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Abstract

Purpose of Review Acute care re-utilization, i.e., hospital readmission and post-discharge Emergency Department (ED) use, is a
significant driver of healthcare costs and a marker for healthcare quality. Diabetes is a major contributor to acute care re-
utilization and associated costs. The goals of this paper are to (1) review the epidemiology of readmissions among patients with
diabetes, (2) describe models that predict readmission risk, and (3) address various strategies for reducing the risk of acute care re-
utilization.

Recent Findings Hospital readmissions and ED visits by diabetes patients are common and costly. Major risk factors for
readmission include sociodemographics, comorbidities, insulin use, hospital length of stay (LOS), and history of readmissions,
most of which are non-modifiable. Several models for predicting the risk of readmission among diabetes patients have been
developed, two of which have reasonable accuracy in external validation. In retrospective studies and mostly small randomized
controlled trials (RCTs), interventions such as inpatient diabetes education, inpatient diabetes management services, transition of
care support, and outpatient follow-up are generally associated with a reduction in the risk of acute care re-utilization. Data on
readmission risk and readmission risk reduction interventions are limited or lacking among patients with diabetes hospitalized for
COVID-19. The evidence supporting post-discharge follow-up by telephone is equivocal and also limited.

Summary Acute care re-utilization of patients with diabetes presents an important opportunity to improve healthcare quality and
reduce costs. Currently available predictive models are useful for identifying higher risk patients but could be improved. Machine
learning models, which are becoming more common, have the potential to generate more accurate acute care re-utilization risk
predictions. Tools embedded in electronic health record systems are needed to translate readmission risk prediction models into
clinical practice. Several risk reduction interventions hold promise but require testing in multi-site RCTs to prove their gener-
alizability, scalability, and effectiveness.
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Introduction

Acute care re-utilization, i.e., hospital readmission and post-
discharge Emergency Department (ED) use, is a significant driv-
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er of healthcare costs and a marker for healthcare quality.
Hospitals in the USA have been subject to financial penalties
for excess readmission rates under the Hospital Readmissions
Reduction Program since October of 2012 [1]. Risk contracts,
often in the context of Accountable Care Organizations, incen-
tivize hospitals and outpatient practices to reduce high-cost out-
comes such as acute care re-utilization [2, 3]. Furthermore, pa-
tients view acute care re-utilization as a failure of the healthcare
system that is often related to inadequate support. [4, 5] Given the
prevalence of diabetes in the general population and hospitalized
patients, diabetes is a major contributor to acute care re-utilization
and associated costs. The annual cost of readmissions within 30
days of discharge (30-day readmission) is $20-25 billion based
on the most inclusive readmission rates of 16.0 to 20.4% among
patients with diabetes in the USA [6-9+e, 10, 11]. To efficiently
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implement interventions intended to reduce readmission risk and
the associated costs in this population, it is critically important to
understand the causes of readmissions as well as to identify pa-
tients at higher risk. Herein, we review the growing body of
literature focused on recognizing risk factors for and predicting
readmission, which garners much more attention than ED use, as
well as preventing acute care re-utilization among patients with
diabetes.

Epidemiology of Readmissions
Diabetes Is a Risk Factor for Readmission

In the USA, more than 10 million hospital discharges of pa-
tients with diabetes accounted for 28% of all discharges in 2016
[12]. At that time, approximately 10% of the US population had
diabetes, a difference that reflects the hospitalization risk asso-
ciated with diabetes [13, 14]. Studies have reported that diabe-
tes increases the risk of a 30-day readmission, the most com-
monly used metric, by at least 17% and up to 2.5-fold [7, 15,
16]. The increased risk of readmission is most pronounced
when diabetes is the primary reason for hospitalization, with
30-day readmission rates 21 to 37% higher than discharges with
diabetes as a secondary diagnosis [15, 17]. Among patients
hospitalized for COVID-19, diabetes appears to be associated
with a higher risk of 30-day readmission according to the one
study that has examined this question to date [18].

Risk Factors for Readmission Among Patients with
Diabetes

Dozens of risk factors for readmission have been identified
among patients with diabetes [19-22¢]. A recent systematic
review and meta-analysis of 23 studies published through
2018 on more than 30 million patients provides the most com-
plete data on a small set of commonly assessed risk factors
[22¢]. The strongest risk factors identified were insurance type
(Medicare/Medicaid vs. private), insulin use, hospital length
of stay (LOS), and certain comorbidities (heart failure, respi-
ratory disease, depression, and renal disease). There is a mod-
estly increased risk of readmission associated with male gen-
der, non-white race, and higher age. One of the strongest risk
factors not considered in the meta-analysis is a history of
readmission or multiple hospitalizations [10, 19, 20, 23].
Abnormal values of serum sodium, creatinine, and
hematocrit/hemoglobin are also reliable predictors of readmis-
sion [19, 20, 23]. Several studies have shown that comorbidity
burden, including microvascular and macrovascular diabetic
complications, is associated with readmission risk [19-21,
24]. Other diabetes-related factors associated with readmis-
sion are inpatient hypoglycemia, hyperglycemia, and glucose
variability. Specifically, one cohort study found that inpatient
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blood glucose values <70 mg/dL or >180 mg/dL are associ-
ated with 30-day readmission, with more extreme values as-
sociated with greater risk [20]. In two large cohort studies,
lower blood glucose values <90 mg/dL and higher glycemic
variability during the 24 h before discharge were associated
with a progressively greater risk of 30-day readmission [25,
26]. Whether or not hemoglobin A (A1C) is associated with
readmission remains unclear, as studies have produced con-
flicting results in opposing directions or no association at all.
[10, 19, 27, 28] Unfortunately, these studies are limited by a
high proportion of patients missing A1C values, an issue that
has been recognized elsewhere [29]. Lastly, one study found
that low exercise capacity as measured by treadmill stress test
is associated with readmission risk up to 1 year following
discharge among patients with diabetes [30].

It is notable that very few of these readmission risk factors are
modifiable, and most are probably markers of risk rather than
causes of readmission per se. The primary diagnosis associated
with readmission is not a particularly useful target for interven-
tion either. When we analyzed a retrospective cohort of 44,203
discharges with a diagnosis of diabetes, the most common rea-
sons for 30-day readmission (diabetes, cardiovascular disease
[CVD], kidney disease, and post-procedure complications) only
accounted for one-third of the primary diagnoses [9+¢]. In anoth-
er retrospective cohort study of more than 100,000 patients, a
secondary discharge diagnosis of diabetes was associated with a
significantly increased risk of readmission for only two of the 10
most common Medicare Severity Diagnosis Related Groups
(chest pain and gastrointestinal disorders) [15]. Other than dia-
betes, the medical causes of readmission among diabetes pa-
tients are not overwhelmingly different from the causes among
patients without diabetes [15]. Furthermore, acute decompensa-
tion of chronic disease does not explain the majority of
readmissions among diabetes patients. This is consistent with
the observation that acute care re-utilization by any patient pop-
ulation tends to be a complex phenomenon with multiple causes,
including hospital factors and social determinants of health in
addition to health status [31]. In order to be successful, interven-
tions intended to reduce the risk of acute care re-utilization re-
quire multiple components to address the multiple causes. In
addition, more research is needed to explore how social deter-
minants of health affect readmission risk given that current lit-
erature suggests a link but is limited. [4, 20]

Acute Care Re-Utilization Among Patients
Hospitalized for Diabetic Ketoacidosis

Patients hospitalized for diabetic ketoacidosis (DKA) are dis-
tinct from the majority of inpatients with diabetes, who are not
hospitalized primarily for diabetes. It has long been recog-
nized that DK A patients are subject to acute care re-utilization,
often due to repeat episodes of DKA. One study found that
12% of adults hospitalized for DKA in the USA were
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readmitted within 30 days and that 41% of the readmissions
were attributed to recurrent DKA [32]. A classic case series of
45 patients who experienced multiple episodes of DKA de-
scribed several still-relevant causes for acute care re-utiliza-
tion, including poor health literacy, inadequate ambulatory
follow-up care, social determinants of health, psychiatric co-
morbidities, and reimbursement incentives that favor hospital-
ization over ambulatory care [33]. Socioeconomics, psychiat-
ric comorbidities, and drug use have been confirmed as risk
factors in more recent studies [32, 34, 35]. There is some
evidence that inpatient care by an endocrinologist is associat-
ed with a lower risk of readmission than care by generalists
[36, 37]. A recent review covers this topic in more detail. [38]

Strategies to Predict Readmission Risk
Among Patients with Diabetes

Several studies have developed models for predicting read-
mission risk among patients with diabetes. The most com-
monly used modeling approach is multivariable logistic re-
gression. More recently, numerous machine learning tech-
niques have been employed to develop such predictive
models. Herein, we focus on models for predicting the risk
of 30-day readmission among patients with diabetes published
in the past 5 years (Table 1). We are not aware of any models
that predict the risk of ED visits in addition to readmissions.

Multivariable Logistic Regression Models for
Predicting Readmission Risk

To our knowledge, the first model specifically designed to
predict the risk of all-cause 30-day readmission among diabe-
tes patients was the Diabetes Early Readmission Risk
Indicator (DERRI™) [9+¢]. This model is based on 10 easily
obtainable data points available at the time of admission and is
converted into a point-of-care tool that is freely and publicly
available in a web-based application [47]. The DERRI™ was
developed in a retrospective cohort of 44,203 discharges with
a diagnosis of diabetes discharged from a single urban aca-
demic medical center between 2004 and 2012. The 30-day
readmission rate was 20.4%. In the internal validation sample,
the C-statistic (i.e., the area under the receiver operating char-
acteristic curve) was 0.69 [9+¢]. Of note, a C-statistic of 0.5 is
equivalent to chance, while a C-statistic of 1 represents perfect
discrimination ranking cases (readmissions) as higher risk
than non-cases. The C-statistic for a predictive model is typi-
cally between 0.6 and 0.85 [48]. The strongest readmission
risk predictors were having a discharge within 90 days before
the index admission and employment status. In a follow-up
study, we externally validated the DERRI™ in another retro-
spective cohort of 105,974 discharges with diabetes from mul-
tiple hospitals. The 30-day readmission rate in this cohort was

18.0%, and the DERRI™ had a C-statistic of 0.63 [10]. We
concluded that the discrepancy in predictive performance may
be accounted for by the significant population differences be-
tween the internal validation and external validation samples,
including sociodemographics and clinical parameters.

In contrast to our external validation study, however, the
DERRI™ was independently tested in another study that yielded
better predictive performance than that reported in the original
cohort. [23] In a case control study of 200 adults with diabetes
hospitalized at an academic medical center in Arizona between
2014 and 2017, the DERRI™ was compared with the
HOSPITAL model, a 30-day readmission risk prediction model
not specifically developed in patients with diabetes. The
DERRI™ had a C-statistic of 0.80, while the HOSPITAL had
a C-statistic of 0.73, a difference that was nearly statistically
significant (p = 0.055). Of note, the HOSPITAL model is also
available as a risk prediction tool in a web-based application [49].

In an effort to improve upon the performance of the
DERRI™, we developed a version among patients with dia-
betes specifically hospitalized for cardiovascular disease
(DERRI-CVD™) [43]. In this subset of the original
DERRI™ retrospective cohort, the 30-day readmission rate
was 19.9%, and the DERRI-CVD™ C-statistic was 0.68.
Readmission risk predictors shared between the DERRI™
and DERRI-CVD™ are having a discharge within 90 days
before the index admission, the number of macrovascular
complications, admission serum creatinine, employment sta-
tus, and living within 5 miles of the hospital. These predictors
in diabetes patients with or without active CVD common to
both models likely represent the more important markers of
readmission risk.

In a complementary effort to improve upon the perfor-
mance of the DERRI™, we developed a new model in the
original DERRI™ cohort without limiting the number of var-
iables or excluding information obtained after hospital dis-
charge [20]. This new model, DERRIplus, consists of 27 in-
dependent predictors of 30-day readmission, the strongest of
which are lacking an outpatient visit after discharge, LOS,
discharge status, having a prior discharge within 90 days be-
fore the index admission, employment status, race/ethnicity,
type of health insurance, comorbidity burden, and abnormal
admission laboratory values. The C-statistic was 0.82, consid-
erably higher than the C-statistic of the DERRI™™ in the same
cohort (0.69), showing that the addition of variables to the
DERRI™ increases the predictive accuracy of the model.

Other models have been developed for predicting readmis-
sion risk specifically among patients with a diagnosis of type 2
diabetes. One study of more than 63,000 older adults, exam-
ined nearly 200 variables and found that age, sex, number of
ED visits, LOS, and several comorbidities yielded a relatively
accurate model (C-statistic 0.82) [42]. A smaller study in
adults with a diagnosis of T2D reported a model with age,
marital status, Charlson Comorbidity Index, LOS, number of
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Table 1 Strategies for predicting readmission risk within 30 days of discharge

Model name  Sample size Population Validation Validation # of Variables in model
C-statistic ~ variables

Logistic regression models
Rico, 2016 [39] 4,879 patients Adults with a discharge diagnosis of None 0.73 6 Age, marital status, Charlson
6,158 discharges T2D comorbidity index, LOS, # of
admissions, discharge disposition
Strengths: outcome was unplanned readmission, few variables
Weaknesses: small sample size, limited to T2D, not validated

DERRI, 2016 17,284 patients Adults on diabetes medication Internal 0.69 10 Employment status, living within 5
[9ee] 44,203 discharges preadmission or discharge miles of the hospital, preadmission
42,800 patients diagnosis of diabetes insulin use, burden of macrovascular
2018 [10] 105,960 discharges External 0.63 diabetes complications, admission

serum hematocrit, creatinine, and
sodium, having a hospital discharge
within 90 days before admission,
most recent discharge status up to 1
year before admission, and a
diagnosis of anemia

Strengths: decent sample size, only 10 variables, uses only pre-discharge variables, available as a web app, externally validated, racially and
ethnically diverse sample
Weaknesses: single center

DERRI vs 200 patients Adults on diabetes medication External DERRI0.80 DERRI 10  HOSPITAL: hemoglobin level at
HOSPITAL, 200 discharges preadmission or discharge HOSPIT- HOSPITAL discharge, discharge from oncology
2019 [17] diagnosis of diabetes AL 0.73 8 service, sodium level at discharge,

procedure during hospital stay, index
admission type, # of admissions
during the last 12 months, LOS
HOSPITAL strengths: decent sample size, only 8 variables, available as a web app, outcome was potentially avoidable readmissions, developed in
patients discharged from any medical service (not limited to diabetes), externally validated [40, 41]
Weaknesses: single center, not usable until day of discharge [40]

Collins, 2017 63,237 patients Adult Medicare Advantage patients Internal 0.82 14 Age, sex, # ED visits, LOS, diseases of
[42] with a discharge diagnosis of urinary system, fluid and electrolyte
T2D disorders, diseases of WBCs, other

nervous system disorders, diseases of
the heart, other lower respiratory
diseases, gastrointestinal
hemorrhage, liver diseases,

hemodialysis
Strengths: large sample size, good performance, nearly 200 variables examined
Weaknesses: did not analyze multiple hospitalizations per patient, limited target population
DERRI CVD, 8,189 discharges Adults with primary discharge Internal 0.68 10 Living within 5 miles of the hospital;
2017 [43] diagnosis of CVD and diabetes employment status; having a hospital

medication preadmission discharge within 90 days before
treatment with diabetes admission; lower educational
medication or diagnosis of attainment; burden of macrovascular
diabetes diabetes complications;

preadmission sulfonylurea therapy,
preadmission metformin; higher
serum creatinine; lower serum
albumin; schizophrenia or mood

disorders
Strengths: only 10 variables, uses only pre-discharge variables, racially and ethnically diverse sample
Weaknesses: single center, modest sample size, not available as a web app, not externally validated
Karunakaran 17,284 patients Adults on diabetes medication None 0.82 27 DERRI variables plus: no follow-up
(DERRI-PI- preadmission or discharge visit within 30 days post-index
us), 2018 diagnosis of diabetes discharge, Charleston comorbidity
[20] index, LOS, insurance status, sex,

race/ethnicity, preadmission
glucocorticoid, preadmission
thiazolidinedione, gastroparesis,
WBC count, blood glucose, serum
albumin, urgency of admission,
cardiac dysrhythmias, schizophrenia
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Table 1 (continued)

Model name  Sample size Population

Validation Validation # of

Variables in model

C-statistic ~ variables

or mood disorder, fluid or electrolyte
disorder, and blood transfusion

Strengths: decent sample size, racially and ethnically diverse sample
Weaknesses: single center, not available as a web app, not validated, not feasible for manual POC use

Machine learning models
Alloghani, 78,363 discharges
2018 [44]

Adults with diabetes- related
hospitalization and LOS 1-14
days, treated with diabetes
medications

Strengths: large sample size

Internal 0.64 5

# of inpatient stays, # of emergency
visits, admission source id, discharge
disposition, # of diagnoses

Weaknesses: few variables, administrative source of data with missing values (e.g., weight in 97% of patients), narrow inclusion criteria (only
considering LOS between 1 and 14 days), not available as a web app, not usable until day of discharge

Alturki, 2019 71,518 patients
[24] 101,766 discharges

Adults with diabetes- related
hospitalization and LOS 1-14
days

Strengths: highly accurate

None 0.97 15

LOS, # of procedures, # of diagnoses, #
of lab procedures, # of medications,
use of specific diabetes medications

Weaknesses: not validated, administrative source of data with missing values (e.g., weight in 97% of patients), narrow inclusion criteria (only
considering LOS between 1 and 14 days), not available as a web app, not feasible for manual POC use, not usable until day of discharge

Internal 0.97 35

Count of medications (# of
adjustments), diabetes medication,
change in medication, comorbid
diagnoses, insulin, # of lab
procedures, medical specialty,
discharge disposition, # of
medications, payer, age, admission
source, race, LOS, Alc, gender,
admission type, # of diagnoses, # of
procedures, service utilization (sum
of inpatient, outpatient, and
emergency visits), # inpatient, #
outpatient, max glucose serum, #
emergency, use of specific diabetes
medication

Weaknesses: administrative source of data with missing values (e.g., weight in 97% of patients), narrow inclusion criteria (only considering LOS
between 1 and 14 days), not available as a web app, not feasible for manual POC use, not usable until day of discharge

Sarthak, 2020 70,000 patients Adults with diabetes- related
[45] 100,000 discharges hospitalization and LOS 1-14
days
Strengths: highly accurate
Ossai, 2020 78,363 discharges Adults with diabetes- related
[46] hospitalization and LOS 1-14
days, treated with diabetes
medications

Internal 0.84 9

Age, LOS, insulin, use of specific
diabetes medications

Strengths: good accuracy, removed variables from consideration that were missing greater than 90% of values
Weaknesses: administrative source of data with narrow inclusion criteria (only considering LOS between 1 and 14 days), not available as a web app,

not usable until day of discharge

DERRI Diabetes Early Readmission Risk Indicator, £D emergency department, LOS length-of-stay, POC point-of-care, 72D type 2 diabetes, WBC

white blood cells

admissions, and discharge disposition that had modest accu-
racy for predicting unplanned readmissions [39].

Machine Learning Models

Recently, several studies have developed models for
predicting readmission risk among patients with diabetes
using machine learning algorithms. [24, 44-46] There is wide
variation in performance among these models, which used a
variety of machine learning approaches, with C-statistics rang-
ing between 0.64 and 0.97. Notably, all four of these studies
developed their models using cohorts drawn from the same

database of 101,766 discharges with a diabetes diagnosis be-
tween 1998 and 2008 from 130 different US hospitals [50].
The worst performing model consisted of only 5 variables
[44], while the two best performing models, both with C-
statistics of 0.97, included 15 and 35 different variables [24,
45]. These exceptionally high C-statistics are beyond those
reported in a systematic review of 41 studies that used elec-
tronic medical records for creating readmission risk prediction
models, in which the range was 0.52 and 0.90 [51]. Neither of
the high-performing models have been externally or indepen-
dently validated; thus, it remains to be seen if they are
generalizable.
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Technical Observations About Modeling and
Sampling Strategies

As reviewed above, predictive model performance varies
widely by the population studied, variables included, and
modeling approach. In addition, we found that different sam-
pling strategies and modeling methods that adjust for repeat
hospitalizations of individual patients (clustering) to varying
degrees yield models with different results that may not be
accurate [52]. The simplest way to sample hospitalizations is
to include only one discharge per patient. This allows for
modeling by logistic regression without consideration of ad-
ditional steps to adjust for clustering of hospitalizations.
However, only sampling the first discharge per patient pro-
duces a dramatically lower estimate of readmission rate than
sampling all discharges per patient, about 50% lower in the
original DERRI™ cohort. This lower estimate inaccurately
reflects the readmission rate of a population over time and
affects measures of model performance. Furthermore, the
use of different modeling approaches that account for cluster-
ing to varying degrees yields models with different predictive
performance. It is likely that the commonly used logistic re-
gression models without adjustment for clustering are overly
optimistic. Of note, the DERRI™ model uses one of the ap-
proaches for clustering adjustment. These findings reinforce
the importance of analyzing all available data (all discharges)
and testing models in different populations to determine gen-
eralizability, which applies broadly to all predictive models
regardless of the approach used.

In addition to modeling approach and sampling strategy,
the number of variables in a model tends to affect perfor-
mance. In the reviewed set of readmission prediction models
(Table 1), we observed a statistically significant correlation
between the number of variables in a model and its C-
statistic (R [2] = 0.48, p = 0.01). Unfortunately, the number
of variables is inversely proportional to the ease-of-use in a
point-of-care tool that requires manual user input.

There is a need for tools that make the use of comprehensive
and more complex readmission risk prediction models feasible
in clinical practice. Tools embedded in electronic health record
(EHR) systems have the potential to address this need. It is
worth noting that all of the readmission risk prediction models
cited above were developed before the COVID-19 pandemic.
Research is needed to validate the performance of models in
diabetes patients hospitalized for COVID-19 and to explore
whether COVID-19 is an independent predictor of readmission.

Strategies to Prevent Acute Care
Re-Utilization Among Patients with Diabetes

A growing number of studies have reported on the effect of
interventions on readmission and ED visit risk in diabetes
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patients (Table 2 and Fig. 1). We only considered studies that
present rates for a control or comparison group so that relative
risk reduction or increase could be calculated. The majority of
studies include readmission within 30 days as an outcome,
some include readmission and/or ED visitation, and some
have follow-up periods up to 90 days or 1 year. Most of these
studies are retrospective. However, there are some random-
ized controlled trials (RCTs), of which 3 are adequately
powered. [67-69] They tested a number of interventions,
which can be sorted into 3 broad categories: inpatient diabetes
education only, inpatient diabetes management by a dedicated
service, and multi-component programs usually consisting of
diabetes education, transition of care support and coordina-
tion, and outpatient follow-up. The effect sizes of these inter-
ventions vary considerably from zero to 71%, with most stud-
ies finding a relative risk reduction and some finding no sta-
tistically significant difference in risk.

Inpatient Diabetes Education Only

Four studies have examined the effect of inpatient diabetes
education alone on readmission risk [53ee, 54, 55, 69]. The
one RCT, conducted in 300 patients with diabetes referred for
inpatient education by a nurse specialist, found no difference
in readmission at | year between patients who did and did not
receive the education [69]. Two of the three retrospective co-
hort studies found that inpatient diabetes education was asso-
ciated with a statistically significant 31 to 63% relative risk
reduction (RRR) of 30-day readmission [53ee, 55]. The third
retrospective study reported significantly lower rates of read-
mission at 7 days with diabetes education, but not at 14 or 30
days after discharge [54].

Inpatient Diabetes Management Service Co-
Management

There are four studies that explore the effect of a multidisciplin-
ary inpatient diabetes management service (IDMS) on readmis-
sion risk [56-59]. The services all consisted of an endocrinol-
ogist and a nurse practitioner, and three also included a diabetes
educator. In the lone RCT, which included 197 hospitalized
patients with diabetes, IDMS co-management reduced the re-
admission rate at 90 days from 32 to 15% (RRR 53%, p =
0.01). There were three retrospective cohort studies that showed
IDMS co-management was associated with a 31 to 69% RRR
in readmissions at 30 days [57-59]. The smallest of these stud-
ies (N = 262) found no statistically significant difference in the
subgroup of patients on a surgical service [58].

Multi-Component Transition of Care Programs

Several studies have investigated the effect of multi-
component transition of care programs on acute care re-
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Fig. 1 Effect of interventions on the risk of acute care re-utilization
within 30 days, 90 days, or 1 year of discharge. For interventions with
more than 1 reference, top and bottom of each box represent the
maximum and minimum values of relative risk increase (RRI) and
relative risk reduction (RRR) of readmission +/— ED visit. For
interventions with only 1 reference, crossing the x-axis indicates lack of

utilization [60—-65, 67, 68]. Components of these programs
include discharge care coordination, diabetes education,
medication adjustment by a diabetes specialist upon dis-
charge, outpatient follow-up in a diabetes clinic, follow-
up by telephone for care coordination and diabetes assess-
ment, and home care by a visiting nurse. Of the four RCTs,
three reported reductions in acute care re-utilization at 30
days, 90 days, and 1 year [60, 65, 66, 68], and one found
no statistically significant difference in readmissions or ED
visits at 30 days [63]. Three non-randomized studies re-
ported a 31-40% RRR in 30-day readmission rates associ-
ated with their interventions [61, 62, 64]. As a whole, these
studies suggest that multi-component transition of care
programs can reduce the risk of acute care re-utilization
by diabetes patients. However, all of them were conducted
at a single site. Reproducibility at multiple sites in an ad-
equately powered RCT is critical to establish generalizabil-
ity and effectiveness in clinical practice.

To summarize the evidence, key interventions for read-
mission risk reduction among patients with diabetes are
inpatient diabetes education and management by a special-
ty team, individualized post-discharge care planning, coor-
dination with outpatient providers, adjustment of diabetes
therapy, and outpatient follow-up by diabetes specialists.
The evidence supporting post-discharge follow-up by tele-
phone is less convincing. Delivery of outpatient care by
telehealth has grown dramatically with the COVID-19 pan-
demic. Given the benefit of healthcare access for patients,
telehealth is likely to remain a substantial modality.
Studies are needed, however, to determine if telehealth
can deliver the same readmission benefit as that associated
with in-person outpatient care.

@ Springer
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statistical significance. Multiple colors represent multiple outcome time-
frames. IDMS inpatient diabetes management service. * Murphy, 2019.
b Healy & Dungan, 2013. ¢ Corl, 2015. 9 Davies, 2001. © Rubin, 2019,
2020. "Brumm,2016. # Magny-Normilus, 2021. " Mandel, 2019. ' Bansal,
2018.7 Wang, 2016. X Koproski, 1997. ' Berger, 2018. ™ Bhalodkar, 2020.
" Wright, 2019. © Seggelke, 2014

Conclusions

Hospital readmissions and emergency department visits are
common and costly among patients with diabetes, presenting
an important challenge to improve quality of care and reduce
healthcare costs. Major risk factors for readmission include
sociodemographics, comorbidities, insulin use, LOS, and his-
tory of readmissions, most of which are non-modifiable.
Several models for predicting the risk of readmission among
diabetes patients have been developed. Two such models have
shown reasonable accuracy in external validation and are
available as tools in web-based applications. Machine learning
models, which are becoming more common in this area, have
the potential to harness big data from EHRs and generate more
accurate readmission risk predictions. Tools embedded in
EHR systems are needed to translate readmission risk predic-
tion models into clinical practice. The accuracy of such
models in patients with diabetes hospitalized for COVID-19
and the efficacy of telehealth for reducing readmission risk are
areas that require additional study. Several strategies for re-
ducing the risk of acute care re-utilization hold promise but
require testing in multi-site RCTs to prove their generalizabil-
ity, scalability, and effectiveness. Combining readmission risk
prediction with interventions, a personalized medicine ap-
proach to population health, may be more effective at reduc-
ing readmission risk in a population than interventions deliv-
ered without regard to individualized patient selection.
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