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ABSTRACT

Hospital readmissions is a key metric of evaluating healthcare quality, efficiency of
care coordination, discharge planning, and follow-up care. Readmissions, defined as
a patient’s re-hospitalization within a specified period, such as 30 days, are frequently
associated with incomplete treatments, medication errors, or inadequate follow-up care.
Diabetes-related hospitalizations which account for a significant percentage of these
readmissions in the United States is a critical and rising concern to healthcare authorities
and the number is increasing year by year. From 2016 to 2019, diabetes-related 30-day
readmission rates consistently surpassed all-cause readmissions (readmissions due to
any medical condition), averaging approximately 19.5% compared to 13.9%. Diabetes-
related readmissions incurred substantial financial and emotional costs, with aggregate
re-hospitalization costs rising from $11.23 billion in 2016 to $14.03 billion in 2019. These
highlight the importance of targeted interventions to mitigate risks associated with
readmissions. With the growing availability of large-scale healthcare data repositories
and computing resources, it is possible to address critical challenges involved in
hospital readmissions using predictive analytics. This study utilizes the Healthcare Cost
and Utilization Project (HCUP) Nationwide Readmissions Database (NRD) from 2016 to
2019 to develop machine learning (ML) models for predicting 30-day readmissions for
diabetic patients. Using diverse attributes/factors such as patient demographics, hospital
characteristics, payer type, and discharge disposition, this research explores how predictive
modeling approach based on healthcare data repositories can generate actionable
insights to improve diabetes-related patient outcomes. Independent predictors identified
include payer type, disposition type, and median household income demonstrating
significant predictive values across ML algorithms. Ensemble approaches such as Boosted
Trees and Bootstrap Forest outperformed traditional methods, achieving Area Under
Receiver Operating Characteristics (AUROC) scores of 0.7417 and 0.6978, respectively,
while maintaining low misclassification rates (31.4% for Boosted Trees). These results
highlight the potential of ML models trained on large-scale datasets to optimize care
coordination. The findings of this study emphasize the importance of socioeconomic and
institutional factors in predicting diabetes-related readmissions and the role of data-driven
methodologies in advancing healthcare. This study contributes to the broader application of
predictive analytics in healthcare offering scalable solutions to lower readmissions using
healthcare data repositories. Future directions include the refinement of ML models and
comparisons with existing studies to improve predictive accuracy and healthcare delivery
for diabetic patients.
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INTRODUCTION

Hospital readmission is defined as a patient’s hospital visit or re-
hospitalization after discharge within a specific period to the same or
different medical institution (Wang and Zhu, 2022). Hospitalization often
signifies the critical state of a patient’s health and the requirement for
managed care within a medical setting. However, readmission is commonly
perceived as a breakdown in care coordination, especially in transferring
patients between facilities or to their homes within a specified timeframe,
e.g. 30 days (Smeraglio et al., 2019). Consequently, hospital readmissions
imply in-complete treatments, negligence from healthcare service providers
(e.g., doctors, nurses), unsuccessful procedures, or medication errors during
previous hospital visits (Wang and Zhu, 2022). Hospital readmissions
pose dual challenges, financial and emotional, for patients and healthcare
providers (Economic & Emotional Cost of Hospital Readmissions, 2021).
With hospital readmissions resulting from diverse and complex factors
and their associated socio-economic burden, their detailed assessment
and critical analysis have been central to US healthcare research, and
‘hospital readmission’ is used as a key benchmark for studies (Centers for
Disease Control and Prevention (CDC), 2022; United Health Foundation,
2021).

A significant area of healthcare analytics research involves identifying and
evaluating risk factors contributing to hospital readmissions among diabetic
patients (Boreland et al., 2015, Kukde, Chakraborty, and Shah, 2024; Wang
and Zhu, 2022). Diabetes is a growing global health concern, driven by aging
populations, increased life expectancy, and lifestyle factors. Diabetes-related
complications were the third most common cause of 30-day readmissions,
contributing to 32% of total readmissions (Kukde, Chakraborty, and Shah,
2024; Weiss and Jiang, 2018). International Diabetes Federation (2021)
reported 1.2 million children (0–19 years) and 537 million adults (20–79
years) living with either type 1 or type 2 diabetes and gestational diabetes
affected 16.7% of pregnancies in 2021. By 2030, a minimum of 100 million
individuals in the US alone are estimated to have diabetes (International
Diabetes Federation, 2021).

With an average hospital stay of 4.66 days, diabetes-related
hospitalizations cost $12.8 billion in 2018, raising concerns about
increasing healthcare expenditure (Fingar and Reid, 2021). Table 1 presents
a comparison of 30-day readmission rates for all-cause and diabetes-
related hospital admissions from 2016 to 2019. Over the four-year
period, diabetes-related index admissions increased by 11.3%, reflecting a
significant rise in hospitalizations for diabetes complications. The 30-day
all-cause readmission rate exhibited minor variations over the years, rising
from 13.93% in 2016 to 14.02% in 2019. During the same period,
diabetes-related 30-day readmissions remained significantly higher at
approximately 19.5%.
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Table 1: Comparison of all-cause and diabetes-related index admissions and 30-day
readmissions (2016–2019).

Comparison 2016 2017 2018 2019

All cause index
admissions

28,072,376 28,319,988 28,189,009 28,145,595

All cause 30-day
readmissions

3,909,429 3,930,405 3,914,470 3,946,573

All cause 30-day
readmissions rate

13.93% 13.88% 13.89% 14.02%

Diabetes-related index
admissions

330,757 360,437 367,109 368,267

Diabetes-related 30-day
readmissions

64,404 70,739 70,956 70,530

Diabetes-related 30-day
readmissions rate

19.47% 19.63% 19.33% 19.15%

These trends highlight the urgent need for further exploration of
socioeconomic and institutional factors influencing hospital readmissions
and how data-driven methodologies can enhance healthcare strategies.

ROLE OF DATA-DRIVEN METHODOLOGIES IN ADVANCING
HEALTHCARE

Studies show that key risk factors for hospital readmissions include lower
socioeconomic status, racial/ethnic minority status, comorbidities, insurance
type, emergent or unplanned admissions, and prior hospitalizations (Rubin,
2015). Social determinants of health, including age, gender, and ethnicity,
influence diabetes prevalence, with older adults (65+) exhibiting the highest
rates at 29.2% in 2019 (CDC, 2022). Hospitals serving low-income patients
and those with inadequate care facilities contribute significantly to higher
readmission rates, emphasizing the need to lower hospital stays (Yu and
Rouse, 2017; Chakraborty et al., 2021). Additionally, lifestyle factors such as
smoking, obesity, and physical inactivity increase diabetes risks, while patient
education, self-management strategies, and strong support systems have been
found to improve disease management (CDC, 2022; Solberg et al., 2004;
Trief et al., 2004; Sedor, 2006).

An important component of modern healthcare analytics is the application
of data-driven methodologies, including predictive analytics and machine
learning models, to improve decision-making, reduce readmission rates,
lower readmission-related costs, and enhance post-discharge strategies
(Kukde, Chakraborty, and Shah, 2024; Wang and Zhu, 2022). Mahmoudi
et al. (2020) observed that prediction models utilizing electronic medical
records demonstrated efficient predictive performance emphasizing the
critical role of data-driven methodologies in hospital readmission risk
assessment. Literature studies show that logistic regression models have been
widely employed to assess readmission risks among patients with diabetes
(Rubin et al., 2023; Timple and Kawar, 2022; Shaka, 2022; Vasireddy et al.,
2021). Various machine learning (ML) approaches have been explored in
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recent studies for analyzing healthcare data repositories to predict hospital
readmissions (Parajuli, Parajuli, and Guragai, 2022). Shang et al. (2021)
and Neto et al. (2021) analyzed diabetes-related hospital readmissions using
ML techniques, applying different modeling approaches to the Health Facts
Database (Cerner Corporation, US) from 1999–2008.

To gain deeper insights into diabetes-related hospital readmissions, this
study utilized a large-scale healthcare data repository to explore the
socioeconomic and institutional factors influencing patient outcomes. In this
study, we analyzed the Healthcare Cost and Utilization Project’s Nationwide
Readmissions Database (NRD) spanning 2016–2019 (Agency for Healthcare
Research and Quality, 2020) to explore key factors influencing diabetes-
related hospital readmissions, including patient demographics, hospital
characteristics, payer type, and discharge disposition. Driven by the
critical need to reduce preventable diabetes-related readmissions, this study
examined: How can healthcare data repositories and advanced machine
learning approaches be utilized to develop scalable, data-driven solutions for
predicting and preventing 30-day hospital readmissions?

EXAMINING THE NRD DATASET: VARIABLE SELECTION AND DATA
CHARACTERISTICS

The Nationwide Readmissions Database (NRD), part of the Healthcare
Cost and Utilization Project, provides nationally representative data on
hospital readmissions for all ages, addressing a critical gap in healthcare
research (Vuddanda et al., 2019). Developed through a Federal-State-
Industry partnership and sponsored by the Agency for Healthcare Research
and Quality (AHRQ), the NRD enables the study of readmission patterns,
healthcare delivery, and patient outcomes at multiple levels (Agency for
Healthcare Research and Quality, 2020). NRD datasets from 2016–2019
were utilized for this study. The primary outcome of interest was 30-day
readmissions (Yes/No) in the NRD for patients hospitalized due to primary
diagnosis of diabetes. Index admissions for diabetes-related hospitalizations
were identified and filtered to include only patients over 18 years old,
excluding elective hospitalizations. December hospitalizations were removed
due to the lack of adjoining 30-day readmission period in NRD data, and
cases involving in-hospital mortality were also excluded. The study cohort
was defined using patient demographics, including age (groups: 18-44, 45-64,
and 65+ years), sex, median household income, patient location, length
of stay, total hospital charges, payer status, and discharge disposition to
analyze readmissions. Additionally, hospital characteristics such as urban-
rural location, hospital teaching status, bed size, and hospital control were
used as covariates in the study.

ASSESSING HOSPITAL READMISSION RISK FACTORS: MACHINE
LEARNING-BASED PREDICTIVE FRAMEWORK

NRD data from 2016–2019 was analyzed using IBM SPSS Statistics 28 and
RStudio 2023.06.0 to derive index admission and readmission variables.
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We specifically examined the categories: no readmissions and readmissions
based on the index admission records that satisfied the inclusion criteria.
The predictor variables were recoded and weighted analysis was conducted
to obtain 100% of US hospitalizations and readmissions within a given
year. Chi-square and ANOVA were used to understand the significance and
differences in the characteristics of these variables. The level of significance
was fixed at 0.05.

Prediction models based on multi-layer perceptron (MLP), radial basis
function (RBF), random forest (RF), Naïve Bayes (NB), and decision trees
(DT) were developed in this study. To explore ensemble techniques, both
random forest and decision tree approaches were incorporated by utilizing
bootstrapping and boosting methodologies with 5000 cross validations to
gain valuable insights into the factors influencing readmission outcomes
for diabetes patients. The study sample was randomly divided into training
(70%) and testing (30%) sets. Class imbalance was observed in the
original datasets, with the no-readmission class significantly outweighing
the readmission class. To mitigate this bias and enhance machine learning
classifier performance, data resampling techniques were applied. The
area under the receiver operating characteristics curve (AUROC) and
misclassification rates were utilized as the performancemetrics for comparing
these models.

Table 2: Baseline patient and hospital characteristics of diabetes-related index
admissions categorized by 30-day readmissions from 2016–2019.

Variable Index
Admission

30-day
Readmission

SE p value

Total 1426570 276629

Age <0.001*

18–44 years 541324 (37.9%) 90857 (32.8%) 0.0011
45–64 years 515179 (36.1%) 107034 (38.6%) 0.0014
65+ years 370069 (25.9%) 78798 (28.4%)

Sex <0.001*
Female 761696 (53.3%) 145403 (52.5%) 0.0009
Male 664875 (46.6%) 131226 (47.4%) 0.0010

Disposition Type <0.0001*
Routine 1008694

(71.7%)
194277 (67.9%) 0.0007

Transfer to other
facility

144209 (10.1%) 39031 (13.6%) 0.0023

Home health care 197405 (13.9%) 38581 (13.4%) 0.0020
Against Medical
Advice

68883 (4.8%) 14119 (4.9%) 0.0038

Payer Type <0.0001*
Medicare 560784 (41.1%) 125689 (45.6%) 0.0011
Medicaid 371247 (27.2%) 84298 (30.6%) 0.0014
Private Insurance 309129 (22.6%) 49945 (18.1%) 0.0012
Self-pay 126169 (9.2%) 15852 (5.8%) 0.0021

Continued
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Table 2: Continued

Variable Index
Admission

30-day
Readmission

SE p value

Patient Location <0.001*
Central (metro)> 1M 384340 (26.9%) 84773 (27.7%) 0.0013
Fringe (metro) > 1M 340064 (23.8%) 81588 (26.9%) 0.0014
Metro 250K–999K 313126 (21.9%) 60867 (19.9%) 0.0015
Metro 50K–249K 138696 (9.7%) 29494 (9.6%) 0.0022
Micropolitan county 135010 (9.5%) 26839 (8.8%) 0.0022
Not metro / micro
county

115334 (8.1%) 22122 (7.2%) 0.0024

Median Household
Income

<0.001*

Quartile 1 (Q1) 578183 (40.5%) 113726 (41.1%) 0.0011
Quartile 2 (Q2) 387862 (27.2%) 74392 (26.9%) 0.0013
Quartile 3 (Q3) 290354 (20.4%) 57992 (20.9%) 0.0014
Quartile 4 (Q4) 170170 (11.9%) 30886 (11.2%) 0.0018

Hospital Teaching
Status

<0.001*

Metropolitan,
non-teaching

342436 (24.1%) 60368 (20.1%) 0.0013

Metropolitan,
teaching

906423 (63.5%) 193163 (64.4%) 0.0008

Non-metropolitan 177711 (12.5%) 46225 (15.4%) 0.0018

Hospital Control <0.001*

Government,
non-federal

172744 (12.1%) 41633 (11.4%) 0.0018

Private, non-profit 1032496
(72.4%)

265288 (72.4%) 0.0007

Private, invest-owned 221333 (15.5%) 59249 (16.2%) 0.0016

Hospital Location <0.001*

Large Metropolitan 749374 (54.5%) 145450 (53.1%) 0.0009
Small Metropolitan 499484 (36.3%) 98876 (36.1%) 0.0011
Micropolitan 127326 (9.3%) 29446 (10.8%) 0.0021

Hospital Bed Size <0.001*

Small 281424 (19.7%) 51835 (18.5%) 0.0013
Medium 407356 (28.6%) 76610 (27.4%) 0.0012
Large 737790 (51.7%) 151493 (54.1%) 0.0009

To assess predictors of unplanned 30-day readmission, 1,426,571 patients
were identified as index admissions for diabetes related complications
from 2016–2019. There were 276,628 (19.8%) unplanned readmissions
within a 30-day period. Table 2 presents the baseline patient demographics
and hospital characteristics for the study cohort of total diabetes-related
index admissions and corresponding 30-day readmissions for 2016–
2019. Multicollinearity tests were conducted to understand correlations
among these predictor variables. The teaching status of hospitals was
found to be correlated with urban-rural designation, patient location,
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and control/ownership of hospitals. Additionally, patient location was
strongly correlated with urban-rural designation of hospitals. Among patient
characteristics, there was a positive correlation between patients’ age and
payer type and negative correlation between patients’ age and disposition
type. Based on these analyses, independent predictor variables of payer
type, disposition type, hospital teaching status, bed size, income, and sex
were included for developing ML models for the prediction of 30-day
readmissions.

Evaluating Predictive Accuracy: AUROC and Error Analysis

AUROC scores were obtained for different machine learning algorithms for
the training and testing datasets. Table 3 shows the evaluation of AUROC
values and misclassification rates for ML algorithms used for predictive
modeling of 30-day readmissions in the US from 2016–2019. Among the
methods used, the AUROC of neural network-based approaches: MLP
(AUROC, 0.6075), RBF (AUROC, 0.6192), MLP with boosting and k-fold
validation (AUROC, 0.6271) were significantly higher than NB model
(AUROC, 0.6012). However, it was significantly lower than the DT based
model (AUROC, 0.6709) and RF based model (AUROC, 0.6376). Using
ensemble method of bootstrapping for RF based model and boosting for DT
based model with 5000 cross validations, improved AUROC characteristics
were achieved. There was significant increase in AUROC values for Bootstrap
Forest (AUROC, 0.6978) and Boosted Tree (AUROC, 0.7417) over other
predictive models. The AUROC characteristics for twomodels with improved
performance over other methods are depicted in Fig. 1. The percentage of
misclassifications was found to be approximately 34% for NB and RBF
models, while it was approximately 35% for MLP based classification
models. Slightly lower misclassification rates were observed for DT and
RF-based methods. The misclassification rates were 0.332, 0.341, 0.330,
and 0.314 for DT, RF, Bootstrap Forest, and Boosted Tree methods,
respectively.

Table 3: Evaluation of AUROC and misclassifications of machine learning algorithms
for predictive modeling of 30-day readmissions in the US from 2016–2019.

Algorithm AUROC 95% CI Misclassification
Rate

Naïve Bayes (NB) 0.6012 0.5845–0.6089 0.348
Multilayer Perceptron (MLP) 0.6075 0.5935–0.6208 0.358
Radial Basis Function (RBF) 0.6192 0.6087–0.6203 0.349
MLP with boosting and k-fold
validation (k = 10)

0.6271 0.6199–0.6324 0.353

Decision Trees (DT) 0.6709 0.6644–0.6865 0.332
Random Forest (RF) 0.6376 0.6254–0.6432 0.341
Bootstrap Forest (5000 cross
validations)

0.6978 0.6803–0.7218 0.330

Boosted Tree (5000 cross
validations)

0.7417 0.7356–0.7478 0.314
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Figure 1: Comparison of AUROC results for ensemble methods: (a) Bootstrap Forest
and (b) Boosted Tree for predicting 30-day readmissions in the US from 2016–2019.

Identifying Key Predictor Variables Using ML Models

The importance of predictor variables in ML-based models was evaluated to
identify key factors influencing 30-day readmissions. Three most important
variables were identified as disposition type, payer type, and median
household income for predicting readmission rates. In addition, the sex of
the patient, and hospital bed size were found to be relatively important
for predicting 30-day readmissions. Since hospital control/ownership was
correlated with hospital teaching status, one of these variables was included
in the ML model at a time. These two models were developed using the
boosted tree approach and compared to understand the relative importance
of predictor variables. As shown in Fig. 2, inModel 1, the relative importance
of payer type, disposition type, median household income, hospital teaching
status, sex of patient and bed size of hospitals was obtained as 28.7%,
21.69%, 17%, 12.15%, 11.37%, and 9.1%, respectively. After including
control/ ownership of hospitals instead of hospital teaching status, the
importance of payer type, disposition type, median household income, bed
size of hospitals, sex of patient, and teaching status were found as 38.16%,
26.93%, 14.15%, 11.81%, 7.79%, and 1.17%, respectively. The significance
of insurance status and discharge disposition was predominantly evident
through these models for 30-day readmission risk in the cohort studied.

Payer type emerged as the strongest predictor of hospital readmissions,
contributing 28.7% in Model 1 and 38.16% in Model 2. These findings
highlight their critical role in informing policymakers, healthcare providers,
and insurers to develop policies aimed at reducing readmission rates.
Disposition type was among the top three predictors indicating that post-
discharge placement significantly influences the risk of readmission. The
predictive models identified median household income as a significant factor
that aligns with existing evidence of healthcare disparities and poorer
outcomes among low- and middle-income groups (Milto et al., 2022),
emphasizing the need for targeted interventions to address socioeconomic
inequalities in healthcare.
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Figure 2: Comparison of relative importance of predictor variables for Boosted Tree
models for predicting 30-day readmissions in the US from 2016–2019.

Strengths, Limitations, and Future Work

A key strength of this study is its use of nationwide datasets, covering 97%
of the U.S. population, enabling a comprehensive analysis of diabetes-related
hospitalizations. The large sample size and nationally representative data
provide deeper insights into 30-day readmissions. Unlike previous studies
that examined individual factors in isolation, this study takes a holistic
approach by integrating patient demographics, healthcare system variables,
and socioeconomic factors to offer a more comprehensive understanding
of diabetes-related hospital readmissions. However, the NRD used in this
study does not include race/ethnicity data, limiting the ability to assess
health disparities for 30-day readmissions. Additionally, some predictor
variables had low-frequency classification categories, necessitating their
exclusion to maintain the reliability of statistical estimates in the models.
Diabetes is a complex condition with comorbidities and complications.
While this study provides a detailed analysis of patient demographics,
hospital characteristics, and readmission rates, further research directions
may include exploring comorbidities, lab results, and treatment history
as independent predictors and focus on reducing healthcare disparities to
improve patient outcomes. Future work could compare the results of ML
models in this study with various other models available in the literature
to enhance the understanding of risk factors for readmissions. Additionally,
incorporating robustness checks on model assumptions and evaluating
alternative approaches would reinforce the reliability and applicability of the
findings.
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CONCLUSION

Hospital readmissions, particularly for diabetes-related complications,
present a major challenge for healthcare systems, requiring data-driven
solutions for effective management. This study utilized the Healthcare
Cost and Utilization Project (HCUP) Nationwide Readmissions Database
(NRD) from 2016 to 2019, applying machine learning models to predict
30-day diabetes-related readmissions. Findings indicate that socioeconomic
factors such as payer type and median household income, and discharge
disposition significantly influence readmission risks. Machine learning
algorithms, particularly ensemble models, demonstrated superior predictive
performance, with Boosted Trees achieving an AUROC of 0.7417. Results
highlight the importance of large-scale healthcare datasets and predictive
analytics for enhancing healthcare decision-making with the aim of
improving patient outcomes and reducing readmissions. Future research
directions include enhancing predictive models by incorporating clinical
factors such as comorbidities, lab results, and treatment history to improve
hospital readmission risk assessment.
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