Supplement 
Extended Methods Detail
The raw dataset comprised 643,505 unique patient records encompassing a total of 1,296,916 unique encounters. Records were included only if the patient's sex was not coded as "Unknown" or "X," the encounter type was either "Inpatient" or "Observation," and the admission type was one of the following: "Elective," "Emergency," "Trauma Center," or "Urgent." Patients who were only ever cared for in the emergency department and never admitted to the hospital were excluded based on level-of-care records in the admission-discharge-transfer (ADT) event table. Encounters associated with obstetric, neonatal, or pediatric levels of care were excluded. Patients whose discharge disposition was hospice or in-hospital death were excluded from the analytic cohort, as these patients were not candidates for early discharge. The first encounter within any 30-day interval for a given patient was retained for analysis to ensure independence of observations. This created an index-encounter cohort suitable for 30-day post-discharge outcome modeling (Appendix Figure 1). After applying these inclusion and exclusion criteria, the final study cohort consisted of 139,166 adult patients who accounted for a total of 182,456 inpatient or observation encounters.

Predictors
Comorbidity Indices. Encounter-level comorbidity burden was quantified using the AHRQ Elixhauser Comorbidity Index (ECI), computed from ICD-10-CM diagnosis codes flagged as present on admission using the Quan scoring algorithm. Two weighted summary scores were derived: one calibrated for mortality risk (ECI Mortality) and one for readmission risk (ECI Readmission). The mortality-weighted index was used in models predicting 30-day death, while the readmission-weighted index was used in models predicting 30-day readmission and ED visits.

Vital Signs and Physiologic Measures. Vital signs were extracted from EHR flowsheet data. Flowsheet template names with fewer than 50,000 total records were excluded to limit extraction to high-frequency, clinically standardized templates. Specific flowsheet row names were mapped to each vital sign through a combination of exact string matching and clinical review: systolic blood pressure (parsed from combined "BP" fields), pulse, respiration rate, oxygen saturation (SpO₂), temperature (Celsius), and supplemental oxygen status. SpO₂ values were restricted to the range 1–100%. Systolic blood pressure was parsed from the first component of combined blood pressure strings (e.g., "120/80") and was restricted to the range of 10-300 mmHg. Pulse and respiration rate were restricted to range 0-360 BPM and 4-60 BPM, respectively. Temperature was restricted to range 32-43 Celsius, and summarized as daily maximum and minimum values, while systolic blood pressure, pulse, respiration rate and SpO₂ were summarized as daily averages. Supplemental oxygen status was derived as a binary indicator from oxygen flow rate fields and oxygen status descriptors; days with no recorded oxygen data were coded as room air.

Functional Status Scores. The AM-PAC "6-Clicks" Inpatient Basic Mobility Short Form (AMPAC6; range 6–24) and the Johns Hopkins Highest Level of Mobility scale (JH-HLM; range 1–8) were extracted from flowsheet data using a semantic matching approach. Flowsheet row names were matched to candidate score types using a combination of query-based semantic similarity scoring and value-range validation (e.g., numeric values within 6–24 for AMPAC6, 1–8 for JH-HLM, 3–15 for GCS). Multiple observations per patient per day were aggregated by taking the minimum value (worst functional status). Glasgow Coma Scale (GCS; range 3–15) was similarly extracted and aggregated to the daily minimum.

Laboratory Values. Hemoglobin and sodium levels were extracted from the laboratory results table. Missing values were excluded. Multiple measurements per patient per day were averaged.

Demographic and Encounter-Level Variables. Additional candidate predictors included age at encounter, sex, self-reported race (collapsed to six categories: White, Black or African American, Asian, American Indian or Alaska Native, Native Hawaiian or Other Pacific Islander, and Other), ethnicity (Hispanic, Non-Hispanic, Unknown), primary language (English vs. Not English), insurance type (Medicare, Medicaid, Commercial, Self-Pay, Other), admission type (Elective vs. Emergent), patient class (Inpatient vs. Observation), discharge hospital, discharge service category (Medicine, Surgery, Orthopedics, Other), ICU admission during encounter, stepdown unit admission during encounter, number of prior hospitalizations in the previous year (truncated at 10+), length of hospital stay in days, and presence of any ICD-10-PCS procedure code.

Missing Data Handling
Gradient boosting models (LightGBM)22 retained missing values after preprocessing, allowing the tree-based learner to use missingness patterns directly. Ridge logistic regression and generalized additive models were fitted using complete-case analysis at the modeling stage. For random forest models, training-set population median imputation was applied to residual missing values in the continuous measures listed above, to satisfy the complete data requirement of the “ranger” (R package) implementation.

Model Training and Internal Validation

Ridge Logistic Regression (RLR).26 Penalized logistic regression with a pure L2 (ridge) penalty was implemented using glmnet and tidymodels. Nominal predictors were dummy-coded, and all numeric predictors were centered and scaled. The regularization penalty λ was tuned.

Random Forest (RF).27 Random forests were fitted using the ranger engine with 1,000 trees. The number of candidate variables sampled at each split, and the minimum node size was tuned. 

Generalized Additive Model (GAM).28 GAMs were fitted using the mgcv package with a logit link. The linear predictor was constructed programmatically for each outcome and snapshot day combination to support dynamic predictor sets. Nonlinear effects were modeled using thin-plate regression splines with penalized smoothing estimated by restricted maximum likelihood (REML) and enabled term selection. Spline terms with varying basis dimensions (k) were applied to variables with plausible nonlinear associations, such as age at encounter (k = 20), and log-transformed length of stay (k = 15). For tight-range physiologic measures, spline flexibility was intentionally constrained using low basis dimensions to reduce overfitting while allowing mild nonlinearity: SpO₂ (k = 6), daily maximum temperature (k = 6), and daily minimum temperature (k = 6). Discrete clinical scores (GCS, AMPAC6, JH-HLM) and binary indicators (e.g., oxygen support) were modeled as linear terms. To capture clinically meaningful threshold behavior beyond smooth trends, hinge (piecewise linear) terms were included for hypoxemia (SpO₂ below 90%) and systolic blood pressure extremes (below 90 mmHg and above 160 mmHg) when these predictors were present in the retained set. The linear predictor was constructed programmatically for each outcome and snapshot day to accommodate the dynamic predictor set; basis dimensions (k) were assigned by clinical plausibility and physiologic range: age at encounter (k = 20), log-transformed length of stay and ECI scores (k = 15), pulse and systolic blood pressure (k = 12), hemoglobin, sodium, and log-transformed prior hospitalization count (k = 10), respiration rate (k = 9), and tight-range measures SpO₂, daily maximum temperature, and daily minimum temperature (k = 6). For each spline term, basis dimension was capped at the number of unique values minus one, and any predictor with fewer than 10 unique values in the training data reverted to a linear term.

LightGBM. Gradient-boosted decision tree models were fitted using the LightGBM engine via the bonsai package. The maximum number of boosting iterations was set to 10,000 with a learning rate of 0.01 and early stopping after 300 rounds without improvement. Hyperparameters tuned included the number of leaves, minimum observations per leaf, column sampling ratio, row sampling proportion, L1 regularization, L2 regularization, maximum histogram bin count, and positive class weight. 

Results
The 90% development (training) and 10% held-out evaluation (test) cohorts on demographic, clinical, and outcome characteristics were compared for each of the four snapshot days (Appendix Table 1). The random partition was stratified on 30-day mortality within each discharge hospital to preserve class imbalance and hospital-specific case mix. Across all four snapshot days, the two cohorts were well balanced on patient-level characteristics (sex, race, ethnicity, age, language, insurance, admission type), encounter-level characteristics (discharge hospital, service category, ICU and stepdown unit admission, length of stay, number of prior hospitalizations), and 30-day outcomes (mortality, readmission, ED revisit), with no variable reaching conventional significance thresholds. The balance observed across all four snapshots confirms that the training-test split did not introduce systematic differences that would confound evaluation of out-of-sample model performance.

To evaluate whether published risk scores could be used as main predictors for the early patient discharge (EPD) task, we trained LightGBM baseline models using NEWS2 and HOSPITAL scores directly as inputs, with patient demographics, encounter characteristics, ECI and functional status scores as covariates. Performance was modest across all three outcome domains and all four snapshot days. Training PR-AUC ranged from 0.051 to 0.273 and training ROC-AUC from 0.500 to 0.687, with the highest discrimination observed for 30-day readmission (PR-AUC 0.241-0.273; ROC-AUC 0.639-0.662) and the lowest for 30-day mortality on Day -2 (PR-AUC 0.509 coupled with ROC-AUC 0.500, indicating model failure to learn under that configuration). These results confirmed that NEWS2 and HOSPITAL components, while clinically informative for their originally designed purposes, do not provide sufficient discriminative signal on their own to support an EPD decision rule, motivating the use of a broader multi-domain predictor set in the final CURED system (Appendix Table 2).

For each outcome-snapshot day combination, candidate predictors were screened using univariate logistic regression with a global likelihood-ratio test (LRT). Predictors with LRT p-values below 0.20 were retained for multivariable model development, allowing the predictor set to vary by prediction day and outcome. The number of retained predictors ranged from 21 to 28 across the 12 outcome-day combinations, reflecting modest variation in which covariates were informative at different points in the hospital stay. For 30-day mortality, the retained sets consistently included age, length of stay, ICU admission, functional status scores (AM-PAC 6-Clicks, JH-HLM), GCS, and ECI-Mortality; for readmission and ED revisit, retained sets more often included ECI-Readmission and prior hospitalization count. Predictors that failed screening in a given day-outcome combination (e.g., oxygen support or SpO₂ at earlier snapshots, when values were less discriminative) were excluded only from that specific model, preserving parsimony while allowing downstream models to adapt to the information available at each prediction time point (Appendix Table 3).

Out-of-sample performance for each of the 42 models that comprise the CURED safe-discharge decision system were evaluated on the held-out 10% test set (Appendix Table 4). Metrics include training and test PR-AUC, test ROC-AUC, the F1-optimized classification threshold, and accuracy, sensitivity, and specificity computed at that threshold. Test PR-AUC for 30-day mortality ranged from 0.113 to 0.156 across models and snapshot days, substantially above the prevalence-based baseline of 0.018-0.026, with test ROC-AUC of 0.822-0.860. Readmission models achieved test PR-AUC of 0.278-0.302 (ROC-AUC 0.640-0.694), and ED revisit models achieved test PR-AUC of 0.193-0.215 (ROC-AUC 0.597-0.618). The F1-optimized thresholds were low across all models (0.07-0.19), consistent with the rare-event nature of the outcomes and the resulting asymmetric cost of false negatives. This threshold choice yielded high specificity (typically above 0.90 for mortality models) while maintaining moderate sensitivity, which aligns with the conservative all-negative consensus architecture of the final decision rule.

The hyperparameter configurations selected by 10-fold cross-validation within the training set for each of the 42 constituent models were reported, along with the mean held-out PR-AUC and its standard error (Appendix Table 5). For ridge logistic regression, the tuned L2 penalty converged to the lower bound of the search grid (λ = 1×10⁻⁸) across all outcome-day combinations, indicating that regularization conferred minimal benefit once the univariate screening step had already removed weak predictors. Random forest models uniformly selected mtry = 4-5 and minimum node sizes of 11-48, with deeper trees preferred for mortality models and shallower trees for readmission and ED revisit. LightGBM configurations varied substantially across outcomes, with positive-class weights (scale_pos_wt) between 3.9 and 5.7 reflecting the pronounced class imbalance, and between 136 and 199 leaves per tree. The GAM smoothing penalty multiplier (adjust_deg_free) ranged from 0.25 to 0.85, with mortality models favoring tighter smoothing and readmission and ED revisit models favoring more flexible fits.



Appendix
Figure 1. Patient flow diagram.
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Table 1. Development (90%) vs. evaluation (10%) cohort comparison across all four snapshot days. 
See attached related file.

Table 2. Baseline model using NEWS2, HOSPITAL scores directly as predictors
	Snapshot day
	Outcome
	Models
	Prevalence
	Training PR-AUC
	Training ROC-AUC

	Day 0 (discharge date)
	30-day mortality
	LightGBM
	0.0189
	0.121
	0.627

	Day -1
	30-day mortality
	LightGBM
	0.0189
	0.063
	0.687

	Day -2
	30-day mortality
	LightGBM
	0.0189
	0.509
	0.5

	Day -3
	30-day mortality
	LightGBM
	0.0189
	0.051
	0.658

	Day 0 (discharge date)
	30-day readmission
	LightGBM
	0.1345
	0.241
	0.643

	Day -1
	30-day readmission
	LightGBM
	0.1345
	0.264
	0.655

	Day -2
	30-day readmission
	LightGBM
	0.1345
	0.273
	0.639

	Day -3
	30-day readmission
	LightGBM
	0.1345
	0.243
	0.662

	Day 0 (discharge date)
	30-day ED visit
	LightGBM
	0.1284
	0.209
	0.597

	Day -1
	30-day ED visit
	LightGBM
	0.1284
	0.208
	0.585

	Day -2
	30-day ED visit
	LightGBM
	0.1284
	0.166
	0.576

	Day -3
	30-day ED visit
	LightGBM
	0.1284
	0.175
	0.553



Table 3. Dynamic Predictors Set
	Outcome
	Snapshot day
	No. of predictors
	Predictors retained (LRT p < 0.20)

	30-day mortality
	Day 0 (discharge date)
	28
	Sex; Race; Ethnicity; Age at encounter; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Length of stay (days); Procedure (any); GCS; Pulse; Respiration rate; Daily max temperature (°C); Daily min temperature (°C); Oxygen support; Systolic blood pressure; SpO₂; Hemoglobin; Sodium; ECI (Mortality); AM-PAC 6-Clicks; JH-HLM

	30-day mortality
	Day −1
	27
	Sex; Race; Ethnicity; Age at encounter; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Length of stay (days); Procedure (any); GCS; Pulse; Respiration rate; Daily max temperature (°C); Daily min temperature (°C); Systolic blood pressure; SpO₂; Hemoglobin; Sodium; ECI (Mortality); AM-PAC 6-Clicks; JH-HLM

	30-day mortality
	Day −2
	26
	Sex; Race; Ethnicity; Age at encounter; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Length of stay (days); Procedure (any); GCS; Pulse; Respiration rate; Daily max temperature (°C); Daily min temperature (°C); Systolic blood pressure; Hemoglobin; Sodium; ECI (Mortality); AM-PAC 6-Clicks; JH-HLM

	30-day mortality
	Day −3
	26
	Sex; Race; Ethnicity; Age at encounter; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Length of stay (days); Procedure (any); GCS; Pulse; Respiration rate; Daily max temperature (°C); Oxygen support; Systolic blood pressure; Hemoglobin; Sodium; ECI (Mortality); AM-PAC 6-Clicks; JH-HLM

	30-day readmission
	Day 0 (discharge date)
	26
	Sex; Race; Ethnicity; Age at encounter; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Length of stay (days); Procedure (any); GCS; Pulse; Respiration rate; Daily min temperature (°C); Systolic blood pressure; SpO₂; Hemoglobin; Sodium; ECI (Readmission); AM-PAC 6-Clicks; JH-HLM

	30-day readmission
	Day −1
	28
	Sex; Race; Ethnicity; Age at encounter; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Length of stay (days); Procedure (any); GCS; Pulse; Respiration rate; Daily max temperature (°C); Daily min temperature (°C); Oxygen support; Systolic blood pressure; SpO₂; Hemoglobin; Sodium; ECI (Readmission); AM-PAC 6-Clicks; JH-HLM

	30-day readmission
	Day −2
	27
	Sex; Race; Ethnicity; Age at encounter; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Length of stay (days); Procedure (any); Pulse; Respiration rate; Daily max temperature (°C); Daily min temperature (°C); Oxygen support; Systolic blood pressure; SpO₂; Hemoglobin; Sodium; ECI (Readmission); AM-PAC 6-Clicks; JH-HLM

	30-day readmission
	Day −3
	22
	Race; Ethnicity; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; Stepdown unit admission; Number of prior hospitalizations; Length of stay (days); Procedure (any); Pulse; Daily max temperature (°C); Daily min temperature (°C); Oxygen support; Systolic blood pressure; SpO₂; Hemoglobin; Sodium; ECI (Readmission); JH-HLM

	30-day ED visit
	Day 0 (discharge date)
	24
	Sex; Race; Ethnicity; Age at encounter; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Procedure (any); Pulse; Daily max temperature (°C); Oxygen support; Systolic blood pressure; SpO₂; Hemoglobin; Sodium; ECI (Readmission); AM-PAC 6-Clicks; JH-HLM

	30-day ED visit
	Day −1
	22
	Sex; Race; Ethnicity; Age at encounter; Language; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Procedure (any); Pulse; Daily min temperature (°C); Oxygen support; SpO₂; Hemoglobin; Sodium; ECI (Readmission); AM-PAC 6-Clicks

	30-day ED visit
	Day −2
	21
	Sex; Race; Ethnicity; Age at encounter; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Procedure (any); Pulse; Respiration rate; Daily max temperature (°C); SpO₂; Hemoglobin; Sodium; ECI (Readmission); AM-PAC 6-Clicks

	30-day ED visit
	Day −3
	25
	Sex; Race; Ethnicity; Age at encounter; Patient class; Insurance type; Admission type; Discharge hospital; Service category; ICU admission; Stepdown unit admission; Number of prior hospitalizations; Length of stay (days); Procedure (any); GCS; Pulse; Respiration rate; Daily max temperature (°C); Oxygen support; SpO₂; Hemoglobin; Sodium; ECI (Readmission); AM-PAC 6-Clicks; JH-HLM



Table 4. Metrics of 42 machine learning models used in the final safe-discharge decision system
	Snapshot Day
	Outcome
	Model
	Train PR-AUC
	Test PR-AUC
	Test ROC-AUC
	F1 Threshold
	Accuracy (F1)
	Sensitivity (F1)
	Specificity (F1)

	Day 0 (discharge date)
	30-day mortality
	Ridge logistic regression
	0.1292
	0.1240
	0.8520
	0.09
	0.9534
	0.2632
	0.9672

	Day 0 (discharge date)
	30-day mortality
	Random Forest
	0.1354
	0.1492
	0.8592
	0.11
	0.9538
	0.3594
	0.9652

	Day 0 (discharge date)
	30-day mortality
	GAM
	0.1517
	0.1563
	0.8583
	0.10
	0.9549
	0.2782
	0.9684

	Day -1
	30-day mortality
	Ridge logistic regression
	0.1251
	0.1125
	0.8458
	0.08
	0.9404
	0.3149
	0.9530

	Day -1
	30-day mortality
	Random Forest
	0.1408
	0.1282
	0.8468
	0.11
	0.9548
	0.3127
	0.9666

	Day -1
	30-day mortality
	GAM
	0.1431
	0.1354
	0.8604
	0.09
	0.9454
	0.3532
	0.9573

	Day -2
	30-day mortality
	Ridge logistic regression
	0.1162
	0.1256
	0.8340
	0.07
	0.9235
	0.3838
	0.9360

	Day -2
	30-day mortality
	Random Forest
	0.1230
	0.1383
	0.8334
	0.11
	0.9477
	0.3018
	0.9629

	Day -2
	30-day mortality
	GAM
	0.1304
	0.1445
	0.8419
	0.10
	0.9487
	0.3506
	0.9625

	Day -3
	30-day mortality
	Ridge logistic regression
	0.1226
	0.1282
	0.8223
	0.08
	0.9144
	0.3690
	0.9307

	Day -3
	30-day mortality
	Random Forest
	0.1186
	0.1282
	0.8379
	0.10
	0.9315
	0.3665
	0.9463

	Day -3
	30-day mortality
	GAM
	0.1368
	0.1391
	0.8367
	0.10
	0.9277
	0.3476
	0.9450

	Day 0 (discharge date)
	30-day readmission
	Ridge logistic regression
	0.2772
	0.2798
	0.6808
	0.16
	0.7215
	0.5126
	0.7559

	Day 0 (discharge date)
	30-day readmission
	Random Forest
	0.2709
	0.2775
	0.6863
	0.18
	0.7204
	0.5075
	0.7535

	Day 0 (discharge date)
	30-day readmission
	LightGBM
	0.2781
	0.2825
	0.6935
	0.12
	0.8374
	0.2379
	0.9306

	Day 0 (discharge date)
	30-day readmission
	GAM
	0.2806
	0.2813
	0.6878
	0.15
	0.6883
	0.5711
	0.7076

	Day -1
	30-day readmission
	Ridge logistic regression
	0.2801
	0.2778
	0.6676
	0.15
	0.6611
	0.5580
	0.6795

	Day -1
	30-day readmission
	Random Forest
	0.2769
	0.2802
	0.6824
	0.17
	0.6856
	0.5662
	0.7055

	Day -1
	30-day readmission
	LightGBM
	0.2807
	0.2836
	0.6883
	0.12
	0.6791
	0.5680
	0.6976

	Day -1
	30-day readmission
	GAM
	0.2829
	0.2809
	0.6734
	0.16
	0.6795
	0.5318
	0.7059

	Day -2
	30-day readmission
	Ridge logistic regression
	0.2881
	0.2853
	0.6585
	0.16
	0.6418
	0.5834
	0.6533

	Day -2
	30-day readmission
	Random Forest
	0.2860
	0.2836
	0.6618
	0.18
	0.6560
	0.5642
	0.6737

	Day -2
	30-day readmission
	LightGBM
	0.2902
	0.2888
	0.6676
	0.13
	0.7081
	0.4750
	0.7531

	Day -2
	30-day readmission
	GAM
	0.2918
	0.2866
	0.6602
	0.16
	0.6309
	0.5949
	0.6380

	Day -3
	30-day readmission
	Ridge logistic regression
	0.3018
	0.3023
	0.6495
	0.17
	0.6246
	0.5849
	0.6332

	Day -3
	30-day readmission
	Random Forest
	0.2986
	0.2908
	0.6397
	0.19
	0.6378
	0.5387
	0.6585

	Day -3
	30-day readmission
	LightGBM
	0.2987
	0.2925
	0.6460
	0.14
	0.7201
	0.4025
	0.7866

	Day -3
	30-day readmission
	GAM
	0.3061
	0.3022
	0.6485
	0.17
	0.6164
	0.5900
	0.6221

	Day 0 (discharge date)
	30-day ED visit
	Ridge logistic regression
	0.2013
	0.2023
	0.6079
	0.13
	0.6356
	0.4878
	0.6576

	Day 0 (discharge date)
	30-day ED visit
	Random Forest
	0.1967
	0.2004
	0.6054
	0.14
	0.6154
	0.5177
	0.6298

	Day 0 (discharge date)
	30-day ED visit
	LightGBM
	0.2011
	0.2069
	0.6151
	0.12
	0.7539
	0.3218
	0.8176

	Day 0 (discharge date)
	30-day ED visit
	GAM
	0.2042
	0.2069
	0.6180
	0.14
	0.6802
	0.4476
	0.7147

	Day -1
	30-day ED visit
	Ridge logistic regression
	0.2018
	0.1987
	0.6084
	0.13
	0.6232
	0.5140
	0.6393

	Day -1
	30-day ED visit
	Random Forest
	0.1981
	0.1926
	0.5992
	0.14
	0.6137
	0.5032
	0.6297

	Day -1
	30-day ED visit
	LightGBM
	0.2001
	0.1966
	0.6027
	0.12
	0.7564
	0.3010
	0.8225

	Day -1
	30-day ED visit
	GAM
	0.2048
	0.2008
	0.6096
	0.14
	0.6637
	0.4490
	0.6954

	Day -2
	30-day ED visit
	Ridge logistic regression
	0.2028
	0.2080
	0.6034
	0.13
	0.6041
	0.5366
	0.6148

	Day -2
	30-day ED visit
	Random Forest
	0.1979
	0.2021
	0.5981
	0.13
	0.5337
	0.6070
	0.5225

	Day -2
	30-day ED visit
	GAM
	0.2052
	0.2141
	0.6099
	0.14
	0.6530
	0.4740
	0.6813

	Day -3
	30-day ED visit
	Ridge logistic regression
	0.2048
	0.2111
	0.6145
	0.13
	0.5975
	0.5688
	0.6019

	Day -3
	30-day ED visit
	Random Forest
	0.1968
	0.1931
	0.5967
	0.14
	0.5825
	0.5461
	0.5880

	Day -3
	30-day ED visit
	GAM
	0.2077
	0.2150
	0.6157
	0.15
	0.6912
	0.4486
	0.7286



Table 5.  Optimal hyperparameters and cross-validation precision-recall AUC (PR-AUC) for all 42 models comprising the CURED safe-discharge decision system.
	Outcome
	Snapshot
	Hyperparameters
	PR-AUC
	SE

	Ridge logistic regression

	30-day mortality
	Day 0
	penalty = 1×10⁻⁸
	0.1292
	0.0069

	30-day mortality
	Day −1
	penalty = 1×10⁻⁸
	0.1251
	0.0049

	30-day mortality
	Day −2
	penalty = 1×10⁻⁸
	0.1162
	0.0045

	30-day mortality
	Day −3
	penalty = 1×10⁻⁸
	0.1226
	0.0051

	30-day readmission
	Day 0
	penalty = 1×10⁻⁸
	0.2772
	0.0024

	30-day readmission
	Day −1
	penalty = 1×10⁻⁸
	0.2801
	0.0037

	30-day readmission
	Day −2
	penalty = 1×10⁻⁸
	0.2881
	0.0026

	30-day readmission
	Day −3
	penalty = 1×10⁻⁸
	0.3018
	0.0024

	30-day ED revisit
	Day 0
	penalty = 1×10⁻⁸
	0.2013
	0.0016

	30-day ED revisit
	Day −1
	penalty = 1×10⁻⁸
	0.2018
	0.0026

	30-day ED revisit
	Day −2
	penalty = 1×10⁻⁸
	0.2028
	0.0033

	30-day ED revisit
	Day −3
	penalty = 1×10⁻⁸
	0.2048
	0.0035

	Random forest

	30-day mortality
	Day 0
	mtry = 5    min_n = 11
	0.1354
	0.0034

	30-day mortality
	Day −1
	mtry = 5    min_n = 18
	0.1408
	0.0053

	30-day mortality
	Day −2
	mtry = 5    min_n = 45
	0.1230
	0.0034

	30-day mortality
	Day −3
	mtry = 5    min_n = 48
	0.1186
	0.0031

	30-day readmission
	Day 0
	mtry = 5    min_n = 45
	0.2709
	0.0019

	30-day readmission
	Day −1
	mtry = 5    min_n = 45
	0.2769
	0.0030

	30-day readmission
	Day −2
	mtry = 5    min_n = 45
	0.2860
	0.0039

	30-day readmission
	Day −3
	mtry = 4    min_n = 45
	0.2986
	0.0023

	30-day ED revisit
	Day 0
	mtry = 4    min_n = 45
	0.1967
	0.0016

	30-day ED revisit
	Day −1
	mtry = 4    min_n = 45
	0.1981
	0.0027

	30-day ED revisit
	Day −2
	mtry = 4    min_n = 45
	0.1979
	0.0025

	30-day ED revisit
	Day −3
	mtry = 5    min_n = 45
	0.1968
	0.0032

	LightGBM

	30-day readmission
	Day 0
	mtry = 9    min_n = 67
sample_size = 0.794    num_leaves = 150
λ_L1 = 0.0315    λ_L2 = 0.0344
max_bin = 240    scale_pos_wt = 5.54
	0.2781
	0.0017

	30-day readmission
	Day −1
	mtry = 7    min_n = 77
sample_size = 0.771    num_leaves = 191
λ_L1 = 4.4×10⁻⁴    λ_L2 = 2.4×10⁻³
max_bin = 203    scale_pos_wt = 5.11
	0.2807
	0.0029

	30-day readmission
	Day −2
	mtry = 9    min_n = 52
sample_size = 0.682    num_leaves = 199
λ_L1 = 4.1×10⁻⁴    λ_L2 = 1.6×10⁻³
max_bin = 247    scale_pos_wt = 4.54
	0.2902
	0.0039

	30-day readmission
	Day −3
	mtry = 7    min_n = 43
sample_size = 0.672    num_leaves = 196
λ_L1 = 0.0542    λ_L2 = 5.7×10⁻⁴
max_bin = 252    scale_pos_wt = 3.90
	0.2987
	0.0021

	30-day ED revisit
	Day 0
	mtry = 9    min_n = 73
sample_size = 0.794    num_leaves = 136
λ_L1 = 3.4×10⁻³    λ_L2 = 3.0×10⁻³
max_bin = 197    scale_pos_wt = 5.65
	0.2011
	0.0015

	30-day ED revisit
	Day −1
	mtry = 9    min_n = 39
sample_size = 0.758    num_leaves = 138
λ_L1 = 2.9×10⁻³    λ_L2 = 0.0130
max_bin = 171    scale_pos_wt = 5.71
	0.2001
	0.0022

	GAM

	30-day mortality
	Day 0
	adjust_deg_free = 0.25
	0.1517
	0.0062

	30-day mortality
	Day −1
	adjust_deg_free = 0.45
	0.1431
	0.0044

	30-day mortality
	Day −2
	adjust_deg_free = 0.25
	0.1304
	0.0049

	30-day mortality
	Day −3
	adjust_deg_free = 0.25
	0.1368
	0.0051

	30-day readmission
	Day 0
	adjust_deg_free = 0.85
	0.2806
	0.0022

	30-day readmission
	Day −1
	adjust_deg_free = 0.85
	0.2829
	0.0017

	30-day readmission
	Day −2
	adjust_deg_free = 0.65
	0.2918
	0.0028

	30-day readmission
	Day −3
	adjust_deg_free = 0.65
	0.3061
	0.0024

	30-day ED revisit
	Day 0
	adjust_deg_free = 0.85
	0.2042
	0.0016

	30-day ED revisit
	Day −1
	adjust_deg_free = 0.45
	0.2048
	0.0026

	30-day ED revisit
	Day −2
	adjust_deg_free = 0.65
	0.2052
	0.0032

	30-day ED revisit
	Day −3
	adjust_deg_free = 0.65
	0.2077
	0.0035

	


Abbreviations: SE, standard error; mtry, number of candidate predictors sampled at each split; min_n, minimum node size; sample_size, row subsampling fraction; num_leaves, maximum number of leaves per tree; λ_L1/λ_L2, L1/L2 regularization penalties; max_bin, maximum number of histogram bins; scale_pos_wt, positive-class weight; adjust_deg_free, smoothing penalty multiplier for GAM splines. Day 0 = discharge date; Day −1/−2/−3 = 1–3 days prior to discharge. All hyperparameters were selected by 10-fold cross-validation optimizing PR-AUC within the training set. LightGBM models trained for 30-day mortality were excluded due to implausible F1-optimized thresholds. Mean PR-AUC and SE are based on held-out fold performance during training.
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