpretable model-agnostic explanations or partial
dependence plots) could enhance the transparency and interpretability of the predictive
model, allowing both patients and healthcare professionals to better understand the factors
influencing prediction outcomes. Finally, extending the system with advanced clinical
decision—support functionalities and integrating additional health monitoring modules
could further increase its applicability in real —world healthcare environments.

7. Conclusions

This paper presented a mobile-based system for diabetes monitoring and prediction
that integrates ML techniques with mobile health technologies. The proposed solution
combines continuous health monitoring with predictive analytics, enabling users to record
and analyze important health parameters such as glucose levels, insulin injections, and
physical activity through a mobile application. By integrating monitoring functionalities
with ML—based risk prediction, the system provides users with a comprehensive digital
tool that supports both self —-management and early awareness of potential diabetes risk.

The experimental evaluation demonstrated that the RF classifier achieved the highest
AUC among the evaluated algorithms, indicating superior discrimination capability across
different classification thresholds. These results confirm the effectiveness of ensemble
learning methods for diabetes prediction tasks when applied to clinical datasets such
as the PIMA Indians Diabetes Dataset. Integrating the predictive model into a mobile
health platform enables real—time risk assessment while simultaneously allowing users to
maintain a structured history of their health data.

An additional contribution of the proposed system is the implementation of an auto-
mated notification mechanism that reminds users to record glucose measurements when no
data have been logged during the day. This feature encourages consistent self —-monitoring
behavior, which is widely recognized as an essential component of effective diabetes man-
agement. By promoting regular monitoring and providing predictive insights, the proposed
system has the potential to support patients in maintaining better glycemic control and
improving long—term health outcomes.

Future work will focus on extending the capabilities of the proposed platform by
incorporating additional intelligent functionalities. These may include OCR—based medical
report analysis, personalized dietary recommendation systems, and the integration of
additional physiological data obtained from wearable devices. Furthermore, future research
will involve training and validating the predictive models using larger and more diverse
clinical datasets in order to improve generalization and predictive performance. Expanding
the prediction framework to support the monitoring and early detection of other chronic
diseases may also enhance the applicability of the proposed system in broader digital
health environments.

Opverall, the proposed system demonstrates the potential of integrating ML and mobile
health technologies to support proactive diabetes management. By combining predictive
analytics with continuous monitoring, such solutions can contribute to earlier disease
detection, improved patient awareness, and the development of more personalized digital
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healthcare systems. Although additional external clinical validation is required before de-
ployment in routine clinical practice, the proposed framework provides a solid foundation
for future intelligent mobile health systems supporting diabetes management.
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