Predicting Hospital Administrative and Management Risks Using Machine Learning on Electronic Health Records


[bookmark: _Toc221394711]Abstract
The mounting pressure on hospitals is administrative and management based due to the influx in the number of patients, inadequate resources and inefficiencies in operations. Such risks are reflected in the hospital readmission, which is one of the most important indicators of the quality of care, resources, and financial strain. The proposed study is premised on the concept of implementing machine learning (ML) to Electronic Health Records (EHR) and forecasting the probability of hospital readmission as one of the key administrative and management risks. The objective of the research paper is to identify predictive variables, develop useful ML models, and suggest risk-reduction measures to help with the process of decision-making in the hospitals. The project will be based on the latest state of the art supervised ML algorithms with the assistance of structured healthcare data and evaluate their utility. The outcome will provide an operational feedback to the hospital administrators to optimise on resources planning, improve patient outcomes and reduce financial expenditure on avoidable readmission.
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[bookmark: _Toc221394712]1. Introduction
The increasing trend in patients, ageing demographic and scarcity of resources exert much strain on the functioning of health care systems in various regions of the globe. The issue of hospital readmissions, or when a patient comes back shortly after discharge, is a major administrative and management issue that leads to increased expenditures, bed capacity, and inefficiency of services offered (Garriga et al., 2022).
Traditionally, simple statistical measures and clinician intuition have been used to identify the risk of readmission in hospitals. However, such methods are not likely to determine complicated relationships in patient data. With the increased availability of Electronic Health Records (EHR), it will imply that more advanced ML will be able to locate the latent patterns and make risk predictions more accurate (Song et al., 2022).
[bookmark: _Toc221394713]Aim
To develop a predictive model of machine learning, which would be able to identify the risk of hospital rehospitalization as one of the administrative and management risk with the aid of electronic health data.
[bookmark: _Toc221394714]Objectives
1. The purpose of this is to make a literature review of the applications of ML to risk prediction in the hospital.
2. To ascertain the clinical/administrative factors which have a profound effect on readmission.
3. To build and contrast machine learning models to predict readmission.
4. To quantify the quality of conventional validation measures of models (Olalekan Kehinde, 2025).
5. To propose management strategies that reduce the administrative risks involved in readmissions.
[bookmark: _Toc221394715]Significance of the Study
The analysis assists the hospital management in transforming the clinical data to the decision-support tools. Anticipating early readmission will help hospitals to be resourceful in terms of resource allocation, unnecessary admissions will be avoided and effective care plans will be made to provide effective patient care (Song et al., 2022). The policy-making of the healthcare, in regards to quality measures and performance-based funding, can also be informed by the results.
[bookmark: _Toc221394716]2. Literature Review
Machine learning finds more and more applications in healthcare to aid diagnosis, treatment planning and operation management. Research has also indicated that the ML models are more effective when compared to traditional regression methods in the prediction of patient outcomes as they are capable of capturing non linear relationships (Lu & Uddin, 2023).
Studies have shown that comorbidities, length of stay, discharge planning, and social determinants of health are some of the factors that contribute to hospital readmissions. Random Forest algorithm, Gradient Boosting, and Neural Networks algorithms are some of the algorithms that have shown promising outcomes in readmission prediction activities (Bishara et al., 2022).
Nevertheless, most of the past researches are limited to clinical outcomes and not the administrative and management implication. The connection between predictive outputs and operational risk mitigation (i.e. staffing, bed capacity planning, and discharge workflow improvement) is still missing. The given research addresses this gap by relating the predictions made by the ML to the management strategies within a hospital.
Although more and more machine learning is applied to the prediction of clinical outcomes, little attention is paid to how predictive analytics can be directly used to aid hospital administrative and operational decision-making. Most research focuses on the performance of the algorithm but does not carry through with how the implementation results can be applied in management. This poses a barrier between research in data science and healthcare administration in the real world (Xie et al., 2022).
This research is based on the theory of data-driven decision-making in healthcare management that underlines the fact that predictive analytics should be used to enhance planning, efficiency, and service delivery. This study will further advance current understanding of clinical risk scoring by connecting the predictions of the ML with operational activities like the discharge coordination, bed management, and staffing allocation. It does not only place machine learning as a diagnostic tool, but as a strategic management tool (Bishara et al., 2022). This gap is relevant to clinical research in healthcare analytics and management practice in hospitals because it shows the ability of predictive models to minimise organisational risk and enhance the overall performance of the system.
[bookmark: _Toc221394717]3. Methodology
[bookmark: _Toc221394718]Research Design
The current research paper follows a quantitative, data-based research methodology based on secondary healthcare data in the Electronic Health Records. It will be structured machine learning research.
[bookmark: _Toc221394719]Data Source
It will be based on a publicly available anonymised hospital dataset (like the UCI Diabetes Readmission dataset or the MIMIC-IV database). Such data sets include patient demographics, diagnoses, lab results, medications, and the information of hospital stays.
[bookmark: _Toc221394720]Data Preprocessing
Raw healthcare data is usually filled with missing values, inconsistencies and irrelevant variables. The steps of data cleaning will involve:
a. Imputation of missing values.
b. Encoding of nominal variables (Bishara et al., 2022).
c. Normalisation of numerical features.
d. Correlation analysis and domain knowledge feature selection.
[bookmark: _Toc221394721]Machine Learning Methodologies
Several algorithms will be tested and compared in order to guarantee the application of the best and most recent ML methods:
a. Logistic Regression (control model)
b. Random Forest
c. Light GBM (Gradient Boosting Light) or XGBoost.
d. Artificial Neural Networks
The choice of the models was due to the fact that ensemble and boosting approaches are state of the art performance in structured healthcare data (Sharma et al., 2022).
[bookmark: _Toc221394722]Model Evaluation
The evaluation of models will be made by use of:
· Accuracy
· Precision and Recall
· F1-Score
· Area Under the ROC Curve (AUC)
To avoid overfitting and establish the reliability of the model, cross-validation will be employed (Ren et al., 2022).
[bookmark: _Toc221394723]Linking ML to management risks
The high-risk patients are to be predicted and analysed to determine the operational patterns that include:
· Departments that had greater readmission likelihood.
· Workloads at higher times.
· Resource bottlenecks
This allows finding of ML to be translated into management action, including better discharge planning, follow-up scheduling, and staffing changes (Sharma et al., 2022).
[bookmark: _Toc221394724]4. Expected Results
The study is expected to:
1. Determine significant hospital rehospitalization predictors.
2. Show that advanced ML models are superior in comparison to conventional statistical methods.
3. Give scores of the risks which help the administrators of the hospitals in planning the interventions.
4. Provide evidence-based suggestions to minimize administrative overloads.
The result will be useful to the healthcare managers, policymakers and researchers as it will help in closing the data science and hospital management practices.
To be reliable, the research will use the k-fold cross-validation mechanism and assess the performance of the model with many algorithms. Sensitivity analysis will be done to establish how alterations in the input variables will affect the results of the predictions. This enhances the strength and externalisable of the results.
Outside of technical validation, practical implementation is also taken into account in the study. Anticipated risk scores will be converted into plain risk groups (low, medium, high) that can be easily understood by the managers of the hospital. Such groupings can inform specific interventions like post-discharge follow-ups, care coordination programmes, and resource allocation decisions. The research closes the technical ML models and real-world hospital management requirements by making sure that the output of the research is understandable and actionable.
[bookmark: _Toc221394725]5. Project Plan (Timeline)
	Phase
	Activity
	Duration

	Phase 1
	Literature Review & Data Collection
	Weeks 1–3

	Phase 2
	Data Cleaning & Preprocessing
	Weeks 4–6

	Phase 3
	Model Development
	Weeks 7–9

	Phase 4
	Model Evaluation & Validation
	Weeks 10–11

	Phase 5
	Analysis of Management Implications
	Weeks 12–13

	Phase 6
	Final Report Writing
	Weeks 14–16


This timeline demonstrates the feasibility of completing all objectives within the proposed timeframe.
[bookmark: _Toc221394726]6. Ethical Considerations
The study will involve anonymous secondary data, which will not involve any personal identification. The data will be managed in compliance with GDPR and institutional codes of ethics. There is no direct contact with the patient, which minimizes the risk to the people (Ren et al., 2022).
[bookmark: _Toc221394727]7. Limitations and future research
This research has a number of limitations. First, it is based on secondary data, which might not be a complete reflection of local practice regarding the issues in hospitals or the real-time conditions of operations. Second, the quality of data affects machine learning models; the absence or bias of records can affect the precision of predictions. Third, the research is conducted on structured EHR data, but no unstructured clinical notes are involved that can provide more predictive data (Lu & Uddin, 2023).
A potential area of future studies is the application of predictive systems in real-time in the hospital information systems. Also, there is a possibility that a combination of structured data and natural language processing of clinical notes can enhance predictive performance. Additional research can also investigate the impact of predictive risk tools on the hospital workflow and patient outcomes in their implementation in practice (Islam et al., 2023).
[bookmark: _Toc221394728]8. Conclusion
The study is a combination of machine learning and hospital management to make predictions related to the risk of readmission one of the most significant administrative challenges. The study will help to make healthcare management smarter by going beyond clinical prediction and concentrating on operational impact (Lu & Uddin, 2023). The project will show that data-driven approaches can help to facilitate the effective functioning of hospitals and enhance patient outcomes.
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