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ABSTRACT

This study presents a comprehensive research compendium on the application of
Artificial Intelligence (Al) and Machine Learning (ML) in diabetes diagnosis and
prediction. It covers four main research areas: analysis of non-medical data, analysis
of medical data, retinal image classification for diabetic retinopathy, and prediction of
diabetic patient rehospitalization. The objective was to compare the performance of
various ML models across these four dimensions of diabetic diagnostics and
healthcare support. A wide range of algorithms was applied, including Extra Trees,
XGBoost, Random Forest, Bagging, Gradient Boosting, CatBoost, and neural
networks (MLP, Keras). The models were trained on real-world datasets (Diabetes
Health Indicators Dataset, Healthcare Diabetes Dataset), achieving very high
accuracy — up to 99% for the best-performing classifiers. To enhance model
transparency and verify predictive reliability, a SHAP (SHapley Additive exPlanations)
analysis was conducted, allowing precise interpretation of feature importance and
individual prediction contributions. As part of the project, a web-based system —
GlucoCheck Al — was developed, integrating all four modules into one cohesive
platform built with Flask, HTML, CSS, and JavaScript. The system enables risk
prediction, feature-importance visualization, medical data analysis, and retinal image
classification using deep learning techniques. The findings confirm the potential of Al
to improve diagnostic accuracy, interpretability, and accessibility in diabetes care. The
study highlights the need for further clinical validation, data standardization, and
integration of Al with healthcare infrastructures to advance digital and personalized
medicine.
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The study utilized four publicly available datasets representing non-medical, medical, retinal, and hospital prediction domains.
Behavioral Risk Factor Surveillance System (BRFSS) 2015

Centers for Disease Control and Prevention (CDC), U.S. Department of Health and Human Services, Atlanta, USA.
https://www.cdc.gov/brfss/index.html (Non-medical data)

Pima Indians Diabetes Dataset (OpenML ID 43483)
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Figure 6. ROC curves comparing the performance (AUC) of various machine learning
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CONCLUSIONS

The conducted research confirms the high efficiency and practical applicability of
Artificial Intelligence (Al) and Machine Learning (ML) in diabetes diagnosis and
prediction. The analysis across four main domains — non-medical data, medical data,
retinal imaging, and rehospitalization prediction — demonstrated that advanced Al
algorithms, including Extra Trees, XGBoost, and neural networks, can substantially
improve classification accuracy compared to traditional statistical methods. The
implementation of SHAP (SHapley Additive exPlanations) analysis allowed not only
the verification of model reliability but also a detailed interpretation of feature
contributions to individual predictions. This approach significantly enhanced model
transparency and interpretability, strengthening trust among medical professionals.
The strong alignment between Al predictions and real clinical data indicates the
potential use of such models in Clinical Decision Support Systems (CDSS).The
integration of four research modules within the GlucoCheck Al platform proved the
feasibility of developing a modern, unified diagnostic and analytical tool that
combines medical, behavioral, and image-based data. Such systems can support not
only diagnosis but also prevention, treatment monitoring, and patient education,
contributing to comprehensive diabetes management. Final conclusions emphasize
the importance of further clinical validation, dataset expansion with diverse
demographic groups, and the establishment of ethical and regulatory standards for Al
applications in healthcare. The presented solution provides a robust foundation for
the continued development and implementation of intelligent technologies toward
personalized, preventive, and digital medicine.

Related publication (medical data module): Majcherek, D., Ciesielski, A., & Sobczak, P.
(2025). Al-driven analysis of diabetes risk determinants in U.S. adults: Exploring

disease prevalence and health factors. PLOS ONE. Available at:
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Figure 9. Confusion matrix illustrating classification performance for
diabetic retinopathy detection. (Retinal (ophthalmic) data)
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Figure 10. SHAP force plot illustrating individual feature contributions for medical

diabetes data prediction. (Medical data)
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