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Figure 2. Calibration Analysis
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Figure 3. Proposed Subgroup Fairness Evaluation

Conceptual framework for future evaluation; not performed in the current study
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Status in current stud Not performed on the real dataset; proposed future work only.
y Subgroup, fairness, and clinical utility analyses are planned for future research using the saved models and test predictions.




Figure 4. Comparative Model Performance for 30-Day Unplanned Hospital Readmission Prediction

ROC curves use predicted probabilities; confusion matrices use saved class predictions at the default threshold
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Test set: n = 20,353; readmissions = 2,334 (11.47%). ROC discrimination and threshold-based classification are distinct; the Random Forest classification result should be interpreted cautiously.

At the saved default threshold: TP = 45; FN = 2,289. Default classification rule predicted every test encounter as
“No readmission” (sensitivity = 0; TP = 0).



Figure 5. Predictor Importance in Logistic Regression and Random Forest Models

Verified coefficients and impurity-based feature importances from the saved fitted models

A. Logistic Regression
Top 15 by absolute coefficient

Number of inpatient visits

Discharge disposition ID = 22 +

Discharge disposition ID = 3 ~

Discharge disposition ID = 5 ~

Number of medications -

Primary diagnosis code: V58 +

Discharge disposition ID = 28 +

Primary diagnosis code: 428

Secondary diagnosis code: 275 -0.060

Secondary diagnosis code: 807 -0.060

Medical specialty: Pediatrics-Endocrinology -0.061

Age group: [0-10) -0.065

Medical specialty: Otolaryngology - -0.073

Discharge disposition ID = 13 -0.078

Discharge disposition ID = 11 4-0.411

+0.311

-0.4 -0.2 0.0 0.2
Logistic Regression coefficient

Feature labels preserve the encoded model-input categories where applicable. Coefficients and impurity-based importance are model-specific and should not be interpreted as causal effects.

Positive coefficients indicate higher model log-odds;

negative coefficients indicate lower model log-odds, holding other inputs constant.

0.4

B. Random Forest
Top 15 by impurity-based importance

Number of lab procedures

Number of medications

Number of inpatient visits

Time in hospital

Number of procedures

Number of diagnoses

Number of outpatient visits

Number of emergency visits

Gender: Male

Gender: Female

Age group: [70-80)

Medical specialty: InternalMedicine

Age group: [60-70)

Admission type ID =1

Race: Caucasian

0.0444

0.0417

0.0331

0.0327

0.0228

0.0224

0.0109

0.0096

0.0094

0.0092

0.0087

0.0083

0.00

0.01 0.02 0.03 0.04 0.05
Mean decrease in impurity (feature importance)




Figure 6. Proposed Explainability Analysis for 30-Day Readmission Prediction

Conceptual workflow only; SHAP analysis was not validated in the current study
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Current limitation: the available artifacts do not include the original test-feature matrix or a saved Random Forest model.
No patient-level SHAP values are reported.
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