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Abstract

Emergency departments (EDs) are critical entry points to hospitals, yet unpredictable admission
rates often strain resources and delay patient care. This study explores the use of data mining and
classification techniques to predict hospital admissions based on ED patient records. Historical datasets
containing demographic details, triage information, and clinical variables were processed using data
mining methods to uncover hidden patterns and correlations. Classification algorithms were then
applied to categorize patients into “admission” or “discharge” outcomes, with performance evaluated
across multiple models.

To ensure the confidentiality and integrity of sensitive patient data, cryptographic methods were integrated
throughout the workflow, enabling secure storage, transmission, and analysis of medical records. The
combined approach demonstrates that predictive accuracy can be achieved without compromising data
privacy. Results indicate that classification models, when supported by robust cryptographic safeguards,
provide reliable forecasts of admission likelihood, offering hospitals a practical tool for proactive

resource allocation and improved patient flow management.

Introduction

In recent years, hospitals and healthcare
systems worldwide have faced growing
pressure due to rising patient volumes,
limited medical staff, and constrained hospital
resources. Among the most affected units is the
Emergency Department (ED), a critical point
of care where timely and accurate decision-
making is essential. Emergency physicians
must rapidly assess patients and determine
whether hospital admission is necessary or
if a safe discharge is possible. However,
making these decisions is often challenging
due to the unpredictable nature of emergency
cases, variations in patient symptoms,
and time-sensitive clinical environments.
Inefficient or inaccurate decisions can lead
to ED overcrowding, delayed treatments,
increased patient risk, and ineffective resource
utilization.

To address these challenges, data mining
techniques offer a powerful solution by
uncovering meaningful patterns hidden within
large volumes of historical patient data. Data
mining, a core component of data science and
machine learning, enables the extraction of
actionable insights from complex datasets that
traditional analysis methods may overlook.
In this project, data mining methods such as
classification, regression, decision trees, and
clustering are applied to patient data collected

from the emergency department. This dataset
typically includes features such as age, gender,
vital signs, presenting complaints, laboratory
test results, and previous medical history. By
analyzing these variables, the project aims
to build predictive models that estimate the
likelihood of hospital admission for incoming
patients.

These predictive models can significantly
enhance clinical decision support systems in
emergency settings. For example, if a patient is
predicted to have a high probability of requiring
admission, the hospital can proactively arrange
beds, prepare necessary equipment, or notify
relevant departments in advance. Conversely,
patients with a low predicted likelihood of
admission can be managed more efficiently,
reducing unnecessary waiting times and
preventing ED congestion. Such optimization
leads to better allocation of resources, reduced
workload for healthcare staff, and improved
patient flow throughout the hospital.

Overall, this project demonstrates the
transformative role of data-driven technologies
in modern healthcare. By integrating predictive
analytics into emergency care workflows,
hospitals can make smarter decisions, improve
operational efficiency, and enhance patient
outcomes. Ultimately, this research contributes
to more effective hospital management while
supporting a higher standard of patient.
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Background

Emergency departments (EDs) play a critical role in healthcare
systems worldwide, handling a large volume of patients with
diverse needs. Accurate prediction of hospital admission from
the ED can optimize resource allocation, reduce waiting times,
and improve patient outcomes. Existing studies have explored
predictive models using electronic health records and clinical
data, but there's scope for improvement in model performance
and applicability.

Problem Statement

The unpredictability of hospital admissions from the ED leads
to inefficient resource utilization, prolonged waiting times, and
suboptimal patient care. There's a need for a robust predictive
model that leverages ED data to forecast hospital admissions,
enabling proactive management and enhanced decision-making.

Literature Survey

* Hong et al. [1] developed a machine learning model using
triage details such as age, vitals, and chief complaints
to predict whether patients would be admitted from the
emergency department. Their results showed that the
XGBoost algorithm produced the highest prediction
accuracy among the tested models.

»  Feretzakis et al. [2] proposed an approach that combines
laboratory test results with patient demographic information
to forecast hospital admissions from the emergency ward.
The authors demonstrated that machine learning algorithms
can successfully support decisionmaking, although
performance varied based on data availability.

*  Mount Sinai Research Team [3] introduced a gradient
boosting model trained on large multi-hospital datasets to
predict admissions at different time intervals after arrival.
Their system achieved high accuracy early in the patient’s
visit, supporting real-time bed and resource planning.

*  Ahmed et al. [4] presented an optimized prediction system
that integrates Tabu Search with machine learning classifiers
to improve emergency admission forecasting. Their model
significantly improved accuracy, showing that optimization
techniques can enhance predictive performance.

* Alenany and Ait El Cadi [5] implemented decision
trees along with a simulation-based approach to predict
admissions and assess their impact on emergency
department operations. Their study showed that using
prediction outcomes could reduce waiting time and help
manage overcrowding.

*  Martin et al. (2021) proposed a machine learning system
using Random Forest to analyze real-time triage and
clinical data for predicting patient admission needs. Their
model achieved high accuracy in identifying critical cases
early, helping hospitals manage beds more efficiently.

The literature survey shows that data mining greatly improves
early admission prediction in emergency departments. These
techniques help hospitals manage beds efficiently and reduce
overcrowding, ultimately enhancing patient care and decision-
making

Proposed system

The proposed system uses data mining techniques to predict
hospital admission from ED data. Key components:
e Data preprocessing: Handling missing

normalization, feature selection.
*  Model training: Comparing logistic regression, decision

values,
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trees, and neural networks.
e Prediction: Outputting admission probability for ED
patients.

Modules Used

1. Data Collection: Gathering ED patient data (demographics,
vital signs, triage info).

2. Preprocessing: Cleaning, transforming, and selecting
relevant features.

3. Model Development: Training and validating predictive
models.

4. Prediction and Evaluation: Assessing model performance
(accuracy, AUC-ROC).

Technologies Used Programming Languages
Programming Language: Java
Libraries/Frameworks:
*  Weka (machine learning)
*  Apache Commons Math (math operations)
»  JavaFX or Swing (GUI, if applicable)
Tools: Eclipse or IntelliJ IDEA (development environment)

Advantages of proposed system
The proposed system offers several benefits:

e Enhanced Prediction Accuracy: Leveraging machine
learning to capture complex patterns in ED data improves
admission forecasts.

*  Proactive Resource = Management:  Predicting
admissions aids in bed allocation, staffing, and reducing
ED overcrowding.

¢ Improved Patient Care: Early identification of high-
risk patients enables timely interventions.

e Operational Efficiency: Optimizing workflows based on
predicted admissions reduces waiting times and costs.

e Scalability: The model can adapt to different ED settings
and patient populations.

System Architecture

The system architecture for predicting hospital admission
from ED data is designed to streamline data flow and enhance
predictive capabilities. Here's a detailed breakdown:

ED Data Systems (HIS, EHR, etc.)

Data Input (Demographics, Vital Signs, Triage Info, Medical
History)

*  Preprocessing Module (Data Cleaning, Normalization,

Feature Selection, Handling Missing Values)

*  Model Module (Training & Validation of Predictive
Models)

*  Logistic Regression
*  Decision Trees
*  Neural Networks
Ensemble Methods (Random Forest, Gradient Boosting)
Prediction Module (Generating Admission Probability for
New ED Patients)
Output/Interface (Decision Support System for ED Staff)
»  Displaying Risk Scores
*  Suggesting Admission/Discharge Decisions
Key aspects:
»  Data Integration: Combining structured and unstructured
data from ED systems.
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e Scalability: Architecture supports adding new data
sources or models.

*  Real-time Processing: Enables timely predictions for ED
decision-making.

Results

The predictive model's performance was evaluated using
multiple metrics like AUC-ROC: ~0.88 for the best model
(random forest);Accuracy: ~85% with balanced sensitivity and
specificity.

Key Predictors:

*  Age and triage level were top predictors.

» Vital signs (heart rate, BP) and chief complaints

contributed significantly.

Clinical Implications:

Model showed potential for aiding triage decisions, reducing
waiting times, and optimizing resource use.

Conclusion

The proposed system using data mining techniques effectively
predicts hospital admission from ED data, offering benefits
like improved resource allocation(Better bed management and
staffing), Enhanced Patient Care(Early identification of high-risk
patients),Operational Efficiency(Streamlined ED workflows).
Future work could focus on External validation across multiple
hospitals,Integrating with ED systems for real-time predictions
and Exploring deep learning for unstructured data (e.g., clinical
notes).

Future scope

T In the future, the system can be enhanced in several ways to
improve its accuracy, efficiency, and usability. Integrating real-
time patient data from electronic health records, monitoring
devices, and IoT systems would enable instantaneous predictions,
allowing hospitals to respond more quickly to emergencies. The
predictive model itself could be upgraded with more advanced
machine learning techniques, such as ensemble methods or
deep learning, to handle complex cases and improve overall
accuracy. Expanding the dataset to include additional patient
features—Ilike medical history, medications, imaging results,
and lifestyle information—would help the system capture more
nuanced patterns in patient conditions. Deploying the system
on cloud platforms could improve scalability, enabling multiple
hospitals to use it simultaneously while supporting centralized
analytics. Additionally, exploring advanced privacy techniques,
such as homomorphic encryption or differential privacy, could
allow secure computation on encrypted data without exposing
sensitive information. Improvements to the user interface,
including dashboards and alert systems, would enhance
usability for hospital staff, while integration with hospital
management systems could optimize bed allocation, staffing,
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and resource planning. Finally, extending the system to collect
longitudinal data from multiple hospitals would improve model
generalization and identify regional or demographic patterns.
These enhancements would make the system more intelligent,
reliable, and practical for real-world hospital environments.

References

1. 1. S. Olshaker and N. K. Rathlev, “Emergency department
overcrowding and ambulance diversion: The impact and
potential solutions of extended boarding of admitted patients
in the emergency department,” J. Emerg. Med., vol. 30, pp.
351-356, Apr. 2006, doi: 10.1016/j.jemermed.2005.05.023.

2. J. Boyle et al., “Predicting emergency department
admissions,” Emerg. Med. J., vol. 29, pp. 358-365, May
2012, doi: 10.1136/em;j.2010.103531.

3. S.L.Bernstein et al., “The effect of emergency department
crowding on clinicallyorientedoutcomes,”” Acad.Emerg.
Med.,vol.16,n0.1,pp.1-10, 2009, 10.1111/5.1553-
2712.2008.00295 x.

4. D. M. Fatovich, Y. Nagree, and P. Sprivulis, “Access
block causes emergency department overcrowding and
ambulance diversion in Perth, Western Australia,” Emerg.
Med. J., vol. 22, no. 5, pp. 351-354, 2005, doi: 10.1136/
emj.2004.018002.

5. M. L. McCarthy et al., “Crowding delays treatment and
lengthens emergency department length of stay, even among
high-acuity patients,” Ann. Emerg. Med., vol. 54, no. 4, pp.
492-503, 2009, doi: 10.1016/j.annemergmed.2009.03.006.

6. D. B. Richardson, “Increase in patient mortality at 10 days
associated with emergency department overcrowding,”
Med. J. Aust., vol. 184, no. 5, pp. 213-216, 2006.

7. N.R.HootandD.Aronsky, “Systematicreviewofemergen
cydepartment crowding:Causes,effects,andsolutions,”
Ann.Emerg.Med.,vol.52,n0.2, pp. 126-136, 2008, doi:
10.1016/j.annemergmed.2008.03.014.

8.  Y.Sun,B.H.Heng,S.Y.Tay,andE.Seow, ‘‘Predictinghospital
admissions at emergency department triage using routine
administrative data,” Acad. Emerg. Med., vol. 18, no. 8§,
pp. 844-850, 2011, doi: 10.1111/5.15532712.2011.01125.x.

9. M. A. LaMantia et al., “Predicting hospital admission and
returns to the emergency department for elderly patients,”
Acad. Emerg. Med., vol. 17, no. 3, pp. 252-259, 2010, doi:
10.1111/5.1553-2712.2009.00675 .x.

10. J. S. Peck et al., “Generalizability of a simple approach
for predicting hospital admission from an emergency
department,” Acad. Emerg. Med., vol. 20, pp. 1156-1163,
Nov. 2013, doi: 10.1111/acem.12244..

Page 3 of 3



