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Abstract

Background: Emergency department (ED) visits among patients with type 2
diabetes (T2D) are frequent and costly. A substantial proportion of ED visits
arising from T2D complications are potentially preventable. Yet most high-risk
patients are identified only after an acute event has already occurred. This study
develops and evaluates machine learning (ML) models to predict ED utiliza-
tion among patients with T2D across multiple time horizons. This may enable
proactive and timely clinical intervention.

Methods: Longitudinal electronic health record data from the HealthShare
Exchange (HSX) were used. A sliding-window framework was applied across three
prediction periods (0-30, 30-60, and 60-90 days). A total of 185 features spanning
demographics, diagnoses, vital signs, and SDoH were used. These were com-
bined into a unified patient-level feature set. Six ML models were developed and
compared. These were Logistic Regression (LR), K-Nearest Neighbors (KNN),
Random Forest (RF), and Extreme Gradient Boosting (XGB). The others were



Graph Neural Network (GNN) and Feature Tokenizer-Transformer (FTT). Mod-
els were evaluated using area under the receiver operating characteristic curve
(AUC ROCQ), accuracy, precision, recall, and F1 score.

Results: A total of 51,603 patients were included in the analytic cohort across
all prediction windows. The cohort had a median age of 68 years and was 50.8%
female. It was racially diverse, with the largest groups being White (48.1%)
and Black or African American (37.8%). Based on AUC ROC, XGB and FTT
achieved the strongest discriminative performance among the six models. XGB
reached 0.847, 0.868, and 0.857 across the 0-30, 30—60, and 60-90 day windows,
respectively. FTT closely matched this (0.849, 0.864, 0.858), with AUC ROC
differences between the two models of 0.004 or less. RF (0.840, 0.852, 0.842), LR,
(0.834, 0.850, 0.844), GNN (0.836, 0.851, 0.844), and KNN (0.747, 0.756, 0.746)
followed. Once evaluated at a matched decision threshold, FTT achieved the
highest recall and F1 score in two windows: 0-30 and 60-90 days. XGB achieved
the highest recall and F1 score in the 30-60 day window. Healthcare utilization
and vital sign variables were the most consistently important predictors. Decision
curve analysis confirmed that FTT provided the highest net benefit in the 30—
60 and 60-90 day windows. FTT and XGB performed comparably in the 0—
30 day window. Fairness evaluation revealed consistent performance across sex
subgroups. Discrimination and recall were lower for Hispanic or Latino patients
in the 0-30 day window. Discrimination was similar across ethnicity subgroups
in the later windows, and recall varied across racial and ethnic groups. Ablation
analysis identified vital signs and diagnoses as the most contributory feature
groups.

Conclusions: The ML models demonstrate strong and reliable predictive per-
formance for ED utilization among patients with T2D. These findings suggest
that these models can support proactive clinical decision-making and targeted
interventions to reduce ED visits.

Keywords: Type 2 diabetes, Emergency department utilization, Machine learning,
Predictive modeling, Electronic health records

1 Introduction

Diabetes mellitus is one of the most prevalent and costly chronic diseases in the United
States. Diagnosed cases quadrupled from 6.5 million in 1990 to 26.8 million by 2018 [1].
As of 2021, an estimated 13.6% of U.S. adults have diabetes. Global expenditures
among adults with diabetes reached approximately $760 billion in 2019 [2], accounting
for roughly one in every four U.S. healthcare dollars [1]. Approximately 90-95% of
diagnosed cases are T2D [3], which represents the predominant driver of this burden.
This growing challenge underscores an urgent need to improve T2D management and
prevent acute complications.

One consequence of suboptimal diabetes control is frequent ED utilization for
acute issues. These include hyperglycemia, hypoglycemia, and cardiovascular compli-
cations [4, 5]. ED visit rates among adults with diabetes climbed by approximately
55% between 2008 and 2017 [1]. In 2020, an estimated 16.8 million ED visits involved



patients with diabetes. These emergency encounters carry substantial implications
for costs and outcomes [6]. Nearly 38% of these visits resulted in hospitalization [6],
reflecting the severity of acute events and gaps in outpatient care [1, 7]. Patients with
diabetes experience disproportionately higher rates of ED use compared to those with-
out diabetes [7]. This highlights the importance of early identification of high-risk
patients to enable timely preventive intervention.

There is growing interest in leveraging ML to predict ED utilization in the diabetes
population [7, 8]. Traditional risk stratification models have had only moderate success.
Established risk factors such as older age, multiple comorbidities, and prior utilization
yield limited predictive accuracy for individual patients [8-10]. ML techniques offer the
ability to analyze high-dimensional electronic health record (EHR) data and capture
complex nonlinear interactions to improve prediction [11]. This could enable early
warning systems that support targeted interventions before acute events occur.

Emerging studies have begun applying ML specifically to ED prediction in
diabetes-related populations. Park et al. developed a gradient-boosting model to pre-
dict ED visits among older adults with high comorbidity burden. This achieved a
validation AUC ROC of approximately 0.69 [12]. Tan et al. trained multiple ML algo-
rithms on a multi-institutional diabetes registry to predict high healthcare utilization.
Prior ED visits, chronic kidney disease, and HbAlc were among the strongest pre-
dictors, with AUC ROC values exceeding 0.80 [8]. These studies demonstrate the
feasibility of ML-based ED risk prediction but leave important gaps unaddressed.

Several limitations persist in the existing literature [13]. First, most models focus
on general populations or treat diabetes as one of many comorbidities. Few study
ED risk within a diabetes-specific cohort [12, 14]. Second, existing work typically
evaluates a limited subset of algorithms. This constrains understanding of how differ-
ent ML paradigms perform for this prediction task [15]. Third, few studies explicitly
anchor prediction to a clinically meaningful encounter context, such as routine care,
which has fundamental implications for deployability. Fourth, most models rely on a
fixed 30-day outcome horizon, providing limited guidance for distinguishing imminent
from medium-term risk [13]. Fifth, feature selection strategies often present a tradeoff
between under-specification and over-complexity. Some models use too few variables,
while others incorporate large numbers of diagnosis codes that increase sparsity and
overfitting risk [7, 8, 16, 17]. Finally, few studies integrate heterogeneous data sources
including SDoH, longitudinal utilization, vital signs, and diagnoses into a unified,
interpretable framework [18, 19].

To our knowledge, no published study has developed a patient-level ML model
to predict binary ED visit occurrence from routine outpatient encounters. No study
has done so in a T2D cohort across multiple prospective time horizons. We address
this gap by developing and evaluating six ML models: LR, KNN, RF, XGB, GNN,
and FTT. These models predict ED utilization among patients with T2D. We use a
sliding-window framework across three clinically relevant time horizons (0-30, 30—60,
and 60-90 days). This framework is anchored to routine encounters as the prediction
origin.

This study extends our prior encounter-level study using the same HSX
dataset [20]. That study demonstrated the feasibility of ML-based ED prediction in a



T2D cohort. However, it used a single undifferentiated outcome window, an encounter-
level unit of analysis, a narrower feature set, and a restricted model comparison. It
also lacked fairness, ablation, and decision curve evaluation. The current study shifts
to a patient-level prediction framework and expands the cohort to 51,603 patients.
It also includes patients with T2D and comorbid hypertension, who were excluded
from the prior study. It enriches the feature set to 185 variables spanning demograph-
ics, healthcare utilization, vital signs, SDoH, and aggregated diagnostic categories. It
also evaluates a GNN, including a dedicated no-graph baseline comparison, alongside
systematic post-hoc analyses.

We also develop and evaluate FTT, a Transformer-based tabular model, alongside
the other architectures. We further assess fairness across demographic subgroups and
apply interpretable ML techniques to identify key predictors. We also conduct abla-
tion analyses to quantify feature group contributions and evaluate clinical utility via
decision curve analysis.

2 Methodology

2.1 Experimental Design

As shown in Figure 1, ED visit prediction was approached as a binary classification
task. Data preprocessing and cohort construction were followed by model training,
internal validation, and a series of post hoc analyses. These included fairness analyses
stratified by demographic subgroups and feature importance analyses to interpret key
predictors. We also conducted ablation studies to assess the contribution of predefined
feature groups. Decision curve analysis evaluated clinical utility by comparing net
benefit against treat-all and treat-none reference strategies. Model performance was
assessed using AUC ROC, accuracy, precision, recall, specificity, and F1 score on an
independent held-out test set.
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Fig. 1 System workflow overview.

2.2 Data Source and Cohort Construction

Longitudinal EHR data from the HealthShare Exchange (HSX) [21] were used to
construct a patient-level analytic cohort. The HSX dataset contained electronic health
records representing patients diagnosed with diabetes. These patients received care



within the Philadelphia metropolitan area and surrounding regions in Pennsylvania.
The dataset captures only those who interacted with participating hospitals.

Eligible patients were adults (> 18 years) with at least one documented T2D
diagnosis who received care at a hospital participating in HSX. Patients with Type
1 diabetes, pediatric patients (age < 18 years), and those with no recorded encoun-
ters were excluded. We also excluded patients recorded as 110 years of age or older,
those with invalid ZIP codes, and those residing outside Pennsylvania. Additionally,
patients whose admission history consisted entirely of non-emergency and non-routine
encounters, single-encounter patients, and ED-only patients were excluded. The com-
plete patient selection and filtering process is illustrated in Figure 2. After applying
all exclusion criteria, 148,738 patients were removed, and the final analytic cohort
comprised 51,603 patients. This provided sufficient longitudinal depth and clinical cov-
erage to support sliding-window prediction of ED utilization across 0-30, 30-60, and
60-90 day windows.

HSX
Patients with Diabetes

@ 1.Patients with T1D
>
© i 2. Age <18 years old

Patients with T2D
(200,341)

1. Without encounters (811)

2. Age > 110 years old (31)

3. No/ invalid ZIP code (24)

/@\ ! 4. Non-PA (90)

5. Without emergency and routine admissions (53,372)
6. Single-encounter (32,993)

7. ED-only (61,417)

Target Patients
(51,603)

| 030days | | 30-60days | | 60-90 days
! ED: 18,581 { | ED:15954 i 1 ED:14,936 |
i Non-ED: 33,022 Non-ED: 35,649 | | Non-ED: 36,667 |

Fig. 2 Flow chart of cohort creation.

At the encounter level, duplicate records, same-day encounters, and records with
missing duration or invalid geographic information were removed. Encounters were
restricted to routine and emergency admission types. Routine encounters served as
index prediction events, while emergency encounters were retained as outcome events.



A total of 581,002 encounters were retained after applying all encounter-level inclusion
and exclusion criteria to the original 58,190,761 records. A total of 71 SDoH features
were extracted from the American Community Survey (ACS) and incorporated into
the dataset [22].

2.3 Data preprocessing and feature engineering

Data preprocessing and feature engineering were conducted using THReD
(Transforming EHRs into AI-Ready Datasets) [23]. All datasets were harmonized into
a unified patient-level analytic table. Demographic and SDoH variables were retained
as time-invariant attributes. Vital signs and utilization data were aggregated using
summary statistics (minimum, maximum, mean, median). ICD-10 diagnosis codes
were mapped to Clinical Classifications Software Refined (CCSR) [24] categories to
reduce dimensionality and sparsity. Binary indicators were generated for clinically rel-
evant CCSR categories. END002 and ENDO003 (diabetes mellitus without and with
complication) were excluded to avoid circularity. Related metabolic conditions such
as obesity, dyslipidemia, and electrolyte disorders were retained.

Outcomes were defined as binary indicators of ED utilization within three forward-
looking windows (0-30, 30-60, 60-90 days) from each routine index encounter.
Separate binary flags were generated per window and aggregated to the patient level.
A positive label was assigned if at least one qualifying ED visit occurred across all
index encounters within the specified interval.

Baseline demographic characteristics were summarized and compared across ED
utilization groups for each prediction window. Categorical variables were compared
using chi-square tests, with Fisher’s exact test applied when expected cell counts
were less than five. Continuous variables were compared using the Mann—Whitney U
test. All tests were two-sided with significance set at p < 0.05 [25]. Effect sizes were
calculated using Cramér’s V for categorical variables and rank-biserial correlation
(r) [26] for continuous variables [27].

2.4 Model training and validation

Six ML models, including LR, KNN [28], RF [29], XGB [30], GNN [31], and FTT [32]
were trained and evaluated across all prediction windows. All models used a com-
mon patient-level feature set. Each window dataset was split into training (70%) and
testing (30%) sets using stratified sampling. Hyperparameters were tuned using three-
fold stratified cross-validation within the training set, and the selected configuration
was then evaluated with five-fold cross-validation [33]. For the GNN and FTT, an
additional 20% of the training set was held out as a validation subset for early stopping.

Continuous features were standardized for LR, KNN, FTT, and GNN; tree-based
models (RF, XGB) were trained on unscaled features. Missing values were imputed
using the median or mode. Categorical variables were label-encoded for all models
except the GNN. For the GNN, they were one-hot encoded so that Euclidean distance
in the k-nearest neighbor graph would be meaningful.

For the GNN, a k-nearest neighbor graph was constructed from scaled feature vec-
tors to capture relational structure between patients [34]. The graph was constructed



inductively, with edges built only among training patients. Validation and test patients
were attached at inference time via directed edges to their nearest training neighbors.
No edges were formed among validation or test patients themselves. This ensures no
held-out patient’s features or outcome could influence the learned node representations
or another held-out patient’s prediction.

Grid search with cross-validation was used to optimize each model independently
per window, with AUC ROC as the primary objective [33]. For the GNN, the search
jointly tuned graph and model hyperparameters (K, hidden dimension, and learning
rate) rather than K alone. Graph density interacts with model capacity. AUC differ-
ences across the top GNN configurations were within one fold-to-fold standard error of
each other. The simplest statistically equivalent configuration was therefore selected
(Breiman’s one-standard-error rule) rather than the single highest-scoring one. For all
other models, the configuration with the highest mean cross-validated AUC ROC was
selected.

To keep the model comparison consistent, class weighting was not applied in
the final models. XGB used scale_pos_weight = 1, and LR, KNN, FTT, and GNN
were trained with unweighted losses. RF tuned class_weight over balanced and none
but selected the unweighted setting in all windows [30, 33, 35]. For comparability,
threshold-matched metrics were reported for all models at a common decision thresh-
old of 0.5. For the GNN, a threshold was additionally selected on the validation
set.

The GNN incorporated early stopping based on validation AUC. Final models
were trained on the full training set and evaluated on the held-out test set. For the
GNN, test-set probabilities were additionally calibrated using isotonic regression fit
on the validation set prior to decision curve analysis. Calibration was assessed via
Brier score. AUC ROC values reported for the GNN are based on these calibrated
probabilities, whereas its threshold-matched metrics are based on uncalibrated proba-
bilities. Performance metrics included accuracy, precision, recall, F1 score, sensitivity,
and specificity.

Model stability was assessed by bootstrapping. For LR, KNN, RF, XGB, and
FTT, each model was refit on 100 bootstrap resamples of the training set. Each refit
was evaluated on the fixed held-out test set. The 95% intervals for AUC ROC and
accuracy were taken as the 2.5th and 97.5th percentiles of the resulting distribution.
For the GNN;, intervals were instead obtained by resampling the held-out test set with
replacement (1,000 iterations), using the same percentile-based cutoffs [36].

An architecture-matched multilayer perceptron (MLP) with no message passing
served as a no-graph baseline. This isolated the graph structure’s contribution from
model capacity alone. Graph quality was additionally assessed via edge homophily.
This is the proportion of graph edges connecting patients with the same outcome label,
relative to the base rate expected by chance.

FTT tokenized each feature and applied Transformer layers with self-attention [32].
A classification (CLS) token aggregated feature interactions for prediction. Hyper-
parameters (embedding size, block count, learning rate) were tuned via 3-fold
cross-validation. The best configuration was evaluated with 5-fold cross-validation,
matching other models’ protocol.



2.5 Feature importance analysis

Feature importance was derived using model-specific approaches. For LR, absolute
standardized coefficients were used [33]. For RF and XGB, impurity-based importance
scores were extracted [29, 30]. For the GNN, permutation-based importance measured
AUC ROC decrease after permuting raw test features [37]. After each permutation,
the GNN’s test-set attachment edges were rebuilt so that permuted values could not
leak back through neighboring nodes. For KNN and FTT, permutation-based impor-
tance likewise measured the decrease in test-set AUC ROC. For all permutation-based
approaches, each feature was permuted 10 times independently, and the mean and
standard deviation of importance are reported.

2.6 Decision curve analysis

Net benefit was calculated for each model and prediction window across threshold
probabilities ranging from 0.01 to 0.99. True positives were weighed against false
positives relative to treat-all and treat-none strategies [38, 39]. This analysis identified
threshold ranges where model-guided decisions offer greater clinical value than non-
informative baselines.

2.7 Fairness assessment

Fairness was evaluated by stratifying model performance across sex, race, and ethnicity
subgroups using the held-out test set. This was applied independently for each pre-
diction window. Sex subgroups included male and female. Racial subgroups included
American Indian or Alaska Native, Asian, Black or African American, Native Hawai-
ian or Other Pacific Islander, and White. Winsorization at the 1st and 99th percentiles
also applied to the encoded race variable in all models except the GNN. As a result,
American Indian or Alaska Native patients (n=42-49 per test set) were grouped with
Asian patients. The Asian subgroup in the FTT fairness figures therefore includes
them. Ethnicity subgroups included Hispanic or Latino and Non-Hispanic or Latino.
Patients with missing demographic data were retained as an “Unknown” category.

Metrics included accuracy, precision, recall (sensitivity), F1 score, and AUC ROC,
with sample size recorded per subgroup. AUC ROC was treated as undefined for
subgroups in which only a single outcome class was observed in the test set. Demo-
graphic attributes were included as model features but were not used to define
outcomes [40, 41].

2.8 Ablation analysis

Models were retrained after systematically removing predefined feature groups. These
were demographics (4 features), diagnoses (59), vital signs (45), SDoH (71), and engi-
neered utilization features (6). Engineered features comprised prior non-ED visit count
and inter-encounter durations. AUC ROC on the held-out test set was compared
against the full-feature baseline to quantify each group’s predictive contribution [42].
For the GNN, feature groups were removed from the raw feature set [43]. The prepro-
cessing pipeline was then refit, the k-nearest neighbor graph rebuilt, and the model



retrained. Removed features were thus excluded entirely rather than set to zero after
standardization.

For the GNN and FTT, AAUC was averaged across three retraining seeds. AAUC
was expressed as both an absolute difference and a relative percentage loss. For the
GNN, 95% intervals were derived from variability across retraining seeds (mean + 1.96
SD). For the other models, bootstrapped 95% confidence intervals for AAUC were
derived from 1,000 test-set resamples [36]. Bonferroni correction was applied across
the number of active feature groups tested per model [44].

3 Results

3.1 Baseline characteristics

Baseline demographic characteristics stratified by ED utilization status are summa-
rized in Table 1 for the 0-30 day prediction window. Results for the 30-60 and 60-90
day prediction windows are available in the appendix. Patients who utilized the ED
were older than those without ED utilization, with a median age of 69 years (IQR: 59—
79). The proportion of female patients was similar between groups (50.9% vs. 50.7%).
Male patients were slightly less represented among ED utilizers (43.1% vs. 44.9%).
Patients identifying as Black or African American (45.3%) were more frequently rep-
resented in the ED cohorts. Ethnicity did not differ significantly between groups (Not
Hispanic or Latino: 91.4% vs. 91.6%; p = 0.634).

Table 1 Baseline characteristics of the patients with T2D across 0-30 day prediction window.

Characteristics Total ED visit, no ED visit, yes P-value
0-30 days n=51,603 n=33,022 n=18,581
Age 68 [59, 78] 68 [58, 77] 69 [59, 79] <0.001
Sex, n (%) <0.001
Female 26,201 (50.8%) 16,738 (50.7%) 9,463 (50.9%)
Male 22,847 (44.3%) 14,833 (44.9%) 8,014 (43.1%)
Unknown 2,555 (5.0%) 1,451 (4.4%) 1,104 (5.9%)
Race, n (%) <0.001
American Indian or Alaska Native 154 (0.3%) 104 (0.3%) 50 (0.3%)
Asian 1,604 (3.1%) 1,208 (3.7%) 396 (2.1%)
Black or African American 19,507 (37.8%) 11,081 (33.6%) 8,426 (45.3%)
Native Hawaiian or Other Pacific Islander 47 (0.1%) 26 (0.1%) 21 (0.1%)
White 24,827 (48.1%) 16,953 (51.3%) 7,874 (42.4%)
Unknown 5,464 (10.6%) 3,650 (11.1%) 1,814 (9.8%)
Ethnicity, n (%) 0.634

Not Hispanic or Latino
Hispanic or Latino
Unknown

47,232 (91.5%)
1,261 (2.4%)
3,110 (6.0%)

30,252 (91.6%)
804 (2.4%)
1,966 (6.0%)

16,980 (91.4%)
457 (2.5%)
1,144 (6.2%)

Across all three prediction windows, age, sex, and race differed significantly

between groups, but effect sizes were negligible to small. Effect sizes were |r| =
0.026-0.052 for age and Cramér’s V = 0.036-0.039 for sex. Ethnicity did not differ
significantly (p = 0.415-0.634; Cramér’s V = 0.004-0.006). Race was the only variable



with a consistent small effect (Cramér’s V = 0.120-0.146). Black or African Amer-
ican patients were disproportionately represented among ED utilizers (45.3-48.7%)
compared to non-utilizers (33.4-33.6%). This disparity widened with longer prediction
windows.

3.2 Model performance

As presented in Table 2, FTT led on accuracy (0.783) in the 0-30 day window, narrowly
ahead of XGB (0.781). FTT achieved the highest recall (0.668) and F1 score (0.689)
among the threshold-matched models; FTT’s specificity was 0.847. KNN achieved the
highest precision (0.769) and specificity (0.956). It had the lowest recall (0.261) and
F1 score (0.390). LR, RF, and GNN occupied a middle ground with more balanced
sensitivity-specificity tradeoffs. This pattern of KNN underperforming on recall while
maintaining high specificity persisted across the 30-60 and 60-90 day windows. Recall
was 0.214 and 0.187, and F1 was 0.334 and 0.297, respectively.

Table 2 Performance of the models on the held-out test set (30% of the dataset) following
hyperparameter tuning via cross-validation.

0-30 days Accuracy Precision Recall Specificity F1 score
XGB 0.7810 0.7441 0.5972 0.8845 0.6626
GNN 0.7779 0.7404 0.5901 0.8836 0.6567
FTT 0.7828 0.7112 0.6679 0.8474 0.6889
LR 0.7751 0.7526 0.5594 0.8965 0.6418
RF 0.7774 0.7357 0.5958 0.8796 0.6584
KNN 0.7058 0.7689 0.2614 0.9558 0.3901
30-60 days

XGB 0.8125 0.7415 0.6041 0.9058 0.6657
GNN 0.8014 0.7375 0.5554 0.9115 0.6336
FTT 0.8091 0.7572 0.5631 0.9192 0.6459
LR 0.8020 0.7474 0.5428 0.9179 0.6289
RF 0.7968 0.7412 0.5265 0.9177 0.6157
KNN 0.7354 0.7533 0.2144 0.9686 0.3338
60—90 days

XGB 0.8109 0.7231 0.5619 0.9124 0.6324
GNN 0.8043 0.7108 0.5459 0.9095 0.6175
FTT 0.8117 0.7247 0.5635 0.9128 0.6340
LR 0.8035 0.7301 0.5095 0.9233 0.6002
RF 0.7984 0.7225 0.4927 0.9229 0.5859
KNN 0.7428 0.7116 0.1872 0.9691 0.2965

The ROC curves for the 0-30 day prediction window are presented in Figure 3.
Results for the 30-60 and 60-90 day windows followed comparable patterns and are
available in the appendix. FTT and XGB had the highest AUCs in all three windows.
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Their AUCs were 0.849 and 0.847 (0-30 days), 0.864 and 0.868 (30-60 days), and 0.858
and 0.857 (60-90 days). These differences were small and were not formally tested. RF,
LR, and GNN formed a closely clustered group behind FTT and XGB. Their curves
overlapped substantially, tracking well above the diagonal. Overall model performance
improved in the 30-60 day window. XGB achieved its highest AUC there, and the sep-
aration from the remaining models was most pronounced. KNN consistently diverged
from all other models across all three horizons (AUCs: 0.747, 0.756, 0.746). Its curve
tracked markedly closer to the random chance line, confirming limited discriminative
ability regardless of prediction horizon.

To isolate the specific contribution of the graph structure, GNN performance was
compared against an architecture-matched MLP baseline with no message passing.
The GNN did not outperform this no-graph baseline in any window. AUC differences
were —0.0025, —0.0028, and —0.0033 for the 0-30, 3060, and 60-90 day windows,
respectively. This indicates that the graph topology contributed little beyond what an
equivalent-capacity MLP achieved on the same features.
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Fig. 3 AUC ROC curves of all six models for the 0-30 day window.

Bootstrap stability analysis of training resamples confirmed consistent performance
of LR, KNN, RF, XGB, and FTT across all prediction windows (Table 3). XGB
maintained the highest mean bootstrap AUC ROC across all three windows. Its narrow
bootstrap ranges indicated stable generalization rather than sensitivity to specific
training samples. FTT ranked second across all three windows, with similarly narrow
bootstrap ranges (0.843, 0.858, 0.852). KNN showed slightly wider intervals. Except for
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Table 3 Bootstrap AUC ROC with 95% intervals for each model. For LR, KNN, RF, XGB, and
FTT, values are means across models refit on 100 bootstrap resamples of the training set and can
differ from the test-set AUC ROC values reported in the text. For the GNN, values are means of
the calibrated test-set AUC ROC across 1,000 test-set resamples, with 95% intervals from the same
resamples.

AUC ROC XGB GNN FTT LR RF KNN
0-30 0.8447 0.8357 0.8427 0.8322 0.8359 0.7179
[0.843-0.847] [0.829-0.842] [0.840-0.845] [0.831-0.833] [0.834-0.837] [0.713-0.723]
3060 0.8628 0.8509 0.8575 0.8475 0.8484 0.7247
[0.860-0.865] [0.845-0.857] [0.855-0.860] [0.846-0.849] [0.847-0.850] [0.720-0.732]
60-90 0.8545 0.8441 0.8523 0.8416 0.8400 0.7156

[0.853-0.856] [0.837-0.851] [0.849-0.855] [0.840-0.843] [0.838-0.842] [0.711-0.720]

the GNN;, these bootstrap intervals reflect model stability across training resamples.
They are not classical confidence intervals for the point estimate. The GNN interval
was derived from test-set resampling, so its width is not directly comparable with
those of the other models.

3.3 Feature importances

The cumulative normalized importance scores across all six models for the 0-30 day
prediction window are presented in Figure 4. Results for the 30-60 and 60-90 day win-
dows followed comparable patterns and are available in the appendix. Non_ED _count,
representing prior routine care engagement, was the most consistently important fea-
ture across models. It ranked among the top 10 in five of the six models (all except
LR) in the 0-30 and 60-90 day windows. It ranked there in all six models in the
30-60 day window. It accumulated the highest cumulative score by a substantial mar-
gin. Weight_max and Weight_min ranked prominently in RF, GNN, and FTT, and
Height_min in GNN and FTT. Blood pressure features (DBP_max and SBP_min)
ranked prominently in XGB and RF.

Several clinical coded variables contributed consistently in XGB and KNN across
all windows. These included ENDO11 (fluid and electrolyte disorders), CIR019 (heart
failure), and BLD003 (aplastic anemia). SYMO010 (nervous system signs and symp-
toms) ranked highly in XGB in every window. It ranked highly in KNN and FTT only
in the 60-90 day window. Inter-encounter duration features were elevated in XGB, RF,
and FTT. Socioeconomic variables were prominent in LR alongside anthropometric
measures across all windows. GEN002 (acute and unspecified renal failure) emerged
as a cross-model consensus feature in the shorter prediction horizons.

3.4 Decision curve analysis

The decision curve analysis for the 0-30 day prediction window is presented in Figure 5.
Results for the 30-60 and 60-90 day windows followed comparable patterns and are
available in the appendix. In the 30-60 and 60-90 day windows, FTT provided the
highest net benefit at nearly all evaluated threshold probabilities (0.01-0.99). In the 0
30 day window, FTT and XGB performed comparably, together providing the highest
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Fig. 4 Cumulative normalized feature importance scores across all six models for the
0-30 day window.

net benefit across most thresholds. FTT outperformed both the treat-all and treat-
none strategies. GNN, LR, and RF tracked closely behind FTT across most thresholds,
with LR representing a viable alternative where model interpretability is prioritized.

In the 0-30 day window, RF fell below the other non-KNN models at higher thresh-
olds. XGB, despite its high AUC ROC, provided the lowest net benefit among the five
non-KNN models at 30-60 and 60-90 days. It declined more steeply at higher thresh-
olds, crossing below the treat-none line beyond a threshold of ~0.75 in the 60-90 day
window. KNN consistently underperformed across all windows, falling below the other
models throughout most of the threshold range. It provided negligible net benefit at
higher thresholds, corroborating its poor discriminative performance.

3.5 Model fairness evaluation

The FTT fairness evaluation results across sex, race, and ethnicity for the 0-30 day
prediction window are presented in Figure 6. Results for the 30-60 and 60-90 day
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Fig. 5 Decision curve analyses for all six models across the 0-30 day window.

windows are provided in the appendix. Fairness evaluations for the remaining models
(XGB, RF, LR, GNN, and KNN) are available upon request.

In the 0-30 day window, FTT performed consistently between female and male
patients across all metrics, indicating no meaningful sex-based bias. Across racial
groups, discrimination (AUC ROC) was similar between the two largest groups. How-
ever, recall was ~14 points higher for Black or African American than White patients.
Across ethnicity, discrimination (AUC ROC 0.818 vs. 0.851) was lower for Hispanic
or Latino than for Not Hispanic or Latino patients. Recall was also lower (0.559 vs.
0.674). However, the Hispanic subgroup’s smaller sample size (n=383) widens its met-
ric variability (AUC ROC 95% CI: 0.775-0.857). This interval overlaps that of Not
Hispanic or Latino patients.

This pattern was broadly consistent across the other five models. They showed
similar performance between sexes and lower discrimination and recall for Hispanic or
Latino patients in the 0-30 day window. They also showed higher recall for Black or
African American than White patients. KNN, however, showed uniformly lower recall
across all demographic subgroups. This reflects its overall tendency to underpredict
the positive class regardless of group membership.

3.6 Ablation analysis

The ablation analysis results for the 0-30 day prediction window are presented in
Figure 7. Results for the 30-60 and 60-90 day windows followed comparable patterns
and are available in the appendix. A positive AAUC indicates that removing the
feature group reduced model performance, reflecting its contribution to predictive
ability.
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Fig. 6 Fairness evaluation of the FTT across sex, race, and ethnicity subgroups for the
0-30 day window.

Vital signs were the most important feature category in 15 of the 18 model-window
combinations. They produced the largest and most consistent AAUC values upon
removal. The exceptions were LR and KNN in the 30-60 day window, where diagnoses
contributed more. KNN in the 60-90 day window was also an exception, where engi-
neered features contributed more. RF showed the greatest sensitivity to this group in
the 0-30 day window and XGB in the 30-60 and 60-90 day windows. GNN’s AAUC
declined slightly from 0-30 to 3060 and held steady into 60—90.

Diagnoses contributed meaningfully across nearly all models and windows (except
KNN in the 60-90 day window). LR showed the highest AAUC for this category in
every window. Confidence intervals remained relatively tight, suggesting reliable and
consistent contribution. FTT’s Diagnoses AAUC was 0.019, with a tight confidence
interval. Engineered features showed moderate positive contributions across all models
and windows. The tree-based models (XGB and RF) benefited most in every window.
This reflects their capacity to leverage temporal inter-encounter signals.

SDoH showed near-zero or slightly negative AAUC across most models and all
windows, with RF consistently falling just below zero. This indicates that removing
SDoH marginally improved its performance. KNN showed a notably negative AAUC
for SDoH across all windows. This suggests that these features introduced noise rather
than signal for this model.

Demographics contributed minimally across most models. XGB, however, showed
a small but consistent positive AAUC for this category across all three windows,
while KNN showed near-zero, non-significant values. FTT’s Demographics AAUC was
negligible and non-significant (0.0003, p=0.36).
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Fig. 7 Ablation analysis results showing AAUC for each feature group across all six models
for the 0-30 day window.

4 Discussion

Patients with T2D face a high and rising burden of ED use. Yet few studies have
predicted these visits within a strictly T2D cohort across multiple time horizons [1, 7,
13]. Among 51,603 patients with T2D, ML models predicted ED visits within 0-30,
30-60, and 60-90 day windows with strong discrimination. XGB and FTT performed
best (AUC ROC up to 0.868). In the 0-30 day window, XGB favored precision, whereas
FTT favored recall. FTT achieved the highest recall (0.668) and F1 score (0.689). This
contrast was specific to that window.

Non-ED encounter count, vital signs, and diagnoses were among the most impor-
tant predictors, whereas ZCTA-level SDoH features added little to discrimination.
FTT performance was broadly equitable across sex. Discrimination and recall were
lower for Hispanic or Latino patients in the 0-30 day window. Discrimination was sim-
ilar across ethnicity in the later windows. Estimates for the smallest racial subgroups
were too unstable to support conclusions about disparities. Finally, F'TT provided the
highest net benefit in the 30-60 and 60-90 day windows. It performed comparably to
XGB in the 0-30 day window. This shows that the model with the best discrimination
does not necessarily offer the greatest clinical utility.

Our preliminary study, available as a preprint, used the same HSX dataset. It
showed that ML could predict ED visits in this population, with top models reach-
ing an AUC of 0.82 [20]. However, the earlier study was conducted at the encounter
level, where each of the 703,065 individual visits constituted a separate prediction
instance. This design conflates patient-level risk with visit frequency. It produces
performance estimates that reflect encounter-level discrimination, rather than the
clinically meaningful question of which patients are at risk.
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The current study is conducted at the patient level. Each of the 51,603 patients is
represented as a single observation per prediction window. The current XGB model
achieved AUC values of 0.847, 0.868, and 0.857 across the 0-30, 3060, and 60-90
day windows, respectively. However, differences in unit of analysis, cohort, and feature
set limit direct comparison. The main contribution of this study is therefore not the
gain in AUC, but a more clinically meaningful framework. This framework identifies
which patients are at risk, anchored at routine encounters, across multiple prediction
windows.

Furthermore, XGB and FTT achieved the strongest discrimination. XGB reached
an AUC ROC of 0.847 in the 0-30 day window and peaked at 0.868 in the 30—60 day
window. FTT’s AUC values (0.849, 0.864, and 0.858) were comparable to XGB'’s, and
the differences were not formally tested. XGB’s high AUC ROC reflects a consistent
ability to rank patients by risk across all decision thresholds. This makes it particu-
larly well suited for risk stratification tasks. Its capacity to capture nonlinear feature
interactions contributed to its robust and stable performance across horizons, even
without class reweighting [30].

RF achieved closely competitive AUC values across all three windows. This is
consistent with related work where ensemble methods have frequently matched or
approached gradient boosting approaches. These comparisons involved predicting ED
visits and adverse outcomes in chronic disease populations [12]. Importantly, both
XGB and RF were among the top performers in the prior study as well. XGB’s strong
performance is more clearly and consistently demonstrated here. This owes to the more
rigorous evaluation framework, including held-out test sets, bootstrapped confidence
intervals, and multi-horizon assessment. These results reinforce the growing consensus
in the clinical ML literature that tree-based ensemble methods remain highly com-
petitive for tabular EHR data. FTT nonetheless performed comparably to XGB in
this study. This consensus holds particularly in settings with class imbalance and high
feature dimensionality [8, 15].

A notable finding is the divergence between XGB’s precision-oriented performance
and FTT’s recall-oriented profile in the 0-30 day window. FTT achieved the highest
recall (0.668) and F'1 score (0.689) there. This divergence was specific to that window.
In the 30-60 day window, XGB had higher recall (0.604 vs. 0.563) and FTT higher
precision (0.757 vs. 0.742). The two models performed nearly identically in the 60-90
day window. At the shortest horizon, FTT may therefore better suit settings where
missing a high-risk patient carries greater consequence than a false positive. This
is particularly relevant in T2D management. Missed high-risk patients may proceed
to costly and avoidable ED visits, hospitalizations, or acute metabolic crises [6, 7].
Depending on the clinical and operational context, practitioners may therefore prefer
FTT or a model ensemble that explicitly balances sensitivity and specificity [13, 15].

GNN and FTT required more compute and offered less direct interpretability than
tree-based models, which may limit scalability in routine clinical deployment. Given
its comparable discrimination to XGB, FTT may not justify its added complexity for
some deployments.

Bootstrap stability analysis confirmed that performance estimates were consistent
across training resamples for LR, KNN, RF, XGB, and FTT in all windows. Intervals
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were narrow for XGB, RF, LR, and FTT, and slightly wider for KNN. The GNN
intervals came from test-set resampling and are not directly comparable.

KNN exhibited high specificity (0.956) but extremely low recall (0.261) and the
poorest F1 score (0.390). This reflects a severe bias toward the negative class that
renders it clinically unsuitable as a standalone screening tool. The pattern is consistent
with its underperformance in the prior study (AUC 0.72) and in related clinical ML
literature [8, 15].

The GNN’s graph-structured message passing did not outperform an architecture-
matched MLP baseline with no message passing in any prediction window. This was
not attributable to an uninformative graph. Edge homophily exceeded the chance
level by 18-21% across all three windows. This confirms that the k-nearest-neighbor
graph does connect patients with concordant outcomes more often than expected. The
GNN-MLP gap therefore more likely reflects limitations of the two-layer GraphSAGE
aggregation used here than an absence of graph-structured signal. This motivates
future work on alternative aggregation functions or clinically informed edge definitions,
rather than abandoning the graph-based approach outright.

Feature importance analyses provided interpretable and clinically grounded
insights consistent across all three prediction windows. Non_ED_count emerged as
the most consistently important predictor across models. It reflects variation in care
engagement intensity among patients who already have some healthcare contact. It
does not distinguish fully engaged from entirely disengaged patients. This is consis-
tent with the broader literature indicating that care continuity is protective against
acute utilization in chronic disease populations [7, 9]. This aligns with findings from
the prior study, where visitation gap and gap difference ranked among the top five
predictors. It reinforces the cross-study stability of healthcare utilization patterns as
a dominant signal [20].

Vital sign features, particularly blood pressure variables (SBP_min, DBP_max),
were dominant predictors in tree-based models across all windows. This underscores
the clinical relevance of hemodynamic status in T2D risk stratification [4, 5]. Symptom-
related CCSR categories (SYM010, SYMO016) and endocrine variables (ENDO011) were
consistently prominent in XGB and, to a lesser extent, KNN. They rarely ranked highly
in the other models. This reflects these models’ capacity to capture disease-specific
signals less salient in other model types.

SDoH variables were prominent in LR’s coefficient structure but contributed min-
imally to AUC in the ablation analysis. This held across all models and prediction
windows, with RF producing slightly negative AAUC values upon SDoH removal.
FTT’s SDoH AAUC was small but positive and significant in the 0-30 and 60-90 day
windows (0.003 and 0.002). It was non-significant in the 30-60 day window (0.0005).

The minimal AUC contribution of SDoH features is best interpreted as a data
linkage limitation rather than clinical irrelevance of social determinants [18, 45]. SDoH
variables were linked at the ZCTA level using the ACS data and therefore reflect
community-level rather than individual-level characteristics. All patients residing in
the same ZIP code were assigned identical values for all 71 SDoH features. These
variables therefore cannot distinguish between patients within the same community
and capture only between-area variation. This substantially attenuates individual-level
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socioeconomic variation and limits the signal available for patient-level prediction. It
likely explains the near-zero or negative AAUC values observed upon SDoH removal.
Future work should incorporate individual-level SDoH measures to more rigorously
evaluate their independent predictive contribution [45, 46].

Notably, XGB showed a small but consistent positive AAUC for demographics
across all three windows. Removing SDoH from KNN actually improved performance
(AAUC —0.016 to —0.025), consistent with KNN’s sensitivity to irrelevant dimensions
in high-dimensional spaces [47]. Patients from the same ZIP code share identical val-
ues on all 71 SDoH features. These features therefore draw patients from the same
area closer together in the distance calculation regardless of their clinical similar-
ity. Together, these findings underscore the importance of model-specific rather than
uniform feature interpretation [37].

The fairness evaluation found broadly equitable performance across sex groups
for FTT across all three prediction windows. It also found broadly similar discrim-
ination across ethnicity groups in the 30-60 and 60-90 day windows. This is an
encouraging finding given growing concerns about algorithmic bias in clinical ML
tools [40, 41]. Performance was consistent between male and female patients. Discrim-
ination was similar between Hispanic/Latino and non-Hispanic/Latino patients in the
30-60 and 60-90 day windows. It was lower for Hispanic/Latino patients in the 0-
30 day window (AUC ROC 0.818 vs. 0.851, with overlapping confidence intervals).
Recall for Hispanic/Latino patients was lower in the 0-30 and 60-90 day windows.
However, estimates for the smallest racial subgroups were unstable. This was par-
ticularly true for Native Hawaiian or Other Pacific Islander patients (n=15 in the
0-30 day test set). Limited sample sizes preclude reliable performance estimation and
conclusions about disparities [48]. This highlights the need for intentional data col-
lection and oversampling strategies for underrepresented groups prior to real-world
deployment [41, 48].

Decision curve analysis confirmed that FTT provides the highest net benefit in
the 30-60 and 60-90 day windows. This held across a clinically meaningful range of
threshold probabilities. FTT performs comparably to XGB in the 0-30 day window.
It consistently outperformed both treat-all and treat-none reference strategies across
all windows. GNN, LR, and RF closely tracked FTT across most thresholds, with
LR representing a practical alternative where interpretability is prioritized [49]. XGB,
despite its high AUC ROC, provided comparatively lower net benefit than the other
tree-based and deep learning models. This was particularly evident in the 30-60 and
60-90 day windows. This underscores that discrimination and clinical utility do not
necessarily favor the same model. KNN’s poor decision curve performance across all
windows reinforces that AUC alone is insufficient for assessing clinical usefulness [39,
50]. Net benefit analysis should therefore be a standard component of clinical ML
evaluation [50].

Several limitations should be acknowledged. The HSX dataset is derived from a
single metropolitan region, which may limit generalizability to other geographic set-
tings or healthcare systems. By restricting index encounters to routine admission
types, this study does not model ED risk prediction from post-discharge or transi-
tional care contexts. This restriction was intentional and methodologically motivated.
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The sliding-window approach was constructed retrospectively, and performance in
prospective or real-time clinical environments may differ. SDoH features were linked
at the ZCTA level using ACS data, which may introduce ecological bias and underes-
timate individual-level socioeconomic variation. Fairness subgroup comparisons were
not corrected for multiplicity. Results should therefore be interpreted with appropriate
caution. Finally, key clinical variables, including medications, HbAlc trajectories, and
self-reported symptoms, were not available in the EHR data. This potentially limits
predictive ceiling performance.

5 Conclusion

This study demonstrates that ML models can reliably predict ED utilization in
patients with T2D using real-world EHR data. Among all models evaluated, XGB and
FTT achieved the strongest discriminative performance, with results closely matched
across the three prediction windows. FTT offered the highest sensitivity in the 0-30
and 60-90 day windows and XGB in the 30-60 day window. This underscores the
value of aligning model selection with clinical objectives. Vital signs and prior health-
care utilization patterns were the most consistently important predictors, providing a
clinically interpretable basis for risk stratification. These findings suggest that routine
encounter-anchored ML prediction frameworks hold meaningful promise for support-
ing proactive T2D care management. They enable clinicians and health systems to
identify high-risk patients before ED visits occur and direct preventive interventions
accordingly.
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Appendix

Baseline demographic characteristics stratified by ED utilization status are summa-
rized in Table 4 for 30-60 and 60-90 day prediction windows.

Table 4 Baseline characteristics of the patients with T2D across 30-60 and 60-90 day prediction

windows.
Characteristics Total ED visit, no ED visit, yes P-value
30-60 days n=51,603 n=35,649 n=15,954
Age 68 [59, 78] 68 [58, 77] 69 [59, 79] <0.001
Sex, n (%) <0.001
Female 26,201 (50.8%) 17,895 (50.2%) 8,306 (52.1%)
Male 22,847 (44.3%) 16,125 (45.2%) 6,722 (42.1%)
Unknown 2,555 (5.0%) 1,629 (4.6%) 926 (5.8%)
Race, n (%) <0.001
American Indian or Alaska Native 154 (0.3%) 108 (0.3%) 46 (0.3%)
Asian 1,604 (3.1%) 1,292 (3.6%) 312 (2.0%)
Black or African American 19,507 (37.8%) 11,906 (33.4%) 7,601 (47.6%)
Native Hawaiian or Other Pacific Islander 47 (0.1%) 31 (0.1%) 16 (0.1%)
White 24,827 (48.1%) 18,367 (51.5%) 6,460 (40.5%)
Unknown 5,464 (10.6%) 3,945 (11.1%) 1,519 (9.5%)
Ethnicity, n (%) 0.618
Not Hispanic or Latino 47,232 (91.5%) 32,605 (91.5%) 14,627 (91.7%)
Hispanic or Latino 1,261 (2.4%) 871 (2.4%) 390 (2.4%)
Unknown 3,110 (6.0%) 2,173 (6.1%) 937 (5.9%)
60-90 days n=51,603 n=36,667 n=14,936
Age 68 [59, 78] 68 [59, 77] 69 [58, 79] <0.001
Sex, n (%) <0.001
Female 26,201 (50.8%) 18,406 (50.2%) 7,795 (52.2%)
Male 22,847 (44.3%) 16,597 (45.3%) 6,250 (41.8%)
Unknown 2,555 (5.0%) 1,664 (4.5%) 891 (6.0%)
Race, n (%) <0.001
American Indian or Alaska Native 154 (0.3%) 114 (0.3%) 40 (0.3%)
Asian 1,604 (3.1%) 1,328 (3.6%) 276 (1.8%)
Black or African American 19,507 (37.8%) 12,239 (33.4%) 7,268 (48.7%)
Native Hawaiian or Other Pacific Islander 47 (0.1%) 37 (0.1%) 10 (0.1%)
White 24,827 (48.1%) 18,915 (51.6%) 5,912 (39.6%)
Unknown 5,464 (10.6%) 4,034 (11.0%) 1,430 (9.6%)
Ethnicity, n (%) 0.415

Not Hispanic or Latino
Hispanic or Latino
Unknown

47,232 (91.5%)
1,261 (2.4%)
3,110 (6.0%)

33,555 (91.5%)
880 (2.4%)
2,232 (6.1%)

13,677 (91.6%)
381 (2.6%)
878 (5.9%)
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Figure 8 and Figure 9 present the AUC ROC curves for all six models for the 30-60
and 60-90 day prediction windows.
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Fig. 8 AUC ROC curves of all six models for the 30-60 day window.

Figure 10 presents the cumulative normalized feature importance scores across all
six models for the 30-60 day prediction window. Figure 11 presents the cumulative
normalized feature importance scores across all six models for the 60—90 day prediction
window.

Figure 12 presents the decision curve analyses for all six models for the 30—60 day
prediction window. Figure 13 presents the decision curve analyses for all six models
for the 60-90 day prediction window.

Figure 14 presents the fairness evaluation of FTT across sex, race, and ethnicity
subgroups for the 30-60 day prediction window. Figure 15 presents the fairness eval-
uation of FTT across sex, race, and ethnicity subgroups for the 60-90 day prediction
window.

Figure 16 presents the ablation analysis results showing AAUC for each feature
group across all six models for the 30-60 day prediction window. Figure 17 presents the
ablation analysis results showing AAUC for each feature group across all six models
for the 60-90 day prediction window.
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Fig. 9 AUC ROC curves of all six models for the 60-90 day window.
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Fig. 10 Cumulative normalized feature importance scores across all six models
for the 30-60 day window.
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Fig. 11 Cumulative normalized feature importance scores across all six models
for the 60-90 day window.
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Fig. 12 Decision curve analyses for all six models across the 30—60 day window.
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Fig. 13 Decision curve analyses for all six models across the 60-90 day window.
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Fig. 14 Fairness evaluation of the FTT across sex, race, and ethnicity subgroups for the
30-60 day window.
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Fig. 15 Fairness evaluation of the FTT across sex, race, and ethnicity subgroups for the
60-90 day window.
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Fig. 16 Ablation analysis results showing AAUC for each feature group across all six

models for the 3060 day window.
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Fig. 17 Ablation analysis results showing AAUC for each feature group across all six

models for the 60-90 day window.
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