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Abstract

Hospital readmission models require evaluation that respects repeated patients and separates training
from validation. We audit a workflow predicting recorded readmission within 30 days and reanalyze
59,129 encounters from 39,726 patients using patient-disjoint fitting, calibration, and evaluation par-
titions. In the source split, 46.08% of test encounters belonged to patients also represented in training.
A controlled 20-partition experiment additionally compares fold-local synthetic oversampling with
a contaminated donor pool while holding real validation observations and synthetic training counts
fixed. Under patient-level splitting, including validation donors changes mean cross-validation area
under the receiver operating characteristic curve (AUC) by +0.005 for logistic regression and +0.012
for XGBoost. In the primary mixed-type analysis, logistic regression and XGBoost achieve evalua-
tion AUCs of 0.653 and 0.657 and average precisions of 0.215 and 0.231. Their paired AUC difference
is 0.0041 (95% patient-cluster interval: −0.0042 to 0.0128). Recall is 0.255 and 0.263 at thresholds
chosen on calibration patients under a 10% false-positive-rate constraint. A prior-admissions-only
reference reaches AUC 0.604. Lower categorical-aware synthetic oversampling ratios improve on full
balancing but do not exceed the corresponding unresampled baselines; retaining laboratory-result
categories does not improve discrimination on the same evaluation patients. Exploratory subgroup
estimates identify differences in recall, with limited support in small groups. Together, the con-
trolled audits, calibration assessment, and sensitivity analyses provide a reproducible account of how
evaluation choices shape performance in this historical readmission cohort.

Keywords: hospital readmission, grouped validation, class imbalance, probability calibration, cluster
bootstrap, reproducibility

1 Introduction

Hospital readmission prediction is an imbalanced
classification problem in which the apparent
strength of a model depends on the evaluation

design as well as its algorithm. A dataset can con-
tain multiple encounters from the same patient,
nominal variables represented by integer codes,
and variables whose availability depends on the
point in the care pathway. These features make a
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simple random split of rows an incomplete spec-
ification of the intended prediction problem. A
model evaluated on new encounters from previ-
ously observed patients answers a different ques-
tion from a model evaluated on previously unseen
patients.

The public Diabetes 130-US Hospitals dataset
provides an accessible setting for examining these
issues [4, 11]. Its repeated encounters and mixed
predictors support useful methodological demon-
strations, but its historical and observational
nature constrain clinical interpretation. Published
applications include machine-learning analyses
of early readmission [6]. Comparisons between
such studies require matching cohort construction,
patient handling, outcomes, and validation proce-
dures; a reported AUC alone does not establish
comparability.

Class imbalance introduces a second evalu-
ation challenge. Oversampling can change both
the fitted decision rule and the scale of pre-
dicted probabilities. Applying oversampling before
dividing cross-validation folds can also allow infor-
mation from validation observations to influence
training [12]. Ordinary synthetic minority over-
sampling interpolates numerical feature vectors
[2]; applying that operation directly to arbitrary
category codes does not respect nominal struc-
ture. Moreover, discrimination, calibration, and
threshold-specific performance address different
questions. Precision–recall analysis is particularly
relevant when the positive outcome is uncom-
mon [10], while probability calibration assesses the
agreement between estimated risks and observed
frequencies [7].

This study audits an initial exploratory note-
book for the diabetes readmission dataset and
reports an empirical reanalysis. The initial note-
book and audit records, available from the cor-
responding author upon reasonable request, doc-
ument the workflow being evaluated. The contri-
bution is a controlled examination of evaluation
choices in imbalanced prediction. We quantify
patient overlap, compare resampling donor pools
over repeated partitions, and evaluate logistic
regression (LR) and XGBoost (XGB) with sep-
arate calibration and conditional patient-cluster
uncertainty. A simple reference model, sampling-
ratio checks, and alternative handling of labora-
tory and payer fields test how the conclusions

depend on specific modeling choices. The exper-
iments isolate donor-pool contamination under a
fixed representation and complement it with a
reproducible comparison of specified model con-
figurations.

1.1 Relationship to previous work

The present audit builds on established evidence
that evaluation design can alter apparent predic-
tive performance. Vandewiele et al. [12] demon-
strated optimism from oversampling before parti-
tioning, using synthetic examples and a preterm-
birth application. Here, the narrower experimen-
tal question is how admitting validation donors
changes internal validation when the real valida-
tion rows, preprocessing, original training rows,
and synthetic training counts remain fixed. This
controlled comparison is repeated under both
encounter- and patient-level partitioning. It quan-
tifies the contribution of this specific contamina-
tion mechanism within the evaluated pipeline.

Strack et al. [11] examined early readmission
in a selected diabetes cohort and excluded deaths
and hospice discharges. Our historical cohort
is retained to audit the initial workflow, with
discharge exclusions assessed separately. Pub-
lished prediction studies such as Emi-Johnson and
Nkrumah [6] provide application context, but their
reported scores are not direct benchmarks unless
cohorts and evaluation designs match. Table 1
summarizes these distinctions.

2 Data and analytical cohort

2.1 Source and outcome

The source file contains 101,766 encounters from
the UCI repository’s historical diabetes dataset,
covering care during 1999–2008 [4]. The binary
outcome equals one for the recorded category <30

and zero for >30 or NO. Thus, the negative class
combines later readmission and no recorded read-
mission. The endpoint is recorded readmission
within 30 days, as defined by the source dataset.

The analysis evaluates retrospective predic-
tion using encounter information available by
discharge. Patient and encounter identifiers are
retained for audit and partitioning but excluded
from predictors. Evaluation focuses on patient-
disjoint partitions of the historical cohort.
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Table 1 Selected related work and the role of the present analysis. This comparison highlights the study questions and
evaluation designs.

Study Relevant focus Relationship to the present audit

Vandewiele et al. [12] Oversampling before partitioning and
optimistic evaluation

Motivates the matched-count donor-pool
contrast with real validation observations.

Strack et al. [11] Diabetes readmission, clinical cohort
selection, and HbA1c measurement

Informs the discharge-eligibility sensitiv-
ity analysis; outcome and cohort defini-
tions remain explicit.

Emi-Johnson and
Nkrumah [6]

Machine-learning prediction of 30-
day readmission

Provides application context for interpret-
ing cohort and evaluation differences.

Present analysis Controlled donor-pool experiment
and patient-disjoint workflow audit

Combines repeated contamination con-
trasts with separate calibration, condi-
tional uncertainty, and cohort sensitivity
checks.

2.2 Reproduction of the original

cohort

To separate evaluation changes from cohort
changes, we retain the initial notebook’s complete-
case cohort. Four fields—weight, medical spe-
cialty, maximum glucose serum result, and gly-
cated hemoglobin (HbA1c) result—are removed.
The original parsing convention treats ? and pan-
das default missing-value tokens as missing; this
also affects literal None entries in laboratory-
result fields. The source documentation identifies
unmeasured laboratory tests as a distinct cate-
gory [11]. The dropped fields are therefore not
interpreted as clinically irrelevant; a separate sen-
sitivity analysis retains the laboratory-result cat-
egories. Complete-case filtering on the remaining
variables yields 59,129 encounters from 39,726
patients, with 6,514 positive outcomes (11.02%).
Table 2 records the sequential exclusions. The
ordering is a reproducible accounting convention,
not an attribution of independent missingness
effects.

This restriction defines the historical complete-
case sample, with substantial exclusions associ-
ated with missing payer information. The cohort
retains the original discharge categories, including
death and hospice records, to preserve comparabil-
ity with the initial workflow. A separate sensitivity
analysis removes death and hospice discharges
while preserving the original patient partitions;
the primary historical audit remains unchanged.

2.3 Descriptive encounter

distributions

Figures 1–3 display the binary target, numerical
predictor distributions, and the original readmis-
sion categories by age. The retained cohort con-
tains 52,615 negative and 6,514 positive encoun-
ters. Count plots describe the selected analytical
sample and do not, by themselves, establish dif-
ferences in risk. The negative binary target pools
later readmission and no recorded readmission;
the age chart preserves the three original cate-
gories.

2.4 Predictor representation

Nine predictors are treated numerically: age-band
index, length of stay, number of laboratory proce-
dures, number of procedures, number of medica-
tions, prior outpatient visits, prior emergency vis-
its, prior inpatient visits, and number of diagnoses.
Age bands are mapped to ordered indices; this
imposes an equal-spacing assumption. All remain-
ing predictors, including integer-coded admission
and discharge variables, are treated as categor-
ical. Three diagnosis fields are mapped to the
original notebook’s broad diagnostic groups. The
exact mapping is supplied in the analysis code; its
numerical ICD-code boundaries are retained for
comparability and are not presented as a clinically
validated ontology.
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Table 2 Sequential reproduction of the analytical cohort. Counts after each step are encounters. The four removed fields
are not used for complete-case filtering.

Step Removed at step Remaining

Source file — 101,766
Missing race 2,273 99,493
Missing payer code 39,712 59,781
Missing primary diagnosis 10 59,771
Missing secondary diagnosis 175 59,596
Missing third diagnosis 467 59,129
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Fig. 1 Outcome distribution in the historical complete-case analytical cohort (59,129 encounters). The negative category
includes later readmission and no recorded readmission
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Fig. 2 Distributions of eight numerical predictors in the historical analytical cohort. Counts are encounters and may
include repeat patients
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Fig. 3 Age distribution and original outcome categories in the historical cohort. This is a descriptive count plot; larger
bars do not by themselves indicate higher readmission risk

3 Evaluation design

3.1 Audit of the initial workflow

The original notebook removes identifiers before
an encounter-level stratified split. Reconstructing
its split using retained identifiers reveals 4,374
patients represented on both sides. Of 11,826 orig-
inal test encounters, 5,450 (46.08%) belong to
patients also represented in training. This does
not quantify the magnitude of optimism, but it
prevents interpreting that split as evaluation in
unseen patients.

The initial workflow fits scaling and applies
ordinary SMOTE before cross-validation on the
resampled training matrix. Its held-out test rows
are not included in that SMOTE call, but the
cross-validation folds do not isolate preprocess-
ing and synthetic-sample generation. In addition,
nominal labels are encoded as numerical values
before interpolation. Finally, a proposed positive-
class weighting step computes its ratio after bal-
ancing the classes, giving a weight of one. The
primary corrected analysis addresses these issues
jointly. The controlled experiment below isolates
a narrower mechanism—validation observations

entering the synthetic-sampling donor pool—
without changing the original validation obser-
vations. This contrast complements the broader
workflow reanalysis.

3.2 Patient-disjoint partitions

Patients, rather than encounters, define partition
membership. A shuffled five-fold stratified group
split with seed 2026 supplies the first held-out fold
as the evaluation partition. A shuffled four-fold
stratified group split with seed 2027 divides the
remaining development patients into fitting and
calibration partitions, again using its first held-out
fold. Every encounter from a patient remains in
one partition. Table 3 shows the realized sizes; the
audit confirms zero patient overlap between every
pair of partitions.

The two primary model families addition-
ally undergo three-fold stratified group cross-
validation within the fitting partition, using seed
2028. These folds estimate internal discrimination
for the fixed model configurations. All learned pre-
processing and resampling are fitted anew using
only the training portion of each fold. Final
base models use the full fitting partition; the
calibration and evaluation partitions are never
resampled.
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Table 3 Realized mutually patient-disjoint partitions. Outcomes and prevalence are encounter-level quantities.

Partition Encounters Patients Positive Prevalence

Fitting 35,421 23,800 3,857 10.89%
Calibration 11,789 7,948 1,302 11.04%
Evaluation 11,919 7,978 1,355 11.37%

3.3 Models and imbalance strategies

The primary comparison uses L2-regularized logis-
tic regression (LR; C = 1, LBFGS solver, max-
imum 2,000 iterations) and XGBoost gradient-
boosted trees (XGB; 200 trees, maximum depth 5,
learning rate 0.1, row and column sampling frac-
tions 0.8, histogram tree construction, seed 42)
[3]. Four strategies are evaluated for each family:
no resampling; class weighting; random oversam-
pling (ROS); and SMOTENC, the mixed cate-
gorical/numerical variant available in imbalanced-
learn [8]. ROS and SMOTENC use the library’s
default balancing target and seed 42; SMOTENC
uses five neighbors.

For each training fit, numerical features are
standardized and categorical values are encoded
using training-derived category maps. The sam-
pler, when present, operates on this mixed rep-
resentation with categorical indices explicitly
specified. Categorical features are then one-hot
encoded before model fitting; unseen categories
are handled without refitting on held-out data.
SMOTENC protects nominal levels from ordi-
nary linear interpolation, although interpolation
of count-like numerical variables can still produce
fractional synthetic values. These synthetic val-
ues serve as training inputs within the evaluated
resampling procedure.

Logistic-regression class weights use inverse
class frequencies from the actual training sub-
set. XGBoost’s positive-class weight is the ratio
of negative to positive outcomes in that subset.
In the final fitting partition this ratio is approx-
imately 8.18, rather than one. Fixed settings
define a reproducible comparison of the specified
configurations.

Five additional unresampled models—decision
tree, random forest, k-nearest neighbors, support-
vector machine, and multilayer perceptron—
extend the descriptive model comparison. Their
precise settings and computational restrictions are
given below, and their results appear in the main
Results section. They share the same calibration

and evaluation patients. This secondary compari-
son provides complementary descriptive evidence
alongside the primary uncertainty analysis.

3.4 Additional exploratory model

specifications

The seven-model comparison includes the pre-
ceding unresampled logistic regression (LR) and
XGBoost (XGB) configurations, together with
five additional models. It is a descriptive exten-
sion of the primary comparison. The five added
models are summarized by evaluation-set point
estimates; three-fold cross-validation and boot-
strap uncertainty characterize the primary model
comparison.

The decision tree (DT) uses maximum depth
six and minimum leaf size 50. The random for-
est (RF) uses 200 trees, maximum depth ten,
and minimum leaf size 20. Both use seed 42.
The k-nearest-neighbor classifier (KNN) uses five
neighbors, uniform weighting, and the library’s
default Euclidean-distance setting. All three use
the same numerical scaling and one-hot categori-
cal representation as the primary models, without
resampling.

The support-vector machine (SVM) uses an
RBF kernel, C = 1, and gamma=scale. To
bound computation, fitting is restricted to 20,000
encounters selected by randomly ordering fitting
patients with seed 42 and adding complete patient
groups while respecting the encounter budget.
Selection does not consult outcomes. The compar-
ison therefore differs in fitting sample size as well
as model family. SVM probability estimation is
disabled; an unpenalized logistic model calibrates
the decision score using the common calibration
patients.

The multilayer perceptron (MLP) uses hid-
den layers of 128, 64, and 32 ReLU units with
Adam optimization and the library’s remaining
default settings, including learning rate 0.001 and
L2 parameter 0.0001. Epoch selection uses a sep-
arate first fold from a five-fold stratified group
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split within fitting patients (seed 2031). Prepro-
cessing is fitted only on the inner training patients.
Epoch-wise validation log loss is monitored for
at most 100 epochs, with improvement tolerance
10−4 and patience ten. The selected epoch count
is five. Preprocessing and a fresh network are
then fitted on the complete fitting partition for
those five epochs, with seed 42. The calibration
and evaluation partitions are not used for epoch
selection.

For models producing probabilities, the same
logit-based logistic calibration procedure as
described below is applied. Each model’s operat-
ing threshold is selected on calibration patients
under the empirical FPR constraint. The rebuilt
LR and XGB probabilities reproduce the corre-
sponding primary predictions within 10−6. The
comparison describes metric-specific performance
across the seven fitted configurations.

3.5 Calibration and operating

thresholds

Each primary model produces an uncalibrated
probability p. We fit an unpenalized logistic cal-
ibration model on the separate calibration parti-
tion:

p̃ = logit−1{a+ b logit(p)}, (1)

with probabilities clipped to [10−7, 1−10−7] before
transformation. Calibration estimates are held
fixed during evaluation. All eight fitted slopes are
positive, so calibration preserves ranking apart
from numerical clipping and ties. Calibration can-
not by itself rescue weak discrimination.

For an illustrative resource-constrained oper-
ating point, the decision threshold maximizes
empirical calibration-set recall among ROC
thresholds having false-positive rate no greater
than 0.10. Formally,

t∗ = argmax
t: FPRcal(t)≤0.10

Recallcal(t). (2)

In a tie, the first maximizing threshold in the
returned ROC sequence is retained. This rule
defines the illustrative operating point in the
implemented analysis. The realized evaluation
false-positive rate need not be at most 0.10.
We report results at this operating point and
retain the conventional 0.5 threshold in Online

Resource 1. Evaluation-set threshold sweeps are
descriptive and do not drive selection.

3.6 Metrics and conditional

uncertainty

Let patient i contribute ni evaluation encounters
with outcomes yij and calibrated predictions p̃ij ,
and let N =

∑
i ni. We report ROC-AUC, average

precision (AP), Brier score, recall, precision, and
false-positive rate. The Brier score and AP are

BS = N−1
∑

i

ni∑

j=1

(p̃ij − yij)
2,

AP =
∑

k

(Rk −Rk−1)Pk.

(3)

where Pk and Rk are precision and recall at
successive operating points ordered by increasing
recall. The Brier score evaluates squared probabil-
ity error [1]. AP uses the stepwise recall-weighted
precision definition implemented in scikit-learn,
not trapezoidal integration of a precision–recall
curve. Calibration is displayed in ten quantile bins.
We also report diagnostic intercepts and slopes
obtained by regressing evaluation outcomes on the
logit of calibrated predictions; these diagnostics do
not modify predictions.

Uncertainty for the eight primary configura-
tions uses 1,000 percentile bootstrap samples of
evaluation patients with seed 2029. Each sampled
patient contributes all of their evaluation encoun-
ters, and repeated draws repeat the entire clus-
ter. The estimands remain encounter-weighted:
patients with more encounters contribute more
observations. Let Sb be the multiset of patients
drawn in replicate b. A metric M is recomputed
on all encounters contributed by Sb, including
repeated patient draws. The same draws are used
across models, giving the paired difference ∆b =
MXGB,b − MLR,b between the unresampled base-
lines. The 2.5th and 97.5th percentiles define
the intervals. These intervals quantify evaluation-
patient sampling uncertainty conditional on the
trained models, calibration maps, selected thresh-
olds, and fixed partition.

Race-, recorded-gender-, and age-specific met-
rics are exploratory. Separate patient-cluster
resampling provides subgroup intervals for the two
unresampled baselines, with valid-replicate counts
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recorded when resamples are single-class. The
intervals are pointwise and unadjusted for multi-
plicity, supporting exploratory subgroup compar-
isons. Small strata can yield unstable or degen-
erate estimates, particularly for thresholded met-
rics. We therefore interpret subgroup estimates
together with their denominators and intervals.

3.7 Controlled resampling-donor

experiment

We run 20 repetitions for each of two outer split
units: encounters and patients. Encounter split-
ting uses an 80/20 stratified random split; patient
splitting uses the first test fold from shuffled five-
fold stratified group splitting. The corresponding
internal three-fold validation uses the same unit.
Split seeds are 4100 + r and internal-fold seeds
5100 + r, for r = 0, . . . , 19. LR and XGB settings
are held fixed. This experiment uses a fixed numer-
ical/ordinal representation and ordinary SMOTE
to examine a legacy sampling mechanism; it is dis-
tinct from the categorical-aware primary pipeline.

For each internal fold, scaling and category
maps are fitted only on its original training
observations and then held fixed across three
arms: no resampling; SMOTE using training-fold
donors only; and SMOTE whose donor pool also
includes the original validation observations and
their labels. The third arm deliberately introduces
contamination. Its synthetic pool is generated
from the outer training set after transformation
with the fold-trained preprocessing, and a seeded
subset supplies exactly the number of synthetic
minority observations used in the fold-local arm.
Original training rows, original validation rows,
preprocessing, and post-sampling class counts are
identical between these two arms. Original valida-
tion rows are never directly appended to training.
Validation metrics are always computed on real
observations at their observed prevalence, not on
synthetic validation rows.

This design isolates the effect of admitting val-
idation observations into the donor pool under the
specified sampling procedure. The matched-count
design evaluates donor-pool contamination under
a controlled diagnostic representation. Ordinary
SMOTE interpolation of ordinal category codes is
retained for this diagnostic experiment; the pri-
mary models use categorical-aware preprocessing
and sampling.

The final model for each outer split is fitted
once without sampling and once with SMOTE on
the full outer training partition. The two SMOTE
arms therefore have exactly the same held-out test
result by construction: their difference concerns
internal validation, and neither uses the outer
test set. We report means and sample standard
deviations over the 20 repetitions. Repetitions
reuse patients, so the standard deviations describe
split sensitivity, not independent-sample confi-
dence intervals. Encounter- versus patient-split
test results concern different evaluation popula-
tions and are not interpreted as a causal leakage
effect.

3.8 Reference model and sensitivity

analyses

A regularized LR model using only prior inpa-
tient admissions provides a simple reference. It
uses the original patient partitions, separate logis-
tic calibration, and the same threshold rule.
Two additional SMOTENC ratios, 0.25 and 0.50
minority/majority after resampling, are com-
pared with the primary fully balanced ratio of
1.00. The declared categorical indices are checked
against the numerical-then-categorical preprocess-
ing order.

For a same-patient sensitivity check, the raw
file is parsed with pandas default missing tokens
disabled and only “?” marked missing; the two
laboratory-result fields are retained as categorical
predictors, including their unmeasured categories.
Models are refitted on the original fitting patients
and evaluated on the identical original evalua-
tion patients. A second, expanded-cohort analysis
retains the laboratory fields and removes payer
missingness from row eligibility. It compares a
missing payer category with dropping the payer
predictor entirely, while retaining the remaining
complete-case restrictions. New patient-disjoint
fitting, calibration, and evaluation partitions use
the original splitting seeds. Because the expanded
population and its evaluation patients differ, its
metrics are not paired improvements over the
original cohort.

For all new comparisons on the original evalu-
ation patients, 1,000 paired patient-cluster boot-
strap samples (seed 2091) estimate differences in
AUC and AP from the corresponding unresampled
full-feature model. Intervals remain conditional
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on fitted models, calibration, and thresholds, and
are exploratory without multiplicity adjustment.
Expanded-cohort estimates are descriptive point
estimates.

3.9 Discharge-eligibility sensitivity

analysis

A post-audit sensitivity analysis excludes death
and hospice discharge codes (11, 13, 14, 19, 20,
and 21), following the clinical rationale of Strack
et al. [11]. The remaining complete-case rules
are unchanged. Exclusions are applied within the
original fitting, calibration, and evaluation par-
titions, so retained patients keep their original
roles. We refit the unresampled LR and XGB
pipelines with their original settings, recalibrate
using retained calibration encounters, and reselect
thresholds using the same false-positive-rate rule.
A second refit removes discharge disposition as a
predictor.

For a comparison on identical observations,
the saved historical models are also evaluated on
the retained evaluation encounters, using their
original calibration maps and thresholds. Paired
patient-cluster intervals use 1,000 draws with seed
2092 and condition on the fitted models. Dif-
ferences from the historical full evaluation pop-
ulation are descriptive; only comparisons within
the retained evaluation set are paired. Grouped
XGB SHAP summaries use 2,000 retained evalu-
ation encounters sampled with seed 2033. These
post-audit analyses assess sensitivity to discharge
eligibility within the historical dataset.

3.10 Visualization and

reproducibility

Risk maps summarize actual evaluation encoun-
ters grouped by prior inpatient admissions and
length of stay. Cells with fewer than 100 encoun-
ters are masked. Predicted risks average each
encounter’s full-model probability; the mix of
other predictors can differ across cells. These
displays summarize observed encounter groups
and their fitted predictions. A three-dimensional
rendering uses the same observed bins without
interpolation.

For model inspection, exact tree-path SHAP
contributions are computed for a seeded random
sample of 2,000 evaluation encounters [9]. They

explain the raw XGBoost log-odds margin, rather
than calibrated probabilities. Contributions of
one-hot columns are summed within original vari-
ables before calculating grouped mean absolute
attribution. Random-forest impurity importance
is reported separately because it has different
interpretation and potential split-selection biases.
Both attribution methods describe fitted-model
associations.

Machine-readable partition, prediction, met-
ric, calibration, and interval records are avail-
able from the corresponding author upon rea-
sonable request. The main computation uses
Python 3.13.9, NumPy 2.3.5, pandas 2.3.3, scikit-
learn 1.7.2, imbalanced-learn 0.14.0, and XGBoost
3.4.1. The input checksum and seeds are recorded
in the analysis protocol, which is available on the
same basis. Independent checks recompute metrics
from saved predictions and verify patient separa-
tion. Reporting is informed by the transparency
objectives of TRIPOD+AI [5].

3.11 AI assistance

AI text-editing tools were utilized solely to
improve language clarity and grammatical phras-
ing during the drafting of this manuscript. Both
authors take responsibility for the final work.

4 Results

4.1 Repeated resampling-donor

audit

Table 4 and Figure 4 report the completed
repeated experiment. The contaminated and fold-
local arms share the same real validation obser-
vations, so their internal AUC difference cannot
be explained by substituting synthetic observa-
tions into the validation metric. They also have
matching synthetic sample counts.

With encounter-level splitting, the mean
contaminated-minus-fold-local CV AUC differ-
ences are LR: +0.0044 (SD 0.0011), and XGB:
+0.0120 (SD 0.0014). With patient-level split-
ting, the mean contaminated-minus-fold-local CV
AUC differences are LR: +0.0052 (SD 0.0010),
and XGB: +0.0122 (SD 0.0017). These contrasts
quantify this particular contamination mecha-
nism under the diagnostic representation; they
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should not be substituted for the primary mixed-
type model estimates. Without resampling, mean
outer-test AUC is 0.6418 for LR and 0.6685 for
XGB under encounter splitting, versus 0.6431 and
0.6701 under patient splitting. Patient separation
therefore does not produce a systematic AUC
decrease in this experiment. The overlap audit
establishes that the source split is not an unseen-
patient evaluation; it does not establish the size
or direction of an AUC bias.

4.2 Discrimination and probability

accuracy

The evaluation partition contains 1,355 posi-
tive outcomes among 11,919 encounters (11.37%).
Unresampled LR achieves ROC-AUC 0.653 and
AP 0.215; unresampled XGB achieves ROC-AUC
0.657 and AP 0.231 (Table 5; Figure 5). The cor-
responding mean fitting-partition grouped cross-
validation AUCs are 0.661 and 0.662. Thus, both
the internal and held-out assessments indicate
modest discrimination under the implemented
patient-disjoint design.

The paired XGB-minus-LR ROC-AUC differ-
ence is 0.0041, with a conditional 95% interval
spanning zero (−0.0042, 0.0128). The AP differ-
ence is 0.0154 (0.0044, 0.0264), and the Brier-
score difference is−0.00081 (−0.00136,−0.00029),
favoring XGB for those two metrics in this fitted
comparison. These metric-specific findings do not
establish broad algorithmic superiority. Marginal
and paired intervals are reported together in
Table 6; marginal interval overlap is not used as a
significance test. Figure 6 displays the correspond-
ing configuration-specific intervals.

The calibrated Brier scores are 0.09670 for
LR and 0.09589 for XGB. Evaluation calibra-
tion diagnostics are intercept 0.114 and slope
1.036 for LR, and intercept 0.031 and slope 1.002
for XGB. These descriptive point estimates and
binned curves characterize probability calibration
in the held-out historical evaluation sample.

4.3 Calibration diagnostics

Table 7 distinguishes calibration-map coefficients,
fitted on calibration patients, from evaluation

diagnostics fitted only to assess calibration. Diag-
nostic estimates do not change the evaluated pre-
dictions. Large changes in calibration-map inter-
cepts after weighting or oversampling illustrate
why raw scores should not automatically be inter-
preted as natural-prevalence probabilities. The
coefficients are reported as descriptive point esti-
mates.

4.4 Imbalance strategies

Class weighting and ROS yield LR AUCs of 0.657
and 0.657, respectively, compared with 0.653 with-
out resampling. The corresponding XGB AUCs
are 0.650 and 0.654, compared with 0.657 with-
out resampling. These differences summarize the
point-estimate performance of the specified strate-
gies.

SMOTENC produces lower AUC and AP than
the corresponding unresampled configuration in
both families: LR AUC decreases to 0.578 and
AP to 0.159; XGB AUC decreases to 0.619 and
AP to 0.197. Its calibrated Brier scores are also
larger. Figure 7 presents the full metric pattern.
This result concerns the specified settings, prepro-
cessing, and cohort. The sampling-ratio analysis
further characterizes this pattern within the eval-
uated workflow.

Class weighting changes the fitted objective,
but the two separately calibrated XGB mod-
els still have similar operating-point trade-offs.
Figure 8 compares the genuine fitting-set weight
calculation with the unweighted baseline. This
experiment characterizes the predictive conse-
quences of class weighting.

4.5 Operating-point trade-offs

The selected probability thresholds for unresam-
pled LR and XGB are approximately 0.163 and
0.173, respectively. At these thresholds, evalua-
tion recall is 0.255 and 0.263, precision is 0.243
and 0.251, and FPR is 0.102 and 0.101. Thus,
about three quarters of positive encounters remain
unflagged at this illustrative constraint. The boot-
strap interval for the recall difference also spans
zero (Table 6).

Lowering a threshold increases the fraction
of encounters flagged and changes the bal-
ance between missed positives and false alerts
(Figure 9). These trade-offs should be interpreted
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Table 4 Controlled donor-pool audit: mean (SD) AUC over 20 outer partitions. The two SMOTE arms share their final
fitted model and therefore have identical test estimates by design.

Split unit Model Arm Internal CV Outer test

Encounter LR Fold-local SMOTE 0.6337 (0.0023) 0.6339 (0.0090)
Encounter LR None 0.6418 (0.0017) 0.6418 (0.0082)
Encounter LR Validation-donor SMOTE 0.6382 (0.0021) 0.6339 (0.0090)
Encounter XGB Fold-local SMOTE 0.6595 (0.0029) 0.6652 (0.0082)
Encounter XGB None 0.6626 (0.0030) 0.6685 (0.0065)
Encounter XGB Validation-donor SMOTE 0.6715 (0.0027) 0.6652 (0.0082)
Patient LR Fold-local SMOTE 0.6323 (0.0023) 0.6352 (0.0073)
Patient LR None 0.6406 (0.0021) 0.6431 (0.0066)
Patient LR Validation-donor SMOTE 0.6375 (0.0020) 0.6352 (0.0073)
Patient XGB Fold-local SMOTE 0.6582 (0.0028) 0.6656 (0.0076)
Patient XGB None 0.6602 (0.0027) 0.6701 (0.0075)
Patient XGB Validation-donor SMOTE 0.6704 (0.0030) 0.6656 (0.0076)
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Fig. 4 Controlled donor-pool audit across 20 partitions. Error bars show between-partition standard deviations, not con-
fidence intervals. Contaminated sampling admits validation donors but keeps validation observations real and matches the
fold-local synthetic training count. The two SMOTE arms share identical outer-test results by design

Table 5 Evaluation performance after separate-patient calibration. Recall, precision and FPR use each model’s
calibration-selected threshold. Higher ROC-AUC, AP, recall and precision are favorable; lower Brier score and FPR are
favorable, subject to threshold trade-offs.

Model / Strategy AUC AP Brier Recall Precision FPR

LR / None 0.653 0.215 0.0967 0.255 0.243 0.102
LR / Weights 0.657 0.217 0.0966 0.252 0.244 0.100
LR / ROS 0.657 0.216 0.0967 0.252 0.240 0.102
LR / SMOTENC 0.578 0.159 0.0999 0.181 0.186 0.101
XGB / None 0.657 0.231 0.0959 0.263 0.251 0.101
XGB / Weights 0.650 0.223 0.0963 0.276 0.256 0.103
XGB / ROS 0.654 0.222 0.0964 0.270 0.249 0.105
XGB / SMOTENC 0.619 0.197 0.0981 0.239 0.236 0.099
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Fig. 5 Patient-disjoint evaluation of unresampled LR and XGB after separate-patient calibration. Panels show ROC,
precision–recall, and ten-bin calibration curves. Dashed references indicate chance ranking, evaluation prevalence, and ideal
calibration. AP is average precision; calibration connecting lines are descriptive, not uncertainty bands

Table 6 Primary baseline estimates and conditional 95% patient-cluster bootstrap intervals. The difference is XGB
minus LR, calculated using paired patient draws. Values are rounded independently.

Metric LR XGB Paired difference

ROC-AUC 0.653 [0.637, 0.672] 0.657 [0.640, 0.675] +0.0041 [-0.004, 0.013]
Average precision 0.215 [0.193, 0.242] 0.231 [0.207, 0.257] +0.0154 [0.004, 0.026]
Brier score 0.0967 [0.0920, 0.1013] 0.0959 [0.0912, 0.1005] -0.00081 [-0.00136, -0.00029]
Recall 0.255 [0.226, 0.285] 0.263 [0.235, 0.294] +0.0089 [-0.009, 0.025]
False-positive rate 0.102 [0.094, 0.110] 0.101 [0.094, 0.109] -0.0010 [-0.006, 0.004]

0.575 0.600 0.625 0.650 0.675

LR: no resampling

LR: class weighting

LR: random oversampling

LR: SMOTENC

XGB: no resampling

XGB: class weighting

XGB: random oversampling

XGB: SMOTENC

ROC-AUC (higher is better)

0.150 0.175 0.200 0.225 0.250

Average precision (higher is better)

0.0925 0.0950 0.0975 0.1000 0.1025 0.1050

Brier score (lower is better)

Fig. 6 Points are evaluation metrics after separate-patient calibration; lines are 95% percentile intervals from 1,000 patient-
cluster bootstrap samples. Intervals quantify evaluation-patient sampling uncertainty conditional on the fitted models.
Paired-difference intervals support comparison of the two baseline models
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Table 7 Calibration-map intercept and slope, followed by diagnostic intercept and slope on evaluation patients. Ideal
diagnostic values are zero and one.

Calibration map Evaluation diagnostic
Configuration Intercept Slope Intercept Slope

LR none -0.138 0.920 0.114 1.036
LR weighted -2.064 0.833 0.142 1.051
LR ros -2.062 0.819 0.146 1.054
LR smotenc -1.929 0.191 -0.050 0.959
XGB none -0.263 0.844 0.031 1.002
XGB weighted -1.914 0.817 -0.026 0.975
XGB ros -1.920 0.863 -0.047 0.963
XGB smotenc -0.912 0.642 -0.143 0.914
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Fig. 7 Eight fixed model/imbalance configurations after calibration. Each metric has its own scale; darker shading indicates
favorable direction within that metric. Color intensities cannot be compared across metrics. Numerical estimates support
comparison without a composite ranking

Unw
eigh

ted
We

ight
ed

0.0

0.2

0.4

0.6

0.8

1.0

0.657 0.650

ROC-AUC

Unw
eigh

ted
We

ight
ed

0.0

0.2

0.4

0.6

0.8

1.0

0.263 0.276

Recall

Unw
eigh

ted
We

ight
ed

0.0

0.2

0.4

0.6

0.8

1.0

0.101 0.103

False-positive rate

Fig. 8 Genuine class-weight comparison: XGBoost positive-class weight is calculated from the unresampled fitting data,
with each model separately calibrated and assigned a threshold using calibration patients. The original notebook instead
calculated weight after balancing, producing weight one. The comparison describes discrimination and operating-point
performance
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in relation to an intervention’s costs and capac-
ity. The analysis quantifies threshold-dependent
recall, false-positive rates, and flagged encounters
under an explicit calibration-based operating rule.

The confusion matrices in Figure 10 make
the operating-point consequence explicit. Cali-
brated XGB at threshold 0.5 identifies 12 positive
encounters and generates eight false positives.
At the calibration-selected threshold it identifies
357 positive encounters and generates 1,066 false
positives, while 998 positive encounters remain
unflagged. Both matrices use the same evaluation
patients.

4.6 Subgroups and supported risk

displays

Subgroup sample sizes vary substantially. The
evaluation set includes 9,455 encounters and 1,091
positive outcomes in the recorded Caucasian cat-
egory, 2,001 and 217 in AfricanAmerican, 208 and
23 in Hispanic, 175 and 17 in Other, and 80 and
7 in Asian. We retain source category labels for
reproducibility without treating them as biolog-
ical classifications. The smallest groups cannot
support precise comparisons, and single thresh-
old decisions can change their estimated recall
appreciably.

Figure 11 presents race-specific estimates and
conditional intervals; gender and age displays are
included below. At the common XGB thresh-
old, recall is 0.171 (95% conditional interval
0.110–0.236) for the recorded AfricanAmerican
group and 0.282 (0.248–0.317) for the Caucasian
group, with FPRs 0.091 and 0.105. For LR,
recall is 0.134 (0.089–0.186) and 0.283 (0.244–
0.318), respectively. These exploratory estimates
describe group-specific missed positive encoun-
ters at the common operating threshold, with
pointwise intervals characterizing sampling uncer-
tainty. A single common operating threshold,
variable outcome prevalence, measurement limita-
tions, and subgroup support all affect interpreta-
tion.

Figures 12 and 13 extend the interval dis-
plays to recorded gender and age. Figure 14 pro-
vides a compact XGB overview using specificity,
so that the favorable color direction is consis-
tent. The race-specific false-negative envelope in
Figure 15 illustrates how group extremes change

across thresholds; it is not a confidence band or
evidence of an optimal fairness threshold.

The two-dimensional risk maps provide a
supported display of how observed rates and
mean predictions vary across encounter groups
(Figure 16). They support inspection of local sam-
ple size and prediction patterns, rather than an
adjusted estimate of the effect of prior admis-
sions or stay duration. The three-dimensional
view provides a spatial representation of the same
descriptive summaries.

Figure 17 renders the same supported XGB
risk bins in three dimensions. The underlying
encounter counts, observed proportions, and mean
predictions are also included in Online Resource 1.
The spatial presentation complements the two-
dimensional descriptive display.

4.7 Simple reference and sensitivity

results

The prior-inpatient-admissions-only LR reference
achieves AUC 0.6039 and AP 0.1760 on the
same evaluation encounters (Table 8). Compared
with full-feature LR, its paired AUC difference is
−0.0490 with 95% conditional interval [-0.0639,
-0.0337], and its AP difference is −0.0394 with
interval [-0.0515, -0.0282]. The full LR model
therefore adds ranking information beyond this
simple utilization-history reference in the eval-
uated sample; this does not quantify clinical
benefit.

At SMOTENC ratios 0.25 and 0.50, LR AUCs
are 0.6037 and 0.5866, compared with 0.5778
at full balance and 0.6529 without resampling.
XGB AUCs are 0.6447 and 0.6345, compared with
0.6193 at full balance and 0.6570 without resam-
pling. Figure 18 shows that the poor fully balanced
result is sensitive to the sampling ratio, while none
of the tested ratios exceeds its unresampled base-
line on the point estimate. This does not establish
a universal ordering of imbalance methods.

Retaining laboratory-result categories on the
same original patients gives LR AUC 0.6528 and
AP 0.2153, and XGB AUC 0.6543 and AP 0.2280.
Figure 19 compares these estimates with the orig-
inal baselines. The XGB AUC difference from its
original baseline is approximately −0.0026, with
conditional interval [-0.0089, 0.0031]. Thus, pre-
serving the categorical semantics is appropriate,

14



0.0 0.1 0.2 0.3 0.4 0.5

Calibrated risk threshold

0.0

0.2

0.4

0.6

0.8

1.0

P
ro
p
o
rt
io
n

Logistic regression

Recall

Precision

False-positive rate

Encounters flagged

Calibration-selected: 0.163

0.0 0.1 0.2 0.3 0.4 0.5

Calibrated risk threshold

0.0

0.2

0.4

0.6

0.8

1.0

P
ro
p
o
rt
io
n

XGBoost

Recall

Precision

False-positive rate

Encounters flagged

Calibration-selected: 0.173
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Fig. 10 Confusion matrices for calibrated XGBoost at 0.5 and at the threshold selected on calibration patients. Counts refer
to the same 11,919 evaluation encounters. The operating threshold follows the illustrative calibration-based FPR constraint

but does not by itself improve discrimination in
this fixed comparison.

The expanded eligibility rule yields 98,053
encounters from 68,630 patients, with 11,066 pos-
itive outcomes. Its fitting, calibration, and eval-
uation sizes are 58,869, 19,545, and 19,639, with
no shared patients. Treating missing payer code as
a category gives LR AUC/AP 0.6597/0.1934 and
XGB 0.6685/0.2154; dropping payer as a predic-
tor gives 0.6575/0.1923 and 0.6647/0.2124. These
results show that many more encounters can be

retained, but changing the population and parti-
tion prevents attributing the numerical differences
solely to missingness handling. The expanded-
cohort analysis supplies descriptive internal eval-
uation estimates for the broader population.

4.8 Discharge-eligibility results

Excluding 1,538 encounters leaves 57,591 encoun-
ters from 38,802 patients, including 6,492 recorded
readmissions within 30 days. Exclusions comprise
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Fig. 11 Exploratory race-specific evaluation of the two unresampled baselines. Labels show encounters and positive encoun-
ters. Lines are patient-cluster percentile intervals from up to 1,000 valid replicates; excluded single-class replicates are
counted in the source records. No multiple-comparison adjustment or causal fairness inference is made
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Fig. 12 Exploratory gender-specific evaluation of unresampled baseline models. Labels show encounters and positive
encounters, not independent patient counts; patient counts are in the source table. Lines are patient-cluster percentile
intervals from up to 1,000 valid replicates. Single-class replicates are excluded and their counts retained. Small-group and
boundary estimates can be unstable or degenerate; intervals are pointwise, unadjusted, and exploratory

Table 8 Completed reference and sensitivity analyses after separate-patient calibration. Expanded-cohort rows use a
different evaluation population. Recall and FPR use calibration-selected thresholds.

Experiment Test n AUC AP Brier Recall FPR

LR: prior inpatient only 11919 0.6039 0.1760 0.0980 0.173 0.063
LR: SMOTENC 0.25 11919 0.6037 0.1823 0.0988 0.233 0.105
LR: SMOTENC 0.50 11919 0.5866 0.1661 0.0996 0.203 0.103
XGB: SMOTENC 0.25 11919 0.6447 0.2245 0.0964 0.269 0.104
XGB: SMOTENC 0.50 11919 0.6345 0.2120 0.0972 0.250 0.106
LR: same patients + labs 11919 0.6528 0.2153 0.0967 0.255 0.102
XGB: same patients + labs 11919 0.6543 0.2280 0.0961 0.266 0.105
LR: expanded, missing payer category 19639 0.6597 0.1934 0.0946 0.243 0.098
XGB: expanded, missing payer category 19639 0.6685 0.2154 0.0933 0.267 0.101
LR: expanded, payer dropped 19639 0.6575 0.1923 0.0946 0.235 0.097
XGB: expanded, payer dropped 19639 0.6647 0.2124 0.0934 0.249 0.103
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Fig. 13 Exploratory age-specific evaluation of unresampled baseline models. Labels show encounters and positive encoun-
ters, not independent patient counts; patient counts are in the source table. Lines are patient-cluster percentile intervals
from up to 1,000 valid replicates. Single-class replicates are excluded and their counts retained. Small-group and boundary
estimates can be unstable or degenerate; intervals are pointwise, unadjusted, and exploratory
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Fig. 14 Descriptive XGBoost subgroup dashboard at the calibration-selected operating point. Specificity replaces false-
positive rate so the color direction is consistent. Metrics remain different quantities and must not be combined into a fairness
score. Use confidence-interval plots and subgroup counts before interpreting differences

956 encounters with code 11, 300 with code 13,
273 with code 14, eight with code 19, and one
with code 20; code 21 is absent from the histor-
ical cohort. The retained fitting, calibration, and
evaluation sets contain 34,508, 11,473, and 11,610

encounters, respectively, with zero patient over-
lap. The evaluation set contains 1,348 positive
outcomes.

Table 9 compares all models on those same
11,610 encounters. The refitted LR and XGBmod-
els achieve AUCs of 0.646 and 0.647, compared
with 0.646 and 0.650 for the historical models
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Fig. 16 Binned evaluation summaries by prior inpatient admissions and length of stay. Cells with fewer than 100 encounters
are masked. Predictions average each encounter’s full-model estimate; other characteristics differ between cells. Cells report
descriptive point estimates for observed encounter groups

restricted to these encounters. Paired AUC differ-
ences for refitting are −0.0004 (95% conditional
interval: −0.0010, 0.0004) and −0.0026 (−0.0088,
0.0038), respectively. Thus, this sensitivity check
does not demonstrate a clear AUC change from
refitting after the exclusions. These paired con-
trasts differ from comparing results across the full
and restricted evaluation populations.

Removing discharge disposition lowers the
refitted LR and XGB point estimates to AUCs of
0.625 and 0.626. In the eligible-cohort XGBmodel,
prior inpatient admissions and discharge disposi-
tion remain the two largest grouped mean absolute
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Fig. 17 Three-dimensional rendering of the XGBoost panel in the two-dimensional risk-map figure. Bar height shows mean
calibrated prediction in observed groups with at least 100 encounters. Category positions are equally spaced for display;
bin widths differ. Each bar represents a descriptive point estimate for its observed bin. Use the two-dimensional risk-map
figure for precise comparison and sample sizes

SHAP contributions, at 0.298 and 0.180 raw log-
odds units. The latter therefore reflects informa-
tion beyond the excluded death and hospice cat-
egories, although attribution remains descriptive
and model-dependent. Full metrics, conditional
intervals, and grouped attributions are retained in
Online Resource 1.

4.9 Exploratory seven-model

comparison

Table 10 and Figures 20–21 summarize the seven
fixed configurations on the common evaluation
set. MLP has the largest point-estimate ROC-
AUC (0.660), followed by XGB (0.657), RF
(0.654), LR (0.653), DT (0.640), SVM (0.581),
and KNN (0.555). These point estimates compare
the specified configurations: SVM uses a smaller
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Fig. 18 Evaluation ROC-AUC under the tested SMOTENC ratios on identical original evaluation patients. None denotes
the unresampled model. Points are descriptive; paired conditional intervals are provided in Online Resource 1. Ratios were
not selected using evaluation performance
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Fig. 19 Simple LR reference, full-feature baselines, and laboratory-category sensitivity on identical evaluation patients.
All models are separately calibrated. Axis ranges differ between AUC and AP; point estimates alone do not replace paired
uncertainty

Table 9 Discharge-eligibility sensitivity on the same 11,610 evaluation encounters. Historical models retain their original
fitting and calibration; eligible models are refitted and recalibrated after exclusions. Thresholds are chosen using the
corresponding calibration sets.

Model Fitting/predictors AUC AP Brier Recall FPR

LR Historical, all predictors 0.646 0.217 0.0987 0.256 0.105
LR Eligible, all predictors 0.646 0.217 0.0987 0.254 0.103
LR Eligible, no discharge predictor 0.625 0.199 0.0997 0.222 0.101
XGB Historical, all predictors 0.650 0.232 0.0979 0.264 0.104
XGB Eligible, all predictors 0.647 0.235 0.0978 0.274 0.102
XGB Eligible, no discharge predictor 0.626 0.195 0.0998 0.214 0.102
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fitting sample, and the primary unresampled LR–
XGB comparison includes paired uncertainty esti-
mates.

The ordering also depends on the metric.
XGB has AP 0.231, compared with 0.214 for
MLP, despite MLP’s slightly larger ROC-AUC. At
the model-specific calibration-selected thresholds,
MLP and XGB have F1 scores of 0.258 and 0.257,
respectively. This illustrates why a single metric
should not determine a preferred model without
a defined use case. Both conventional 0.5 and
calibration-selected operating points are tabulated
in Online Resource 1.

4.10 Model structure and feature

attribution

Figure 22 shows the first three levels of the fit-
ted depth-six decision tree. Displayed numerical
thresholds are standardized units. Category labels
denote binary one-hot indicators, rather than
ordered category codes. This truncated display
illustrates the fitted model structure.

The RF impurity-importance plot (Figure 23)
and grouped XGB SHAP plot (Figure 24) both
place prior inpatient admissions and discharge dis-
position prominently. For XGB, the mean absolute
grouped SHAP values for prior inpatient admis-
sions, discharge disposition, laboratory-procedure
count, primary diagnosis, and medication count
are approximately 0.286, 0.199, 0.091, 0.081, and
0.066 raw log-odds units. The complete grouped
attribution table is retained in Online Resource 1.
These are descriptive properties of the fitted
model and selected explanation sample.

Figure 25 displays the distribution of contri-
butions across 2,000 evaluation encounters. Native
XGBoost scoring and attribution preserve the
sparse representation used during fitting; addi-
tivity is checked against the raw margin, and
native predictions are checked against the saved
model probabilities. The color display uses numer-
ical values or categorical indicators. Contributions
decompose the fitted raw log-odds scores into
feature-level attributions.

5 Discussion

The central contribution of this study is a con-
trolled audit of how validation and resampling
choices shape reported performance in imbalanced

readmission prediction. The repeated donor-pool
experiment holds real validation observations and
synthetic training counts fixed, allowing the effect
of validation-donor contamination to be examined
within the tested pipeline. Across patient-level
partitions, contamination increased mean cross-
validation ROC-AUC by approximately 0.005
for logistic regression and 0.012 for XGBoost.
This controlled contrast complements the patient-
overlap audit and separates a specific source of
optimistic validation from the broader changes
made during reanalysis.

Patient separation defines the population to
which an evaluation applies. In the initial split,
46.08% of test encounters belonged to patients
also represented in training. The corrected par-
titions evaluate previously unseen patients. How-
ever, the repeated audit did not demonstrate a
systematic test-AUC penalty from patient separa-
tion, and the full difference from the initial work-
flow cannot be attributed to overlap alone. Pre-
processing, resampling, and representation also
changed. The contribution is therefore a docu-
mented examination of evaluation choices, rather
than an assumption that every correction must
reduce performance.

The primary comparison illustrates why dis-
crimination, calibration, and operating-point per-
formance should be assessed together. Logistic
regression and XGBoost achieved ROC-AUCs
of approximately 0.653 and 0.657. XGBoost
improved average precision and Brier score in the
conditional paired comparison, while its ROC-
AUC advantage remained uncertain. At thresh-
olds selected on calibration patients under a 10%
false-positive-rate constraint, recall was approxi-
mately 0.255 and 0.263, respectively. These results
distinguish the ability to rank encounters from the
probability estimates and decisions obtained at a
specified operating point.

Sampling-ratio and cohort analyses further
show that imbalance treatment must be evalu-
ated as part of the complete workflow. Lower
SMOTENC ratios improved on full balancing but
did not outperform the corresponding unresam-
pled baselines. Retaining laboratory-result cate-
gories did not improve discrimination on the same
evaluation patients. The expanded-cohort experi-
ments assess a different evaluation population and
therefore provide sensitivity evidence rather than
paired improvements over the original cohort.
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Table 10 Secondary seven-model point estimates on the common evaluation set. F1 and recall use the
calibration-selected threshold t. The SVM has a smaller fitting sample. AP denotes average precision.

Model Fit encounters AUC AP Brier t Recall F1

LR 35,421 0.653 0.215 0.0967 0.163 0.255 0.248
XGB 35,421 0.657 0.231 0.0959 0.173 0.263 0.257
DT 35,421 0.640 0.199 0.0967 0.178 0.224 0.246
RF 35,421 0.654 0.216 0.0966 0.169 0.252 0.247
KNN 35,421 0.555 0.133 0.1003 0.137 0.137 0.151
SVM 20,000 0.581 0.178 0.0999 0.115 0.208 0.209
MLP 35,421 0.660 0.214 0.0966 0.179 0.268 0.258
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Fig. 20 Seven fixed model configurations on a common patient-disjoint evaluation set. F1 uses model-specific thresholds
chosen on calibration patients. SVM uses at most 20,000 fitting encounters; MLP epochs use a grouped inner stopping
partition. Results describe the seven specified configurations
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Fig. 21 ROC curves for the seven fixed configurations. Legends show evaluation ROC-AUC. Calibration is fitted on
different patients from evaluation. Curves describe ranking performance in the evaluation sample
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Fig. 22 Top three levels of the depth-six decision tree fitted to the training patients, with minimum leaf size 50. Split
values for numerical features are standardized units. Nodes show training counts and the observed positive-outcome fraction.
Display truncation does not change the fitted model. Categorical labels denote one-hot indicators; a 0.5 split tests absence
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Figures 22–25 complement these comparisons
by describing model structure and attribution.
The decision-tree display illustrates how prior
admissions and encounter characteristics enter the
fitted decision rules. Random-forest importance
and grouped XGBoost SHAP values both high-
light prior inpatient admissions and discharge
disposition. Their agreement indicates that these
variables are prominent in the fitted models,
although impurity importance and SHAP quantify
different properties. The SHAP distribution addi-
tionally shows variation in feature contributions
across evaluation encounters. These complemen-
tary diagnostics connect aggregate predictive per-
formance with feature-level fitted-model behavior.

The discharge-eligibility analysis adds a dis-
tinction between changing the evaluation popula-
tion and refitting the workflow. On identical eligi-
ble evaluation encounters, refitting after death and
hospice exclusions yields small AUC differences
with intervals spanning zero. Discharge disposi-
tion remains prominent after the exclusions, and
removing it lowers discrimination. These results
characterize the contribution of discharge-time
information to prediction within the historical
cohort.

The study integrates several complemen-
tary levels of retrospective internal evaluation.
The primary comparison uses a fixed patient-
disjoint partition, while the 20-partition experi-
ment measures the sensitivity of the controlled
donor-pool contrast to partition choice. Patient-
cluster intervals quantify evaluation-sample uncer-
tainty conditional on the fitted models, calibra-
tion maps, and thresholds. Pointwise subgroup
estimates are interpreted alongside their sam-
ple sizes. Laboratory-category, payer-handling,
and discharge-eligibility analyses characterize the
dependence of results on cohort and representa-
tion choices. Together, these components support
conclusions about discharge-time prediction and
evaluation design within the historical populations
and configurations studied.

6 Conclusion

This study contributes a reproducible audit of
evaluation choices in imbalanced hospital read-
mission prediction. Its controlled, repeated donor-
pool experiment isolates the effect of validation-
donor contamination within a specified pipeline

by holding validation observations and synthetic
training counts fixed. Patient-disjoint evaluation,
separate probability calibration, patient-cluster
uncertainty estimation, and sampling and cohort
sensitivity analyses provide complementary evi-
dence on how reported performance depends on
the analytical design.

The findings extend beyond classifier rank-
ing by connecting predictive performance with
validation integrity, probability estimation,
operating-point behavior, and model interpreta-
tion. The discharge-eligibility sensitivity further
separates cohort composition from model refitting.
Together, the experiments and visual diagnostics
provide a documented approach for examining
imbalanced prediction workflows and interpret-
ing their results. The resulting evidence provides
a reproducible methodological foundation for
evaluating imbalanced readmission workflows in
historical patient data.
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