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BACKGROUND: Reducing hospital readmissions is a
federal policy priority, and predictive models of hospital
readmissions have proliferated in recent years; howev-
er, most such models tend to focus on the 30-day read-
mission time horizon and do not consider readmission
over shorter (or longer) windows.
OBJECTIVES: To evaluate the performance of a predictive
model of hospital readmissions over three different read-
mission timeframes in a commercially insured
population.
DESIGN: Retrospective multivariate logistic regression
with an 80/20 train/test split.
PARTICIPANTS: A total of 2,213,832 commercially in-
sured inpatient admissions from 2016 to 2017 com-
prising 782,768 unique patients from the Health Care
Cost Institute.
MAIN MEASURES: Outcomes are readmission within 14
days, 15–30 days, and 31–60 days from discharge. Pre-
dictor variables span six different domains: index admis-
sion, condition history, demographic, utilization history,
pharmacy, and environmental controls.
KEY RESULTS: Our model generates C-statistics for
holdout samples ranging from 0.618 to 0.915. The
model’s discriminative power declines with readmission
time horizon: discrimination for readmission predictions
within 14 days following discharge is higher than for re-
admissions 15–30 days following discharge,which in turn
is higher than predictions 31–60days followingdischarge.
Additionally, the model’s predictive power increases
nonlinearly with the inclusion of successive risk factor
domains: patient-level measures of utilization and condi-
tion history add substantially to the discriminative power
of the model, while demographic information, pharmacy
utilization, and environmental risk factors add relatively
little.
CONCLUSION: It is more difficult to predict distant
readmissions than proximal readmissions, and the
more information the model uses, the better the pre-
dictions. Inclusion of utilization-based risk factors add
substantially to the discriminative ability of the model,
much more than any other included risk factor do-
main. Our best-performing models perform well rela-
tive to other published readmission prediction models.
It is possible that these predictions could have

operational utility in targeting readmission prevention
interventions among high-risk individuals.
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INTRODUCTION

Hospital readmissions reflect a complex function of patients’
underlying health status, quality of in-hospital care, discharge
and transition planning, follow-up care, at-home supports,
access to health care, and admitting behavior of clinicians.
This complexity may explain the relatively poor performance
of many readmission models compared to other outcomes
such as mortality or prolonged length of stay, and, indeed,
Kansagara and co-authors (2011) note in a widely cited review
of hospital readmission prediction models that “models of
patient-level risk factors such as medical comorbidities, basic
demographic data, and clinical variables are much better able
to predict mortality than readmission risk.” 1–4

This complexity is mirrored by the fragmented landscape of
hospital readmission prediction research: studies proliferate,
but methods and data sources differ significantly among re-
searchers. Certain studies use information available only at
admission5, while others use information available at dis-
charge.6 Some studies predict readmissions within a given
hospital system7, while others are able to predict readmissions
across hospitals.8 Certain studies use only administrative data
for risk factors9, while others use electronic health records.1

Finally, certain studies use only information present in hospital
administrative records10, while other studies use the spectrum
of institutional, physician, and pharmacy claims as sources for
risk factors.11 Indeed, the current CMS hospital-wide readmis-
sion models rely only on hospital claims in order to develop
patient-specific risk factors, and do not use the wealth of
information found in non-hospital claims: that is, physician,
other facility, and pharmacy claims.12 As a result, these CMS
models fair poorly when applied to readmission prediction,
performing little better than chance alone.13
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While these differences in models no doubt reflect the
varied nature in which these models can potentially be
applied—either at admission, at discharge, within hospital
system, or across systems—this heterogeneity renders com-
parison of model performance, and identification of salient
risk factors, difficult. The objective of this research was to use
standardized administrative claims to develop models of hos-
pital readmission over three different time horizons (within 14
days, 15–30 days, and 31–60 days after discharge).We predict
readmissions among a commercially insured population using
risk factors developed from institutional, physician, and phar-
macy claims, and assess model performance on holdout sam-
ples using the C-statistic. We sequentially add domains of
predictor variables in order to quantify the change in model
performance with the introduction of additional covariates.

METHODS

Data

This study uses commercial health care claims from the Health
Care Cost Institute (HCCI). This data source is widely used in
health services research, and the data cover over 55 million
individuals each year with both employer-sponsored insurance
and Medicare Advantage.14,15 Our total study population con-
sists of 2,213,832 inpatient admissions among commercially
insured patients from 2016 to 2017, comprising 782,768
unique patients.
This data offers several advantages over other commonly

used data sources for studies of hospital readmissions: first,
unlike studies based on only hospital discharge summaries, we
are able to use the full spectrum of administrative data (that is,
hospital claims, physician claims, and pharmacy claims) in
order to create and include risk factors on condition history,
utilization, and pharmacy use. Second, unlike studies that use
only a single hospital’s population, and thus are unable to
account for readmissions that occur outside of a given
health system, we can follow individuals across hospitals,
thus accounting for the universe of readmissions for this
study population. Finally, because of data availability,
much research tends to focus on the Medicare fee-for-
service (FFS) population; while Medicare FFS beneficiaries
do account for a substantial fraction of inpatient admissions,
the commercially insured population (including Medicare
Advantage) has been growing over recent years.16

The study’s outcomes are readmissions for any reason
within 14 days, 15–30 days, and 31–60 days following dis-
charge from the index admission. Readmissions are treated as
subsequent index admissions.

Model

We use multivariate logistic regression with an 80/20 train/test
split in order to predict hospital readmission over varying

timeframes: within 14 days after discharge, 15–30 days after
discharge, and 31–60 days after discharge.
We use a large array of predictor variables to capture

aspects of the index hospitalization (28 variables), condition
history (91 variables), demographic factors (9 variables), uti-
lization history (34 variables), pharmacy utilization (12 vari-
ables), and environmental risk factors (39 variables). Index
hospitalization characteristics rely on information from the
index admission (for example, length of stay and discharge
disposition); the condition history, utilization history, and
pharmacy utilization variables all rely on information up until,
but not including, the index admission. Condition history
factors are intended to control for patients’ underlying health
status; utilization history variables are intended to control for
patients’ access to care and history of care-seeking behaviors;
and pharmacy utilization risk factors are intended to capture
whether the patient has used select medications. Environmen-
tal risk factors are intended to capture social determinants of
health.
The majority of these variables are defined as part of the

Hilltop Institute’s Pre-AH Model, a risk prediction model that
predicts avoidable hospital events in the Medicare FFS popu-
lation inMaryland.17We conducted a supplementary literature
review in order to identify additional factors that have been
shown to be relevant for predicting readmissions that were not
in our existing risk factor library, and included these in the
model. We operationalize these risk factors using the HCCI
hospital, physician, and pharmacy health claims. A full list of
variables used in each category is in Appendix 1. For addi-
tional information on the construction of the risk factors,
readers should consult the codebook for the base model.18

We estimate eighteen models in total: six models in each of
three different readmission timeframes. Model 1 includes only
index admission characteristics; model 2 contains all the co-
variates from model 1, and condition history variables; model
3 contains all the covariates from model 2, and adds demo-
graphic information; model 4 contains all the covariates from
model 3, and adds utilization covariates; model 5 contains all
the covariates from model 4, and adds pharmacy utilization
variables; and model 6 contains all the covariates from model
5, and adds ZIP code environmental risk factors.
We split the data in to 80% testing and 20% training

samples, splitting on patient identifier in order to avoid pre-
diction leakage. Model coefficients are generated using the
80% training sample (n = 1,771,550), and the coefficients are
used to generate readmission risk scores in the holdout sample.
Crucially, the prediction model coefficients are not estimated
using the holdout sample; thus, the holdout sample predictions
can be compared with actual readmission outcomes in order to
test the accuracy of the model.
Predictive model performance can be assessed using the C-

statistic, which is a measure of the area under the receiver
operator curve (ROC).19 The ROC plots the true positive rate
against the false positive rate for binary classifiers using suc-
cessive cutoff thresholds, and the C-statistic “measures the
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probability that a randomly selected diseased subject has a
higher predicted risk than a randomly selected non-diseased
subject.”20 It is important to note that this only captures model
discrimination, or the extent to which index admissions with a
readmission are assigned a higher risk score than index ad-
missions without a readmission. Model calibration is another
important element of predictive model performance but is not
addressed in this study.21

This study was deemed to be exempt from review by the
University of Maryland Baltimore County Institutional Re-
view Board. All analyses were conducted in SAS 9.4.22

RESULTS

We first present summary statistics for our analytic sample of
inpatient claims (Table 1). Across the 2,213,832 commercially
insured inpatient admissions, 8.8% of inpatient admissions
have a readmission within 14 days of discharge, 4.37% have
a readmission from 15 to 30 days of discharge, and 4.94%
have a readmission from 31 to 60 days of discharge. The
preponderance of these inpatient admissions are individuals
aged 55 and over, and in 61.14% of admissions, the patient has
a history of hypertension; in 30.63%, the patient has a history
of chronic kidney disease; in 29.62%, a history of diabetes; in

24.84%, a history of heart failure; and in 18.09%, a history of
chronic obstructive pulmonary disorder.
We estimated six models for each of our readmission

timeframes (within 14 days of discharge, 15–30 days after
discharge, and 31–60 days after discharge). Results from the
training dataset are presented in Table 2.
The model’s discriminatory power declines with readmis-

sion time horizon, and rises with the number of risk factor
domains that are included. Model 1 includes only risk factors
that are related to (and derived from) the index admission, and
C-statistics range from 0.686 for the 14-day readmission ho-
rizon to 0.619 for the 31–60-day readmission window. The
addition of condition flags, in model 2, improves the model’s
discriminative ability across all readmission windows, but
relatively more so among the longer time horizons. The per-
formance in model 3 is virtually identical to that of model 2,
indicating that the demographic factors—age bins and
gender—add little to the model.
The inclusion of utilization history risk factors significantly

improves the performance of the model. The C-statistic read-
missions within 14 days increases from 0.737 in model 3 to
0.914 in model 4, for an improvement of 0.177. The other
readmission time horizons experience a similar magnitude
increase in discriminative power with the inclusion of utiliza-
tion risk factors. Finally, the inclusion of pharmacy-based risk
factors and environmental risk factors add relatively little to
the model.
Finally, while we did not perform variable selection—and

thus, in model 6, included over 200 predictors in both our
model training and prediction—there is no evidence of
overfitting. We present the analogous C-statistics for the hold-
out sample in Table 3, below, and note that these are almost
identical to the C-statistics in the training sample.

Table 1 Selected characteristics of study population

Characteristic % of study
population

Readmissions
1–14 days 8.80
15–30 days 4.37
31–60 days 4.94
Index admission
Index admission due to diabetes 0.95
Index admission due to heart failure 3.15
Index admission due to coronary artery disease 1.32
Index admission due to other causes 94.58
Index admission length of stay (days) 6.45
Demographics
Age 0–17 2.93
Age 18–24 3.74
Age 25–34 8.17
Age 35–44 6.74
Age 45–54 8.61
Age 55–64 16.10
Age 65–74 22.56
Age 75–84 20.09
Age 85+ 11.07
Female 57.95
Male 42.05
Conditions and utilization
History of chronic kidney disease 30.63
History of chronic obstructive pulmonary disease 18.09
History of diabetes 29.62
History of heart failure 24.84
History of hypertension 61.14
# Primary care visits within previous 12 months 7.63
# Specialist visits within previous 12 months 4.33

The analytic dataset is comprised of 2,213,832 inpatient admissions.
The age bins sum to over 100% because (a) our study period spans 2
years and (b) the data is at the admission level. Thus, for example, an
individual may have an admission in 2016 at age 74 and another
admission in 2017 age 75, and thus contribute to two age bins.

Table 2 C-statistics for prediction models by time horizon—training
sample

Model Readmission time horizon

Within 14
days

15–30
days

31–60
days

M1: index admission
covariates only

0.686 0.624 0.619

M2: M1 + condition history 0.735 0.715 0.699
M3: M2 + demographics 0.737 0.716 0.701
M4: M3 + utilization history 0.914 0.892 0.888
M5: M4 + pharmacy
utilization

0.915 0.892 0.888

M6: M5 + environmental
factors

0.915 0.892 0.888

Model 1 consists of index admissions covariates only; model 2 consists
of all covariates from model 1, plus condition history; model 3 consists
of all variables from model 2, plus demographics; model 4 consists of
all variables from model 3, plus utilization history; model 5 consists of
all variables from model 4, plus pharmacy utilization; model 6 consists
of all variables from model 5, plus environmental factors. All models
are estimated on an 80% training sample of the overall dataset, with C-
statistics generated on the 80% training sample. Models are estimated
using multivariate logistic regression. The sample size for model 1–
model 5 is 1,771,550; the sample size for model 6 is 1,716,177
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DISCUSSION

This study assessed the predictive accuracy of a hospital
readmission prediction model using commercial claims from
2016 to 2017 across three separate time horizons. We docu-
ment strong predictive performance for models that include
index admission characteristics, demographic information,
condition history, and utilization history risk factors. More-
over, we find that the predictive models are better able to
predict proximal, rather than distant, events.
This research has two broad limitations. First, we do not

distinguish between planned and unplanned readmissions.
Researchers tend to filter out planned readmissions under the
rationale that they are not indicative of poor hospital quality,
and thus should not be prevented. We elected not to for two
reasons: first, planned readmission algorithms tend to be sub-
jective, and we are unaware of any widely used classification
logic; and second, we strove for simplicity and reproducibility,
and thus did not want to impose unneeded sample restrictions.
Given that Horwitz et al. (2012) estimate planned readmis-
sions to account for only 9% of all 30-day readmissions, we do
not believe that the inclusion of planned readmissions mean-
ingfully impacts our key results. The second limitation is that,
as noted above, we do not assess model calibration. However,
even without assessing calibration, high discriminative power
of the model implies that patients can be accurately ranked
according to their risk of readmission.
We believe that there are four significant contributions from

this research. The first is that while researchers and policy-
makers tend to focus on readmissions in the Medicare FFS
population, readmissions do occur in the commercially in-
sured and Medicare Advantage (MA) populations (that is,
the groups included in the HCCI data). While readmissions
in the traditional Medicare FFS population have been used as

the basis for the Hospital Readmission Reduction Program,
the growing penetration of Medicare Advantage across the
United States argues for a focus not just on traditional Medi-
care beneficiaries, but also individuals with MA coverage.16

The second contribution is that our models perform well
relative to the published literature of readmission models. As
noted in the introduction, prediction models of hospital read-
mission proliferate: a 2016 systematic review finds 60 studies
with 73 unique predictive models published between 2011 and
2015.2 This same review finds that model performance varies
significantly across studies, with reported C-statistics ranging
from 0.21 to 0.88. An earlier systematic review includes 30
studies published in 2011 or earlier, and documents C-
statistics ranging from 0.55 to 0.83.3 Other systematic reviews
have documented similarly wide performance ranges.23,24

We are unaware of other readmission prediction models
with C-statistics that exceed 0.91, and interpret this as a
function of the explanatory power of our predictor domains.
The risk factors in this model are the output of structured
literature reviews and combine information from institutional,
physician, and pharmacy claims, as well as publicly available
environmental risk factors. Operationalizing these risk factors
required a significant feature engineering effort, but the strong
discriminative ability of the model may reflect the quality and
scope of the risk factors.
As a corollary, our results demonstrate that methodologi-

cally transparent predictive models can perform well at
predicting hospital readmissions over differing readmission
time horizons. Given the general trend toward more complex,
black-box models, we believe that this research provides an
important counterweight for future researchers: multivariate
logistic regression models, with a sufficient number of suffi-
ciently high-quality predictors, can achieve very strong dis-
criminative performance in predicting readmissions across
multiple time horizons. Additionally, given that researchers
have argued that a shorter readmission window may be more
reflective of hospital quality or more reflective of preventable
readmissions25–27, our model’s strong performance at
predicting short-term readmissions (within 14 days of dis-
charge) is particularly salient.
The third is that covariate domains matter for readmission

prediction, but not all covariate domains matter equally. The
inclusion of index-visit characteristics yields a relatively low
amount of discriminative power for the model; the inclusion of
condition history and utilization history improves model ac-
curacy substantially. The outsized impact of the utilization
history characteristics speaks to the implied importance of
patients’ access to care and history of certain care-seeking
behaviors in predicting readmission. Moreover, the modest
predictive gains due to the inclusion of demographic factors,
pharmacy utilization, and environmental risk factors indicate
one of two possible explanations: either these factors are not
causally linked to readmissions, or they do not encode infor-
mation that is independent from that already captured by the
other risk factor domains. We remain agnostic as to which of

Table 3 C-statistics for prediction models by time horizon—holdout
sample

Model Readmission time horizon

Within 14
days

15–30
days

31–60
days

M1: index admission
covariates only

0.683 0.621 0.618

M2: M1 + condition history 0.733 0.713 0.701
M3: M2 + demographics 0.735 0.714 0.702
M4: M3 + utilization history 0.914 0.893 0.888
M5: M4 + pharmacy
utilization

0.915 0.893 0.888

M6: M5 + environmental
factors

0.915 0.893 0.888

Model 1 consists of index admissions covariates only; model 2 consists
of all covariates from model 1, plus condition history; model 3 consists
of all variables from model 2, plus demographics; model 4 consists of
all variables from model 3, plus utilization history; model 5 consists of
all variables from model 4, plus pharmacy utilization; model 6 consists
of all variables from model 5, plus environmental factors. All models
are estimated on an 80% training sample of the overall dataset, with C-
statistics generated on the 20% holdout sample. Models are estimated
using multivariate logistic regression. The sample size for model 1–
model 5 is 441,857; the sample size for model 6 is 428,221
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these possible explanations may dominate. Finally, we note
that for individuals or organizations seeking to develop pre-
dictive models of hospital readmissions with limited data
engineering resources, developing only the index admission
risk factors, condition risk factors, and utilization risk factors
may produce sufficiently discriminating predictive models.
The fourth contribution is the potential for these readmis-

sion models—or those like them—to inform policy. While the
30-day readmission measure has gained traction as a metric of
hospital quality—forming the backbone of Medicare’s Hospi-
tal Readmission Reduction Program—there is relatively little
evidence on the optimality of 30 days as a readmission bench-
mark. The 30-day cutoff is typically justified on the grounds
that, while it is arbitrary, it picks up a signal reflective of
hospital quality.28 However, some index admissions may be
more (or less) susceptible to deficient in-hospital care than
others, and the appropriate post-discharge window may differ
from 30 days based on multiple factors.
An application of the modeling approach outlined in this

study could be to identify—for a particular subset of patients
admitted for a cause—the readmission window over which
model performance is maximized according to some metric
(thus, over which the signal-to-noise ratio is highest). Then,
hospitals for which the observed number of readmissions
exceeds the expected number for this patient population and
this data-driven readmission window could, in a sense, be
potentially thought of as providing deficient care for these
patients with this particular cause of admission. This could
be replicated across many disparate groups of patients and
admission causes, thereby contributing to a nuanced, data-
driven readmission policy.

CONCLUSION

This study assessed the predictive accuracy of a hospital
readmission prediction model using commercial claims
from 2016 to 2017. We estimate multivariate logistic re-
gressions with stepwise inclusion of six predictor
domains—index admission characteristics, condition histo-
ry, demographics, utilization history, pharmacy utilization,
and environmental risk factors—and model readmissions
over three timeframes: within 14 days of discharge, 15–30
days of discharge, and 31–60 days of discharge. We docu-
ment C-statistics for holdout samples ranging from 0.618 to
0.915, depending on readmission time horizon and included
risk factor domains. The high discriminative accuracy of the
model suggests that patients may be ranked by readmission
risk with a high degree of precision, which may allow for
proactive, targeted interventions for the highest-risk
patients.
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