[bookmark: _Hlk141225758][image: ] 


University of Wales Trinity Saint David

Module: Research Methods and Professional Development
Module code: ACFA7004

Assignment Title: Research Proposal

Submission deadline: 2 pm, Tuesday, 17-March-2026
Lecturer: Dr Vijeyananthan Thayananthan

Student Name: Majib Miah 
ID: 2234516






Table of Contents
Abstract	1
1. Introduction	1
1.1 Context and Background	1
1.2 Research Problem	1
1.3 Research Aim and Objectives	1
1.4 Significance of the Research	1
2. Literature Review	1
3. Research Design and Methodology	1
3.1 Research Design	1
3.2 Research Methods and Materials	1
3.3 System Architecture, Ethical Considerations, Risk Management, and Future Scope	1
4. Expected Outcome	1
5. Timeline	1
6. Conclusion	1
7. References	1




An AI-Based Predictive Framework for Early Identification of Hospital Readmission Risk Using Integrated Healthcare Data


[bookmark: _Toc224603048]Abstract
Hospital readmissions represent a persistent challenge for healthcare systems worldwide, contributing to increased operational costs, resource strain, and adverse patient outcomes[1]. A significant proportion of these readmissions are considered preventable, often resulting from inadequate post-discharge monitoring, delayed intervention, or insufficient understanding of patient risk factors. Advances in Artificial Intelligence (AI) and wearable health technologies present new opportunities to address this issue through predictive analytics. This research proposes the development of an AI-driven predictive model capable of forecasting hospital readmission risk by integrating heterogeneous data sources, including electronic health records, discharge summaries, real-time physiological data from wearable devices[2], and social determinants of health.
The study adopts a Design Science Research methodology, focusing on the creation and evaluation of a predictive decision-support system. Machine learning techniques, including ensemble classifiers and supervised learning algorithms, will be applied to identify patterns associated with readmission within a 30-day post-discharge period. The model will be trained and validated using anonymised datasets, with performance assessed through metrics such as accuracy, precision, recall, and F1-score[3]. Emphasis will also be placed on interpretability to ensure that predictions can be meaningfully understood and applied by healthcare professionals.
By incorporating real-time monitoring data alongside traditional clinical variables, the proposed system aims to provide a more dynamic and comprehensive assessment of patient risk than existing static models[4]. The research further considers ethical issues, data privacy requirements, and algorithmic fairness to ensure responsible use of AI in healthcare contexts.
The anticipated outcome is a scalable predictive framework that supports proactive clinical decision-making, enabling early intervention for high-risk patients and reducing preventable readmissions. Beyond its immediate application, the study contributes to the broader field of digital health by demonstrating how integrated data analytics can enhance personalised care and resource optimisation. Ultimately, this research seeks to advance both theoretical understanding and practical implementation of AI-based predictive systems within modern healthcare environments.
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[bookmark: _Toc224603050]1.1 Context and Background
Healthcare systems are under sustained pressure to improve patient outcomes while reducing avoidable costs and pressure on hospital capacity. One persistent challenge is hospital readmission, particularly among patients with chronic conditions and complex post-discharge needs. Artificial Intelligence (AI) has become increasingly relevant in this context because machine learning models can identify patterns in large healthcare datasets that are difficult to detect through manual review alone. At the same time, telemedicine and wearable technologies have widened the volume of health data available beyond the hospital setting, including activity levels, sleep, heart rate, and other indicators of recovery. These developments create an opportunity to move from static, retrospective assessment toward more proactive and data-driven risk prediction. However, many current readmission models still depend heavily on historical clinical variables and do not make full use of continuous post-discharge information.
This research therefore proposes an AI-based predictive framework that combines clinical records, social determinants of health, and real-time wearable data to support earlier identification of patients at elevated risk of readmission.
[bookmark: _Toc224603051]1.2 Research Problem
Hospital readmissions increase treatment costs, place additional strain on already pressured healthcare services, and may indicate shortcomings in discharge planning or follow-up care. Although existing predictive models offer some value, many are built primarily on static datasets such as diagnosis codes, prior admissions, and discharge summaries. This limits their ability to reflect the changing condition of patients after they leave hospital. In addition, many models give limited attention to social determinants of health, even though factors such as housing, income, access to care, and education can strongly influence recovery trajectories and adherence to care plans.
The research problem addressed in this proposal is therefore the absence of a more holistic and dynamic predictive approach that integrates clinical history, real-time wearable indicators, and key social factors to improve the accuracy and usefulness of hospital readmission prediction.
[bookmark: _Toc224603052]1.3 Research Aim and Objectives
The aim of this research is to design and implement an AI-powered predictive model that forecasts hospital readmissions by integrating real-time health data from wearable devices with existing medical records. By improving prediction accuracy, this model will help healthcare providers proactively identify high-risk patients and reduce readmission rates.
Objectives:
1. Data Collection and Analysis: To collect and analyse key patient data, including medical history, discharge notes, and real-time health data from wearable devices (e.g., heart rate, activity, sleep patterns)[5].
2. Model Development: To design and develop a machine learning model capable of predicting the likelihood of a patient being readmitted within 30 days after discharge, using the collected data.
3. Integration: To integrate the predictive model into a healthcare platform (in future iterations, this could be a telemedicine platform) to enable healthcare providers to access real-time risk assessments and intervene proactively.
4. Evaluation: To evaluate the performance of the predictive model using key metrics such as accuracy, precision, recall, and F1-score, and compare it to existing models to determine its effectiveness in reducing hospital readmissions.
[bookmark: _Toc224603053]1.4 Significance of the Research
This research is highly significant because it directly addresses the ongoing challenge of hospital readmissions, a major concern for healthcare systems globally. By improving the accuracy of predictive models through the integration of real-time health data from wearable devices, this model will enable healthcare providers to act more quickly and accurately, reducing the risk of unnecessary readmissions and improving patient outcomes. Beyond its practical benefits, this research will contribute to the growing body of knowledge in the field of AI and healthcare, offering a novel approach to predicting readmissions. This model’s potential to reduce readmissions has far-reaching implications, not only for patient care but also for the efficiency of healthcare delivery. By enabling more proactive interventions, this model could save hospitals significant resources, reduce healthcare costs, and improve the overall patient experience. In addition, the integration of social determinants of health (SDOH) into predictive models could lead to more personalized, equitable care, ensuring that healthcare systems are better equipped to address the complex needs of diverse populations. The success of this model could set a precedent for future AI applications in other areas of healthcare, such as chronic disease management, post-operative care, and mental health.
[bookmark: _Toc224603054]2. Literature Review
This literature review examines research on hospital readmission prediction, with particular attention to AI-based predictive analytics, wearable health monitoring, and the role of social determinants of health. Its purpose is to identify the major methods, findings, and unresolved gaps that shape the rationale for the proposed study.
Key Contributions and Gaps
The application of predictive analytics to hospital readmissions has been a focus of many studies in recent years. machine learning techniques, such as Random Forests and Support Vector Machines, to predict readmissions, showing that integrating social determinants of health (SDOH) into models can significantly improve their accuracy[6]. However, these models often rely solely on historical patient data, which is limited by its static nature and fails to capture real-time changes in a patient’s health status.
A gap in the existing literature is the lack of integration between wearable health data and predictive models for readmissions. Wearable devices, such as fitness trackers and smartwatches, provide continuous health data, such as heart rate, blood pressure, and sleep patterns, which can give a more accurate and up-to-date view of a patient’s health. Few studies have explored the potential of combining this real-time data with traditional healthcare data for readmission prediction. This research seeks to fill this gap by developing an AI-powered predictive model that incorporates both clinical and real-time wearable data.
Theoretical and Technical Frameworks
Predictive models in healthcare typically use supervised learning algorithms to train models based on historical data. Common techniques include logistic regression, decision trees, and random forests. In recent years, deep learning models, such as neural networks, have also been used for more complex predictions, though they require large datasets and significant computational resources. This research will primarily focus on classification algorithms to predict readmission risks based on patient health data, both historical and real-time.
An essential aspect of predictive modeling in healthcare is the integration of social determinants of health (SDOH). Factors such as socioeconomic status and access to healthcare markedly affect patient outcomes, and their inclusion in models can enhance the accuracy of predictions.
Relation to My Study
This study will extend the existing research by combining real-time health data from wearable devices with traditional medical data to create a more dynamic and accurate predictive model for hospital readmissions. By integrating social determinants of health into this model, the research will take a more holistic approach to predicting readmissions, ensuring that the model can account for the wide range of factors influencing a patient’s health.
Literature Summary
While the literature shows that machine learning can improve readmission prediction, several limitations remain. Many studies rely on static clinical datasets and therefore miss the temporal changes that occur after discharge. Wearable data is discussed as promising, but it is still underused in operational prediction models, and social determinants of health are often included only as secondary variables rather than as core explanatory factors. A further issue is interpretability: highly accurate models are of limited practical value if clinicians cannot understand or trust the basis of their predictions. Accordingly, there is a clear research gap for a predictive framework that combines dynamic physiological monitoring, conventional clinical records, and socio-economic context while remaining interpretable enough for clinical decision support.
[bookmark: _Toc224603055]3. Research Design and Methodology
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This study will adopt a Design Science Research approach, focusing on the creation of an AI-powered predictive model that can be implemented and evaluated in real-world healthcare settings. This methodology is particularly suited to research that aims to develop practical solutions to complex problems. The approach involves both designing the artifact (the predictive model) and evaluating its effectiveness in real-world conditions.
[bookmark: _Toc224603057]3.2 Research Methods and Materials
Methods
· Quantitative Approach: A quantitative research design will be used to collect and analyse data from multiple sources, including electronic health records (EHRs), discharge summaries, and real-time health data from wearable devices. The predictive model will be built using machine learning algorithms such as decision trees, random forests, and logistic regression.
· Data Collection: Data will be collected from hospital patient records, including medical history, discharge notes, and demographic information[7]. Wearable devices, such as smartwatches and fitness trackers, will provide real-time health data, including heart rate, sleep patterns, and physical activity levels.
· Evaluation: The model will be evaluated using metrics such as accuracy, precision, recall, and F1-score to assess its predictive power[8]. Cross-validation techniques will be used to ensure the model’s robustness and generalizability.
Materials
· Data Sources: Data will be sourced from hospital records, wearable device data, and patient-reported health information. The data will be anonymized to comply with ethical standards and data privacy regulations.
· Software and Tools: Python will be used to develop the predictive model, with libraries such as Scikit-learn, TensorFlow, and Pandas used for machine learning, data manipulation, and analysis.
· Cloud Resources: Cloud-based platforms like AWS or Google Cloud will be used to provide computational resources for training the predictive model.
[bookmark: _Toc224603058]3.3 System Architecture, Ethical Considerations, Risk Management, and Future Scope
Proposed System Architecture
The proposed predictive system will follow a multi-layered architecture designed to handle heterogeneous healthcare data sources efficiently while maintaining scalability, reliability, and security. At the core of the architecture lies a data integration layer responsible for aggregating structured and unstructured data from multiple sources, including electronic health records (EHRs), wearable device outputs, discharge summaries, and patient-reported information. The data ingestion component will employ secure APIs to retrieve real-time health metrics such as heart rate variability, physical activity levels, sleep patterns, and oxygen saturation. These inputs will be combined with historical clinical data, including diagnosis codes, laboratory results, medication history, and demographic variables. Prior to analysis, the system will perform extensive preprocessing procedures, including data cleaning, normalization, feature extraction, and handling of missing values using imputation techniques. Following preprocessing, the data will be stored within a secure database environment designed to support large-scale machine learning operations. A feature engineering module will then transform raw variables into predictive indicators. For example, trends in vital signs over time may be more informative than individual readings. Similarly, derived variables such as rate of recovery or deviation from baseline health patterns may provide stronger signals for readmission risk. The predictive modelling layer will consist of supervised machine learning algorithms trained to classify patients according to their likelihood of readmission within a defined timeframe, typically 30 days post-discharge. Ensemble methods, such as Random Forest and Gradient Boosting Machines, will be considered due to their robustness when handling complex, nonlinear relationships in healthcare data. Deep learning models may also be explored if sufficient data volume is available. A decision-support layer will translate model outputs into actionable insights for healthcare professionals. Rather than presenting raw probabilities, the system will categorize patients into risk tiers (e.g., low, medium, high) and generate recommendations for follow-up actions, such as scheduling additional consultations, home visits, or remote monitoring. This layer aims to ensure usability and interpretability, which are critical for adoption in clinical settings. Finally, the presentation layer will provide visual dashboards displaying risk scores, trends, and alerts. These dashboards will be designed with usability principles in mind to minimize cognitive load for clinicians while enabling rapid decision-making.
Ethical Considerations
Research involving healthcare data raises significant ethical concerns, particularly regarding privacy, consent, data ownership, and algorithmic fairness. This study will adhere to strict ethical standards to ensure that the rights and welfare of patients are protected throughout the research process. All patient data used in the study will be anonymized prior to analysis, removing personally identifiable information such as names, addresses, and identification numbers. Data storage and transmission will comply with relevant regulations, including the General Data Protection Regulation (GDPR), which governs the processing of personal data within the United Kingdom and the European Union. Informed consent will be obtained where applicable, particularly for data derived from wearable devices or patient-reported sources. Participants will be informed about how their data will be used, stored, and protected, as well as their right to withdraw from the study at any time without consequence. Algorithmic bias represents another important ethical concern. Predictive models trained on historical healthcare data may inadvertently reproduce existing inequalities if certain demographic groups are underrepresented or receive systematically different treatment. To mitigate this risk, the study will evaluate model performance across different population subgroups and implement fairness-aware techniques where necessary. Transparency and explainability are also crucial. Healthcare professionals must understand the basis for predictions to trust and act upon them. Therefore, interpretable models will be prioritised, and explainability tools such as feature importance analysis or SHAP (SHapley Additive exPlanations) values may be employed to clarify how predictions are generated.
Risk Management
Several risks may affect the successful completion of the research and the performance of the proposed system. Identifying and mitigating these risks is essential for ensuring the feasibility and reliability of the study. One major risk is limited access to high-quality healthcare data. Medical datasets are often difficult to obtain due to privacy restrictions and institutional barriers. To address this issue, publicly available datasets or synthetic data sources may be used where real-world data cannot be accessed. Another risk involves data inconsistency and missing values, which are common in healthcare records. Robust preprocessing techniques will be implemented to handle incomplete data without compromising model performance. Technical risks include computational limitations, particularly when training complex machine learning models on large datasets. Cloud computing platforms may be used to provide scalable processing power and storage capacity. User adoption also represents a potential challenge. Even highly accurate predictive systems may fail if healthcare professionals are reluctant to trust or use them. To mitigate this risk, the system will emphasize interpretability and integration into existing workflows rather than requiring entirely new processes. Finally, there is a risk that predictive accuracy may not significantly outperform existing models. In this case, the research will still provide valuable insights into the limitations of current approaches and identify areas for future improvement.
Future Scope and Potential Extensions
While the proposed research focuses specifically on predicting hospital readmissions, the underlying methodology has broader applications across healthcare. Future developments could extend the system to support continuous remote patient monitoring, enabling proactive intervention before severe deterioration occurs. The framework could also be adapted for predicting other outcomes, such as emergency department visits, disease progression, medication adherence issues, or post-operative complications. Integrating additional data sources, such as environmental factors or genomic information, may further enhance predictive capabilities. Another promising direction involves incorporating adaptive learning mechanisms, allowing the model to update itself as new data becomes available. This would ensure that predictions remain accurate over time, particularly as medical practices and patient populations evolve. In the long term, such predictive systems could form part of a comprehensive digital health ecosystem, supporting personalized medicine and value-based healthcare delivery. By shifting from reactive treatment to proactive prevention, healthcare systems may achieve improved outcomes while reducing costs and resource pressures.
Contribution to Knowledge
This research contributes to the growing field of AI-driven healthcare by proposing a novel framework that integrates real-time wearable data[9], clinical records, and social determinants of health into a unified predictive model[10]. Unlike traditional approaches that rely primarily on static historical data, the proposed system emphasises dynamic monitoring and early detection of deterioration. From an academic perspective, the study advances understanding of how heterogeneous health data sources can be combined effectively for predictive modelling. It also provides insights into the practical challenges of implementing AI systems in real-world healthcare contexts, including ethical, technical, and organisational considerations. From a practical standpoint, the research offers a potential tool for reducing preventable hospital readmissions, improving patient outcomes, and optimising resource allocation. Given the increasing pressures on healthcare systems worldwide, such innovations are both timely and necessary.
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Anticipated Results:
The proposed model is expected to outperform traditional readmission models that rely only on historical clinical data by incorporating real-time wearable indicators and social determinants of health. It should improve the early identification of high-risk patients during the first days following discharge and support more targeted follow-up interventions. A successful outcome would be a validated machine learning framework capable of classifying readmission risk with stronger predictive performance and greater clinical relevance than static baseline approaches.
Implications:
The practical implication of this research is that healthcare providers could prioritise follow-up care for patients most likely to deteriorate, which may reduce avoidable readmissions and improve resource allocation. Academically, the study contributes to current AI in healthcare research by showing how heterogeneous data sources can be integrated into a more dynamic predictive framework. It may also encourage wider consideration of non-clinical factors in digital decision-support systems.
Limitations:
The study has several limitations. Wearable data may be incomplete or inconsistent, integration across multiple data sources may introduce noise, and model performance may vary across patient groups if training data lacks diversity. There are also important governance issues around privacy, fairness, and explainability. These challenges will be addressed through careful preprocessing, evaluation across subgroups, and the use of interpretable modelling techniques where possible.
[bookmark: _Toc224603060]5. Timeline
The project will run from 28 January 2026 to 16 March 2026, in line with the module schedule and submission deadline.
· The first stage focuses on topic selection, background reading, and refining the research direction.
· A concentrated literature review will then be completed to identify the principal methods, research gaps, and technical considerations relevant to hospital readmission prediction.
· The next stage will develop the methodological design, including dataset selection, feature planning, modelling strategy, and evaluation criteria.
During late February, attention will shift to data exploration, system design, and drafting the methodology and expected outcomes sections.
· Early March will be used to complete the full proposal draft and revise the structure, argument, and academic presentation.
· The final period will focus on proofreading, consistency checks, and preparation for submission on 16 March 2026.
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In summary, the proposed research sets out a feasible AI-based framework for identifying hospital readmission risk earlier and more accurately through the integration of clinical, wearable, and social data. If developed successfully, the model could support more timely intervention, better use of healthcare resources, and stronger evidence for data-driven post-discharge decision-making.
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