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Objective. To investigate the potential spillover effects of the Hospital Readmissions
Reduction Program (HRRP) on readmissions for nontargeted conditions and patient
populations. We examine HRRP effects on nontargeted conditions separately and on
non-Medicare populations in Florida and California.
Data Sources. From 2007–2013, 100 percent Medicare inpatient claims data, 2007–
2013 State Inpatient Database (SID) for Florida, and 2007–2011 SID for California.
Study Design. We conducted an interrupted time series analysis to estimate the
change in 30-day all-cause unplanned readmission trends after the start of HRRP using
logistic regression.
Principal Findings. Hospitals with the largest reductions in targeted Medicare read-
missions experienced higher reductions in nontargeted Medicare readmissions.
Among nontargeted conditions, reductions were higher for neurology and surgery con-
ditions than for the cardiovascular and cardiorespiratory conditions, which are clini-
cally similar to the targeted conditions. For non-Medicare patients, readmission trends
for targeted conditions in Florida and California did not change after HRRP.
Conclusions. Our findings are consistent with positive spillover benefits associated
with HRRP. The extent of these benefits, however, varies across condition and patient
groups. The observed patterns suggest a complex response, including a role of nonfi-
nancial factors, in driving lower readmissions.
Key Words. Hospital Readmissions Reduction Program, spillover effects,
interrupted time series

Preventing avoidable readmissions in Medicare represents a significant
opportunity to increase the value of health care services by improving
patient outcomes and reducing spending (MedPAC 2007; Jencks, Williams,
and Coleman 2009). The Hospital Readmissions Reduction Program
(HRRP), established by the Affordable Care Act (ACA), imposes financial
penalties on hospitals with higher than expected 30-day readmission rates.
The program started penalizing hospitals with excess readmission rates for
acute myocardial infarction (AMI), heart failure, and pneumonia on
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October 1, 2012. The targeted conditions were expanded to include chronic
obstructive pulmonary disease (COPD) and total knee and hip replacement
in FY 2015. In the third year of the program (FY 2015), 78 percent of hospi-
tals received penalties, totaling $428 million (Boccuti and Casillas 2015).

Recent studies have found broad reductions in Medicare readmission
rates during the HRRP implementation period for targeted and nontargeted
conditions (Carey and Lin 2015; Zuckerman et al. 2016). Based on an analysis
of data fromNewYork State, Carey and Lin found thatMedicare readmissions
for nontargeted conditions fell by about 1 percentage point between 2008 and
2012. UsingMedicare claims data, Zuckerman et al. reported a 2.2 percentage
point reduction in nontargeted readmissions nationwide between 2007 and
2015. While these findings suggest there may be spillover benefits associated
with the HRRP, more research is needed to better understand the extent of
such spillovers and thus assess the full impact of the HRRP.

Our study contributes to prior literature on the effects of HRRP in sev-
eral ways. First, we examine whether hospitals that experienced reduced read-
mission rates for targeted conditions are the ones that experienced lower
readmission rates for nontargeted conditions. While prior studies found
reductions in nontargeted readmissions in the HRRP implementation period
(Carey and Lin 2015; Zuckerman et al. 2016), the relationship between these
reductions and readmission reductions for the targeted conditions is unclear.
Establishing this connection would provide stronger evidence on the exis-
tence of HRRP spillover effects. Second, in contrast to prior literature that has
either focused on select nontargeted conditions (Carey and Lin 2015) or
pooled all nontargeted conditions in their analysis (Zuckerman et al. 2016),
we examine readmission changes across nontargeted conditions separately.
Our approach allows us to uncover any variation in HRRP effects across dif-
ferent nontargeted conditions that may be masked in analyzing nontargeted
readmissions as a whole. Third, while prior literature has investigated the
effect of the HRRPon the non-Medicare population in New York State (Carey
and Lin 2015), our study expands on this work by focusing on two large states
with different health care delivery systems, California and Florida.

The HRRP may lead to different types of spillover effects depending on
the role that financial and nonfinancial factors play in hospitals’ decision-
making. On one hand, hospitals’ responses may be driven by financial incentives
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(penalties for higher than average targeted readmissions) and disincentives
(cost of administering readmission reduction initiatives and lost revenue associ-
ated with reduced readmissions) associated with the HRRP. As there are no
financial penalties associated with excess readmissions for nontargeted condi-
tions, hospitals may not have an incentive to engage in efforts to reduce read-
missions for nontargeted populations. In fact, within this economic framework,
hospitals may shift resources away from nontargeted conditions or may cover
lost revenue by increasing readmissions for nontargeted conditions or popula-
tions. This would imply that hospitals with the largest reductions in Medicare
readmission rates for targeted conditions would have smaller reductions in
readmissions for nontargeted conditions when compared to other hospitals.

On the other hand, nonpecuniary factors, such as patient satisfaction and
overall quality of care, may determine how a hospital responds to the HRRP.
The spotlight on a hospital’s readmissions brought on by the HRRP may cause a
hospital to implement hospital-wide readmission reduction initiatives, such as
improved discharge planning for all conditions. Hospitals may take into account
both financial and nonfinancial factors in responding to the HRRP incentives,
finding it optimal to focus their efforts on a limited set of nontargeted conditions
and leading to variations in spillover benefits across conditions.

In this study, we use Medicare and non-Medicare data to investigate the
extent to which readmission reductions observed in nontargeted conditions
and populations may reflect spillover benefits of the HRRP. In particular, we
address the following research questions: (1) DidMedicare readmission trends
in targeted and nontargeted conditions change after HRRP implementation?
(2) Were reductions in nontargeted readmissions larger in hospitals that had
the greatest readmission reduction in targeted conditions? (3) Were reductions
in readmissions larger for nontargeted conditions that are related to the tar-
geted conditions? and (4) Did readmission trends in targeted conditions for
non-Medicare patients change after the start of the HRRP implementation?

METHODS

Overview of Study Design

We conduct an interrupted time series analysis to compare the time trends in
30-day all-cause readmission rates before and after HRRP implementation.
The interrupted time series analysis has been widely applied in health services
research (Gillings, Makuc, and Siegel 1981; Soumerai et al. 1987; Brufsky
et al. 1998; Andersson et al. 2006; Feldstein et al. 2006). The method

1480 HSR: Health Services Research 53:3 ( June 2018)



accounts for underlying secular trends in readmission rates during the pre-
policy period to more accurately assess the impact of HRRP.

We conduct the analysis at the discharge level on a quarterly basis. We
use the passage of the ACA in March 2010, which established the HRRP, as
the start of the HRRP implementation. The targeted conditions examined in
this study are the three conditions covered by the HRRP at the beginning of
the program: AMI, heart failure, and pneumonia. We estimate the pre- and
post-HRRP implementation change in readmission trends for targeted and non-
targeted conditions among the national Medicare population and for targeted
conditions among the non-Medicare population in California and Florida.

Data Sources

The primary data sources for theMedicare population are theMedicare Provi-
der Analysis and Review (MedPAR) Inpatient Research Identifiable Files
(RIFs) for 2007–2008 and the 100 percent Inpatient Limited Data Set (LDS)
Standard Analytic Files for 2009–2013. These databases include 100 percent
Medicare FFS claims for all acute care hospitals with discharges between Jan-
uary 1, 2007, and December 31, 2013. Patient’s age, Medicare enrollment sta-
tus, date of death, and county of residence for the Medicare population are
pulled from the MedPAR Master Beneficiary Summary Files for 2007–2008
and the denominator files for 2009–2013. The primary data source for the
non-Medicare population is the 2007–2013 State Inpatient Database (SID) for
Florida and the 2007–2011 SID for California, which contain all inpatient dis-
charge abstracts for each state. Additional covariates are constructed using the
FY 2014 Inpatient Prospective Payment System Impact File, the 2015 Hospital
Compare database, the 2014–2015 Area Health Resource File, and the FY
2009 American Hospital Association (AHA) Annual Survey Database. Vari-
ables obtained from each source are listed in Appendix Table S1.

Populations Studied

We conduct analyses on both the Medicare patient population and the
non-Medicare patient population, which includes patients with an expected
payer of Medicaid or private insurance. The Medicare population consists of
Medicare FFS beneficiaries who had an index stay in a short-term acute care
hospital between February 2007 and November 2013. Following CMS
methodology, an index hospitalization for the condition-specific readmission
measures is one that is not within 30 days of the discharge date of a prior index
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stay for the same condition. Therefore, hospitalizations cannot be counted as
both a readmission and an index admission within the same condition-specific
measure. We include hospitalizations in short-term acute care hospitals that
participate in Medicare’s inpatient prospective payment system (IPPS).
Because our data cover 2007 to 2013, we exclude admissions occurring in Jan-
uary 2007 as they do not have a 30-day look-back period needed to identify
index admissions. Similarly, we exclude discharges occurring in December
2013 as we cannot observe their 30-day look-forward period that is needed to
identify the 30-day readmissions. The 2008 Inpatient RIF does not link to the
2009 Inpatient LDS file; therefore, we also exclude December 2008 dis-
charges in the 2008 Inpatient RIF and admissions before February 2009 in the
2009 Inpatient LDS file from our analysis.

In analyzing targeted readmissions, we create separate cohorts for bene-
ficiaries who were hospitalized with one of the three targeted conditions
(AMI, heart failure, and pneumonia) based on the primary ICD-9 diagnosis
code associated with the index stay.1 For nontargeted conditions, we follow
CMS’s hospital-wide all-cause unplanned readmission measure and divide
the beneficiaries into five cohorts: cardiorespiratory, cardiovascular, neurol-
ogy, surgery, and medicine (Yale New Haven Health Services Corporation/
Center for Outcomes Research & Evaluation [YNHHSC/CORE] 2015b).2

We exclude beneficiaries who were hospitalized for AMI, heart failure, and
pneumonia from the nontargeted condition cohorts.

We apply CMS’s inclusion and exclusion criteria for the condition-spe-
cific and hospital-wide 30-day readmission measures in constructing the
cohorts for targeted and nontargeted conditions, respectively. These restric-
tions include but are not limited to excluding admissions that resulted in death
in the hospital, discharged against medical advice, and transferred to another
inpatient facility (Yale New Haven Health Services Corporation/Center for
Outcomes Research & Evaluation [YNHHSC/CORE] 2015a,b). Following
CMS, we also exclude AMI stays that are admitted and discharged on the
same day. We deviate from CMS’s restrictions regarding Medicare coverage.
Because we construct patient comorbid risk factors and illness severity indica-
tors based only on the index hospital claim, we require that the patient be
enrolled in Part AMedicare during the inpatient stay in addition to the 30-day
period after discharge. In contrast, CMS requires the patient also be enrolled
in Parts A and B Medicare for the 12 months prior to admission.

We include all hospitals regardless of their total number of discharges in
the analysis. Hospitals with few discharges make up only a small portion of
our study cohort. For example, hospitals with fewer than 25 discharges in a
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given condition consist of less than 0.3 percent of our sample. Finally, we
exclude cases with missing data for any covariate, which represents around 4
percent of cases.3 Of all the covariates, missing data on the concentration of
hospitals in a Hospital Referral Region, obtained from the FY 2009 AHA
Annual Survey Database, led to the largest number of cases excluded (<2 per-
cent). Overall, our inclusion and exclusion criteria resulted in sample sizes
ranging from 1,184,677 cases in 2,777 hospitals for the AMI cohort to
19,493,873 cases in 2,908 hospitals for theMedicine cohort.

For the non-Medicare population, we conduct analyses on three cohorts
of index stays with a primary diagnosis of AMI, heart failure, or pneumonia in
California and Florida. We limit the study population to patients aged 18 and
over who had an expected source of payment from Medicaid or a private
payer for the index hospital stay. While Florida’s SID data allow researchers
to track 30-day readmissions via variables that track days between admissions
and the length of stay, the data only include information on the discharge
quarter, so we exclude discharges during the first quarter of 2007 and the last
quarter of 2013 from the analysis. California’s SID data are only available
through 2011. In constructing the non-Medicare cohort, the percent of cases
excluded with a missing value for any cohort ranged from a low of 4.1 percent
of cases (1,968 of 47,759 cases) for the AMI cohort in Florida to a high of 6.8
percent of cases (3,546 of 52,133 cases) for the AMI cohort in California.
Overall, our inclusion and exclusion criteria resulted in sample sizes ranging
from 37,283 cases in 155 hospitals for the heart failure cohort in Florida to
62,446 cases in 264 hospitals for the pneumonia cohort in California.

Outcome and Explanatory Variables

The outcome variable is an indicator for being readmitted to a short-term acute
care hospital for any reason (all-cause) within 30 days of discharge from a short-
term acute care hospital. We exclude planned readmissions from the outcome
definition based on CMS’s risk-standardized readmission measure definitions.

Our key explanatory variables are a dummy variable indicating the
post-intervention period, a continuous trend variable that is zero at the period
of intervention and gives the number of quarters from the intervention during
both the pre and post-intervention periods (e.g., �3, �2, �1, 0, 1, 2, 3, 4, . . .),
and the interaction between the post-intervention indicator variable and the
trend variable.

Defining the intervention period has been one of the main challenges in
evaluating the effects of the HRRP. The HRRP was established during a period

Further Evidence on Hospital Readmissions 1483



of heightened focus on hospital readmissions. CMS started public reporting of
hospital readmissions for AMI, heart failure, and pneumonia in July 2009, and
the period between 2008 and 2011 contained numerous stages of rulemaking
related to public reporting and the HRRP. Similar to Zuckerman et al. (2016),
we use the quarter after the passage of the ACA in March 2010, which estab-
lished the HRRP, as the start of the HRRP. While there are other milestones in
the initiation of the HRRP, the passage of the ACA was the earliest point at
which hospitals had sufficient information to respond to the HRRP.

In our expanded models for nontargeted conditions, we use a categori-
cal variable to indicate whether the index admission was in a hospital in the
top 25 percentile, middle 50 percentile, or bottom 25 percentile in terms of its
reduction in readmission rates for targeted conditions (see Appendix). To con-
struct this hospital group variable, we estimate each hospital’s reduction in
readmission rates accounting for the hospital’s performance, characteristics,
and changes in case mix over time. Specifically, we divide each hospital’s
actual readmission rate by the hospital’s predicted rate, which is based on its
case mix and characteristics. Then, we estimate the linear trend in the hospi-
tal-level ratio of the actual to predicted readmission rate before and after the
HRRP. We use the change in the slope of this ratio’s trend after the HRRP as
the estimate of the hospital’s reduction in readmission rate.

To test whether spillover effects vary across nontargeted conditions, we
create a dummy variable, indicating whether the index is an admission for the
nontargeted cardiorespiratory or cardiovascular conditions. We use the car-
diovascular/cardiorespiratory condition category to define conditions most
related to the targeted conditions because CMS includes the targeted condi-
tions in these two condition categories when constructing their hospital-wide
all-cause unplanned readmission measure. We use the neurology and surgery
groups to define other nontargeted conditions because hospitals generally
organize care for these groups separately from the targeted conditions. We do
not include the medicine group in the other nontargeted conditions as it spans
a diverse set of conditions, some of whichmay be related to the targeted condi-
tions (e.g., other lower and upper respiratory diseases).

To control for patient-level severity and clinical complexity, we use a differ-
ent set of risk variables for each condition, following CMS’s Risk-Standardized
Readmission Measure definitions (Yale New Haven Health Services Corpora-
tion/Center for Outcomes Research & Evaluation [YNHHSC/CORE] 2015a,b).
We identify the risk variables based on the index stay, which is different than the
CMS methodology that considers the 12-month period prior to and including
the index stay in determining the risk variables. Furthermore, CMS
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methodology has identified a set of conditions that may reflect complications of
care rather than comorbid conditions if they occur only in the index stay and not
the 12-month period prior to the index stay. As we base all indicators of patient
severity and clinical complexity on the index stay, we exclude these conditions
from our list of risk adjustment variables. Additional patient- and hospital-level
characteristics that are included in our models are discussed in the Appendix.

Statistical Analysis

We use logistic regressions to model the probability of being readmitted to a
short-term acute care hospital within 30 days of discharge from an index stay.
We first estimate the change in readmissions after the HRRP using a baseline
specification given in Equation (1). We estimate the baseline model separately
for condition-specific cohorts inMedicare and non-Medicare populations.

R ¼ b0 þ X b1 þ b2t þ b3HRRP þ b4HRRP � t þ � ð1Þ
where R is an indicator variable for 30-day readmission, X is a vector of con-
trol variables, t is the continuous trend, andHRRP is the indicator for the post-
ACA period. The coefficient on HRRP*t, b4, captures the change in
readmission trend slope after the ACA.

We also use an expanded model to assess the extent to which potential
spillover effects varied across hospital and condition groups. We estimate the
expanded model, presented in Equation (2), using pooled data that includes
nontargeted hospitalizations for cardiovascular, cardiorespiratory, neurology,
and surgery cohorts.

R ¼ b0 þ X b1 þ b2t þ b3HRRP þ b4Group2þ b5Group3þ b6Cardioþ
b7HRRP �Group2þ b8HRRP �Group3þ b9HRRP � Cardioþ
b10Group2 � Cardio þ b11Group3 � Cardio þ b12HRRP � Cardio �Group2þ
b13HRRP � Cardio � Group3þ ðb14HRRP þ b15Group2þ b16Group3þ
b17Cardio þ b18HRRP � Group2þ b19HRRP �Group3þ
b20HRRP � Cardio þ b21Group2 � Cardio þ b22Group3�
Cardio þ b23HRRP � Cardio �Group2þ
b24HRRP � Cardio � Group3Þ � t þ �

ð2Þ
where X is a vector of control variables, t is the time trend variable,
HRRP is the indicator variable for post-ACA period, Group 2 and
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Group 3 are indicator variables for hospitals in the middle 50 percent
and bottom 25 percent in targeted readmission reductions, respectively,
and Cardio is an indicator variable for an index hospitalization in the car-
diovascular/cardiorespiratory nontargeted condition group. Hospitals in
the top 25 percent in targeted readmission reductions and other nontar-
geted conditions serve as the reference groups. We focus on how the
changes in slope of the readmission trend (coefficient on t) in the post-
HRRP period varies for different hospital and condition categories. Based
on our model, b19 + b24 and and b19 reflect the difference in slope
changes after the ACA between hospitals with the largest and smallest
reductions in targeted readmissions for the cardiovascular/cardiorespira-
tory and other nontargeted conditions, respectively. Similarly, b20 and
b20 + b24 reflect the difference in slope changes after the ACA between
cardiovascular/cardiorespiratory and other nontargeted readmissions for
the top and bottom 25 percent of hospitals in targeted readmission reduc-
tions, respectively. We estimate standard errors clustered at the hospital
level in all regressions.

RESULTS

Overall HRRP Effects

We find that the HRRP is associated with reductions in readmission rates
for the targeted conditions (AMI, heart failure, and pneumonia) and nontar-
geted conditions (cardiorespiratory, cardiovascular, neurology, surgery, and
medicine). Before the HRRP, readmission rates were increasing for the
heart failure, pneumonia, neurology, and surgery cohorts (odds ratio > 1
with a p-value <.01) (Table 1). Readmission rates for the AMI, cardiorespi-
ratory, and cardiovascular cohorts were steady before the passage of the
ACA (p-value >.1), and readmission rates for the medicine cohort were
decreasing (odds ratio < 1 with a p-value <.01). After the HRRP, the slopes
of the readmission rate trends decreased for all cohorts, indicating readmis-
sion rates started falling or continued to fall at a greater rate after the ACA
(odds ratio < 1 with a p-value <.01). These reductions represent sizable
decreases in readmission rates during the study period. From the quarter
before the HRRP (2010 Q1) to the end of our study period (2013 Q4), risk-
adjusted rates of readmission decreased by a low of 2.1 percentage points
for the surgery and cardiovascular cohorts to a high of 4.5 percentage points
for the AMI cohort (Table 1).
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Relationship between Reductions in Targeted and Nontargeted Conditions

Figure 1 presents trends in unadjusted readmission rates for the nontargeted
conditions. We divide hospitals into three groups based on their response to
the HRRP for the targeted conditions. The top performing hospitals include
the top 25 percent of hospitals in terms of their reductions in readmission rates
for the targeted conditions, and the bottom performing hospitals are the

Figure 1: Trends in Unadjusted Readmission Rates for Nontargeted
Conditions by Groups of Hospitals (Based on Reduction in Readmission
Rates for Targeted Conditions), 2007–2013 [Color figure can be viewed at
wileyonlinelibrary.com]

Notes. Our analysis includes 43,954,459 index admissions in 3,156 hospitals. To adjust for seasonal
patterns in readmission rates, we plot the moving average readmission rates. For each quarter, we
calculate the average of the readmission rates for two quarters before the present quarter, and one
quarter after. The solid vertical line represents the second quarter of 2010, after passage of the
Affordable Care Act. The dashed vertical lines represent (1) Q2 of 2008—proposed rule before
CMS’s public reporting of readmission rates; (2) Q3 of 2009—start of CMS’s public reporting; (3)
Q2 of 2011—proposed rule identifying the targeted conditions subject to financial penalties; and
(4) Q4 of 2012—start of financial penalties. We divide hospitals into groups based on their slope
change in the ratio of observed to predicted readmission rates for targeted conditions before and
after the HRRP. The top performing hospitals include the top 25 percentile of hospitals in terms of
their slope reductions in readmission rates for the targeted conditions before and after the HRRP.
The middle performing hospitals are the middle 50 percentile of hospitals and the bottom
performing hospitals are the bottom 25 percentile.
Source: Authors’ analysis of 2007–2008 MedPAR Inpatient Research Identifiable Files and 2009–
2013 100 percent Inpatient Standard Analytic Files.
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bottom 25 percent of hospitals. The figure shows that top performing hospitals
reduced readmission rates for the nontargeted conditions the most. On the
other hand, readmission rates for the nontargeted conditions in the bottom
performing hospitals were declining even before the ACA. The reductions
continued after the HRRP, but the change in slope was smaller than the top
performers.

Our expanded logistic regression model results show that these relation-
ships between hospital group and readmission rate trends observed in
unadjusted readmissions remain even after controlling for patient and hospi-
tal-level characteristics (Table 2 and Figure S1). The difference between pre-
and post-ACA readmission trend slopes, presented in Table 2, is our estimate

Table 2: Estimates from Logistic Regressions of Readmission Rates Com-
paring Related andOther Nontargeted Conditions, 2007–2013 (Odds Ratios)

Nontargeted Conditions
Related to

Targeted Conditions
(Cardiorespiratory,
Cardiovascular)

Other Nontargeted
Conditions
(Neurology,
Surgery)

Difference, Related
Conditions—Other

Conditions

Difference in slopes
between post-HRRP
and pre-HRRP
periods for top
performing hospitals

0.981*** 0.975*** 1.005***
(0.978, 0.983) (0.973, 0.978) (1.002, 1.009)

Difference in slopes
between post-HRRP
and pre-HRRP periods
for bottom performing
hospitals

0.993*** 0.986*** 1.007***
(0.990, 0.996) (0.983, 0.989) (1.004, 1.011)

Difference in slope
changes, bottom—top

1.013*** 1.011*** 1.002
(1.009, 1.017) (1.008, 1.013) (0.997, 1.007)

Number of index
admissions

23,038,413

Number of hospitals 2,904

Note. Estimates presented in this table are from a logistic regression model that includes patient-
level variables for risk adjustments including comorbidities and hospital-level control variables.
We divide hospitals into groups based on their slope change in the ratio of observed to predicted
readmission rates for targeted conditions before and after the HRRP. The top performing hospi-
tals include the top 25 percentile of hospitals in terms of their slope reductions in readmission rates
for the targeted conditions before and after the HRRP. The bottom performing hospitals are the
bottom 25 percentile. *p < 0.1, **p < 0.05, ***p < 0.01.
Source: Authors’ analysis of 2007–2008 MedPAR Inpatient Research Identifiable Files and 2009–
2013 100 percent Inpatient Standard Analytic Files.
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of the effect of the HRRP. We find that the reduction in slope of the readmis-
sion trend is larger for top performing hospitals relative to bottom performing
hospitals in both cardiovascular/cardiorespiratory and neurology/surgery
condition cohorts (cardiovascular/cardiorespiratory: OR = 1.013, p-
value <.01; neurology/surgery: OR: 1.011, p-value <.01). We find similar
results when we estimate the model using data on all nontargeted conditions,
including the medicine cohort (results shown in the Table S2).

Comparing Spillover Effects across Nontargeted Conditions

Table 2 also shows the results of our analysis comparing spillover effects in
the cardiorespiratory/cardiovascular conditions with spillover effects in the
other conditions. We find that readmission trend slopes decreased for both
nontargeted condition cohorts among top performing and bottom performing
hospitals. However, the slope of the readmission trend decreased by a larger
magnitude for the neurology/surgery cohort compared to the cardiovascular/
cardiorespiratory cohort (among top performing hospitals: OR = 1.005,
p-value <.01; among bottom performing hospitals: OR = 1.007, p-
value <.01). The differences in readmission slope reductions between cardio-
vascular/cardiorespiratory and neurology/surgery cohorts were similar
between top performing and bottom performing hospitals (OR = 1.002, p-
value >.1).

HRRP Effects for Non-Medicare Population

We find that the HRRP is not associated with changes in readmission rates for
the targeted conditions in the non-Medicare population in California and Flor-
ida. Our logistic regression model in Table 3 shows that while the odds ratios
for the difference in slopes for the Medicare populations in California and
Florida were all statistically significant and less than 1 (p-value <.01 for all tar-
geted conditions in Florida and AMI in California; p-value <.05 for heart fail-
ure in California; p-value <.1 for pneumonia in California), there are no
statistically significant changes in slopes in the post-ACA period in the non-
Medicare population.When we examined theMedicare FFS population using
SID data (not shown), our results were directionally similar to the ones based
on Medicare claims data but statistically insignificant. Some of this difference
may be due to the difference between the two samples as the Medicare FFS
population in SID data is identified through the “expected primary payer”
data, whichmay be a noisy indicator of the actual payer.
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DISCUSSION

Our analyses yield four main results that both confirm and expand previous
literature. First, consistent with prior research (Carey and Lin 2015; Zucker-
man et al. 2016), we find that hospitals, on average, experienced reductions in
Medicare readmission rates for both targeted and nontargeted conditions after
HRRP implementation. We observe reductions in readmissions in all three
targeted conditions and the five nontargeted condition categories. Second, we
find that hospitals that experienced the largest reductions in targeted readmis-
sions experienced larger reductions in nontargeted readmissions relative to
other hospitals. This result holds after controlling for the hospital’s average
pre-ACA readmission rate in our analysis, providing support that this result is
not likely driven by hospitals with high readmission rates having greater
opportunities to reduce readmissions. This finding expands on previous work
by drawing a direct link between the effects of hospital readmission reduction
efforts for targeted conditions and nontargeted conditions. Third, readmission
reductions were not larger for nontargeted conditions that are more clinically
related to the targeted conditions. Finally, we find that readmissions for non-
Medicare patients treated for the targeted conditions in Florida and California
did not change during the HRRP period.

Our findings suggest that hospitals implemented readmission reduction
initiatives that extended to a wider set of conditions beyond the ones targeted
by the HRRP. At a minimum, the results allow us to dismiss concerns that the
HRRP could result in hospitals shifting resources away from nontargeted con-
ditions or increasing readmissions for nontargeted conditions in response to
the HRRP. Beyond this conclusion, the effects of the HRRP initiative on read-
missions for nontargeted conditions may reflect two different (but not neces-
sarily mutually exclusive) potential factors influencing hospital behavior: (1)
hospitals may find it easier to broadly implement readmission reduction
efforts rather than target specific conditions; (2) hospitals may be motivated
by factors beyond the HRRP penalties to reduceMedicare readmissions.

Explaining the Effects of HRRP Implementation on Nontargeted Conditions:
Broad-Based Interventions

The policy focus on reducing readmissions, through programs including the
HRRP, has increased efforts among hospital managers to develop and imple-
ment strategies aimed to prevent avoidable readmissions (Bradley et al. 2012,
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2013, 2014; Kripalani et al. 2014; Hanes 2015; Krishnan et al. 2015). Some of
these strategies, such as improved discharge planning, better care coordina-
tion, and enhanced patient education may be applied generally (noncondi-
tion-specific) and scaled across condition categories with relative ease. Others
are condition-specific and involve technology or care specific to the condition,
such as the use of remote monitoring of vital signs for heart failure patients.

In recent years, much of the emphasis has been on readmission reduc-
tion programs that include an array of noncondition-specific strategies, pro-
grams such as the Society of Hospital Medicine’s (SHM) Project Better
Outcomes through Optimizing Safe Transitions (BOOST), Project Re-Engi-
neering Discharge (RED), Care Transitions Intervention, and the Transitional
Care Model (Krishnan et al. 2015). For such programs, it may be difficult to
implement for select conditions or patient populations, particularly if the same
hospital staff are implementing these programs. If so, efforts to reduce read-
missions for targeted conditions may not be separable from care processes for
patients with nontargeted conditions.

Explaining the Effects of HRRP Implementation on Nontargeted Conditions:
Nonpecuniary Incentives

Because reductions in readmissions have the potential to reduce hospital rev-
enue, hospitals driven by financial interests will be incentivized to limit the
impact of readmission reduction efforts to targeted conditions. Thus, the
observed reductions in readmissions for nontargeted conditions suggest that
factors other than the HRRP penalties, such as patient satisfaction and overall
quality of care, may be affecting hospital behavior. In fact, we found that hos-
pitals achieved larger readmission reductions for neurology and surgery rela-
tive to cardiorespiratory/cardiovascular conditions that are more clinically
similar to the targeted conditions. This result is counterintuitive from a narrow
spillover effects perspective, which would predict greater opportunities for
spillover among clinically related conditions.

Policies and programs other thanHRRP penalties may have contributed
to the reductions in readmissions observed in our analysis. For example, the
public reporting of readmissions for the three targeted conditions, which
started in 2009, may have had lagged effects on readmissions that materialized
during our study period. Similarly, the public reporting of the hospital-wide
readmission measure that started in 2013 may have affected hospitals’ behav-
ior with respect to nontargeted conditions. As a result, the effects of public
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reporting on hospital reputation and ability to compete in its market may have
contributed to efforts to reduce readmissions.

In assessing potential factors driving our results, it is interesting to note
that we did not find evidence for spillover effects in the non-Medicare patient
populations in Florida and California. This is consistent with Carey and Lin
who found no change in unadjusted readmissions among the non-Medicare
population in New York State. Collectively, our findings, based on non-
Medicare populations in three large states with differing healthcare patterns,
provide evidence on the limits to the spillover effects of HRRP. It supports the
notion that financial considerations may play a role in determining the hospi-
tals’ response to the HRRP, but also suggests that interventions to reduce
readmissions may be separable by patient populations. Even though hospitals
may aim to achieve higher quality and patient satisfaction, they do so against
cost constraints, which may lead them to identify the optimal size and scope of
the readmission reduction initiatives to be implemented. More research is
needed to fully understand the effects of the HRRP on non-Medicare popula-
tions and validate our findings for other states.

Our study has certain limitations. First, potential lag time involved in pol-
icy response and the existence of other policies and programs implemented
around the passage of the ACA may confound the relationship between the
timing of the observed readmission reductions and the implementation of the
HRRP. Second, patient comorbid conditions and illness severity may be par-
tially captured in the analysis as they are based only on the index hospital
claim. Finally, our results on the non-Medicare population based on data from
Florida and California may not be generalizable to the rest of the country.

This study presents empirical evidence that is consistent with the spillover
benefits associated with the HRRP. We find that the potential spillover effects
vary across condition and patient groups. Future research should explore the
determinants of this variation to better understand how hospitals responded to
incentives created by the HRRP. Specifically, more research is needed to better
understand the different types of initiatives hospitals implement in response to
the HRRP as well as hospitals’ decision-making process that determines the
size, scope, and content of these readmission reduction initiatives.
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NOTES

1. AMI: 410.x0, 410.x1, heart failure: 402.01, 402.11, 402.91, 404.01, 404.03, 404.11,
404.13, 404.91, 404.93, 428.xx, pneumonia: 480.0, 480.1, 480.2, 480.3, 480.8,
480.9, 481, 482.0, 482.1, 482.2, 482.30, 482.31, 482.32, 482.39, 482.40, 484.41,
482.42, 482.49, 482.81, 482.82, 482.83, 482.84, 482.89, 482.9, 483.0, 483.1, 483.8,
485, 486, 487.0, 488.11.

2. CMS’ hospital-wide all-cause unplanned readmission measure includes AMI in the
cardiovascular condition group and heart failure and pneumonia in the cardiorespi-
ratory condition group. While CMS includes these targeted conditions in construct-
ing the cardiorespiratory and cardiovascular cohorts, we do not.

3. We conducted a sensitivity analysis by adding indicator variables for missing values
to the model. The results are nearly identical to the results presented.
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