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1. Introduction
The rapid advancement of data-driven technologies has significantly transformed the healthcare sector, particularly through the adoption of Electronic Health Records (EHRs). EHRs contain rich, longitudinal patient data including demographic information, laboratory results, vital signs, diagnoses, medications, and clinical notes. When effectively analyzed, this data presents a valuable opportunity for early disease detection and improved clinical decision-making. Early prediction of critical diseases such as diabetes, heart disease, and sepsis can substantially reduce morbidity, mortality, and healthcare costs.
Diabetes and heart disease are among the leading causes of death worldwide and are often preventable through early diagnosis and intervention. Sepsis, on the other hand, is a life-threatening condition that requires rapid identification and treatment to prevent organ failure and death. Traditional diagnostic methods often rely on clinician experience and static rule-based systems, which may fail to detect early warning signs embedded within large-scale clinical data.
Machine Learning (ML) offers powerful techniques for discovering complex patterns in high-dimensional healthcare data. By leveraging ML models on EHR data, it is possible to build predictive systems capable of identifying patients at high risk of developing diseases at an early stage. This research proposes the development and evaluation of machine learning models for early disease prediction using EHR data, focusing on diabetes, heart disease, and sepsis. The study aims to compare model performance across these conditions and assess their practical applicability in real-world healthcare settings.

2. Problem Statement
Despite the availability of vast amounts of EHR data, healthcare systems still struggle to utilize this information effectively for early disease prediction. Many clinical decision support systems are reactive rather than proactive, identifying diseases only after symptoms become severe. Moreover, existing predictive models often focus on a single disease and may not generalize well across different conditions.
There is a need for robust, interpretable, and accurate machine learning models that can analyze EHR data to predict multiple diseases at an early stage. Additionally, challenges such as missing data, class imbalance, data heterogeneity, and ethical concerns hinder the deployment of ML-based solutions in healthcare. This research seeks to address these challenges by developing a comparative ML-based framework for early disease prediction using EHR data.

3. Aim and Objectives
Aim
The primary aim of this research is to develop and evaluate machine learning models for early prediction of diabetes, heart disease, and sepsis using Electronic Health Record (EHR) data.
Objectives
1. To conduct a comprehensive review of existing machine learning approaches for disease prediction using EHR data.
2. To preprocess and prepare EHR datasets suitable for machine learning analysis.
3. To develop multiple machine learning models for predicting diabetes, heart disease, and sepsis.
4. To evaluate and compare the performance of these models using appropriate metrics.
5. To analyze model interpretability and identify key predictive features.
6. To discuss ethical considerations and limitations related to the use of EHR data.

4. Research Questions
1. How effectively can machine learning models predict diabetes, heart disease, and sepsis using EHR data?
2. Which machine learning algorithms perform best for early disease prediction across different conditions?
3. What clinical features contribute most significantly to early disease prediction?
4. What challenges and ethical issues arise when applying machine learning to EHR-based disease prediction?

5. Literature Review
Recent studies have demonstrated the potential of machine learning in healthcare analytics. Supervised learning algorithms such as Logistic Regression, Random Forests, Support Vector Machines (SVM), and Gradient Boosting have been widely applied for disease prediction tasks. Deep learning approaches, including neural networks and recurrent neural networks (RNNs), have also shown promising results, particularly for time-series EHR data.
Research on diabetes prediction has utilized patient demographics, glucose levels, body mass index (BMI), and lifestyle factors to achieve high predictive accuracy. Similarly, heart disease prediction models often rely on cholesterol levels, blood pressure, age, and electrocardiographic data. Sepsis prediction, which is more time-sensitive, frequently employs sequential vital signs and laboratory measurements using models such as Long Short-Term Memory (LSTM) networks.
Despite these advancements, existing studies often focus on single-disease prediction and lack comparative analysis across multiple conditions. Additionally, issues such as data imbalance and model interpretability are not always adequately addressed. This research aims to bridge these gaps by implementing and comparing multiple ML models across three major diseases using standardized evaluation techniques.

6. Methodology
6.1 Research Design
This research adopts a quantitative, experimental research design. Machine learning models will be trained and evaluated using retrospective EHR datasets. A comparative analysis will be conducted to assess model performance across different diseases.
6.2 Dataset
Publicly available healthcare datasets will be used, such as:
· Diabetes: PIMA Indians Diabetes Dataset or similar EHR-based datasets
· Heart Disease: UCI Heart Disease Dataset
· Sepsis: PhysioNet or MIMIC-III derived sepsis datasets
These datasets contain structured EHR data, including demographic details, laboratory results, and vital signs.
6.3 Data Preprocessing
Data preprocessing will include:
· Handling missing values using imputation techniques
· Normalization and standardization of numerical features
· Encoding categorical variables
· Addressing class imbalance using techniques such as SMOTE
· Feature selection to reduce dimensionality
6.4 Machine Learning Models
The following models will be implemented:
· Logistic Regression
· Random Forest
· Support Vector Machine (SVM)
· Gradient Boosting (XGBoost or LightGBM)
· Artificial Neural Networks (ANN)
For sepsis prediction, time-series models such as LSTM may be explored if the dataset permits.
6.5 Model Training and Validation
The dataset will be split into training and testing sets using an 80:20 ratio. Cross-validation will be applied to improve model robustness. Hyperparameter tuning will be conducted using grid search or randomized search methods.
6.6 Evaluation Metrics
Model performance will be evaluated using:
· Accuracy
· Precision
· Recall
· F1-score
· Area Under the ROC Curve (AUC)
These metrics are particularly important in healthcare applications where false negatives can have severe consequences.

7. Ethical Considerations
The use of healthcare data raises significant ethical concerns. Although publicly available and anonymized datasets will be used, patient privacy and data security remain critical. This research will adhere to data protection regulations and ethical guidelines, ensuring that no personally identifiable information is used.
Additionally, issues such as algorithmic bias and fairness will be considered. ML models may inadvertently reflect biases present in the training data, leading to unequal outcomes across different patient groups. Efforts will be made to evaluate and mitigate such biases where possible.

8. Expected Outcomes
This research is expected to:
· Demonstrate the feasibility of using ML models for early disease prediction using EHR data
· Identify the most effective algorithms for predicting diabetes, heart disease, and sepsis
· Highlight key clinical features associated with early disease onset
· Provide insights into the challenges of deploying ML-based predictive systems in healthcare
The findings may contribute to the development of intelligent clinical decision support systems that enhance early diagnosis and patient outcomes.

9. Limitations
Potential limitations of this study include:
· Limited generalizability due to the use of specific datasets
· Data quality issues such as missing or noisy records
· Lack of real-time clinical validation
· Computational constraints for deep learning models
These limitations will be acknowledged and discussed in the final analysis.

10. Project Timeline
	Phase
	Activity
	Duration

	Phase 1
	Literature review
	2 weeks

	Phase 2
	Data collection and preprocessing
	2 weeks

	Phase 3
	Model development
	3 weeks

	Phase 4
	Model evaluation and analysis
	2 weeks

	Phase 5
	Documentation and final submission
	3 weeks



11. Conclusion
Early disease prediction using EHR data and machine learning has the potential to revolutionize healthcare delivery by enabling proactive and personalized care. This research proposes a comprehensive comparative study of ML models applied to diabetes, heart disease, and sepsis prediction. By addressing methodological, ethical, and practical challenges, the study aims to contribute meaningful insights to the field of data-driven healthcare and artificial intelligence.

11. References
· Esteva, A., Kuprel, B., Novoa, R.A., Ko, J., Swetter, S.M., Blau, H.M. and Thrun, S. (2017) ‘Dermatologist-level classification of skin cancer with deep neural networks’, Nature, 542(7639), pp. 115–118.
· Goldstein, B.A., Navar, A.M., Pencina, M.J. and Ioannidis, J.P.A. (2017) ‘Opportunities and challenges in developing risk prediction models with electronic health records data: A systematic review’, Journal of the American Medical Informatics Association, 24(1), pp. 198–208.
· Johnson, A.E.W., Pollard, T.J., Shen, L., Lehman, L.H., Feng, M., Ghassemi, M., Moody, B., Szolovits, P., Celi, L.A. and Mark, R.G. (2016) ‘MIMIC-III, a freely accessible critical care database’, Scientific Data, 3, pp. 1–9.
· Koh, H.C. and Tan, G. (2011) ‘Data mining applications in healthcare’, Journal of Healthcare Information Management, 19(2), pp. 64–72.
· Obermeyer, Z. and Emanuel, E.J. (2016) ‘Predicting the future — Big data, machine learning, and clinical medicine’, The New England Journal of Medicine, 375(13), pp. 1216–1219.
· Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, M., Prettenhofer, P., Weiss, R. and Dubourg, V. (2011) ‘Scikit-learn: Machine learning in Python’, Journal of Machine Learning Research, 12, pp. 2825–2830.
· Rajkomar, A., Dean, J. and Kohane, I. (2019) ‘Machine learning in medicine’, The New England Journal of Medicine, 380(14), pp. 1347–1358.
· Shickel, B., Tighe, P.J., Bihorac, A. and Rashidi, P. (2018) ‘Deep EHR: A survey of recent advances in deep learning techniques for electronic health record analysis’, IEEE Journal of Biomedical and Health Informatics, 22(5), pp. 1589–1604.
· Topol, E.J. (2019) Deep Medicine: How Artificial Intelligence Can Make Healthcare Human Again. New York: Basic Books.
· Van der Maaten, L., Postma, E. and Van den Herik, J. (2009) ‘Dimensionality reduction: A comparative review’, Journal of Machine Learning Research, 10, pp. 66–71.
· World Health Organization (2023) Cardiovascular diseases (CVDs). Geneva: WHO.
· Zhang, Z., Navarese, E.P., Zheng, B., Meng, Q., Liu, X., Ge, H., Yu, Y., Jin, Z. and Li, Y. (2020) ‘Analytics with artificial intelligence to advance the treatment of sepsis’, Nature Medicine, 26(2), pp. 179–186.

image1.png
Prifysgol Cymru

Y Drindod Dewi Sant
University of Wales
Trinity Saint David





