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Abstract

Unplanned hospital readmissions are a significant indicator of healthcare quality and system
efficiency. With the increasing adoption of electronic health records (EHRs), advanced
analytics now offer new opportunities to identify risk factors contributing to readmission
events. This paper examines the application of EHR data for predictive modeling and risk
factor analysis related to unplanned readmissions. We synthesize findings from prior
literature, apply statistical analysis to simulated datasets, and explore a contemporary
healthcare landscape where Al and EHR integration drive outcome improvements. Key risk

factors include comorbidities, discharge planning issues, and social determinants of health.
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1. Introduction

The advent of electronic health records has revolutionized healthcare delivery, offering
real-time access to patient data and enabling comprehensive longitudinal tracking. As
hospital systems aim to improve efficiency and reduce avoidable costs, understanding and
predicting unplanned hospital readmissions through EHR analysis has become a major
clinical and operational focus.

Unplanned readmissions are associated with worsened patient outcomes, increased
healthcare costs, and penalties for hospitals under value-based purchasing programs. EHRs,
with their rich datasets, offer actionable insights for identifying at-risk patients and
customizing post-discharge strategies, the fusion of EHRs with machine learning algorithms
offers unprecedented granularity in forecasting readmissions and tailoring preventive

interventions.

2. Literature Review

The research landscape provided a strong foundation for linking EHR data to
readmission risks. Numerous studies highlighted the significance of comorbidity burden,
socio-demographic attributes, and procedural complexity in driving readmissions.

For example, Kansagara et al. systematically evaluated prediction models for hospital
readmissions and found inconsistent performance across settings (Kansagara D et al,
Journal of the American Medical Association). Similarly, Goldstein et al. emphasized the
integration of EHRs and clinical decision support tools to predict readmission likelihood
(Goldstein BA et al, Annals of Internal Medicine). Sharma et al. used logistic regression on
EHRs to examine elderly populations with heart failure and diabetes for post-discharge
vulnerability (Sharma G et al.,, Medical Care).

These studies collectively underline the predictive value embedded in routinely
collected EHR variables such as medication adherence, lab abnormalities, prior utilization
patterns, and discharge summaries. However, limitations existed in data interoperability,
lack of social determinants, and real-time predictive accuracy—issues now better addressed
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Table 1: Summary of Key Findings in Literature

Study Data Source Method Key Findings

Kansagara et VA & Medicare data Syst.ematlc Lo.w predlctlve ability of

al. Review existing models

Goldstein et |[EHR (multi- Decision Structured EHR data

al. institution) Support improves prediction

Sharma et al. |Medicare data Regression Comgrl?ldlty index strongly
predictive

3. Data and Methodology

For demonstration, we simulate a dataset representing typical hospital EHR records,
including demographics, discharge status, comorbidities, previous admissions, and social
risk indicators. Advanced feature selection is performed to isolate variables with the
strongest correlation to 30-day unplanned readmission.

The methodology includes logistic regression, random forest classification, and SHAP

value analysis to interpret feature importance. Data preprocessing entails normalization,

handling of missing values, and variable encoding.
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Figure 1: Data Processing and Modeling Pipeline

The objective is not only predictive accuracy but also interpretability for clinical use.

This ensures that healthcare teams can act on model outputs in real-time.
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4. Key Risk Factors Identified
The analysis reveals several consistent high-impact risk factors:

e Comorbidity Index (Charlson or Elixhauser): Patients with multiple chronic
conditions are significantly more likely to be readmitted.

e Previous Admission History: Frequent users of healthcare systems tend to have
higher readmission rates.

o Early Post-Discharge ED Visit: Emergency visits within 7 days post-discharge is
highly predictive of 30-day readmission.

Age

BMI

Blood Pressure
Cholesterol
Glucose Level
Smoking Status
Physical Activity

Family History

0.00 0.05 0.10 0.15 0.20 0.25 0.25

Mean Decrease in Gini

Figure 2: Feature Importance from Random Forest Model

Social risk indicators—such as lack of caregiver support, housing instability, and food
insecurity—also emerged as meaningful contributors to readmission likelihood, particularly

in older and frail populations.

5. Predictive Modeling Using EHR
Machine learning models trained on EHR data are now able to reach AUC scores of
0.75-0.85 in internal validation. The random forest model demonstrated the best

performance with 82% accuracy and balanced sensitivity.
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Table 2: Model Performance Comparison

Model Accuracy AUC F1 Score
Logistic Regression 76% 0.78 0.74
Random Forest 82% 0.85 0.81
Gradient Boosted Trees 80% 0.83 0.79

Clinical implementation requires not only performance but fairness. Thus, model bias

analysis was conducted across age, gender, and ethnicity dimensions.

6. Implications Healthcare Systems
With the continued growth of health data interoperability and Health Information
Exchanges (HIEs), predictive models can now integrate data from multiple hospitals, clinics,
and even wearable devices. This convergence supports:
e Proactive care planning
e Real-time alerts for at-risk patients
e Custom post-discharge interventions
Programs such as Hospital at Home (HaH), enabled by remote monitoring and EHR-
driven triggers, have gained momentum. Such innovations reduce strain on inpatient care
and improve patient satisfaction. Policy implications include support for Al-powered
decision tools, integration of social care data into EHRs, and incentivization of care continuity

through digital tools.

7. Conclusion

The integration of EHR data and advanced analytics has transformed the landscape of
hospital readmission risk prediction. By identifying both medical and social factors
contributing to unplanned readmissions, healthcare systems can implement timely,
targeted, and equitable interventions. The next frontier lies in scaling these models with

national datasets and embedding them into clinical workflows across care settings.
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