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Abstract
Background: Hospital readmission within 30 days of discharge is a closely watched indicator of care
quality and a substantial driver of avoidable healthcare cost, and diabetes is among the chronic
conditions most strongly associated with early readmission. This study compares six predictive models
for 30-day readmission in patients with diabetes, aiming to establish realistic performance expectations
for models built on administrative and coded clinical features alone.

Methods: We used the University of California, Irvine (UCI) Diabetes 130-US Hospitals dataset (101,766
encounters, 130 hospitals, 1999-2008). Four classical classifiers (logistic regression, random forest,
eXtreme Gradient Boosting [XGBoost], and Light Gradient Boosting Machine [LightGBM]) were compared
against two multilayer perceptrons (MLPs), one trained from scratch and one initialized via self-
supervised, denoising-autoencoder pretraining. Since tabular data lacks direct analogs of image-style
pretraining, transfer learning, and augmentation, each concept was mapped to a tabular equivalent:
denoising-autoencoder pretraining for transfer learning, gradient-boosted tree ensembles as the
"pretrained" family for structured data, and the Synthetic Minority Oversampling Technique, applied only
within cross-validation folds, for augmentation. After excluding encounters ending in death or hospice
discharge, 99,340 encounters were split into stratified 70/15/15 train, validation, and test partitions
(11.4% readmission prevalence). Models were evaluated by area under the receiver operating
characteristic curve (AUROC), and decision thresholds were examined separately from discrimination.

Results: On validation, XGBoost achieved the highest discrimination (AUROC = 0.672), ahead of
LightGBM (0.669), random forest (0.654), logistic regression (0.641), and both MLP variants (0.585,
0.582). After randomized hyperparameter search with cross-validation (AUROC = 0.661), tuned XGBoost
reached a test AUROC of 0.675 and an area under the precision-recall curve of 0.244. A default 0.5
threshold yielded a sensitivity of only 1.4%; a threshold chosen via Youden's J statistic on validation
alone (0.128) raised sensitivity to 58.0% at the cost of precision (18.5%). These results converge with
two independent 2025-2026 studies on the same dataset, suggesting a practical discrimination ceiling
near AUROC 0.66-0.69.

Conclusions: Tree ensembles outperformed both neural network variants, consistent with the broader
tabular-data literature. The findings argue for realistic expectations of electronic health record data for
readmission risk stratification, and for decision-threshold selection to be treated as a first-class
methodological choice.

Trial registration: Not applicable. This study involved secondary analysis of a publicly available, de-
identified dataset and did not constitute a prospective healthcare intervention trial.

1. Introduction

1.1 Background
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Unplanned hospital readmission within 30 days of discharge is one of the most closely watched quality
indicators in American healthcare. Since 2012, the Centers for Medicare & Medicaid Services (CMS)
have penalized hospitals with excess 30-day readmission rates for a defined set of conditions under the
Hospital Readmissions Reduction Program, linking payment directly to this single measure [1]. Diabetes
complicates this picture further: patients with diabetes are hospitalized more often, develop more
comorbidities, and are readmitted at higher rates than the general inpatient population, making them a
natural focus for readmission-prevention efforts [2].

For most of the last two decades, the standard tool for estimating readmission risk at the bedside has
been a small set of manually derived clinical indices, most notably the Length of stay, Acuity of
admission, Comorbidity burden, Emergency department use (LACE) index, which combines length of
stay, acuity of admission, comorbidity burden, and recent emergency department use into a single score
[3]. These indices are transparent and easy to compute, but they were built from a handful of hand-
chosen variables and a linear scoring rule, which limits how much signal they can extract from the
dozens of demographic, diagnostic, and medication variables now routinely captured in electronic health
records (EHRs).

Machine learning offers a way to use that fuller feature set without an analyst having to specify every
interaction in advance. Tree-based ensembles such as random forests and gradient-boosted trees can
capture nonlinear relationships and threshold effects directly from the data [4, 5], and a substantial and
growing body of work has applied these methods specifically to 30-day readmission in diabetic patients.
Two recent studies are particularly relevant because they use the exact dataset analyzed here: Emi-
Johnson and Nkrumah [6] benchmarked logistic regression, random forest, eXtreme Gradient Boosting
(XGBoost), and a deep neural network on the UCI Diabetes 130-US Hospitals dataset and reported
XGBoost as the strongest model, with an AUC-ROC of 0.667; Salim and Ibrahim [7] applied a more
elaborate nested cross-validation and calibration pipeline to the same dataset and reported a nested-
cross-validated XGBoost AUC of 0.664, rising to 0.688 after Platt-scaling calibration, with a Brier score of
0.094. Both findings sit close to the results reported here, and that convergence, across three
independent pipelines built by different research teams, is itself informative: it suggests a practical
discrimination ceiling for this dataset that no amount of additional model complexity has yet moved
past. A wider set of 2025–2026 studies on diabetes-related readmission, using different cohorts and
feature sets, reinforces the same general picture: Mishra et al. [8] compared logistic regression, decision
tree, random forest, and XGBoost on a smaller specialty-clinic cohort and likewise found tree-based
ensembles ahead of linear baselines; Tan et al. [9] and He et al. [10] each built Least Absolute Shrinkage
and Selection Operator (LASSO)-selected, nomogram-based prediction models for 30-day readmission in
elderly patients with type 2 diabetes, with and without comorbid heart failure, and reported the same
emphasis on calibration and decision-curve-based clinical utility alongside discrimination; and Wang et
al. [11] benchmarked eight machine learning algorithms, including a stacking ensemble, on elderly
patients with concurrent type 2 diabetes and heart failure and again found gradient-boosted and
ensemble methods outperforming simpler baselines. Taken together with the two dataset-identical
studies described above, this broader literature suggests that the discrimination ceiling identified here is
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not an artifact of the UCI Diabetes 130-US Hospitals dataset specifically, but a recurring feature of
readmission prediction from structured, administrative, or coded EHR data more generally.

A separate empirical literature has asked whether deep learning offers a genuine advantage over tree
ensembles specifically on tabular data of this kind, as opposed to the image and text domains where
deep learning's advantages are well established. Grinsztajn, Oyallon, and Varoquaux [12] benchmarked
modern tabular-specific neural networks against XGBoost and random forests across 45 datasets and
found that tree-based models remain state of the art on medium-sized tabular data, even before
accounting for their much lower training cost. This finding motivates a central design choice in the
present study: rather than treating a plain multilayer perceptron as automatically competitive with
gradient boosting, both are evaluated side by side under an identical protocol, and the multilayer
perceptron is additionally given a self-supervised pretraining advantage, described below, to give the
comparison its best chance of being fair to the deep learning side.

That self-supervised pretraining step is the tabular analog of transfer learning used in this study.
Denoising autoencoders, introduced by Vincent, Larochelle, Bengio, and Manzagol [13], learn a compact,
robust representation of an input distribution by training a network to reconstruct a clean input from a
corrupted copy of itself, without using any labels. The resulting encoder weights can then be transferred
into a supervised classifier and fine-tuned on the labeled task, mirroring the pretrain-then-fine-tune
pattern used for large language and vision models, but built entirely from the unlabeled feature matrix of
the dataset itself rather than from an external corpus. Class imbalance, the second methodological
challenge specific to this task, since only about one in nine encounters in this dataset ends in a 30-day
readmission, was addressed with the Synthetic Minority Over-sampling Technique (SMOTE), which
generates synthetic minority-class examples by interpolating between real minority-class neighbors [14]
and is the tabular-data counterpart of image-style data augmentation.

Taken together, these three adaptations, self-supervised pretraining for transfer learning, gradient-
boosted trees as the tabular "pretrained" model family, and SMOTE for data augmentation, let this study
speak directly to a request for transfer learning, pretrained models, and data augmentation on tabular
clinical data without resorting to techniques built for a different data modality. The remainder of this
paper describes the resulting pipeline, reports its results, and situates those results against the closely
comparable estimates already published on this exact dataset.

1.2 Aim, Objectives, and Research Questions
This study aimed to compare classical machine learning models against self-supervised, transfer-
learned neural networks for predicting 30-day hospital readmission in diabetic inpatients, using a single
harmonized dataset and one consistent evaluation protocol, and to identify which approach offers the
most clinically usable performance.

To achieve this aim, the study pursued the following objectives:
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To construct a clean, feature-engineered tabular representation of the UCI Diabetes 130-US
Hospitals dataset suitable for supervised 30-day readmission prediction.

To build a self-supervised, denoising-autoencoder pretraining stage on the unlabeled feature matrix
and transfer its learned representation into a supervised neural classifier, as the tabular analog of
transfer learning.

To train, validate, and fine-tune four classical machine learning models and two neural network
variants under one identical, leakage-controlled protocol, with class imbalance addressed through
fold-internal SMOTE oversampling.

To evaluate the resulting models on discrimination, calibration, and threshold-dependent
classification performance, and to select a clinically defensible decision threshold rather than
defaulting to 0.5.

To situate the resulting performance against independently published benchmarks on the same
dataset, and to draw out the implications for administrative-data-only readmission prediction as a
clinical decision-support strategy.

Four research questions (RQ) guided the empirical work:

RQ1: How do classical machine learning models compare with a self-supervised, transfer-learned neural
network in predicting 30-day readmission on this dataset?

RQ2: Does hyperparameter fine-tuning of the best-performing model, under a cross-validation protocol
that avoids the SMOTE-related leakage documented in Section 3.8, meaningfully improve test-set
performance?

RQ3: Does the discrimination achieved here replicate the range already reported by independent studies
using the same dataset, and what does that convergence imply about the informational ceiling of
administrative EHR data for this task?

RQ4: What decision threshold, as opposed to the conventional default of 0.5, is required to make model
output clinically usable at this class prevalence, and what does the resulting precision-sensitivity trade-
off imply for how such a model should be deployed?

2. Literature Review

2.1 Theoretical Framework
This study draws on two complementary bodies of theory: clinical risk-prediction theory, which explains
what a readmission risk score is for and why it is hard to get right, and statistical learning theory, which
explains how the model families compared here actually learn to approximate that risk.

Clinical risk-prediction theory treats 30-day readmission as the observable endpoint of a partially hidden
process combining disease severity, comorbidity burden, treatment response, discharge-planning quality,
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and post-discharge social circumstances, only some of which are captured in structured administrative
data [3]. Classical instruments such as the LACE index operationalize a small, clinically motivated subset
of that process into a linear score; this is transparent and clinically interpretable, but it assumes the
relationship between predictors and readmission risk is linear and fully specified by four to five variables,
an assumption that a wider EHR feature set need not respect.

Statistical learning theory supplies the second half of the framework. Every model evaluated here, from
logistic regression to the transfer-learned multilayer perceptron, is an instance of empirical risk
minimization: each learns a function mapping the encoded encounter features to a readmission
probability by minimizing a training-set loss, subject to an inductive bias that determines what kinds of
patterns it can represent efficiently. Logistic regression assumes a linear, additive relationship in the log-
odds of readmission. Tree-based ensembles, random forest and the gradient-boosted variants XGBoost
and Light Gradient Boosting Machine (LightGBM), relax that assumption and can represent threshold
effects and interactions among predictors, such as the joint effect of a circulatory diagnosis and a high
number of prior inpatient visits, without those interactions being specified in advance [4, 5, 15]. The
multilayer perceptron relaxes the assumption further still, in principle able to approximate arbitrary
smooth functions of the input, but Grinsztajn et al. [12] show empirically that this additional flexibility
does not translate into an advantage on medium-sized tabular datasets such as this one, a finding the
results in Section 4 corroborate directly.

The self-supervised pretraining stage draws on a third, narrower strand of theory: the idea that a
denoising autoencoder, trained to reconstruct a clean input from a corrupted version of itself, is forced to
learn a representation that captures the joint structure of the input distribution rather than any single
label [13]. Transferring that representation into a supervised classifier gives the classifier an initialization
informed by the full unlabeled feature distribution, including the validation and test partitions' own
features, though never their labels, before any label information is introduced. Whether that initialization
meaningfully improves over a random one, given the tabular-data findings above, is itself one of the
empirical questions this study addresses. The broader empirical record on self-supervised pretraining for
structured EHR data is itself mixed rather than uniformly favorable. A 2025 scoping review of self-
supervised representation learning for categorical EHR data found that autoencoder-based architectures
account for a substantial share, roughly a quarter, of published approaches, alongside transformer- and
graph-based methods, but also noted that the clinical impact of these representations is inconsistently
assessed across the literature [16]. Similarly, a 2025 benchmarking study of pretraining strategies for
EHR foundation models found that task-specific supervised pretraining outperformed self-supervised,
masked-language-modeling pretraining on one downstream task, while the self-supervised model
performed best on a different downstream task, suggesting that the value of self-supervised pretraining
is task-dependent rather than uniformly positive [17]. Against that backdrop, a modest, single-hidden-
layer denoising autoencoder failing to outperform random initialization on this dataset, as reported in
Section 4.1, is consistent with rather than an outlier within the wider self-supervised tabular-EHR
literature.
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2.2 Conceptual Framework
Figure 1 sets out the conceptual framework that structures the empirical work reported in this study. The
framework begins with a single data source, the UCI Diabetes 130-US Hospitals dataset, and moves
through cleaning and feature engineering into one tabular representation shared by every model family,
rather than the three parallel representations used in image- or sequence-based comparisons, since
every model compared here consumes the same encoded feature vector.

From that shared representation, the framework branches into three parallel adaptations, each
addressing one part of the request that pretrained models, transfer learning, and data augmentation be
brought to bear on this task: classical machine learning models trained directly on the tabular features;
SMOTE oversampling of the minority class, applied strictly inside each training fold; and self-supervised
denoising-autoencoder pretraining, whose encoder weights are transferred into, and fine-tuned within, a
supervised multilayer perceptron. All three branches converge on a common two-stage evaluation
protocol, a validation-based comparison stage followed by hyperparameter fine-tuning and a single, final
test-set evaluation, and the framework closes with a decision-threshold selection stage that translates
the resulting probability estimates into a usable classification rule, since Section 4 shows that this final
step matters as much to clinical usability as any modeling choice upstream of it.

3. Methodology
This section describes the end-to-end pipeline used to predict 30-day readmission from the UCI Diabetes
130-US Hospitals dataset. Throughout, the guiding principle was to keep validation and test data strictly
unseen at every stage where a modeling decision was made, including inside cross-validation folds,
since a resampling or scaling step fit on data outside the current fold is a leakage source that can
silently inflate reported performance; Section 3.8 documents one such leakage error that was caught
and corrected during model development.

3.1 Data Sourcing and Cleaning
The data used in this study are the UCI Diabetes 130-US Hospitals for Years 1999–2008 dataset,
comprising 101,766 inpatient encounters from 130 US hospitals and integrated delivery networks, each
representing a hospitalization of one to fourteen days for a patient with diabetes [2]. Encounters whose
discharge disposition indicated death or transfer to hospice care (discharge disposition codes 11, 13, 14,
and 19 through 21) were excluded, since these encounters cannot, by definition, have a valid 30-day
readmission outcome. After this exclusion, 99,340 encounters remained.

3.1.1 Data Quality and Cleaning Rules
Columns with nearly universal missingness, weight (missing in the large majority of encounters),
payer_code, medical_specialty, and max_glu_serum, were dropped outright rather than imputed, since
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imputing a column that is almost entirely absent risks manufacturing signal rather than recovering it. The
small number of remaining encounters with missing gender were dropped. "?" placeholders and
"Unknown/Invalid" category labels used by the original data provider were normalized to genuine missing
values before any imputation logic was applied, so that downstream missing-data handling operated on
an honest missingness pattern rather than a string that happened to look like a category.

3.2 Handling Missing Data
Missingness in this dataset is not random: certain laboratory results and specialty fields are far more
likely to be absent for some encounter types than others, which is itself informative rather than a
nuisance to be silently patched over [18]. For the small number of remaining numeric fields, median
imputation fit on the training partition only was used. For categorical fields, missingness was encoded
as an explicit "Missing" category rather than imputed to the mode, preserving the (frequently predictive)
fact that a field was not recorded, consistent with recommended practice for structured clinical data
with informative missingness [19]. All imputation statistics, medians and category frequencies alike,
were fit on the training partition only and then applied unchanged to the validation and test partitions, to
avoid leaking distributional information from later-seen data into training.

3.3 Data Processing and Feature Engineering

3.3.1 Tabular Representation
The three recorded International Classification of Diseases, Ninth Revision (ICD-9) diagnosis fields
(diag_1, diag_2, diag_3) were collapsed from several hundred distinct codes each into nine clinically
meaningful categories, circulatory, respiratory, digestive, diabetes, injury, musculoskeletal, genitourinary,
neoplasms, and other, following the grouping used in Strack et al. [2], the paper associated with this
dataset. Rare levels (fewer than 500 encounters) of the admission-type, discharge-disposition, and
admission-source identifier fields were collapsed into an "Other" category to control one-hot
dimensionality. Age, originally recorded as ten-year bins, was encoded as an ordinal integer to preserve
its natural ordering rather than expanded into ten unordered dummy variables. Engineered features
included the count of active diabetes medications, total prior-year service utilization (the sum of
outpatient, emergency, and inpatient visit counts), and a composite service-intensity feature (the sum of
lab procedures, procedures, and medications administered during the encounter). After one-hot
encoding of the remaining categorical fields and standardization of numeric fields (fit on the training
partition only), the feature matrix contained 153 columns for 99,340 encounters, split into stratified
70/15/15 train, validation, and test partitions (69,538 / 14,901 / 14,901 encounters), preserving the
11.4% 30-day readmission rate in every partition.

3.3.2 Data Augmentation: SMOTE Oversampling
With roughly one 30-day readmission for every eight non-readmissions, a classifier trained on the raw
class distribution can achieve a low loss largely by predicting the majority class. SMOTE [14] was used
to rebalance the training data by generating synthetic minority-class examples along the line segments
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connecting each real minority-class encounter to its nearest minority-class neighbors in feature space.
Critically, SMOTE was fit and applied only to the training fold in use at that moment, whether the full
training partition for a single model fit, or the training portion of a single cross-validation fold during
hyperparameter search, and never to validation or test data. Section 3.8 documents a specific instance
where this constraint was initially violated during hyperparameter search, and how the resulting leakage
was identified and corrected.

3.3.3 Transfer Learning: Self-Supervised Denoising-
Autoencoder Pretraining
In place of an image- or text-domain pretrained model, a denoising autoencoder was pretrained from
scratch on the full unlabeled feature matrix, the concatenated training, validation, and test feature
vectors, with no label information used at this stage [13]. The autoencoder consists of a single hidden
layer of 64 units with a rectified linear activation, trained to reconstruct a clean input vector from a
corrupted copy produced by additive Gaussian noise (standard deviation 0.15) combined with random
feature masking (masking probability 0.15) on each mini-batch. The network was trained with the Adam
optimizer for 60 epochs in batches of 256, reaching a final mean-squared reconstruction error of 0.023
on the full feature matrix. The resulting encoder weights (the input-to-hidden-layer matrix) were then
transferred into the first hidden layer of a supervised multilayer perceptron and fine-tuned end to end on
the labeled training data, the tabular-data analog of the pretrain-then-fine-tune protocol used for large
vision and language models.

3.4 Model Selection and Architectures

3.4.1 Machine Learning Models
Four classical models were benchmarked: logistic regression, a transparent linear baseline; random
forest, a bagged tree ensemble [4]; XGBoost, a gradient-boosted tree ensemble [5]; and LightGBM, a
histogram-based gradient-boosted tree ensemble optimized for large tabular datasets [15]. These four
represent the state of the art for structured, tabular clinical prediction and served as the "pretrained
model family" comparator requested for this study, in the sense that gradient-boosted trees, not deep
neural networks, are the models with the strongest track record on data of this kind [12].

3.4.2 Neural Network Models
Two multilayer perceptron variants, each with hidden layers of 64 and 32 units and rectified linear
activations, were evaluated. The first was trained entirely from randomly initialized weights. The second
had its first hidden layer initialized from the pretrained denoising-autoencoder encoder described in
Section 3.3.3, then fine-tuned end to end on the labeled training data; this is the transfer-learned model
referred to throughout the remainder of this paper. Both variants used the Adam optimizer with early
stopping (patience of 10 epochs, maximum of 100 epochs) monitored on an internal validation split of
the training data.
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3.5 Hyperparameters
Hyperparameters for the final model were tuned through randomized search rather than an exhaustive
grid, which explores a wider effective range of settings for a fixed computational budget [20]. Table 1
lists the search space used for the XGBoost fine-tuning stage described in Section 3.8; the other five
candidate models used the fixed configurations listed alongside the validation results in Table 2, since
only the validation-stage winner was carried forward to full hyperparameter search.

Table 1
Randomized hyperparameter search space for the XGBoost fine-tuning stage.

Hyperparameter Search space

n_estimators {100, 150, 200}

max_depth {3, 4, 5, 6}

learning_rate {0.03, 0.05, 0.1}

subsample {0.7, 0.8, 0.9}

colsample_bytree {0.7, 0.8, 0.9}

min_child_weight {1, 3, 5}

gamma {0, 0.1, 0.3}

reg_lambda {0.5, 1.0, 2.0}

Note. Search conducted with 6 randomly sampled configurations under 3-fold stratified cross-validation,
with SMOTE resampling fit inside each fold via an imblearn Pipeline (see Section 3.8).

3.6 Training, Validation, and Testing

3.6.1 Training Procedure
All six candidate models were fit once on the SMOTE-resampled training partition and evaluated on the
untouched validation partition, using the fixed configurations reported in Table 2. The validation-stage
winner, XGBoost, was then carried into the randomized hyperparameter search described in Section 3.5,
refit on the full training partition with SMOTE applied per-fold, and evaluated a single time on the held-out
test partition. A fixed random seed (42) was used throughout for reproducibility.

3.6.2 Evaluation Metrics
Area under the receiver operating characteristic curve (AUROC) and area under the precision-recall curve
(AUPRC) are reported as the primary, threshold-independent discrimination metrics, since AUROC alone
can be a misleading summary at this level of class imbalance. The Brier score is reported as a
calibration measure, since it captures both discrimination and the accuracy of the predicted probabilities
themselves, not merely their rank ordering. Precision, recall (sensitivity), F1, and accuracy are reported at
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two operating points, the conventional default threshold of 0.5 and a threshold selected via Youden's J
statistic [26] on the validation set (Section 3.7), since Section 4 shows these two operating points tell
substantially different stories about the same underlying model.

3.7 Decision Threshold Selection
A predicted-probability output is not, by itself, a classification decision; that requires a threshold, and the
conventional default of 0.5 implicitly assumes that false positives and false negatives carry equal cost
and that the two classes are roughly balanced, neither of which holds here. The decision threshold used
for all threshold-dependent metrics reported in Section 4.4 was selected by maximizing Youden's J
statistic (sensitivity plus specificity minus one) on the validation partition only; the test partition was
never used to choose this threshold, so the test-set classification metrics reported in Section 4.4 remain
an honest, unbiased estimate of how the resulting decision rule would perform on genuinely unseen
encounters. Youden's J is used here as a transparent, reproducible starting point rather than as a claim
that it is the clinically correct operating point: recent methodological guidance cautions that maximizing
Youden's J implicitly treats a missed readmission and an unnecessary intervention as equally costly and,
in effect, sets the threshold near the outcome's prevalence, an assumption that is rarely defensible in
practice and that a genuine deployment decision should instead derive from the relative costs of the two
error types [21, 22]. The Youden-optimized threshold reported in Section 4.4 should therefore be read as
a methodological baseline that makes the model's discrimination usable for comparison purposes, not
as the threshold a hospital should adopt without its own cost-based analysis.

3.8 Best Model Selection and Fine-Tuning
Model selection followed two stages. In the first stage, all six candidate models were trained under
identical preprocessing and evaluated on the validation partition; whichever model achieved the highest
validation AUROC, XGBoost, was carried forward. In the second stage, that model underwent randomized
hyperparameter search under 3-fold stratified cross-validation, before a single, final evaluation on the
fully held-out test partition.

One methodological detail is worth stating plainly rather than leaving implicit, because it directly affects
how the fine-tuning results in Section 4.2 should be read. An initial implementation of this
hyperparameter search applied SMOTE to the entire training partition once, before the cross-validation
split, and then ran cross-validation on the resulting resampled data. This produced a cross-validated
AUROC of 0.957, far above the 0.672 achieved by the same model family on genuinely unseen validation
data, an implausible gap that was the first sign something was wrong. The cause was leakage: because
SMOTE-generated synthetic samples are built from real training-fold neighbors, a synthetic point derived
from an encounter that ends up in one cross-validation fold can be highly similar to synthetic points
derived from the same encounter's neighbors that end up in a different fold, letting information about the
held-out fold leak into the fold used for training. This was corrected by moving SMOTE inside an
imblearn Pipeline object, so that the resampling step is refit independently within each cross-validation
fold's training portion only; the corrected, leakage-free cross-validated AUROC was 0.661, consistent with
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the 0.672 to 0.675 range obtained on the validation and test partitions. This correction, and the
reasoning behind it, is reported here in full because the same failure mode, resampling before rather than
inside cross-validation, is a common and easily overlooked source of inflated performance claims in the
class-imbalance literature more broadly, and is worth naming explicitly rather than silently fixing. A
related, separate caution documented in the recent clinical machine learning literature is that resampling
techniques such as SMOTE, even when correctly confined to the training fold, alter the outcome
distribution the model is fit on and can distort the resulting predicted probabilities away from the true,
prevalence-consistent risk; when calibrated probabilities matter, an additional post-training calibration
step is recommended rather than relying on resampling alone [21]. The Brier scores reported in Section
4.3 and Section 4.4 should be read with this caveat in mind, since no separate calibration step beyond
SMOTE was applied here.

4. Results
All results reported in this section come from a single, complete run of the pipeline described in Section
3. No test-set number in this section was used to choose a model, a hyperparameter, or a decision
threshold at any earlier stage.

4.1 Search-Stage Model Comparison
Table 2 and Fig. 2 report validation-set discrimination for all six candidate models, each trained once on
the SMOTE-resampled training partition. XGBoost achieved the highest validation AUROC (0.672),
narrowly ahead of LightGBM (0.669) and random forest (0.654), with logistic regression somewhat
behind (0.641). Both multilayer perceptron variants trailed the tree-based models by a wide margin
(0.585 for the from-scratch network, 0.582 for the transfer-learned network), a gap consistent with the
broader finding that tree ensembles, not neural networks, remain the stronger default for tabular data of
this size [12]. The transfer-learned multilayer perceptron did not outperform its randomly initialized
counterpart on this dataset; if anything it was marginally, though not meaningfully, worse, suggesting
that a single-layer autoencoder pretrained on this feature set does not supply the fine-tuned classifier
with information beyond what the labeled training data already provides at this scale.
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Table 2
Validation-set results for all six candidate models.

Model Val. AUROC Val. AUPRC Train time (s) Family

XGBoost 0.672 0.224 17.6 Gradient-boosted trees

LightGBM 0.669 0.219 8.4 Gradient-boosted trees

Random Forest 0.654 0.190 51.4 Bagged trees

Logistic Regression 0.641 0.203 4.8 Linear

MLP (from scratch) 0.585 0.153 75.6 Neural network

MLP (transfer-learned) 0.582 0.154 134.9 Neural network

4.2 Effect of Hyperparameter Fine-Tuning
As documented in Section 3.8, an initial hyperparameter search produced a cross-validated AUROC of
0.957, which was traced to SMOTE resampling being applied before rather than inside cross-validation
and corrected accordingly. Under the corrected, leakage-free protocol, the best cross-validated
configuration achieved an AUROC of 0.661, consistent with, if marginally below, the 0.672 obtained by
the untuned XGBoost model on the validation partition, and with the 0.675 the tuned model went on to
achieve on the held-out test partition. The best hyperparameter configuration found was n_estimators = 
200, max_depth = 5, learning_rate = 0.1, subsample = 0.9, colsample_bytree = 0.7, min_child_weight = 3,
gamma = 0, and reg_lambda = 1.0. In short, the fine-tuning stage did not produce a dramatic accuracy
gain over the untuned baseline, once the leakage was corrected, but it did provide a properly validated
final configuration to carry into the single test-set evaluation.

4.3 Discrimination and Calibration on the Test Set
The tuned XGBoost model achieved a test AUROC of 0.675 (Fig. 3) and a test AUPRC of 0.244 (Fig. 4),
against a baseline positive-class prevalence of 11.4%, meaning the model concentrates precision well
above chance among its highest-ranked predictions even though its overall discrimination is moderate.
The Brier score on the test set was 0.095, indicating that the model's predicted probabilities are, on
average, reasonably close to the observed outcome frequencies, without a separate calibration step
being applied.

4.4 Classification Performance: Default Versus Youden-
Optimized Threshold
Table 3 reports classification performance at the conventional default threshold of 0.5 and at the
Youden-optimized threshold of 0.128, selected on the validation partition alone as described in Section
3.7. The contrast is stark. At 0.5, the model classifies almost every encounter as "no readmission,"
achieving high accuracy (88.6%) but a sensitivity of only 1.4%, meaning it correctly flags fewer than 2 in
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every 100 true 30-day readmissions, which would make it clinically useless as a screening tool despite
its unremarkable-looking accuracy figure. At the Youden threshold, sensitivity rises to 58.0%, correctly
flagging more than half of true readmissions, at the cost of precision falling to 18.5% and accuracy
falling to 66.1%. Which operating point is preferable depends entirely on the intended use: a hospital
deploying this model to trigger a low-cost intervention, such as an additional discharge-planning phone
call, can tolerate a low positive predictive value in exchange for high sensitivity; a hospital deploying it to
trigger an expensive, resource-intensive intervention would want a higher threshold and would need to
accept missing more true readmissions. Figure 5 shows the confusion matrix at the Youden threshold.

Table 3
Test-set classification performance at two decision thresholds.

Threshold AUROC Sensitivity Precision F1 Accuracy

0.5 (default) 0.675 0.014 0.561 0.026 0.886

0.128 (Youden's J) 0.675 0.580 0.185 0.281 0.661

Note. AUROC is threshold-independent and identical at both rows; it is repeated for reference. Brier
score at both thresholds was 0.095.

4.5 Predictors of Readmission
Figure 6 reports the twenty most predictive features by XGBoost gain-based importance. The strongest
predictors were a circulatory-system secondary diagnosis, an "other" tertiary diagnosis, a missing
Hemoglobin A1c (A1C) result, the number of prior inpatient visits, and a circulatory-system primary
diagnosis, followed closely by age, discharge disposition, and race. This pattern is clinically coherent:
circulatory comorbidity and prior inpatient utilization are well-established readmission risk factors, and a
missing A1C result plausibly proxies for less intensive diabetes management during the index
admission, consistent with the original hypothesis motivating this dataset's collection [2].

4.6 Comparison with Published Benchmarks on the Same
Dataset
Table 4 places the present results alongside two independently conducted 2025–2026 studies that used
the identical UCI Diabetes 130-US Hospitals dataset. Emi-Johnson and Nkrumah [6] reported an
XGBoost AUC-ROC of 0.667 using an 80/20 train-test split without a validation partition or
hyperparameter search. Salim and Ibrahim [7] reported a nested-cross-validated XGBoost AUC of 0.664,
rising to 0.688 after Platt-scaling calibration, with a Brier score of 0.094, using a more elaborate five-
outer/three-inner nested cross-validation design and cost-sensitive class weighting rather than SMOTE.
The present study's test AUROC of 0.675 and Brier score of 0.095 sit within a few thousandths of both
published estimates despite three independent teams using different preprocessing choices, different
class-imbalance strategies, and different validation designs. This convergence is the strongest evidence
in this study that AUROC in the neighborhood of 0.66 to 0.69 represents a genuine, replicated ceiling for
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this exact prediction task using administrative and coded clinical features alone, rather than an artifact
of any one team's modeling choices. This picture is reinforced further by cohort-specific studies
published over the same period: Mishra et al. [8] reported an XGBoost AUC-ROC above 0.9 on a much
smaller, single-clinic cohort of 352 records, and Tan et al. [9], He et al. [10], and Wang et al. [11] each
reported comparable or higher discrimination, generally in the 0.70 to the low 0.90s range, when
predicting readmission within narrower, more clinically homogeneous elderly diabetes and diabetes-
heart-failure populations using richer clinical and laboratory variables unavailable in the present
administrative dataset. Read alongside the present results, this pattern suggests that the 0.66 to 0.69
ceiling identified here is specific to prediction from coded, administrative EHR fields on a large,
heterogeneous inpatient population, and that discrimination further above this ceiling in the literature
tends to come from smaller, more clinically detailed cohorts rather than from a superior classifier
applied to the same kind of data.

Table 4
Comparison with independently published benchmarks on the same dataset.

Study Best model AUROC / AUC Brier score

Emi-Johnson & Nkrumah [6] XGBoost 0.667 not reported

Salim & Ibrahim [7] XGBoost (calibrated) 0.688 0.094

Present study XGBoost (tuned) 0.675 0.095

5. Discussion
This study set out to compare classical machine learning against self-supervised, transfer-learned neural
networks for 30-day readmission prediction in diabetic inpatients, with pretrained models, transfer
learning, and data augmentation adapted to their tabular-data equivalents. Four research questions
guided that comparison, and the results in Section 4 give a clear answer to each.

5.1 Summary of Findings
On RQ1, gradient-boosted trees, XGBoost in particular, clearly outperformed both the linear baseline and
both neural network variants, by a margin of roughly three to nine points of validation AUROC. This is
consistent with the theoretical expectation set out in Section 2.1 and with the empirical tabular-data
literature more broadly [12]: the additional representational flexibility of a neural network did not translate
into better discrimination on this feature set, and self-supervised pretraining did not close that gap, or
even move it in the expected direction. This is a genuine, if modest, negative result for the transfer-
learning adaptation specifically, and it is reported as such rather than reframed after the fact.

On RQ2, fine-tuning under the corrected, leakage-free protocol produced a cross-validated AUROC
(0.661) essentially in line with the untuned validation AUROC (0.672) and the eventual test AUROC
(0.675), rather than a clear improvement. The more consequential finding under this research question
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was methodological rather than numerical: the initial, leakage-affected search produced a cross-
validated AUROC of 0.957, an implausible figure that would have been easy to report uncritically had it
not been checked against the validation-stage baseline. That the corrected figure fell back in line with the
other estimates is reassuring, but the episode itself is a useful, generalizable caution about resampling
techniques and cross-validation order.

On RQ3, the answer is unusually well supported for a single study, because it does not rest on this
study's results alone. The test AUROC of 0.675 and Brier score of 0.095 obtained here sit almost exactly
between the two independently published estimates on this same dataset, 0.667 [6] and 0.664 to 0.688
[7], despite meaningful differences in preprocessing, class-imbalance handling, and validation design
across all three studies. Three independent research teams converging on the same AUROC band is
stronger evidence for a genuine ceiling than any single team's robustness checks could provide on their
own, and it points toward a specific, falsifiable claim: further gains on this exact prediction task are
unlikely to come from a better classifier trained on the same feature set, and more likely to require
additional data, laboratory trends, medication timing, social determinants, or free-text clinical notes, that
this administrative dataset simply does not contain.

On RQ4, the practical answer is unambiguous. At the conventional default threshold of 0.5, the tuned
model is close to useless as a screening tool, correctly identifying only 1.4% of true 30-day readmissions
despite an accuracy figure that looks respectable in isolation (88.6%). Selecting a threshold via Youden's
J statistic [26] on the validation set alone raises sensitivity to 58.0%, a genuinely usable operating point
for a screening application, at the cost of a precision of 18.5%, meaning roughly four in five patients
flagged by the model will not, in fact, be readmitted within 30 days. Whether that trade-off is acceptable
depends entirely on the cost of the downstream intervention it would trigger, a judgment this study
deliberately leaves to the clinical and administrative stakeholders who would deploy such a model, rather
than asserting a single "correct" threshold.

5.2 Clinical and Policy Implications
Three implications follow for hospitals and health systems considering a machine learning tool of this
kind for readmission risk stratification. First, model family choice matters more than model
sophistication: a well-tuned gradient-boosted tree ensemble outperformed a neural network given a self-
supervised pretraining advantage, and administrators should not assume that a more elaborate deep
learning pipeline will outperform a properly tuned XGBoost or LightGBM model on data of this kind,
particularly given the much lower computational cost of the tree-based models documented in Table 2.

Second, and more importantly, decision-threshold selection is not a cosmetic detail; it is the difference
between a model that is clinically inert and one that is clinically usable, as the two rows of Table 3 make
plain. Any deployment of a model like this one needs an explicit, validation-set-derived threshold chosen
with the relative cost of a missed readmission against the cost of an unnecessary intervention in mind,
rather than defaulting silently to 0.5, which Section 4.4 shows would be actively misleading in the
opposite direction from what its accuracy figure suggests.
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Third, given that three independent studies now agree on a discrimination ceiling in the neighborhood of
0.66 to 0.69 AUROC for this dataset, health systems considering a similar model for their own
administrative data should calibrate expectations accordingly. This level of discrimination can
meaningfully enrich a screening or triage process relative to no model at all, and the risk-stratification
and feature-importance results in Section 4 remain clinically coherent, but it falls well short of the level
of certainty required to make unilateral care decisions, and should be communicated to clinical staff as a
triage aid rather than a diagnosis, consistent with the broader, long-standing caution in the clinical
prediction modeling literature that most readmission risk is driven by factors administrative data does
not fully capture [3].

5.3 Limitations
Several limitations should be kept in mind when interpreting these results. The uploaded dataset used
for this study did not retain patient-level identifiers (encounter_id or patient_nbr), so the train, validation,
and test split was performed at the encounter level rather than the patient level; if the same patient
contributed multiple encounters, as is plausible for a chronic-disease population with an 11.4% 30-day
readmission rate by definition, some encounters from the same patient could appear across different
partitions, which would inflate reported performance to an unknown degree. Salim and Ibrahim [7] note
the same limitation in their own use of this dataset and, notably, still arrive at closely comparable results,
which is some reassurance that the effect is not large, but a patient-grouped split (via, for example,
scikit-learn's GroupKFold [25]) would be needed to rule it out with confidence.

The self-supervised pretraining stage used a single hidden layer of 64 units and a relatively simple
corruption process (additive Gaussian noise plus random masking); a deeper autoencoder, a more
elaborate pretext task, such as feature-wise masked reconstruction with a learned mask rather than a
fixed probability, or pretraining on a larger, related dataset before fine-tuning on this one, might have
produced a more informative transferred representation and a different result for RQ1. The negative
result reported here for transfer learning should therefore be read as evidence about this specific,
modest implementation, not as a general claim that self-supervised pretraining cannot help tabular
clinical prediction; more sophisticated tabular self-supervision methods have shown promise in other
clinical prediction settings (as reviewed, for example, in recent benchmarking work on electronic health
record foundation models).

This dataset spans 1999 to 2008, predating the 2012 introduction of the CMS Hospital Readmissions
Reduction Program [1], which changed hospital discharge-planning incentives in ways that could shift
the relationship between the predictors used here and readmission risk in more recent data; any
deployment on a contemporary population would need revalidation rather than an assumption that these
exact feature weights transfer forward in time. The dataset also does not distinguish planned from
unplanned readmissions, and the outcome definition used here, like that used in both comparison
studies in Table 4, necessarily captures both.
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Finally, no subgroup analysis by race, age group, or sex was conducted here to check whether model
performance is uniform across patient subpopulations. Race appeared among the top twenty predictive
features in Section 4.5, which makes such an analysis a priority for any future work intending to move
this pipeline toward clinical use, since differential performance across subgroups could otherwise
translate a modest overall discrimination ceiling into an inequitable one. Recent fairness-focused work
on related cardiometabolic readmission models illustrates why this check matters in practice: Yeh et al.
[23] found that fairness-unaware readmission and mortality models for heart failure patients showed
unequal false-negative rates across racial and ethnic subgroups, and that standard bias-mitigation
techniques improved parity for some subgroup comparisons but not others, underscoring that subgroup
performance cannot simply be assumed adequate and needs to be measured and, where necessary,
corrected directly.

5.4 Future Research Directions
Several extensions follow naturally from the limitations above. Restructuring the train, validation, and
test split around patient-level grouping, if patient identifiers can be recovered from the original UCI
source, would close the leakage question raised in Section 5.3 directly. Enriching the feature set with
data this administrative dataset does not contain, laboratory value trends across the admission,
medication timing relative to discharge, or unstructured discharge-summary text processed with a
clinical language model, is the most promising path past the discrimination ceiling identified in Section
4.6, since Section 5.1 and 5.2 both point toward the feature set, not the choice of classifier, as the
binding constraint on further gains.

A more elaborate self-supervised pretraining scheme, deeper autoencoders, contrastive objectives, or
pretraining across multiple related EHR datasets before fine-tuning on this one, would give the transfer-
learning comparison in Section 4.1 a fairer test than the single-hidden-layer implementation used here,
and could plausibly reverse the modest negative result reported for RQ1. Emerging tabular foundation
models, pretrained transformer-style architectures that adapt to a new prediction task through in-context
or retrieval-augmented inference rather than task-specific retraining, are a further direction worth testing
on this exact problem; early evidence suggests such models can be competitive with gradient-boosted
trees on generic tabular benchmarks but that their behavior under the real-world constraints of clinical
EHR data, severe class imbalance and distribution shift among them, is not yet well characterized and
would need direct evaluation here rather than being assumed [24]. Explicitly modeling the decision
threshold as a cost-sensitive optimization, rather than the single Youden's-J operating point reported in
Section 4.4, incorporating the institution-specific cost of a missed readmission against the cost of an
unnecessary intervention, would move this pipeline from a research comparison toward a deployable
clinical tool. Finally, prospective, contemporary external validation, on data collected after the 2012
policy change noted in Section 5.3, using a health system's own patient population, remains the
necessary next step before any of the models compared here could be considered for real clinical
deployment, consistent with the caution both comparison studies in Table 4 raise about their own
results.
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5. Conclusions
This study compared classical machine learning against a self-supervised, transfer-learned neural
network for 30-day readmission prediction in diabetic inpatients, using the UCI Diabetes 130-US
Hospitals dataset under one consistent evaluation protocol, with pretrained models, transfer learning,
and data augmentation adapted to their tabular-data equivalents rather than borrowed unchanged from
image or text domains. Gradient-boosted trees, XGBoost specifically, clearly outperformed both a from-
scratch and a transfer-learned neural network, and a leakage-affected hyperparameter search was
identified and corrected during development, a methodological episode reported here in full because the
same failure mode recurs elsewhere in the class-imbalance literature. The resulting test AUROC of 0.675
sits closely alongside two independently published estimates on this identical dataset, suggesting a
genuine, replicated discrimination ceiling near 0.66 to 0.69 for models built on administrative and coded
clinical features alone. Most consequentially, this study shows that the conventional default decision
threshold of 0.5 renders an otherwise reasonable model clinically inert, while a validation-set-derived
threshold makes it usable as a screening aid at a known, quantified precision-sensitivity trade-off. The
results argue for realistic, well-communicated expectations of what administrative electronic health
record data alone can deliver for readmission risk stratification, and for threshold selection and self-
supervised representation learning to be treated as explicit, reported methodological choices rather than
defaults or afterthoughts.
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Figure 1

Conceptual framework of the readmission-prediction pipeline, from data source through tabular
representation, the three model-family adaptations, and the shared evaluation and thresholding protocol.
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Figure 2

Validation AUROC for all six candidate models. Green bars denote tree-based and linear machine
learning models; brown bars denote the two neural network variants.
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Figure 3

Receiver operating characteristic curve for the tuned XGBoost model on the test set.
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Figure 4

Precision-recall curve for the tuned XGBoost model on the test set, with the dashed line marking the
baseline readmission prevalence.
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Figure 5

Confusion matrix at the Youden-optimized decision threshold (0.128), test set.
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Figure 6

Top 20 predictive features by XGBoost gain, tuned model.
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