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Abstract

Background: Diabetes remains a critical public health issue, affecting millions of individuals and contributing to significant
healthcare costs. Patients with diabetes face elevated risks of emergency department (ED) visits post-hospitalization, driven by
both clinical factors, such as comorbidities, and social determinants of health (SDoH).

Objective: Effective and interpretable predictive models can help identify high-risk patients with diabetes to improve case
management post-hospitalization.

Methods: This study utilized retrospective cohort data from the University of Alabama at Birmingham Medical Center, focusing
on patients with diabetes hospitalized between January 2020 and March 2024. Clinical data and SDoH variables were integrated
into logistic regression, decision trees, and XGBoost models to predict ED visits within three months post-hospitalization.
Performance metrics, such as area under the curve (AUC), precision, sensitivity, and specificity, were used to evaluate the
models.

Results: Key predictors of ED visits included past three-month ED visits, insulin usage (aspart and glargine), and SDoH
indicators such as the Area Deprivation Index and Social Vulnerability Index. XGBoost demonstrated excellent performance
with an AUC of 0.846, outperforming both decision trees and logistic regression, though decision trees provided greater
interpretability.

Conclusions: This study highlights the importance of integrating clinical and SDoH factors to predict post-hospitalization ED
visits, supporting care management in patients with diabetes. While XGBoost provided superior prediction performance, the
trade-off between accuracy and interpretability suggests that decision trees may be better suited for contexts where actionable in-
sights are critical for care providers. Future research should address missing SDoH data and explore the real-world applicability
and scalability of these models.
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Risk Stratification for Post-Hospitalization Case Management in Diabetes: Integrating

Clinical and Socioeconomic Data

Abstract

Background: Diabetes remains a critical public health issue, affecting millions of individuals and
contributing to significant healthcare costs. Patients with diabetes face elevated risks of emergency
department (ED) visits post-hospitalization, driven by both clinical factors, such as comorbidities,
and social determinants of health (SDoH).
Objective: Effective and interpretable predictive models can help identify high-risk patients with
diabetes to improve case management post-hospitalization.
Methods: This study utilized retrospective cohort data from the University of Alabama at
Birmingham Medical Center, focusing on patients with diabetes hospitalized between January 2020
and March 2024. Clinical data and SDoH variables were integrated into logistic regression, decision
trees, and XGBoost models to predict ED visits within three months post-hospitalization.
Performance metrics, such as area under the curve (AUC), precision, sensitivity, and specificity, were
used to evaluate the models.
Results: Key predictors of ED visits included past three-month ED visits, insulin usage (aspart and
glargine), and SDoH indicators such as the Area Deprivation Index and Social Vulnerability Index.
XGBoost demonstrated excellent performance with an AUC of 0.846, outperforming both decision
trees and logistic regression, though decision trees provided greater interpretability.
Discussion: This study highlights the importance of integrating clinical and SDoH factors to predict
post-hospitalization ED visits, supporting care management in patients with diabetes. While
XGBoost provided superior prediction performance, the trade-off between accuracy and
interpretability suggests that decision trees may be better suited for contexts where actionable
insights are critical for care providers. Future research should address missing SDoH data and
explore the real-world applicability and scalability of these models.

1. Introduction

Diabetes is a major global health issue, affecting 38.4 million people in the United States alone and
contributing to an annual healthcare cost of $412.9 billion." Patients with diabetes are at higher risk
of hospital admissions and frequent emergency department (ED) visits,” often due to comorbidities
like heart failure, poor glycemic control, chronic kidney disease, and cardiovascular disease.’
Effective management during the vulnerable period following hospital discharge is critical for
reducing these risks.*”

Diabetes case management is essential during this post-hospitalization period to ensure
continuity of care, adherence to medications, and necessary lifestyle adjustments.>® This period is
especially crucial because gaps in care, medication mismanagement, or worsening of existing
conditions can lead to acute complications.”’® Preventing ED visits during this time not only
improves patient outcomes but also provides operational and financial benefits, easing the burden on

EDs, enabling more efficient use of healthcare resources," and reducing healthcare costs by
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preventing repeat ED visits and hospital readmissions."

Identifying patients most at risk for ED visits is crucial to effective post-hospitalization care,
and predictive models incorporating clinical factors, such as HbA1lc and comorbidities, have become
valuable tools in guiding these efforts.”** However, while clinical variables are important, there is a
growing recognition of the role of social determinants of health (SDoH)—such as socioeconomic
status, access to food, housing stability, and transportation—in influencing healthcare outcomes
(such as ED visits) for patients with diabetes, particularly in vulnerable populations.** There's a
growing recognition of the need for models that incorporate both clinical and SDoH data to better
predict adverse events such as ED visits.*** This study integrates both area-level SDoH data, such as
zip code-derived indices, and individual-level, self-reported SDoH data with clinical factors. The
incorporation of individual-level SDoH leverages the study health system’s initiative to collect
patient-reported information during their routine clinical encounters. This unique combination allows
for more precise modeling and may highlight the importance of collecting SDoH data at various
levels.

Recent advancements in machine learning offer a pathway to better prediction of adverse
outcomes by combining both clinical and SDoH data and capturing their interactions. As models
become more complex, model interpretability is crucial for real-world case management
applications.**® Through frameworks like Interpretable Artificial Intelligence (AI), these models not
only enhance accuracy but also offer valuable insights into the factors driving ED visits.

This study aims to develop predictive models with different levels of model interpretability
for 3-month post-hospitalization ED visits among patients with diabetes by integrating various
clinical data and SDoH. The goal is to evaluate both the accuracy and interpretability of models,
including logistic regression, decision trees, and XGBoost, while visualizing the results to provide
actionable insights to healthcare providers. These insights can support case management to enhance

patient outcomes and optimize resource allocation.
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2. Methods

2.1. Study setting

This study employs a retrospective cohort design using data from the University of Alabama at
Birmingham (UAB) Medical Center, a large academic medical center in the southern United States.
Our study cohort includes patients who have had the following conditions, identified by a HbAlc
level and/or International Classification of Diseases, 10™ Revision (ICD-10)* codes: HbAlc > 6.5%,
diabetes mellitus due to underlying condition (E08), drug or chemical induced diabetes mellitus
(E09), type 1 diabetes mellitus (E10), type 2 diabetes mellitus (E11), other specified diabetes
mellitus (E13), elevated blood glucose level (R73), hypoglycemia (E16.2), foot ulcer (L97.509), or
gastroparesis (K31.84). Data were extracted from electronic health records (EHR) spanning January
2020 to March 2024, covering 162,063 inpatient encounters. The predictive modeling process
involves training and validating statistical and interpretable artificial models using 85% of the data

for model training and 15% for validation.

2.2. Outcome variable

The primary outcome is a binary variable indicating whether a patient had an ED visit for diabetes-
related concerns within three months post-hospitalization (‘Yes’ for an ED visit, ‘No’ otherwise).
This timeframe is clinically and operationally significant as the hospital’s diabetes case manager
follows up on discharged patients during this period (frequently identified as the high-risk period in
the literature*®*). To qualify as a positive outcome, the ED visit must be related to diabetes, as
defined by the ICD-10 codes listed in the 2.1 Study Setting section, either as a primary or secondary
diagnosis. More details on the rationale for the three-month timeframe and the outcome variable are

available in the related research protocol paper.*
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2.3. Predictors
Our predictors included demographic, clinical, and SDoH variables.
2.3.1 Demographic information

Demographic details included age, gender, race, and marital status, all of which have been

extensively associated with diabetes outcomes in the literature.>*

2.3.2 Clinical information

Clinical data were extracted from the EHR, including comorbidities, laboratory test results,
medications, and prior admissions.**** Data cleaning involved standardizing formats, coding missing
values as 'not measured,' and creating categorical variables. Expert clinical inputs from clinician co-

authors and literature guided the transformation of raw data into meaningful predictors (Table 1).

2.3.3 SDoH data

While less commonly applied in predictive modeling, SDoH have been highlighted in explaining
diabetes outcomes, including ED utilization.** We incorporated two types of SDoH data.

Area-level SDoH data: The Area Deprivation Index (ADI), developed by the Health Resources &

Services Administration, a.k.a. HRSA, and reported by the Neighborhood Atlas,** ranks
neighborhoods based on socioeconomic disadvantage (0 for least deprived and 100 for most
deprived) by taking into account factors such as income, education, employment, and housing
quality. The Social Vulnerability Index (SVI), created by the Agency for Toxic Substances and
Disease Registry, includes a wider array of factors, covering not just socioeconomic status but also
minority status, language, and transportation.***° This index offers area-level insights into community
resilience against regional hazards and stressors. Our study used the composite SVI, aggregating data
from four key themes: socioeconomic status, household composition and disability, minority status

and language, and housing type and transportation, reporting rank scores from 0 (least vulnerable) to
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1 (most vulnerable). The Low Income, Low Access (LILA) measure, from the U.S. Department of
Agriculture, identifies food deserts, areas where residents have restricted access to affordable and
nutritious food options.”*> We particularly used the ‘LILATRACTS_1AND10’ variable, which

)52t

indicates limited food access if no grocery store is within one mile (urban) or ten miles (rural

Individual-level SDoH data: Insurance status at admission was categorized into five groups:

commercial, Medicaid, Medicare, uninsured, and unknown. Self-reported SDoH were collected from
the EHR database storing the Protocol for Responding to and Assessing Patient Assets, Risks, and
Experience (PRAPARE) survey responses.” The PRAPARE survey asks 21 questions, covering
personal characteristics, family, resources, and social and emotional health. The tool was
implemented at UAB in January 2020, targeting patients attending community health clinics or EDs
and integrated in UAB’s EHR system.>® The variables from the PRAPARE survey include veteran
status, housing, education, social support, employment status, and unmet needs (e.g., medicine,
healthcare, food, utility, and childcare). Due to the high frequency of missing data in self-reported
SDoH, we opted for a “not measured” category instead of imputation to avoid bias or complicating
result interpretation.””* This approach is especially relevant where missingness might reflect specific
patient circumstances.”® Given that the PRAPARE survey was administered in community health
clinics and ED settings, patients with PRAPARE entries were generally more socioeconomically
vulnerable while missing data may suggest less frequent use of safety-net service due to better access
to care.

While the PRAPARE survey was administered for each patient, our predictive modeling was
done at the level of individual patient visits. For each visit, we used the most recent PRAPARE data.
If no PRAPARE data were available at the time of admission (e.g., an admission prior to the patient’s
first PRAPARE survey), we used the earliest available survey results. We hypothesized that
individual-level SDoH factors remain relatively stable over time for a patient, unlike more dynamic

clinical variables.
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2.4. Predictive modeling

Multiple predictive modeling approaches were applied. We chose logistic regression, decision trees,
and XGBoost methods to perform predictive modeling and check performance metrics. These three
modeling approaches represent a traditional statistical inference-based model, an interpretable
machine learning model, and an advanced, yet less interpretable machine learning model,
respectively. The first 85% of observations were utilized for model training while the remaining 15%
of observations, which are new to the trained model, were reserved for testing the performance and
generalizability of the trained model.

Logistic regression, a widely used traditional statistical model, is favored for its simplicity
and ease of interpretation, making it a mainstay in biomedical research.’"® Tt estimates the
probability of an event by fitting data to a logistic curve. Logistic regression assumes a linear
relationship between independent variables and the log odds of the dependent variable, unless non-

linearity is explicitly accounted for in the model.****

In contrast, Decision Trees are machine learning algorithms that generates interpretable
models. Specifically, we employed the Classification and Regression Trees (CART) method, which
recursively splits the data into subsets based on input feature values, forming a tree-like model of
decisions or outcomes. This structure facilitates both interpretation and visualization of the decision-
making processes, as it illustrates how outcomes are derived. The data splits are optimized to

maximize information gain or minimize impurity, resulting in homogeneous categories.*

XGBoost, a more sophisticated machine learning algorithm, addresses complex data patterns
using an ensemble approach. Through gradient boosting, it sequentially builds decision trees, each
refining the errors of the previous ones.®® This method incrementally combines the predictions of
multiple trees to improve accuracy. XGBoost has demonstrated superior performance in domains

including healthcare.®”
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2.5. Performance measures

We evaluated model performance using sensitivity, precision, specificity, and the area under the
curve (AUC). Sensitivity measures the ability to identify true positives, while specificity assesses
true negative identification. Precision measures the accuracy of positive predictions (i.e., true
positives among all positive predictions). The AUC, widely accepted as a classification performance
metric, provides a more comprehensive measure by assessing the trade-off between sensitivity and
specificity across various prediction probability thresholds. AUC values above 0.7 are considered

t.°* These metrics are crucial in healthcare,

acceptable, and values above 0.8 are deemed excellen
balancing accurate condition identification and minimizing false alarms, which impacts patient care

and resource allocation.

2.6. Feature importance

Feature importance helps interpret model outputs. In this study, we focus on feature importance found
from the XGBoost model due to the model’s holistic way of processing variables (i.e., non-linearity
and interaction across multiple decision trees). While in statistical inference, feature importance is
commonly determined by the p-value of a variable’s coefficient; in machine learning, it is based on the
contribution of each feature to the model's construction or performance. XGBoost uses 'Gain' to assess
a feature’s contribution to model accuracy,® 'Cover' to reflect the number of observations influenced by
a feature,® and 'Frequency' to show how often a feature is used in splits.®® Gain is often prioritized for
its direct link to accuracy, while Cover and Frequency provide context for comprehensive model

interpretation and understanding feature interactions.

3. Results

3.1. Descriptive analysis results

Demographics and Social Determinants of Health.

https://preprints.jmir.org/preprint/ 72624 [unpublished, non-peer-reviewed preprint]
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Table 2 shows results from univariate and bivariate analyses related to patients' ED visit status three
months post-hospitalization. Among 162,063 hospitalizations between January 2020 and March 2024
involving patients with a history of diabetes, 6.2% returned to the ED for diabetes-related reasons
within 3 months post-hospitalization. The average patient age was 56.1 years (SD = 17.9), with
significant differences between those who had an ED visit in the past three months (57.5 years) and
those who did not (56.0 years, t=-10.1, p<.001). Most patients were White (54.8%) and male
(51.6%), with the majority insured by commercial plans (34.5%), followed by Medicaid (32.2%) and
Medicare (24.8%).

The average ADI was 71.7 (SD = 23.1), and the average SVI was 0.57 (SD = 0.29). Of total
visits in the study, 21% are from LILA populations. Significant differences were observed by race,
gender, and insurance type (all p<.001), as well as by ADI (76.4 vs. 71.4), SVI (0.64 vs. 0.57), and
LILA status (31.1% vs. 20.6%, all p<.001) between those with 3-month ED visits and those without.
Unmet needs (care, medication, utilities, and food) also showed significant differences between
groups (all p<.001).

The overall average frequency of ED visits in the past three months was 0.36 times (SD =
1.4), with those who had visited the ED showing significantly higher visit frequency (0.98 vs. 0.32
times, p<.001).

Diabetes Related Comorbidities.

The most common diabetes-related comorbidity in this study was Type 2 diabetes with
hyperglycemia (13.5%), followed by Type 2 diabetes with diabetic chronic kidney disease (11.1%),
Type 2 diabetes without complications (9.7%), and hyperglycemia (6.5%). All other comorbidities
were observed in less than 5% of patient visits.

Patients who had an ED visit within three months post-hospitalization were significantly more likely
to have various diabetes-related comorbidities. Those with Type 2 diabetes with hyperglycemia were

nearly twice as likely to be in the three-month ED visit group compared to those without an ED visit
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(p<.001). Patients with Type 2 diabetes with chronic kidney disease were 2.5 times more likely to
belong to the three-month ED visit group (p<.001). Less common comorbidities, such as diabetic
autonomic neuropathy and gastroparesis, showed even higher odds, with ED visitors being over 5
times more likely to have these conditions (both p<.001).

Surgical Procedures.

The most common surgical procedures observed were cardiovascular (27.3%), digestive (13.4%),
musculoskeletal (12.6%), and nervous system procedures (10.6%). Patients who did not visit the ED
three months post-hospitalization were more likely to have had surgeries during their hospitalization
across all systems. Notably, they were almost twice as likely to have undergone nervous system
(p<.001) or respiratory system procedures (p<.001) during their hospitalization. Additionally, those
without an ED visit post-hospitalization were more than six times as likely to have had a maternity
care and delivery procedure (p<.001) and were about 2.5 times more likely to have undergone
operating microscope, hemic and lymphatic system, or female genital system procedures (all p<.001)
during their hospital stays.

Others.

The majority of patients in this study were obese (41.5%), followed by overweight (26.4%), normal
weight (25.2%), and underweight (4.2%) with a higher proportion of patients with obesity among
those who had 3-month ED visits post-hospitalization. Most had high glucose levels (52.5%), while
most had low (46.2%) or normal (37.2%) eGFR levels with significantly different distributions
between the two 3-month ED visit groups (all p<.001).

Significant differences were found between patients who visited the ED within the three
months post-hospitalization than those who did not based on BMI (p<.001), glucose (p<.001), and
eGFR levels (p<.001).

Most patients used aspart insulin (57.9%), followed by glargine insulin (32.3%) and regular

insulin (16.9%). Patients who visited the ED within the three months post-hospitalization were over
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three times as likely to be on detemir insulin (p<.001) or isophane insulin (p<.001), with higher

likelihoods for all insulin types.

3.2. Predictive analysis results

Figure 1 is a visualization of the decision tree highlighting key risk factors and interactions among
patients with diabetic concerns, aiding in predicting their 3-month ED visit probability. The tree
starts by splitting the data based on a primary feature at the top, distinguishing between patients who
do not meet a certain threshold and those who do. Subsequent splits refine these groups based on
additional factors such as specific thresholds or binary conditions. The numbers in the leaf nodes
indicate the counts of no ED visits (left) and ED visits (right) post-hospitalization respectively. The
red leaf nodes represent the subgroups that have more ED visits than no ED visits. Insulin status,
having a past 3-month ED visit history, and age appear to be the most influential variables. The tree
structure helps identify other critical patterns: patients living in socially vulnerable area or with more
complex comorbidities (e.g., mental, behavioral, and neurodevelopmental disorders) are flagged for
greater ED visit risks. Each pathway in the tree, defined by numerical thresholds or yes/no splits,
represents a patient subgroup with specific characteristics, allowing clinicians to target interventions

for those most likely to return to the ED within three months of discharge.

[Figure 1. Decision tree structure]

Figure 2 presents the Gain, Cover, and Frequency values for the top 20 variables identified by
the XGBoost method, ordered by their Gain measure values. While Figure 1 provided a snapshot of
feature interactions from a single decision tree, Figure 2 offers a more comprehensive view of feature
importance derived from the ensemble of multiple trees. Overall, the feature importance distribution
highlights a mix of clinical, socioeconomic, and demographic factors driving ED visits in this
population. The most influential predictor, as shown by the highest gain value, is having a past 3-

month ED visit, which suggests that previous ED visits are highly indicative of future visits. This is
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followed by the use of aspart insulin and glargine insulin, both showing significant gain and cover
values, indicating their strong influence on model accuracy and the number of patients affected.

Socioeconomic factors, such as the SVI and ADI, also play key roles in predicting ED visits,
as reflected in their relatively high gain, cover, and frequency values. This highlights the importance
of SDoH in understanding healthcare utilization. Age is another prominent predictor, emphasizing
the role of demographics in ED visit risk.

[Figure 2. Feature importance from the XGBoost model]

Among clinical factors, high blood glucose levels, diabetic HbA1c values, and specific ICD-
10 codes, particularly E11.9 (Type 2 diabetes without complications) and E11.22 (Type 2 diabetes
with chronic kidney disease), also contribute notably to the prediction. The model also flags the
influence of race, with Black or African American patients having a significant impact on the
prediction, further underscoring healthcare disparities.

The individual-level SDoH appear less in the most informative feature list. It is likely due to
the prevalence of missing values. Interestingly, the home safety issues predictor was listed in the top
20 list, suggesting that while these factors were recorded for fewer patients, represented by the low
Frequency, they are important when they do appear in the data.

Figure 3 reports the performance comparison across the logistic regression, decision trees,
and XGBoost models for predicting 3-month ED visits post-hospitalization. The AUC graphs show
that XGBoost outperforms the other models with an AUC of 0.846, indicating excellent classification
performance, followed by decision trees (0.810) and logistic regression (0.816). This suggests that
XGBoost has a stronger ability to discriminate between patients who will and will not visit the ED.
Sensitivity is higher in XGBoost (0.296) compared to logistic regression (0.243) and decision trees
(0.240). Although all models struggle with this metric, the overall prevalence of the positive cases
was around 6%, which partially explain the challenge in prediction. Precision is also higher for

XGBoost (0.420) than for logistic regression (0.331) and decision trees (0.335), suggesting XGBoost
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is better at reducing false positives, an important factor in healthcare settings. Lastly, Specificity is
excellent across all models but highest in XGBoost (0.972), closely followed by decision trees
(0.970) and logistic regression (0.967). This means all models are effective at minimizing false
negatives, with XGBoost performing marginally better. In summary, XGBoost consistently
outperforms both logistic regression and decision trees in terms of AUC, sensitivity, precision, and
specificity, making it the strongest model for predicting 3-month ED visits among patients with
diabetic concerns post-hospitalization.

[Figure 3. Model performance comparison]

4. Discussion

The strong predictor, the occurrence of past 3-month ED visits, highlights a behavioral component of
ED utilization, potential underlying health issues, and the important role of SDoH. This suggests that
some patients may habitually use the ED for non-emergency needs, such as refilling prescriptions or
addressing routine health concerns, due to potential challenges in accessing primary care or
outpatient services. It may also reflect underlying health instability or insufficient outpatient care,
where frequent ED visits may indicate unmanaged or poorly controlled chronic conditions that are
often exacerbated by socioeconomic factors.

Insulin glargine is a long-acting insulin that provides a steady, basal level of insulin, often
prescribed to manage chronically elevated blood glucose levels seen in both Types 1 and 2 diabetes
mellitus.”” In contrast, insulin aspart is a rapid-acting insulin used to control blood glucose spikes
after meals.”" The significance of these two types of insulin as predictors suggests that patients using
either one may have more complex or less stable diabetes, making them more prone to acute
episodes that could lead to ED visits. The results may also suggest an increased risk of medication
management (e.g., nonadherence) associated with these two types of insulins that lead to frequent
ED visits.”*”* More research is needed to understand the implications of these medications on ED

visits, as it could represent multiple mechanisms for its contribution such as disease severity,
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medication side effects (hypoglycemia), and medication nonadherence related to cost, storage, or
dosing frequency.

The use of statins, such as atorvastatin and lovastatin, appeared as significant predictors in the
analysis, reflecting their common prescription among patients with diabetes who are at an inherently
higher risk for cardiovascular disease.”>’® The American Diabetes Association standards of care for
diabetes state that statin therapy should be initiated in those with diabetes when one or more
atherosclerotic cardiovascular disease risk factors is present such as hypertension and tobacco use, to
lower the risk of stroke and heart attack.” Patients with these risk factors or underlying
cardiovascular disease and on statin therapy often have more complex overall health that makes them
more likely to experience acute events requiring emergency care.”*” These factors compound the
complexity of diabetes management, underscoring the intricate intersection of diabetes and
cardiovascular health.**®!

Socioeconomic factors, represented by the SVI and the ADI, emphasize the impact of SDoH,
showing how economic and community-level factors can influence healthcare utilization and
potentially overall health, even more so than many traditional clinical variables. Patients from
vulnerable or deprived areas may face barriers to accessing regular diabetes care, leading to
condition exacerbations and subsequent ED visits. The LILA indicator further underscores the
importance of food security in managing diabetes effectively. Notably, "home safety issue" was the
only individual-level SDoH in the top 20 predictors, suggesting that environmental stressors like
unsafe living conditions can interfere with their ability to manage diabetes, such as lack of a safe
space for medication storage, or contribute to psychological stress leading to poor diabetes control
and ED visits. Despite the insights into personal living conditions directly influencing a patient’s risk
of ED visits, high rates of missing data in individual-level SDoH limited their visibility in the model
outcomes.

The presence of specific ICD-10 codes during hospitalization, such as abnormal glucose and
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type 2 diabetes with chronic kidney disease, highlighted the range of key diabetes-related conditions
that influence ED visit risk. These codes suggest that both patients with underlying glucose
abnormalities and those with established complications, such as chronic kidney disease, are at
significant risk for acute emergency intervention. Moreover, mental, behavioral disorders, and
gastroparesis were identified as important predictors for ED visits.

The significant association of race, particularly being Black or African American, with ED
visit risk points to the role of racial disparities in healthcare access and outcomes, which may be
influenced by socioeconomic factors, healthcare access, and systemic inequities. Additionally, the
presence of histories of respiratory or cardiovascular surgical procedures as predictors highlights the
clinical complexity of these patients. Individuals with such medical histories may have underlying
health vulnerabilities or interactions with diabetes that increase their likelihood of experiencing
complications.

In evaluating models, a trade-off between accuracy and interpretability is observed. Logistic
regression, offering the highest interpretability, may lack the capacity to capture complex non-
linearity and interactions. Decision trees provide a middle ground, offering more nuanced decision
paths while maintaining good interpretability. XGBoost delivers superior accuracy by modeling
complex relationships, though its interpretability is lower due to the ensemble nature of the model.

This study has limitations. The high rate of missing data, particularly in individual-level self-
reported SDoH variables, may have affected the model’s performance. While we addressed this by
introducing a “not measured” category to control for potential bias, the lack of comprehensive SDoH
data may have reduced the model's ability to fully capture the influence of these factors. Additionally,
this study assumed that individual-level SDoH factors remain relatively constant over time for a
patient, which may oversimplify their potential variability. Nonetheless, we leveraged the institution’s
initiative to maximize the use of available individual-level SDoH data. It is possible that the study did

not capture patients who sought ED care outside the UAB Medical Center. However, we focused on
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patients who recently experienced hospitalization within the large healthcare system to reduce bias
from those who might seek ED care elsewhere, enabling a system-wide analysis. Future research
should expand to include a larger care network to provide broader public health insights. Lastly, the
generalizability of the findings may be limited, as the study was conducted in a single academic health
system in the southern United States. However, this study setting well represents underserved, diverse
populations with high burdens of disease and significant socioeconomic and healthcare access

challenges.

5. Conclusion

This study developed predictive models for 3-month post-hospitalization ED visits in patients
with diabetes, integrating both clinical and SDoH data. Medication prescriptions, area-level SDoH,
such as SVI and ADI, and past ED visit patterns, emerged as strong predictors. The selection of the
appropriate model depends on the clinical context: decision trees may be preferred when
interpretability is crucial for decision-making, balancing interpretability with accuracy, while
XGBoost may be more suitable when accuracy is prioritized despite lower interpretability. Future
work should address missing data in individual-level SDoH and focus on implementing the most
suitable model to assess its applicability and usability in real-world settings.

Figure Legends

Figure 1. Decision tree structure; SVI: Social vulnerability index; BMI: Body mass index; ICD-10,
F: Mental, behavioral, and neurodevelopmental disorders; ICD-10, K31.84: Gastroparesis.

Figure 2. Feature importance from the XGBoost model; SVI: Social vulnerability index; ADI: Area
deprivation index; ICD-10, R73.9: Hyperglycemia; ICD-10, E11.9: Type 2 diabetes without
complications; ICD-10, E11.22: Type 2 diabetes with diabetic chronic kidney disease; ICD10, F:
Mental, behavioral, and neurodevelopmental disorders; LILA: Low income, low access; ICD-10, O:
Pregnancy, childbirth and the puerperium; ICD-10, E11.42: Type 2 diabetes with diabetic
polyneuropathy.

Figure 3. Model performance comparison; AUC: Area under the curve.
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Table 1. Clinical data items and coding methods; DM: Diabetes mellitus.

Leeeta

Data category | Description and coding | Reference
Diabetes-related comorbidities related to hospitalization
DM due to underlying condition
(E08)
Drug or chemical induced DM
(E09)
Type 1 DM (E10) Binary variable indicating whether each
Type 2 DM (E11) hospitalization is associated with a ICD-10
Other specified DM (E13) specific diagnosis code as either the Code™®
Elevated blood glucose level | primary or secondary diagnosis.
(R73)
Hypoglycemia (E16.2)
Foot ulcer (1.97.509)
Gastroparesis (K31.84)
Surgical procedures during hospitalization
General surgical procedure
Integumentary system
Musculoskeletal system
Respiratory system
Cardiovascular system
Hemic and lymphatic systems
Mediastinum and diaphragm
Digestive system
Urinary system Binary variable indicating whether the
Male genital system . ifi ¢t CPT Code™®
Reproductive system patient unc‘lerwen.t a specific type o
surgery during their hospitalization.
Intersex surgery
Female genital system
Maternity care and delivery
Endocrine system
Nervous system
Eye and ocular adnexa
Auditory system
Operating microscope
procedure
Laboratory test/measure
Measured for 77.7% patient visits. | International
Categorical variable coded as normal Expert
Hemoglobin Alc (HbA1c) (%) | (5.6 and lower), prediabetic (5.7 ~ 6.4), | Committee
diabetic (6.5 and higher), and not | (2009)”, Jeon
measured. et al. (2013)*®
Measured for 97.3% patient visits. | Borrell and
Body mass index (BMI) (kg/m?*) | Categorical variable coded as Samuel
underweight (18.4 and lower), normal (2014)®
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(18.5 ~ 24.9), overweight (25.0 ~ 29.9),
obesity (30.0 and higher), and not
measured.

Fasting blood glucose (mg/dL)

Measured for 63.7% patient visits.
Categorical variable coded as low (69.9
and below), normal (70.0 ~ 100.0),
elevated (100.1 ~ 125.0), high (125.1 and
higher), and not measured.

Nichols et al
(2008)*,
Brambilla et
al. (2011)*

Estimated glomerular filtration

Measured for 95.0% patient visits.
Categorical variable coded as normal (90
and higher), decreased (30.0 ~ 89.9),

Webster et al.

. 2 42
rate (eGFR) (mL/min/1.73m’) severely decreased (15.0 ~ 29.9), failure (2017)
(14.9 and lower), and not measured.
Medication
Insulin, regular
Insulin, lispro
Insulin, detemir
Insulin, isophane
EEEEE’ xtgﬁuf(ljﬁfd Binqry variable indicating Whether the
Insulin’ other medication has been prescribed to the | ElSayed et al.
> patient within the last year from their (2023)*

Statin, atorva

Statin, simva

Statin, prava

Statin, rosuva

Statin, lova

Statin, other

hospitalization.

Table 2. Univariate and bivariate analysis and inferential statistical analysis results; DM:
Diabetes mellitus.
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All 3-Month ED 3-Month t-test / Chi-
Visit — No ED Visit — square
Yes
Count (%) 162,063 151,938 10,125
(100) (93.8) (6.2)
Demographics
Age, mean (SD) 56.1 (17.9) 56.0 (18.0) 57.5(15.2) | t=-10.1, p<.001
Race/ethnicity, N (% of X’=1426.0,
total) p<.001
White 88,794 (54.8) 3,909
84,885 (55.9) (38.6)
Black 64,777 (40.0) 5,739
59,038 (38.9) (56.7)
Asian 3,165 (2.0) 2,866 (1.9) 299 (3.0)
Hispanic 2,717 (1.7) 2,598 (1.7) 128 (1.3)
Arpencan Indian or Alaska | 218 (0.1) 206 (0.1) 12 (0.1)
Native
Native Hawaiian or Other | 17 (0.01)
Pacific Islander 17.(0.01) 0(0)
Other 323 (0.2) 319 (0.2) 4 (0.04)
Gender, N (% of total) ¥’=114.9, p<.001
Female 78,377 (48.4) 5,419
72,958 (48.0) (53.5)
Male 83,686 (51.6) 4,706
78,980 (52.0) (46.5)
Healthcare Utilization
Past 3-month ED Visit _
Frequency, mean (SD) 0.36 (1.4) 0.32 (1.3) 098 (2.4) |t=-27.3, p<.001
Social Determinants of Health
Payer type, N (% of total) ¥*=183.4, p<.001
Commercial 55,895 (34.5) 3,162
52,733 (34.7) (31.2)
Medicaid 52,254 (32.2) 3,833
48,421 (31.9) (37.9)
Medicare 40,202 (24.8) 2,460
37,742 (24.8) (24.3)
Uninsured/Self-pay 13,712 (8.5) | 13,042 (8.6) | 670 (6.6)
ADI, mean (SD) 71.7 (23.1) 71.4 (23.1) 76.4 (21.5) | t=-21.2, p<.001
SVI, mean (SD) 0.57 (0.29) 0.57 (0.29) 0.64 (0.28) | t=-22.9, p<.001
LILA, N (% of total) 34,387 (21.1) | 31,234 (20.6) | 3,153 X’=462.5, p<.001
(31.1)
Unmet needs — Care, N (% | 3,671 (2.3) 3,297 (2.2) 374 (3.7) X’=98.9, p<.001
of total)
Unmet needs — Medication, | 3,981 (2.5) 3,530 (2.3) 451 (4.5) ¥=179.0, p<.001
N (% of total)
24
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Unmet needs — Utilities, N | 1,602 (1.0) 1,366 (0.90) | 236 (2.3) X’=197.4, p<.001
(% of total)
Unmet needs — Food, N (% | 377 (0.23) 314 (0.21) 63 (0.62) ¥*=68.9, p<.001
of total)
Housing Instability x=1729.7,
p<.001
No 788 (0.5) 724 (0.5) 64 (0.6)
Yes 27,435 (16.9) | 24,207 (15.9) | 3,228
(31.9)
Refuse 121 (0.1) 113 (0.1) 8 (0.1)
Not measured 133,719 126,894 6,825
(82.5) (83.5) (67.4)
Stress ¥=1790.9,
p<.001
None 6,092 (3.6) 5,366 (3.5) 726 (7.2)
Little 7,128 (4.4) 6,383 (4.2) 745 (7.4)
Somewhat 6,457 (4.0) 5,655 (3.7) 802 (7.9)
Quite 3,202 (2.0) 2,736 (1.8) 466 (4.6)
Much 1,901 (1.2) 1,659 (1.1) 242 (2.4)
Refuse 1,332 (0.8) 1,199 (0.8) 133 (1.3)
Not measured 135,951 128,940 7,011
(87.6) (84.9) (69.2)
Transportation Issue ¥=1720.5,
p<.001
No issue 22,612 (14.0) | 20,000 (13.2) | 2,612
(25.8)
Issue with medical | 1,995 (1.2) 1,770 (1.2) 225 (2.2)
appointment/getting
medications
Issue with non-medical | 1,720 (1.1) 1,481 (1.0) 239 (2.4)
meetings, work, or
necessities
Other issue 967 (0.6) 835 (0.5) 132 (1.3)
Not measured
Education ¥=1732.7,
p<.001
Less than high school 2,739 (1.7) 2,377 (1.6) 362 (3.6)
High school 11,043 (6.8) | 9,649 (6.4) 1,394
(13.8)
More than high school 7,405 (4.6) 6,520 (4.3) 885 (8.7)
Refuse 4,302 (2.7) 3,904 (2.6) 398 (3.9)
Not measured 136,574 129,488 7,086
(84.2) (85.1) (70.0)
Unmet household needs
past year (multiple choice)
25
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No 14,980 (9.24) | 13,341 (8.8) | 1,639 ¥*=619.9, p<.001
(16.2)
Care 3,671 (2.3) 3,297 (2.2) 374 (3.7) ¥*=98.9, p<.001
Medication 3,981 (2.5) 3,530 (2.3) 451 (4.5) ¥*=179.0, p<.001
Utilities 1,602 (1.0) 1,366 (0.9) 236 (2.3) ¥*=197.4, p<.001
Food 377 (0.2) 314 (0.2) 63 (0.6) ¥’=68.9, p<.001
Cloth 80 (0.1) 64 (0.1) 16 (0.2) ¥’=23.5, p<.001
Phone 208 (0.1) 197 (0.1) 11 (0.1) x*=0.2, p=.67
Childcare 78 (0.1) 69 (0.1) 9 (0.1) ¥*=2.9, p=.09
Not measured 140,701 133,002 7,699 ¥*=1095.5,
(86.8) (87.5) (76.0) p<.001
Work status/employment ¥=1954.1,
p<.001
Unemployed 12,421 (7.7) | 10,960 (7.2) | 1,461
(14.4)
Employed 15,631 (9.6) | 13,880 (9.1) | 1,751
(17.3)
Retire 3,752 (2.3) 3,386 (2.2) 366 (3.6)
Disable 5,752 (3.5) 4,834 (3.2) 918 (9.1)
Part time 939 (0.6) 829 (0.5) 110 (1.1)
Refuse 956 (0.6) 849 (0.6) 107 (1.1)
Not measured 122,612 117,200 5,412
(75.7) (77.1) (53.4)
Physical and emotional x=1838.3,
safety p<.001
No 830 (0.5) 715 (0.5) 115 (1.1)
Unsure 301 (0.2) 261 (0.2) 40 (0.4)
Yes 20,303 (13.4) | 2,848
23,151 (14.3) (28.1)
Refuse 2,586 (1.6) 2,417 (1.6) 169 (1.7)
Not measured
Diabetes-Related Comorbidities
DM due to underlying | 520 (0.32) 467 (0.31) 53 (0.52) ¥*=13.2, p<.001
conditions (E08)
Drug or chemical induced | 371 (0.23) 347 (0.23) 24 (0.24) x*=0.01, p=.94
DM (E09)
Type 1 DM (E10) 3,579 (2.2) 2,876 (1.9) 703 (6.9) x’=1118.7,
p<.001
Type 2 DM  with | 755(0.47) 688 (0.45) 67 (0.66) ¥x*=8.5, p<.01
ketoacidosis (E11.1)
Type 2 DM with diabetic | 918 (0.57) 759 (0.50) 159 (1.6) ¥*=191.4, p<.001
nephropathy (E11.21)
Type 2 DM with diabetic | 17,947 (11.1) | 15,512 (10.2) | 2,435 x’=1844.9,
chronic  kidney disease (24.0) p<.001

(E11.22)
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Type 2 DM  with | 2,398 (1.5) 1,964 (1.3) 434 (4.3) X’=581.6, p<.001
ophthalmic complications
(E11.3)
Type 2 DM with diabetic | 7,231 (4.5) 6,060 (4.0) 1,171 x=1276.7,
neuropathy (E11.40) (11.6) p<.001
Type 2 DM with diabetic | 4,985 (3.1) 4,080 (2.7) 905 (8.9) x’=1242.8,
polyneuropathy (E11.42) p<.001
Type 2 DM with diabetic | 1,374 (0.85) | 1,016 (0.67) | 358 (3.5) ¥=1924.8,
autonomic p<.001
(poly)neuropathy (E11.43)
Type 2 DM  with | 7,013 (4.3) 6,029 (4.0) 984 (9.7) ¥*=756.8, p<.001
circulatory complications
(E11.5)
Type 2 DM with diabetic | 243 (0.15) 312 (0.14) 30 (0.30) x’=14.4, p<.001
arthropathy (E11.61)
Type 2 DM with skin | 1,792 (1.1) 1,461 (0.96) | 331 (3.3) X*=460.1, p<.001
complications (E11.62)
Type 2 DM  with | 4,311 (2.7) 3,766 (2.5) 545 (5.4) ¥x*=308.1, p<.001
hypoglycemia (E11.64)
Type 2 DM  with | 21,802 (13.5) | 19,337 (12.7) | 2,465 x*=1099.6,
hyperglycemia (E11.65) (24.3) p<.001
Type 2 DM with other | 2,241 (1.4) 1,864 (1.2) 377 (3.7) ¥x*=432.1, p<.001
specified complication
(E11.69)
Type 2 DM without | 15,767 (9.7) | 14,281 (9.4) | 1,486 x>=300.4, p<.001
complications (E11.9) (14.7)
Other specified DM (E13) | 237 (0.15) 198 (0.13) 39 (0.39) x’=40.5, p<.001
Hyperglycemia (R73.9) 10,500 (6.5) | 10,452 (6.9) | 48 (0.47) ¥’=641.6, p<.001
Hypoglycemia (E16.2) 2,453 (1.5) 2,418 (1.6) 35 (0.35) ¥*=98.0, p<.001
Gastroparesis (K31.84) 2,296 (1.4) 1,747 (1.1) 549 (5.4) X’=1237.5,
p<.001
Surgical Procedures
General 213 (0.13) 200 (0.13) 13 (0.13) x*=0.0, p=1
Integumentary system 13,067 (8.1) | 12,406 (8.1) | 661 (6.5) ¥*=34.1, p<.001
Musculoskeletal system 20,484 (12.6) | 19,543 (12.9) | 941 (9.3) ¥x°=109.2, p<.001
Respiratory system 14,705 (9.1) | 14,224 (9.4) | 481 (4.8) ¥’=244.1, p<.001
Cardiovascular system 44,299 (27.3) | 42,190 (27.8) | 2,109 ¥X*=229.7, p<.001
(20.8)
Hemic and lymphatic | 2,791 (1.7) 2,715 (1.8) 76 (0.75) ¥*=59.6, p<.001
systems
Digestive system 21,641 (13.4) | 20,425 (13.4) | 1,216 ¥*=16.7, p<.001
(12.0)
Urinary system 4,999 (3.1) 4,725 (3.1) 274 (2.7) ¥*=5.0, p<.05
Male genital system 287 (0.18) 276 (0.18) 11 (0.11) X°=2.5, p=.12
Female genital system 2,156 (1.3) 2,095 (1.4) 61 (0.60) ¥=43.0, p<.001
27
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Maternity care and delivery | 5,259 (3.2) 5,204 (3.4) 35 (0.54) %x°=250.2, p<.001
Endocrine system 335 (0.21) 323 (0.21) 12 (0.12) x*=3.6, p=.06
Nervous system 17,246 (10.6) | 16,616 (10.9) | 630 (6.2) ¥*=221.3, p<.001
Auditory system 156 (0.10) 148 (0.10) 8 (0.08) x*=0.2, p=.68
Operating microscope | 672 (0.41) 655 (0.43) 17 (0.17) ¥*=15.3, p<.001
procedures
BMI ¥’=221.5, p<.001
Normal 40,768 (25.2) | 38,532 (25.4) | 2,236
(22.1)
Underweight 6,863 (4.2) 6,503 (4.3) 360 (3.6)
Overweight 42,821 (26.4) | 40,282 (26.5) | 2,539
(25.1)
Obesity 67,293 (41.5) | 62,451 (41.1) | 4,842
(47.8)
Not measured 4,318 (2.7) 4,170 (2.7) 148 (1.5)
HbAlc X’=5548.5,
p<.001
Normal 43,211 (26.7) | 42,001 (27.6) | 1,210
(12.0)
Prediabetic 36,248 (22.4) | 34,268 (22.6) | 1,980
(19.6)
Diabetic 46,495 (28.7) | 40,414 (26.6) | 6,081
(60.1)
Not measured 36,109 (22.3) | 35,255 (23.2) | 854 (8.4)
Blood Glucose X=3839.2,
p<.001
Normal 17,483 (10.9) | 16,350 (10.8) | 1,133
(11.2)
Low 589 (0.36) 553 (0.36) 36 (0.36)
High 85,032 (52.5) | 76,946 (50.6) | 8,086
(79.9)
Critical 199 (0.12) 193 (0.13) 6 (0.06)
Not measured 58,760 (36.3) | 57,896 (38.1) | 864 (8.5)
eGFR X’=1297.8,
p<.001
Normal 60,271 (37.2) | 57,409 (37.8) | 2,862
(28.3)
Low 74,889 (46.2) | 69,999 (46.1) | 4,890
(48.3)
Severely low 9,686 (6.0) 8,787 (5.8) 899 (8.9)
Failure 9,145 (5.6) 7,929 (5.2) 1,216
(12.0)
Not measured 8,072 (5.0) 7,814 (5.1) 258 (2.5)
Insulin
Insulin Regular 27,314 (16.9) | 23,281 (15.3) | 4,033 ¥’=4067.4,
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(39.8) p<.001

Insulin Isophane 11,961 (7.4) | 9,933 (6.5) 2,028 X=2525.9,
(20.0) p<.001

Insulin Aspart 93,836 (57.9) | 84,717 (55.8) | 9,119 x*=4581.9,
(90.1) p<.001

Insulin Glargine 52,332 (32.3) | 45,495 (29.9) | 6,837 ¥*=6130.6,
(67.5) p<.001

Insulin Detemir 4,233 (2.6) 3,451 (2.3) 782 (7.7) ¥=1107.1,
p<.001
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Decision tree structure.
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Feature importance from the X GBoost model.
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