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roviding care in the emergency department (ED) is expen-

sive. The average cost of an ED visit is estimated at $1038

compared with $176 for a primary care visit in the United
States.! Moreover, the number of ED visits grew at roughly twice
the population growth rate between 2001 and 2008.> The CDC
reported that the number of ED visits increased from 119.2 million
(40.5 visits per 100 persons) in 2006 to 136.3 million (44.5 visits per
100 persons) in 2011.>* Furthermore, studies have revealed that
“frequent-flyer” patients constitute a key factor of ED crowding,
which results in treatment delays and excessive mortality.>® Thus,
given limited resources, reducing repeated visits is warranted to
improve ED effectiveness and timeliness for those truly in need.

To develop interventions to reduce ED revisits, reliable predictive
modeling that can identify high-risk patients is desired. However,
compared with inpatient 30-day readmissions, which have been
measured by CMS since 2012 to adjust payments to hospitals,” ED
revisits have received less attention.® Although substantial published
literature has examined factors influencing ED revisits, research on
predictive models is limited.>** As a result, the predictive models
for ED revisits published in the literature have only moderate
predictive power: The highest C statistics reached 0.70 for 30-day
revisits** and 0.73 for 6-month revisits.?

In the present study, we developed a statistical model that predicts
the risk of revisiting the ED within 30 days of discharge. The model can
be used to identify high-risk frequent flyers for proactive intervention.
With rapid adoption and use of health information technology and
especially electronic health records (EHRs), administrative data are
coming increasingly closer to real time and offer greater potential
for improving ED care. Our model, based on administrative data
and a publicly available patient classification system, can be readily
implemented in health systems to reduce unnecessary ED revisits.

METHODS

Data Source and Study Variables

ED visit data from fiscal years (FYs) 2013 and 2014 in Veterans
Healthcare Network Upstate New York (VISN 2 Upstate) were
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risk of revisiting the emergency department (ED) within

30 days and thus reduce unnecessary ED use through
proactive interventions.
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METHODS: This study developed a predictive model
based on administrative data, a publicly available patient
classification system, and logistic regression. The study
data were from 4 Veterans Affairs hospitals in upstate New
York; FY 2013 data were used to predict 30-day revisits in
FY 2014. All 22,734 patients with ED visits were included
in the analysis. The predictive variables were patient
demographics, prior-year utilization, and comorbidities.
To prevent overfitting, we validated the model by the
split-sample method. The predictive power of the model is
measured by C statistics.

RESULTS: In the first model using only patient
demographics, the C statistics were 0.568 (95% Cl, 0.555-
0.580) and 0.556 (95% Cl, 0.543-0.568) for the development
and validation samples, respectively. In the second model
with prior-year utilization added, the C statistics were 0.748
(95% Cl, 0.737-0.759) for both samples. In the final model
with comorbidities added, the C statistics reached 0.773
(95% Cl, 0.762-0.784) and 0.763 (95% Cl, 0.753-0.774) for the
development and validation samples, respectively.

CONCLUSIONS: The predictive model we developed in

this study is straightforward to implement and offers
significantly higher predictive power than other models
reported in the literature. Hospitals and healthcare systems
can use it to identify high-risk “frequent flyers” for early
interventions to reduce ED revisits.
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analyzed in this study. VISN 2 is 1 of the 18
networks through which the US Department
of Veterans Affairs (VA) delivers care to more

4
than 6 million patients annually. VISN 2 Upstate, N
with 5 medical centers and 31 outpatient clinics >
across upstate New York, serves approximately

4

140,000 patients with an annual budget of
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TAKEAWAY POINTS

Emergency department (ED) crowding results in treatment delays and excessive mortality.
ED revisits constitute a key factor of ED crowding.

Given limited resources, an effective predictive model is needed to identify high-risk patients
for proactive interventions to reduce ED revisits.

The model developed in this study is straightforward to implement by hospitals and payers

(eg, health plans, Medicaid, and governmental programs abroad) and offers higher predic-

$1 billion (starting in FY 2016, VISN 2 was
restructured to include New York downstate

tive powers compared with other models reported in the literature.

VA hospitals). In FY 2014 for VISN 2 Upstate,
a total of 21,141 patients had ED visits in the
4 medical centers that provided ED services.

We used the VA National Patient Care Database (NPCD) hosted at
the VA Information and Computing Infrastructure as the primary
data source for this study. The Outpatient Care File (OPC) and
clinical stop code 130 were used to identify index ED visits and
revisits. In addition to encounter information, such as visit
dates and International Classification of Diseases, Ninth Revision,
Clinical Modification (ICD-9-CM) codes, OPC also contains patient
demographic and socioeconomic information, such as age, gender,
race, and income. Data in NPCD, including OPC, are routinely used
in VA operational analysis and research. Most of the data fields,
such as visit dates and clinical information like ICD-9-CM codes,
are regularly and rigorously validated with strict business rules.
The patient income information is means-tested. One exception
is that its race information is often incomplete because the VA
health system does not mandate veterans to report race. However,
for the last several years, the VA has systematically gathered racial
and ethnic information from other data sources, such as Medicare
and the Department of Defense; as a result, the updated racial and
ethnic data are deemed accurate and reliable.**

We also used Managerial Cost Accounting (MCA; formerly Decision
Support System) files that contain actual patient care costs, rather
than amounts claimed or paid as in private health plans. MCA
costs are the primary financial data for internal operations and
Congressional inquiries. For case mix or comorbidities, we used a
publicly available and widely used system, Clinical Classifications
Software (CCS), developed by the Agency for Healthcare Research and
Quality (AHRQ),* which classifies patients into 285 homogeneous
groups based on ICD-9-CM codes.

The dependent variable in this study was dichotomous (yes =1,
no = 0), indicating whether a patient had any ED revisit(s) within
30 days after being discharged from the ED in FY 2014. The explana-
tory or predictive variables used in this study were from FY 2013
and can be grouped into 4 categories: (1) demographics (age, sex,
marital status, race, disability rating, and period of military service);
(2) socioeconomic variables (patient income, homeless [yes=1,no=0],
and patientinsurance status [ie, not covered by any insurance (yes =1,
no = 0), enrolled in Medicare (yes =1, no = 0), enrolled in Medicaid
(yes =1, no =0), and covered by private insurance (yes =1, no =0)]);
(3) prior-year utilization and cost (ED revisit within 30 days [yes =1,
no = 0], number of ED revisits within 30 days, total number of ED visits,

number of primary care visits, number of telehealth encounters,
total outpatient visits, number of hospitalizations, and total cost);
and (4) patient risk or comorbidities (285 clinically homogeneous
groups produced by CCS, which is developed by AHRQ?).

The present study did not need or use any identifiable patient
private information and therefore had expedited institutional
review board review.

Modeling and Analysis

We employed logistic regression to predict the probability or risk of
30-day ED revisits. Logistic regression has been the most extensively
used model in predicting binary outcomes where the dependent
variable equals 1if the event happened and otherwise equals 0. The
model’s predictive power or discriminative ability is measured by
the C statistic, which is defined as the proportion of times that the
model correctly discriminates a random pair of individuals with or
without an event. It is also equivalent to the area under the receiver
operating characteristic curve. A C statistic of 0.5 indicates that
the model is no better than flipping a coin, a C statistic of 0.7 to
0.8 suggests that the model has good discriminative ability, and
a C statistic of 0.8 or higher indicates great discriminative ability
or predictive power.”

To prevent model overfit, we only included variables with P
values smaller than .05 (based on the stepwise procedure) in the
final regression analysis, and we also calculated shrinkage coef-
ficient, an indicator of overfit.?® Further, we fitted the model by the
split-sample method.?®* With this method, the full sample (after
merging the dependent variable from FY 2014 and the independent
variables from FY 2013) was randomly split into a development
sample (50%) and a validation sample (50%).*° The model was fitted
on the development sample and then the estimated coefficients
were applied to the validation sample to produce the risk score
(probability) and the goodness-of-fit statistics. The split-sample
method has been extensively used to prevent predictive models
from fitting random noises rather than a true trend. In addition,
we also visually examined the prediction accuracy by comparing
the predicted and observed numbers of patients with any 30-day
revisit(s) in 5 estimated risk categories, which equally divided all of
the patients into 5 groups based on their estimated risk. The analyses
were conducted using PROC LOGISTIC of SAS 9.3 (SAS Institute Inc;
Cary, North Carolina).
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METHODS

TABLE 1. Descriptive Statistics of Independent Variables

Patients Without
ED Revisit

(n=17,797)

Variables Mean (SD)

Patients With
ED Revisit
(n=4937)

Mean (SD)

encounters, number of all outpatient visits,
number of hospitalizations, and total cost).
Model 3 included the variables in model 2
and patient comorbidities based on CCS. The
inclusion or exclusion of the variables in the

Age, years 59.0 (17.3) 62.4(17.1) <.0001 final regression depended on the P values
<35 0.13(0.33) 0.09 (0.29) <.0001 produced by the stepwise procedure.
35-44 0.08(0.28) 0.06 (0.24) <.0001
45-54 0.14 (0.35) 0.13 (0.34) .0107 R E S U LTS
55-64 0.23 (0.42) 0.25 (0.43) .0714
65-74 0.23(0.42) 0.24 (0.42) 8276 All 22,734 patients who had ED visits in FY
>75 0.18 (0.38) 0.24 (0.43) <.0001 2014 were included in this study. Among the
Sex [male = 0, female = 1) 0.10 (0.30) 0.08 (0.27) 0002 22,734 patients, 4937 returned to the EDs within
Marital status (married) 0.42 (0.49) 037(048) <0001  30days;the overall 30-day revisit rate was 22%.
Race (black) 0.12(0.32) 0.15 (0.36) <.0001 The total number of ED visits in FY 2014 was
Patient income ($1000s) 24.23 (40.87) 2393(38.88)  .6415  42,192.Theindependent variables (except the
Served in Vietnam War 0.37 (0.48) 0.38 (0.49) 0252 285 CCS indicator Variables) and their deSCrip—
Disability rating (%) 26.42(36.16) 2736 (37.45)  .1ogs  tivestatistics are reported in Table 1. Table 2
Disability rating >70% 0.22 (0.42) 0.24(043) 0095  Showsthe top 20 most frequent diagnoses of
Homeless 0.001 (0.02) 0.003 (0.05) 0001 patients with 30-day ED revisits. All the statisti-
Not covered by any health insurance 0.41(0.49) 0350048)  <ooo1  Callysignificantvariables (P <.05) in the final
Enrolled in Medicaid 0.02(0.16) 003(018) .03  modelarereportedalong with their coefficient
Enrolled in Medicare 0.45 (0.50) 0.55 (0.50) <.0001 estimates, Pvalues, 0dds ratios, and 95% Cls in
' ' ' ' ' Table 3. Note that the age groups were kept in
Covered by private insurance 0.09 (0.29) 0.07 (0.25) <.0001 g group P .
) L the model as a convention regardless of their
Prior-year ED revisit within 30 days (yes/no) 0.10(0.29) 0.24.(0.43) <.0001 o o
) L statistical significance (the group aged 75 years
Prior-year number of ED revisits within 30 days 0.16 (0.63) 0.67 (2.21) <.0001 . .
or older was omitted as the baseline).
Prior-year total number of ED visits 0.78 (1.36) 1.86(3.02) <.0001 L. .
In predicting 30-day ED revisits, the first
Prior-year number of primary care visits 1.63(3.12) 2.93 (4.21) <.0001 . . .
model included only demographics, socio-
Prior-year number of telehealth encounters 1.40 (3.44) 2.82(5.1¢) <.0001 . .
economic characteristics, and the fixed effect
Prior- total b f outpatient visit 11.64 (22.55 22.65 (32.05 .0001 . . . .
rfor el _OU _pa '_en vistts [ ] : U< of the medical centers, in which 10 variables
Prior-year number of hospitalizations 0.22(0.70) 0.58 (1.34) <.0001 were statistically significant (P <.05) and kept
Prior-year total cost ($1000s) 21.59 (34.67) 48.42 (56.46) <.0001 in the model. The C statistics were 0.568 (95%
Medical center A 0.26 (0.44) 0.25(0.43) 7255 Cl, 0.555-0.580) and 0.556 (95% CI, 0.543-0.568)
Medical center B 0.04 (0.20) 0.03 (0.17) .0005 for the development and validation samples,
Medical center C 0.39 (0.49) 0.41(0.49) .0153 respectively. In the second model, 13 variables
Medical center D 0.32 (0.47) 0.31 (0.46) 4339

were statistically significant and kept in the

ED indicates emergency department.

To demonstrate the predictive power of different explanatory
variables, we configured and fitted 3 models, from simple to
comprehensive. For model 1, only demographic and socioeconomic
variables were included in the model as the independent variables
(ie, age, sex, marital status, race, income, enrolled in Medicaid,
enrolled in Medicare, or covered by other private insurance [no
insurance status was omitted in the regression as reference]). We
also used 3 dummy variables (1 was omitted as reference) as the
fixed effect to take into account the potentially different practice
patterns among the 4 medical centers. Model 2 included the variables
in model 1and prior-year utilizations and cost (ie, ED revisit within
30days [yes/no], number of ED revisits within 30 days, total number
of ED visits, number of primary care visits, number of telehealth

model. The C statistics were 0.748 (95% CI,

0.737-0.759) for both samples. In the final model,
51 variables (39 CCS categories) that were statistically significant
were kept in the model, and the C statistics were 0.773 (95% CI,
0.762-0.784) and 0.763 (95% CI, 0.753-0.774) for the development
and validation samples, respectively. The receiver operating
characteristic curves of all 3 models based on the validation sample
are reported in Figure 1.

To further examine the prediction accuracy, we compared the
predicted and observed numbers of patients with ED revisits by
5 estimated risk categories (% = patients with ED revisits / patients
in the risk group). As shown in Figure 2, in both the development
and validation samples, the predicted and the observed numbers
of revisits were very close except that the model overestimated
the number of revisits for the low-risk group. In addition, we also
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Reducing Emergency Department Revisits

TABLE 2. Top 20 Diagnoses With Frequent 30-Day ED Revisits

estimated the shrinkage coefficient, which

yielded a value of 0.86, indicating no overfit.® Number of  Number of Patients
Patients Patients With
With 30-Day With Any 30-Day ED

D |S c U S S | o N Diagnosis ED Revisit ED Visit Revisit (%)
EDs across the country are still overcrowded CCS0205: Spondylosis; intervertebral disc disorder 320 1878 17
and the waiting lines remain long. The CDC cesonoz NonSpe.cmc CheSt pain 27 1672 ¢
reported that the average waiting time in EDs CCS0251: Abdominal pain 220 1061 24
in the United States increased by 25%, from CCS0133: Other lower respiratory disease 238 1062 22
46.5 0 58.1 minutes, from 2003 through 20091 CCS0127: Chronic obstructive pulmonary disease 224 1197 19
In 2015, the American College of Emergency CCS0197: Skin and subcutaneous tissue infections 222 1131 20
Physicians published a survey report showing CCS0211: Other connective tissue disease 222 1208 18
that ED visits went up since implementation CCS0204: Other nontraumatic joint disorders 199 1418 14
of the Affordable Care Act.”> Consequentially, CCS0155: Other gastrointestinal disorders 178 681 26
waiting for hours before seeinga doctor in the CCS0126: Other upper respiratory infections 164 1411 12
ED is not uncommon.**® A systematic review CCS0159: Urinary tract infections 160 706 23
showed that repeated ED visits are a key factor CCS0660: Alcohol-related disorders 158 727 22
contributing to ED crowding, treatment delays, CCS0239: Superficial injury; contusion 139 1172 12
and excessive mortality.>¢ CCS0055: Fluid and electrolyte disorders 136 498 27

To free ED capacity for true emergencies, CCS0122: Pneumonia except that caused 132 676 20
reducing unnecessary repeated visits is desired. by tuberculosis
However, unlike the rate of hospital readmis- S:jﬁ:_if’e:fﬁi?t:;nr;?;x ssymptoms 125 543 23
sions, which has been used by CMS to penalize CCS0106: Cardiac dysrhythmias 7 o1 19
hospitals with excessive readmissions, ED
revisits have not received much attention.® Given CCS0108: Congestive heart failure; nonhypertensive 116 439 26
limited resources, interventions to reduce ED €CS0232: Sprains and strains 1é a2 10
revisits require accurate predictive modeling CCS0657: Mood disorders 12 538 21
that can identify the patients at high risk for CCS indicates Clinical Classifications Software; ED, emergency department.
revisits, but only limited research focusingon <0007 X’ test
predictive modeling is found in the literature.

In the present study, we developed a statistical
model that predicts, with good accuracy, patients TABLE 3. Logistic Regression Parameter Estimates
who are at high risk of returning to the ED Parameter Odds
within 30 days. The strength of the model for variable Estimate P Ratio 75%Cl
broad application lies in its 3 features: (1) It uses Intercept -7.020 <0001
administrative data that are readily available in Age, years
nearly all hospitals or health systems, (2) the <3 0.182 s 1199 0.929-1.548
comorbidity classification system is publicly 35-44 0.176 183 1193 0.920-1.547
available from AHRQ, and (3) the model is based 45-54 -0.057 601 0.945  0.764-1.169
on logistic regression, which can be readily 95-64 -0.066 476 0.936  0.781-1.122
implemented with most common software 65-74 -0.058 482 0.944  0.803-1.109
packages, including Microsoft Excel. Sex (male = 0, female = 1) -0.255 010 0775  0.638-0.941

Unlike for predicting hospital readmissions, * Race status (black) 0.208 .006 1.231  1.061-1.427
comorbidities added limited predictive power ~ Disability rating (%) -0.004 <0001 0996 0.995-0.998
to demographics and prior-year utilization/ Prior-year total cost 0.485 <.0001 1.625 1.534-1.721
cost: the C statistic increased by 0.19 from Prior-year total number of ED visits 0.292 <.0001 1.339  1.261-1.421
model 1 (only demographics were included) Prior-year number of primary care visits -0.025 .003 0.975 0.959-0.991
to model 2 (prior-year utilization/cost were Prior-year number of hospitalizations -0.152 <.0001 0.859 0.802-0.920
added), while only improving by 0.015 from CCS2608: External cause codes: Pedal cyclist; o e ST AT
model 2 to model 3 (diagnoses were added). ~ NotMVT
Similarly, our sensitivity analyses revealed that CCS2613: External cause codes: Poisoning 1.052 <.0001 2.863 1.785-4.591
prior-year utilization/costalso did notadd much [continued)
THE AMERICAN JOURNAL OF MANAGED CARE® VOL. 24, NO. 11 e361
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TABLE 3. (Continued) Logistic Regression Parameter Estimates predictive power if the patient demographics

Parameter odds and comorbidities were entered into the model
Variable Estimate P Ratio 95% CI first, which indicates that prior-year utilization/
CCS2619: External cause codes: 0.786 <0001 2195  1.526-3.156 cost and comorbidities are highly correlated.
Other specified; NEC It is worth noting that the stepwise proce-
UCS7: Sl e sulbeupnenys s 0594 <0001 1811 1553-2111  dureforselecting variables is popular but not
infections perfect. In fact, it can easily produce misleading
CCS0235: Open wounds of head, neck, and trunk 0.513 <.0001 1.670 1.308-2.131 results if the objective is to assess the effect
E}?tsuol:zrzc:j:;:]moma (R Bl 0.490 <0001 1.632 1.349-1.973 of an independent variable on the dependent
CCS0662: Suicide and intentional variable. In this study, with prediction as the
self-inflicted injury 0.419 001 1.521 1.203-1.923 aim, the forward, backward, stepwise, and
CCS0159: Urinary tract infections 0405 <0001 1499 1263-1.779  Lasso procedures produced nearly identical
CCS0093: Conditions associated with dizziness 0.398 <0001 1489 1.252-1.770 results an.d we reported the results based on
or vertigo the stepwise procedure.
CCS2617: Adverse effects of medical drugs 0.393 005  1.482 1.125-1.951 Although the objective of this study is to
CCS0157: Acute and unspecified renal failure 0.392 <.0001  1.479 1.227-1.783 forecast or predict ED revisits, rather than to
CCS0232: Sprains and strains 0378 <0001 1460 1242-1715  assesstheeffectofeachindividualexplanatory
CCS0239: Superficial injury; contusion 0373 <0001 1453 1242-1699  variable, some variables are of interest and
CCS0251: Abdominal pain 0.369 <0001 1446 1256-1664  furtherresearch is merited. In particular, the
CCS0165: Inflammatory conditions of male 0.368 039 1444 1.019-2.047 num.berOfprimaryC.areViSit.s inthe Prioryear
genital organs was inversely associated with the risk of ED
CCS0054: Gout and other crystal arthropathies 0.353 001 1424 1.148-1.765  revisits, which is clinically meaningful and
CCS0126: Other upper respiratory infections 0337 <0001 1.401 1.219-1410  consistent with previous findings.” On the
CCS0231: Other fractures 0.337 015 1.401 1.069-1.835  Otherhand, it appears to be paradoxical that
CCS50250: Nausea and vomiting 0.328 002 1389 1.132-1.703  the number of prior-year hospitalizations
CCS0102: Nonspecific chest pain 0315 <0001 1370 1.05-1557  Wasalsoinversely correlated with ED revisits.
CCS0100: Acute myocardial infarction 0.306 020 1357 1.049-1757  Similarly afewseverecomorbidities (eg, CCS131,
CCS0055: Fluid and electrolyte disorders 0.264 0004 1301 1.125-1.505  respiratory failure) were associated with low
CCS0252: Malaise and fatigue 0.242 008 1273 1.066-1520  [ISKOTEDrevisits. Withoutknowing the exact
CCS0653: Delirium dementia and amnestic and 0.241 018 1273 1.043-1554 .reas'on(s), we SP?CUIate that t.hesevanables are
other cognitive disorders indicators of disease severity that warrants
CCS0244: Other injuries and conditions due to inpatient rather than ED care,* and higher
external causes 0209 005 1233 1.067-1.425 mortality may also play a role. Obviously,
CCS0663: Screening and history of mental health e o s e further research is needed.
and substance abuse codes Inaddition, female patients in this study were
CCS0117: Other circulatory disease 0.149 .022 1.161  1.022-1.319 less likely to experience ED revisits, holding
CCS0098: Essential hypertension -0.142 .017 0.868 0.772-0.975 other things constant, but the finding may not
CCS0105: Conduction disorders -0.249 .0n 0.779  0.643-0.945 be generalizable to the general public because
CCS0131: Respiratory failure; insufficiency; 0.267 035 0766  0.598-0.981 the study population is predominantly male. It
arrest (adult) isalso interesting to see that a higher disability
CCS0233: Intracranial injury -0.410 .020 0.663  0.470-0.936 rating was associated with low risk of ED revisits.
CCS0145: Intestinal obstruction without hernia -0.518 .008 0.596 0.407-0.871 Although we do not know the exact reason(s), it
CCS0230: Fracture of lower limb -0.638 .002 0.528  0.354-0.789 could be due to the fact that medical needs for
DR 7o Cemire syl i 0.641 025 0527 0302-0.921  disability canbe betteranticipated and planned.
procreative management
CCS0248: Gangrene -0.757 013 0469 0258-0854  Limitations
CCS0227: Spinal cord injury -1.025 .025 0.359  0.146-0.879 This study has several limitations. First, the
Medical center Avs D 0.182 .002 0.928 0.810-1.063 study population included only veterans, and
Medical center B vs D -0.721 <.0001 0.376 0.273-0.518 they were from only 1 region (upstate New
Medical center Cvs D 0.282 <.0001 1.025 0.906-1.160

CCS indicates Clinical Classifications Software; ED, emergency department; MVT, motor vehicle traffic;

NEC, not elsewhere classifiable.

York). VA patients could differ from the general
population. Apart from seeing mostly male
patients, EDs at VA hospitals see more patients
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with mental health issues (eg, posttraumatic stress disorder) than do
EDs in the private sector.”” In addition, VA's co-payment structure is
also different from the private sector’s. No co-payment is required
for low-income veterans or those with service-connected conditions,
which may result in different ED visit patterns. Second, veterans in
this study may have received care from non-VA providers, which may
also have decreased the model’s predictive power. Third, the present
study only analyzed whether or not a patient had any ED revisit(s)
atall; future studies may consider multiple revisits within 30 days.
Finally, for the approved study period, International Classification
of Diseases, Tenth Edition, Clinical Modification (ICD-10-CM) codes
were not available and therefore ICD-9-CM codes were used to
identify patient comorbidities. However, the modeling process
remains the same and the predictive power may be improved if
ICD-10-CM codes are used.*®

CONCLUSIONS

Curtailing unnecessary ED revisits will not only lower healthcare
costs but also shorten wait time for those who critically need ED
care. However, broad intervention targeting every ED visitor may
not be feasible given limited resources. In the present study, we
developed a predictive model based on administrative data, a
publicly available patient classification system, and commonly used
logistic regression, which yielded good predictive power with a C
statistic of 0.76 compared with 0.70 for models previously reported
in the literature. The model can be readily
implemented by hospitals and healthcare
systems with EHRs, and the resultant risk score
can be used to identify high-risk patients for
proactive interventions to reduce ED revisits. B
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