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ORIGINAL ARTICLE

BACKGROUND: Hospitals are subject to federal financial penalties for 
excessive 30-day hospital readmissions for acute myocardial infarction 
(AMI). Prospectively identifying patients hospitalized with AMI at high 
risk for readmission could help prevent 30-day readmissions by enabling 
targeted interventions. However, the performance of AMI-specific 
readmission risk prediction models is unknown.

METHODS AND RESULTS: We systematically searched the published 
literature through March 2017 for studies of risk prediction models 
for 30-day hospital readmission among adults with AMI. We identified 
11 studies of 18 unique risk prediction models across diverse settings 
primarily in the United States, of which 16 models were specific to AMI. 
The median overall observed all-cause 30-day readmission rate across 
studies was 16.3% (range, 10.6%–21.0%). Six models were based on 
administrative data; 4 on electronic health record data; 3 on clinical 
hospital data; and 5 on cardiac registry data. Models included 7 to 37 
predictors, of which demographics, comorbidities, and utilization metrics 
were the most frequently included domains. Most models, including the 
Centers for Medicare and Medicaid Services AMI administrative model, 
had modest discrimination (median C statistic, 0.65; range, 0.53–0.79). 
Of the 16 reported AMI-specific models, only 8 models were assessed 
in a validation cohort, limiting generalizability. Observed risk-stratified 
readmission rates ranged from 3.0% among the lowest-risk individuals 
to 43.0% among the highest-risk individuals, suggesting good risk 
stratification across all models.

CONCLUSIONS: Current AMI-specific readmission risk prediction 
models have modest predictive ability and uncertain generalizability 
given methodological limitations. No existing models provide actionable 
information in real time to enable early identification and risk-stratification 
of patients with AMI before hospital discharge, a functionality needed 
to optimize the potential effectiveness of readmission reduction 
interventions.

Acute Myocardial Infarction Readmission 
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Hospital readmissions among patients with acute 
myocardial infarction (AMI) are frequent, costly, 
and potentially avoidable.1–4 Nearly 1 in 6 pa-

tients hospitalized with AMI have an unplanned read-
mission within 30 days of discharge, accounting for 
over $1 billion of annual US healthcare costs.1,2 Since 
2012, hospitals have been subject to financial penalties 
for excessive all-cause 30-day readmissions among pa-
tients with an index hospitalization for AMI under the 
Hospital Readmissions Reduction Program (HRRP), im-
plemented by the Centers for Medicare and Medicaid 
Services (CMS). Although federal readmission penalties 
have stimulated intense efforts to develop readmissions 
reduction intervention strategies, these interventions 
are resource-intensive, are most effective when imple-
mented well before hospital discharge, and have been 
only modestly successful when applied indiscriminately 
to all hospital inpatients.5–8

Predicting which patients hospitalized for AMI are 
at highest risk for readmission would enable hospitals 
to proactively identify and target patients who are the 
most likely to benefit from more intensive readmis-
sion prevention interventions, simultaneously optimiz-
ing the allocation of scarce intervention resources and 
maximizing the potential for successful intervention.9,10 
Head-to-head comparisons of multicondition versus 
disease-specific readmission risk prediction models sug-
gest that disease-specific models outperform multicon-
dition models.11 However, the performance and accu-
racy of AMI-specific readmission risk prediction models 
are unknown.

Two systematic reviews conducted before the HRRP 
identified no AMI-specific readmission models nor 
any all-condition readmission models tested for use in 
AMI.12,13 In the 5 years since the implementation of the 
HRRP, there has been increased interest in preventing 
readmissions among patients with AMI, with a resulting 
renewed interest in developing strategies to identify at-
risk patients with AMI before hospital discharge. Thus, 
the objective of this study was to conduct an updated 
systematic review to include post-HRRP literature on 
readmission risk prediction models for patients hospi-
talized with AMI, to assess model performance on iden-
tifying patients at risk for 30-day readmission and to 
assess the methodological quality of available studies.

MATERIALS AND METHODS
Data Sources and Searches
The data, analytic methods, and study materials will not be 
made available to other researchers for purposes of reproduc-
ing the results or replicating the procedure. We searched Ovid 
MEDLINE, Ovid MEDLINE InProcess, the Cumulative Index to 
Nursing and Allied Health Literature, the Cochrane Library 
(including Cochrane Central Register of Controlled Trials, 
Cochrane Database of Systematic Reviews and the Database 
of Abstracts of Reviews of Effect), and Embase from database 
inception through March 2017 for studies of readmission 
risk prediction models in adults hospitalized with AMI. We 
used subject headings and text words to identify articles that 
contained the following 3 concepts (1) readmission (readmi*, 
readmi*, rehosp*, rehosp*, patient readmission/, readmis-
sion/), (2) risk (model*, predict*, risk*, util*, use*, usage, 
risk/, risk assessment/ risk factors/), and (3) AMI (MI/, anterior 
wall MI/, inferior wall MI/, acute coronary syndrome/, or myo-
cardial ischemia/). The search strategies are provided in detail 
in the eAppendix in the Data Supplement.

Study Selection
Two authors (Drs Smith and Darden) reviewed the abstracts 
and full-text articles of potentially relevant references iden-
tified from the literature search for eligibility. References of 
included articles were also hand-searched to identify addi-
tional eligible studies. Criteria for inclusion were (1) full text in 
English; (2) study population included adult patients 18 years 
or older discharged from the hospital with AMI; (3) article 
is a primary study that derives or validates a risk prediction 
model for hospital readmission after an index admission for 
AMI; (4) the model predicts the risk for the first hospital read-
mission within 30 days of discharge, not a series or sequence 
of hospital readmissions; and (5) at least 1 measure of model 
performance (discrimination or calibration) was reported in 
the article or made available by contacting the corresponding 
author.

Data Extraction and Methodological 
Quality Assessment
Using a standardized abstraction form, 2 reviewers (Drs Smith 
and Darden) extracted data on the population characteristics, 

WHAT IS KNOWN
• Hospitals are subject to federal financial penalties 

for excessive 30-day readmissions for acute myo-
cardial infarction (AMI).

• Prospectively identifying patients hospitalized with 
AMI could help prevent readmissions by enabling 
targeted interventions, but the performance of 
AMI-specific readmission risk prediction models is 
unknown.

WHAT THE STUDY ADDS
• We identified 11 studies of 18 unique readmission 

risk models, 16 of which were specific to AMI.
• Current AMI-specific readmission risk predic-

tion models have modest predictive ability and 
uncertain generalizability, given methodological 
limitations.

• No existing models provide actionable information 
in real time to enable early identification and risk-
stratification of patients with AMI before hospital 
discharge, a functionality needed to optimize the 
potential effectiveness of readmission reduction 
interventions.
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setting, number of patients and hospitals in the derivation 
and validation cohorts, definition of AMI, method and time 
interval of readmission outcome ascertainment, method of 
derivation and validation, domains of predictors tested, pre-
dictors included in the final model, accuracy of risk predic-
tion, and study quality assessment. To facilitate a comparison 
of the models, we classified predictors into 1 of 9 categories 
based on prior conceptual frameworks of readmission risk 
(demographics, socioeconomic status, comorbidities, utiliza-
tion, laboratory results, vital signs, imaging, procedures, and 
medications).13–15 Reviewers resolved disagreements through 
discussion. If consensus could not be achieved, a third author 
(Dr Nguyen) resolved discrepancies. Corresponding authors 
were contacted by e-mail if relevant data were missing, with 
3 total attempts.

We assessed the accuracy of risk prediction by evaluating 
the model’s discrimination and overall predictive ability. We 
assessed discrimination based on the C statistic, which is the 
probability that given 2 individuals hospitalized with MI (one 
who was readmitted and the other who was not), the model 
will predict a higher risk of readmission for the readmitted 
patient than for the nonreadmitted patient.16 A C statistic of 
0.5 indicates a model performs no better than chance, 0.6 to 
0.7 is considered modest discrimination, 0.71 to 0.8 indicates 
very good discrimination and >0.8 is considered very strong 
performance.17 Model calibration is the degree to which pre-
dicted rates are similar to those observed in the population.13 
To examine predictive ability, we assessed the range of mean 
observed risk for readmission for the lowest and highest pre-
dicted risk groups.

We qualitatively assessed the quality of included studies 
using elements from the standards of evidence for evaluat-
ing clinical prediction rules18 and the study quality assessment 
criteria used by Kansagara et al.13 Studies were considered to 
be high quality if they included an adequate description and 
generalizability of the population, had nonbiased selection 
of patients, ascertained readmissions within 30 days at any 
hospital (and not only the index site, because this is aligned 
with the CMS HRRP policy), and broadly validated the model 
in external cohorts (versus narrow validation in a single cohort 
or no validation at all).

Data Synthesis
We were unable to perform a meta-analysis because of the 
heterogeneity of the included studies. Therefore, we quali-
tatively synthesized results with a focus on the predictors 
included in each model, model performance, and method-
ological quality.

RESULTS
Of 4657 titles identified by our search algorithm, 3831 
qualified for abstract review and 42 for full-text review; 
11 studies (Figure) describing 18 unique models were 
ultimately included in the final analysis, of which 16 
models were specific to AMI (Table 1).19–30 The majority 
of studies were conducted in US populations of hos-
pitalized patients 50 years or age or older (n=7). The 
median overall observed all-cause 30-day readmission 

rate across studies was 16.3% (range, 10.6%–21.0%). 
The objective of most studies (n=7) was to develop 
models to identify patients hospitalized for MI at high 
risk for readmission for potential intervention,19–22,24,27,29 
whereas the objective of 3 studies of the CMS AMI 
administrative model was to estimate hospital-level risk-
adjusted 30-day readmission rates for hospital profil-
ing.23,25,26 One study focused on identifying patient- ver-
sus hospital-level predictors for cardiac disease–related 
readmission.28 All studies were conducted in the US 
except for Rana et al,27 which was conducted at a single 
community medical center in Australia, and Rodriguez-
Padial et al,28 conducted in Spain using administrative 
data from the Spanish National Health System.

Study Populations and Definitions 
of AMI
Study populations ranged from cohorts at single aca-
demic medical centers (n=4)19,21,27,29; to statewide,22,26 
multistate,24,25 or multisite cohorts (n=5)20; to national 
cohorts using Medicare23,25 or national health system 
data28 (n=3). Nine studies defined AMI as the primary 
discharge diagnosis using International Classification of 
Diseases, Ninth Revision (ICD-9) codes, ICD-10 codes, 
or diagnosis-related group codes.20–23,25–29 Two studies 
used clinical criteria ascertained from registry data to 
define AMI.22,24

Model Characteristics
Among the 18 unique models identified, the CMS AMI 
administrative model was the most commonly studied 
model—it was validated in 7 separate cohorts across 
4 studies23–26 though 1 study24 used a modified ver-
sion of the CMS model that included fewer predictors 

Figure. Article selection.  
CINAHL indicates Cumulative Index to Nursing and Allied 
Health Literature.
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because of lack of data availability. The utility of 2 previ-
ously validated all-condition readmission risk prediction 
models31,32 when applied specifically to AMI populations 
was assessed in 3 studies20,27,29: the HOSPITAL score (low 
hemoglobin <12 g/dL at discharge, discharge from an 
oncology service, low sodium <135 mEq/L at discharge, 
procedure during hospitalization, non-elective index 
admission type, number of admissions during previous 
year, length of stay ≥5 days)20,27 and the LACE model 
(length of stay, acuity of admission, Charlson comor-
bidity index, number of emergency department visits in 
preceding 6 months).29 The remaining 15 models were 
a mix of de novo models and significantly modified or 
enhanced versions of existing models.

Data Sources
Models were derived from and tested in several types of 
data sources, including administrative data (n=6 mod-
els)22,23,25,26,28; electronic health record data (n=4 mod-
els)20,21,27; medical record data (n=1 model)23; unspeci-
fied clinical hospital data (n=3 models)29; and cardiac 
registry data (n=5 models, including a registry version 
of the CMS model).19,24

Types of 30-Day Readmission Outcomes
Of the 18 different models, 15 were designed to pre-
dict all-cause readmissions19–26,29; and 4 were designed 
to predict cardiac-specific readmissions, including isch-
emic heart disease–related readmissions27 (defined as 
readmissions with primary discharge diagnosis ICD-10 
codes I20-I25; n=2 models); and cardiac disease–relat-
ed readmissions28 (defined as readmissions with primary 
discharge diagnosis ICD-9 codes 390-398, 401-405, 
410-414, 415-417, 420-429, 441.01, 441.1, 441.2, 
444.1; n=1 model). These categorizations were not 
mutually exclusive because one model, the HOSPITAL 
score, was used to predict both all-cause readmissions20 
and cardiac-specific readmissions, defined as poten-
tially preventable (ie, AMI-related) readmissions20 and 
ischemic heart disease–related readmissions.27

Predictors of Readmission
The 18 different models included between 5 to 37 pre-
dictors across a variety of domains (Table 2). All models 
except for the HOSPITAL score included medical comor-
bidities. All models except for the HOSPITAL score,20,27 
LACE model,29 and a comorbidities model27 included 
demographics. Prior healthcare utilization was included 
in 10 models,20–23,27,29 laboratory values in 7,20,21,23,24,27 
procedures in 5,20,22,27,28 socioeconomic status in 4,24–26 
medications in 2,19,21 and vital signs in 4.23,24 The 6 mod-
els based on medical record or registry data19,23,24 includ-
ed detailed clinical data related to AMI characteristics 
and severity of illness at presentation (ie, cardiac arrest, 
shock, multivessel disease, cardiac biomarker elevation), 
and AMI process of care quality measures (ie, time to 
procedure, medications given during percutaneous cor-

onary intervention, and discharge medications). One 
model included measures of in-hospital complications 
(ie, new onset heart failure).19 Two models included 
detailed information on psychosocial/mental health 
factors (social support, health literacy/numeracy, severe 
depression/anxiety, and perceived stress).24 One model 
included a surrogate measure of functional status (nurs-
ing home residency).25 The complete list of included 
predictors and their reported effect sizes are shown in 
eTable I in the Data Supplement. Additional information 
on model development, including details on modeling 
approach, assumptions, prediction selection, etc are 
described in eTable II in the Data Supplement.

Model Performance
Among the 15 models predicting all-cause readmissions, 
model discrimination (C statistic) ranged from 0.57 to 
0.79 (median, 0.65; Table 2). The CMS AMI administra-
tive model, the most commonly tested risk prediction 
model, had a median C statistic of 0.63 across the 7 
cohorts in which it was tested,23–26 though the C statis-
tic was notably 0.76 when validated in a cohort using 
state-level Medicare data from Missouri,26 (E. Nagasako, 
MD, PhD; e-mail communication, January 31, 2017). 
Enhanced versions of the CMS AMI administrative model 
with more clinically granular data,24 or additional data 
on socioeconomic status24–26 or functional status25 had 
generally modest improvements in discrimination com-
pared with the base CMS AMI model. In 1 cohort using 
registry data,24 enhancing a CMS-like base model with 
more detailed clinical, mental health, and socioeconomic 
data in a stepwise fashion resulted in a marginal increase 
in the C statistic from 0.63 to 0.65 (P value not reported), 
with the largest improvement driven by the initial addi-
tion of detailed clinical data on AMI type, presenting vital 
signs, and selected laboratory values including maximum 
troponin value. In another study,25 the addition of nurs-
ing home status as a surrogate for functional status to 
the CMS model resulted in an increase in the C statistic 
from 0.64 to 0.79 but the change was not statistically 
significant (P=0.24; 95% CI not reported), likely because 
of the relatively small cohort (n=833) and extremely low 
prevalence of nursing home residence (n=18). One mod-
el incorporating a single ZIP code level proxy of socioeco-
nomic status (race) to the CMS AMI model had a slight 
decrease in C statistic from 0.64 to 0.6325; another that 
incorporated ZIP code level data on race and income had 
no change in C statistic (0.76 versus 0.76).26

Aside from variations of the CMS model, other AMI-
specific models using more clinically granular electronic 
health record data21 or registry data19 did not have bet-
ter discrimination for all-cause readmissions compared 
with a model derived from administrative claims data,22 
though this comparison is limited by the small number 
of identified studies (n=3), discordant C statistics across 
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validation cohorts in 1 study,21 and unreported model 
validation in 1 study.19

In the 4 models predicting cardiac-specific readmissions, 
model discrimination ranged from 0.53 to 0.78 (median, 
0.67), though this comparison is limited by varying defini-
tions of cardiac-specific readmissions as described above. 
Two models were all-condition risk prediction models 
applied to an AMI cohort to predict cardiac-specific read-
missions: a comorbidities model,27 and the HOSPITAL 
score.20,27 Both all-condition models had poor to modest 
discrimination across studies (range, 0.53–0.67). The 2 
AMI-specific models27,28 had very good discrimination for 
cardiac-specific readmissions (range, 0.74–0.78) though 
generalizability is uncertain given that one model was 
derived and validated within a single center27; the other 
study was conducted outside of the United States.28

The range of observed risk across risk groups for 
included models is shown in Table 2. The models were 
able to adequately risk stratify patients, with observed 
mean readmission rates ranging from ≈3-fold to 9-fold 
difference between the lowest and highest predicted 
risk groups (range from 3.0% among the lowest risk 
individuals to 43.0% among the highest risk individu-
als). Measures of model performance other than C 
statistic were inconsistently reported across studies 
(eTable II in the Data Supplement). Measures of cali-
bration (including predicted or observed mean readmis-
sion rates by risk group, or other statistical measures 
of calibration) were also inconsistently reported across 
studies (eTable III in the Data Supplement), precluding a 
systematic assessment of model calibration.

Quality Assessment of Study Methods
Model quality was variable across studies (Table 3). All 
studies included an adequate description of the popu-
lation and had nonbiased selection of patients. How-
ever, 9 newly developed models across 4 studies did 
not report any type of model validation.19,24,25,27 Four 
newly developed models from data in a single academic 
medical center across 3 studies were internally, but not 
externally validated, limiting generalizability.21,27,29 Addi-
tionally, these 3 studies only captured readmissions to 
the index hospital, and therefore underestimated true 
readmission rates.21,27,29 The CMS AMI administrative 
model had the highest level of evidence for model vali-
dation as it was broadly validated in 7 distinct cohorts 
spanning different populations and time periods.23–26

DISCUSSION
In this systematic review, we identified 11 studies of 18 
unique readmission risk prediction models, 16 of which 
were specific to AMI. The median reported all-cause 
30-day readmission rate after AMI was 16.3%, consis-
tent with estimated national rates.33,34 Overall, current 

AMI-specific models had modest discrimination with a 
median C statistic of 0.65, and were of uncertain gen-
eralizability because of methodological limitations. Most 
studies were low to moderate quality because of lack 
of model validation or being a single-center study. No 
existing models have the potential to provide actionable 
information in real time, given that current models are 
based on data not available until well after hospital dis-
charge (ie, administrative claims data), or require bur-
densome data collection beyond what is readily available 
from routine electronic health record data (ie, registries).

The overall modest predictive ability of identified mod-
els is likely because hospital readmissions are more chal-
lenging to predict compared with mortality. Mortality risk 
is largely predicated on illness severity, comorbidity burden, 
and prior utilization patterns.9,35 In patients hospitalized 
with AMI, the use of clinically granular data from registries 
has enabled accurate risk prediction of AMI mortality up 
to 1 year or longer after index hospitalization.35–37 Clini-
cal severity measures such as AMI location, type (ie, non–
ST-segment–elevation myocardial infarction versus ST-
segment–elevation myocardial infarction), troponin value, 
adequacy of revascularization, and severity of underlying 
coronary artery disease could also be potentially helpful 
to predict readmissions in AMI. However, the few studies 
included in our review that incorporated detailed clinical 
data were of modest quality, limiting inferences about the 
utility of these data in predicting readmissions in AMI.

Additionally, hospital readmissions may depend more 
on complex interactions between patient, hospital, com-
munity, and environment rather than on clinical severity 
of illness alone.9,38–45 In certain conditions such as heart 
failure and pneumonia, including more data on socio-
economic and psychosocial factors improved prediction 
of 30-day readmission risk.9,11,13 The studies in this review 
that included detailed data on socioeconomic status, 
functional status, mental health and psychosocial fac-
tors at either an individual- or community (ZIP code)-level 
found inconsistent effects of the inclusion of these data 
on model performance but had certain methodological 
limitations precluding definitive inferences about the util-
ity of such data in predicting readmissions. Further inves-
tigation is needed to better understand whether includ-
ing socioeconomic, functional, and psychosocial factors 
improve readmission risk prediction in AMI.

Predicting 30-day risk specifically for cardiac-specific 
readmissions may be easier than predicting all-cause 
readmissions given that 2 of the 4 models focused only 
on cardiac-specific readmissions had very good discrim-
ination.27,28 Both models included detailed clinical infor-
mation on recent cardiovascular symptoms, diagnoses, 
procedures, and complications suggesting that the 
presence of cardiovascular comorbidities may be more 
predictive of cardiac-specific versus all-cause readmis-
sions. However, the usefulness of this approach is lim-
ited because hospitals are penalized for inappropriately 
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Table 3. Assessment of Study Quality

Study Model
Generalizability of 

Population?
Nonbiased 
Selection?

Readmission 
Adequately 

Ascertained?
Level of Evidence for 

Model Validation?

Brown et al19

AMI registry model No (single center)* Yes†
Partly, only index 
hospital‡

No validation 
performed*

Burke et al20

HOSPITAL score
Partial (6 centers across 6 
states)‡

Yes†
Partly, only index 
hospitals‡

N/A, previously 
validated model

Hebert et al21

AMI EHR model No (single center)* Yes†
Partly, only index 
hospital‡

Narrow validation 
(split cohort, historical 
cohort)‡

Hilbert et al22 California statewide AMI 
administrative model

Partial (statewide 
California)‡

Yes† Yes†
Narrow validation 
(historical cohort)‡

Krumholz et al23

CMS AMI administrative model
Yes (nationwide Medicare 
data)†

Yes† Yes†
BROAD VALIDATION 
(separate cohorts)†

CMS AMI CCP medical record 
model

Yes (nationwide hospital 
data)†

Yes† Yes†
No validation 
performed*

McManus et al24 CMS-like registry model (CMS 
base model)

Partial (2 states: 
Massachusetts and 
Georgia) ‡

Yes† Yes†
No validation 
performed*

CMS base model clinical

CMS base model+clinical+mental 
health

CMS base model+clinical+mental 
health+SES

Meddings et al25 CMS AMI administrative model in 
HRS-CMS cohort

Partial (nationwide data 
but small sample size due 
to limited availability of 
HRS data)‡

Yes† Yes†

N/A, previously 
validated model

Disability/SES-enriched CMS AMI 
administrative model (HRS-CMS)

No validation 
performed?*

CMS AMI administrative model in 
ACS-HCUP cohort Partial (2 states: Florida 

and Washington)‡

N/A, previously 
validated model

Disability/SES-enriched CMS AMI 
administrative model (ACS-HCUP)

No validation 
performed?*

Nagasako et al26 CMS AMI administrative model
Partial (statewide Medicare 
data in Missouri)‡

Yes† Yes†
Narrow validation 
(bootstrapping)‡SES-enriched CMS AMI 

administrative model

Rana et al27

AMI EHR model

No (single center)* Yes†

Partly, only index 
hospital and only IHD-
related readmissions, 
not all cause‡

Narrow validation (split 
cohort)‡

HOSPITAL score
N/A, previously 
validated model

Comorbidities model
No validation 
performed*

Rodriguez-Padial et al28

Spanish National Health System 
AMI administrative model

Partial (national data in 
Spain)‡

Yes†

Partly, national data but 
only cardiac disease–
related readmissions, 
not all-cause‡

Narrow validation (split 
cohort)‡

Yu et al29

AMI hospital 2 model
No (single center, 1 
Midwest hospital)*

Yes†
Partly, only index 
hospital‡

Narrow validation (split 
cohort)

LACE model at hospital 2
N/A, previously 
validated model

AMI hospital 3 model
No (single center, 1 
Northeast hospital)*

Yes†
Partly, only index 
hospital‡

Narrow validation (split 
cohort)‡

LACE model at hospital 3
N/A, previously 
validated model

ACS indicates American Community Survey; AMC, academic medical center; AMI, acute myocardial infarction; CMS, Centers for Medicare & Medicaid Services; 
SES, socioeconomic status; DRG, diagnosis-related group; EHR, electronic health record; HCUP, Healthcare Cost and Utilization Project; HRS, Health and Retirement 
Study; ICD, International Classification of Disease; IHD, ischemic heart disease; N/A, not applicable; and SES, socioeconomic status.

*Low methodologic quality.
†Characteristics consistent with higher methodologic quality.
‡Characteristics consistent with fair/moderate methodologic quality.
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high all-cause 30-day readmissions under the CMS 
HRRP, and not just cardiac-specific 30-day readmissions.

Two models predicting all-cause 30-day readmis-
sions had notably high C statistics of 0.7925 and 0.7626 
though the significance of these findings is uncertain. 
Meddings et al25 found that adding social determinants 
ascertained from the Health and Retirement Study to the 
CMS AMI model resulted in substantial improvement in 
model discrimination, with a change in C statistic from 
0.64 to 0.79 for the enhanced model. However, the dif-
ference was not statistically significant, likely because of 
the small cohort (n=833), low number of readmissions 
(n=136), and low number of subjects with the presence 
of highly predictive social determinants such as nursing 
home residence (n=18) resulting in a less precise estimate 
of discrimination. Nagasako et al26 found that the unen-
hanced CMS AMI model performed exceptionally well 
in a statewide cohort of Missouri Medicare beneficiaries 
from 2009 to 2012 with a C statistic of 0.76, far higher 
than that observed in both the index and any other study 
of the CMS AMI model. The reasons for improved dis-
crimination of the CMS model in this cohort are unclear.

Although we found overall modest discrimination for 
all-cause 30-day readmissions, the range of predicted risk 
among current models is adequate for stratifying patients 
into high, intermediate, and low risk groups to target 
readmission prevention interventions. However, most 
models were based on data (ie, administrative claims or 
registry) not readily available at the time of hospitaliza-
tion, limiting the usefulness of these models in clinical 
practice for prospective risk stratification to enable tar-
geted intervention to reduce readmissions. Because inter-
ventions to reduce readmissions have the most potential 
to be effective when they are initiated during hospitaliza-
tion well before discharge,5,8 future research should also 
focus on developing models that are easy to implement 
at bedside and provide clinically actionable information as 
early as possible in a patient’s hospital course.

Our review has certain limitations. First, despite a 
comprehensive literature search strategy, we may have 
overlooked studies published in non-English languages 
or nonindexed studies. Second, few studies directly com-
pared models within the same population so caution 
should be used when directly comparing model perfor-
mance across different populations. Third, because most 
studies defined AMI using ICD-9, ICD-10, and diagno-
sis-related group discharge codes, it is unclear whether 
defining AMI prospectively on admission would mean-
ingfully influence risk prediction modeling.

In conclusion, current AMI-specific readmission risk 
prediction models have modest predictive ability and 
uncertain generalizability given methodological limita-
tions. The utility of including additional data on clinical 
AMI characteristics and nonclinical risk factors such as 
socioeconomic, functional, and psychosocial factors 
on improving model performance currently remains 

unclear. No existing models have the potential to pro-
vide actionable data in real time, given that all cur-
rent models are based on data that are not available 
until discharge or well afterward, or require additional 
information beyond that collected as a part of routine 
clinical care. Future studies should focus on developing 
models with improved accuracy that provide clinically 
actionable information in real time as early in the hos-
pital course as possible, to target high-risk individuals 
with a multicomponent transitional care intervention.
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