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Financial incentives are commonly used to encourage improvements in quality. However, the presence of
spillovers can make managing these incentives difficult. Using a large, national dataset, we study the spillover
effects of a national healthcare quality improvement policy, the Hospital Readmissions Reduction Program
(HRRP), on patients and metrics not targeted by the policy. Whereas prior work has shown limited spillover
of quality improvement initiatives in manufacturing settings, we find that in the healthcare setting HRRP
led to improvements of 3% to 5% in 30-day readmissions (the target metric) for those targeted by the
policy as well as for those with non-targeted insurance types or clinical conditions. We also find significant
improvements in non-targeted measures such as 31-60-day readmissions, hospitalization length of stay, and
hospitalization cost. These findings provide insight into how hospitals operationalized quality improvements,
as the legislation had beneficial spillover effects beyond the narrow focus of the policy.
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1.

Introduction

Financial incentives are commonly used in both the private and public sectors to influence organizations to improve cost or quality performance. For example, manufacturers frequently use financial
incentives to drive supplier quality improvements and cost reductions (Handfield et al. 2000). Similarly, public policy is often based on financial incentives, whether in education, transportation,
or healthcare (Stecher et al. 2012). However, designing, measuring, and managing such incentives
can be difficult if the policy generates spillover, i.e., it impacts elements beyond those specifically
targeted by the policy.
Prior work has studied quality knowledge spillovers in a manufacturing setting and found that
quality knowledge is “sticky” and does not easily spillover (Muthulingam and Agrawal 2016). In this
paper, we study similar questions about quality spillovers in a service setting rather than a manufacturing setting. Specifically, we study the Hospital Readmissions Reduction Program (HRRP),
which was initiated by Congress in 2010 as part of the effort to improve clinical quality and to
reduce national healthcare costs in the United States. The program, which penalizes hospitals for
1
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high 30-day readmission rates, has largely been viewed as a success (e.g., Zuckerman et al. 2016,
Wasfy et al. 2017). However, HRRP focuses rather narrowly on the 30-day readmission rate of patients aged 65 and older who are insured through Medicare and have one of three conditions: acute
myocardial infarction (AMI), heart failure (HF), or pneumonia (PN) (additional conditions were
added in later years). These patients account for only about 5% of total U.S. hospitalizations. With
financial incentives tied to such a narrow target, it raises the question of whether improvements for
the target patients have beneficially spilled over to those outside the target, or to the contrary, have
come at the expense of non-targeted patients and metrics.
In this paper, we use difference-in-difference-in-differences (hereafter DDD or triple-differences)
models on a large, national hospital readmission dataset to estimate the effect of HRRP on both
the patients directly targeted by the policy, and on patients not directly targeted by the policy. We
also examine the spillover effect of HRRP on metrics not targeted by the policy. By examining the
patterns of any such spillovers, we can gain insight into how hospitals have implemented readmission
reduction interventions. We make the following contributions:
• We show that HRRP led to a 5% reduction in 30-day readmissions (the target metric) for

target patients, and slightly smaller reductions for patients with non-target insurance or non-target

conditions. Thus, we find beneficial quality improvement spillover effects across both insurance and
across clinical conditions.
• We find that the spillover benefits differ by clinical condition and by whether non-targeted

conditions are clinically similar or dissimilar to the target condition.

• We find that there is no evidence of hospitals achieving reductions in 30-day readmissions by

increasing patient length of stay (LOS) or by delaying readmissions to 31-60-days. To the contrary, we find statistically significant reductions in LOS ranging from 2% to 4%, and in 31-60-day
readmissions ranging from 3% to 5%.
• We find a 5% reduction in cost per hospitalization for targeted patients, as well as 3% to 4%

reduction in cost per hospitalization for non-targeted patients after HRRP implementation. Thus,
we also observe beneficial spillover of a non-targeted metric across both insurance and condition.

• We find a 6% reduction in total costs per episode of care for targeted patients and 4% for non-

targeted patients after HRRP implementation. Further, we show that about half of this reduction

stems from readmission reduction and the rest is attributable to changes in procedure count and
LOS.
The findings that 31-60-day readmissions and LOS improve under HRRP are of particular note
because these are both metrics that one might reasonably expect to deteriorate if managers myopically focus on the incentivized target metric by holding patients longer or delaying readmissions
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past 30 days. Our analysis on these outcomes reveals that hospitals did not use these mechanisms
to reduce 30-day readmissions.
Further, our analysis provides insight into how hospitals structure their quality improvement
efforts. We separately identify spillover effects across insurance and across condition. The presence
of both of these effects shows that some improvement efforts are condition based, regardless of
insurance type, while others cross conditions but affect Medicare patients differently than private
insurance patients. Altogether, our results show that in contrast to the limited spillovers found
in the manufacturing setting of Muthulingam and Agrawal (2016), in a service setting, quality
improvement policy effects can extend well beyond the customers, and metrics specifically targeted
by the policy.

2.

Background and Related Literature

2.1.

Healthcare and Readmissions in Operations Management

Quality improvement in healthcare delivery has been an active area of study in the operations
management community from both empirical (e.g., Song et al. 2015, Freeman et al. 2017, Ahuja and
Staats 2018) and analytical perspectives (e.g., Mills et al. 2013, Adida et al. 2016, Saghafian et al.
2018). In this literature, readmission rate is a common quality measure which has received a great
deal of study (e.g., Armony et al. 2015, Liu et al. 2018). Papers have identified several operational
and system drivers of hospital readmissions, such as hospital utilization (Anderson et al. 2012),
conformance and experiential quality (Senot et al. 2015), length of stay and use of information
systems (Oh et al. 2017), and use of step-down units (Chan et al. 2018). Other papers, such as
Bayati et al. (2014) and Helm et al. (2016), use machine learning techniques to develop predictive
models that identify patients at high-risk of readmission prior to discharge based on individual-level
factors. We also note that readmission within the hospital (i.e., to the intensive care unit) has also
been an active area of recent study (e.g., Chan et al. 2012, Kc and Terwiesch 2012, Kim et al. 2014).
In general, the above papers use data from one or few hospitals (an exception being Senot et al.
2015), and focus on a direct causal mechanism of readmissions. In contrast, we use a national
dataset to empirically examine the response of thousands of hospitals to a policy which financially
incentivizes reducing readmissions.
2.2.

Spillover Effects

The term “spillover” is used in many different disciplines and contexts (e.g., Angst et al. 2010 in
organizational learning, Houston et al. 2016 in finance, Gallant et al. 2017 in marketing, Acimovic
and Graves 2017 in operations management), often with somewhat different meanings. In this paper
we use the term spillover in its original definition: the effect of an action or policy on entities other
than those explicitly targeted by the action or policy, whether intentional or not ( Pigou 2013).
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Specifically, we consider spillover effects to be any changes in the target metric for non-target
patients or changes in non-target metrics.
Several recent papers have looked at various types of spillover in healthcare settings. Clark and
Huckman (2012) study the performance improvement in a focal business segment (cardiovascular
care) as a result of specialization in related units. Lu and Lu (2016) investigate the effect of prohibiting mandatory overtime for nurses in hospitals on registered nurses’ market wage. Mochon et al.
(2016) study the impact of an incentive-based behavioral health improvement program on health
behaviors other than those targeted by the program (e.g., exercise). Freeman et al. (2016) provide
empirical evidence of different impacts of volume on cost of care across different admission types and
service lines within a hospital. Berry Jaeker and Tucker (2017) study how the change in the ease of
ordering a certain diagnostic test in an emergency department affects the number of orders of other
tests and consultations. Atasoy et al. (2017) test whether operational costs decline in neighboring
hospitals as a result of Electronic Health Record adoption by a hospital in the same hospital service
area.
As noted by Muthulingam and Agrawal (2016), several empirical studies have examined knowledge spillover in domains such as research and development (d’Aspremont and Jacquemin 1988)
and supply chain management (Cheng and Nault 2007). However, theirs is the first work to explore
spillovers in the context of quality knowledge and quality improvement initiatives. The context of
their study is a group of automotive industry suppliers who supply similar parts to different customers. They study whether quality improvement initiatives initiated by one customer spill over
into quality improvements (i.e., lower defect rate) in parts supplied to other customers. They find
that, in general, quality improvements do not spill over across customers. However, they note that
improvement initiatives with certain characteristics do create beneficial spillover. Those characteristics are: a focus on operators (rather than technology or routines), a focus on output (rather than
inputs or process), and a focus on low complexity processes.
We similarly study the spillover effects of quality improvement efforts, but in a service setting,
specifically acute care hospitalizations. While there are some similarities in the general structure
of the Muthulingam and Agrawal (2016) study and our study, such as suppliers (hospitals) using
shared resources to provide similar products (clinical care services) requested by multiple customers
(payers), we find quite different results. In contrast to Muthulingam and Agrawal (2016), we find a
great deal of quality improvement spillover across customers (payers). In addition, we find quality
improvement spillover across products (clinical conditions) and across various metrics. We consider
explanations of these differences in Section 9.
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Hospital Readmissions Reduction Program

The Hospital Readmissions Reduction Program was established as part of the Patient Protection
and Affordable Care Act (dubbed “Obamacare”) of 2010 as an effort to incentivize hospitals and
healthcare systems to reduce healthcare costs, specifically those related to unnecessary hospital
readmissions. Since then, several other penalty-based quality improvement policies have been enacted, including, the Hospital-Acquired Condition Reduction Program, the Medicare Value-Based
Purchasing Program, the Physician Quality Reporting System, and the Medicare and Medicaid
EHR Incentive Programs (Centers for Medicare & Medicaid Services 2012).
As mentioned in Section 1, HRRP imposes a financial penalty on hospitals with above-benchmark
readmission rates for Medicare patients over age 65 with one of three clinical conditions: AMI, HF,
and PN. We refer to these conditions collectively as the “target conditions,” and to Medicare patients
aged 65 and older with target conditions as “target patients.”
The benchmark for each hospital is a function of the hospital’s case mix and the performance
of peer hospitals, and is recalculated each year. Each hospital’s performance is evaluated each year
based on its readmissions in a three-year time period. Hospitals with readmission rates above the
risk-adjusted benchmark are subject to a reduction in total Medicare reimbursement of up to 1%,
2%, and 3% in fiscal years 2013, 2014, and 2015, respectively (Code of Federal Regulations 2011,
Centers for Medicare & Medicaid Services 2017). In fiscal year 2013, 2,217 hospitals were penalized
under HRRP, with 307 receiving the maximum 1% penalty (Rau 2012). Total HRRP penalties in
fiscal years 2013, 2014, and 2015 were $280 million, $227 million, and $428 million, respectively
(Rau 2014, McIlvennan et al. 2015).
Since the implementation of HRRP, several studies, primarily in the medical and health economics domains, have sought to estimate the effectiveness of the program using various datasets
and methodologies. For the most part, the prior work has shown that HRRP is generating small
but significant reductions in 30-day readmissions (e.g., Zuckerman et al. 2016, Wasfy et al. 2017).
Other studies, seeking more granular results, show that the improvement is driven by improvements
of hospitals with high initial readmission rates (e.g., Carey and Lin 2016, Mellor et al. 2017), and
that the improvement in readmissions varies by target condition and state. For example, Carey
and Lin (2015), Chen and Grabowski (2017), and Mellor et al. (2017) study the change in 30-day
readmissions in New York, Florida, and Virginia, respectively, and find reduced readmissions for
AMI and HF in New York, HF and PN in Florida, and only AMI in Virginia.
A few studies have looked beyond the HRRP target conditions and patients. At the nationallevel, Desai et al. (2016) and Zuckerman et al. (2016) observe a decline in 30-day readmissions
of both target conditions and non-target conditions in 65-and-older Medicare patients. However,
these studies do not include non-Medicare patients and thus do not control for the possibility of
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non-HRRP causes of readmission reductions. Using data from single states, prior work shows mixed
evidence of HRRP spillover effects. Carey and Lin (2015) find no significant spillover effect across
insurance or condition in New York. Chen and Grabowski (2017) find positive spillover effect across
insurance for all target conditions in Florida, but they do not examine non-target conditions. Mellor
et al. (2017) find no significant spillover effect across insurance but positive spillover to non-target
gastrointestinal conditions in Virginia. Demiralp et al. (2018) find no spillover effect across insurance
in Florida and California.
Studies have also looked for evidence of hospitals gaming the 30-day readmission metric via
strategies such as altered coding of chief condition, increased use of emergency department and
observation unit stays, increased discharges to skilled nurse facilities, selective admission of low-risk
patients, and delaying readmissions (e.g., Carey and Lin 2015, Zuckerman et al. 2016, Chen and
Grabowski 2017). Most of these papers report no statistical evidence of any of these behaviors. One
exception being Chen and Savva (2018) who find some evidence of increased use of observation stays
in response to HRRP, but little resulting impact on readmissions.
Our work builds on and extends the above literature in several important ways. We study the
main and spillover effects of HRRP using a national dataset which gives us greater statistical power
than the single-state studies. Also, healthcare practices and results vary widely from state to state
(Wennberg et al. 2002), and thus state-level results may not be representative of the rest of the
nation. We test for several forms of spillover effects, and we are the first to use a triple-differences
model to simultaneously test for spillover effects across insurance and condition, which makes our
results more robust than models which look at these effects separately (Berck and Villas-Boas 2016).
We further explore these spillover effects by testing the effect variation across clinical conditions. We
are the first to examine the change in intensity of care provided to all patients, 1 which in addition
to the 31-60-day readmissions allows us to identify (or rule out) key hypothesized mechanisms of
readmission reduction.
Regarding methodology, most of the above papers use difference-in-differences (DD) or DDD
models to estimate the effect of HRRP. In these models, data from years before the implementation
of HRRP are used as the “pre” period (2012 or earlier) and data from years after the implementation
of HRRP are used as the “post” period. The prior work uses variables such as insurance, condition,
and relative hospital performance to define the “treatment” and “control” groups. As described in
Section 5, we use similar methodology but define the control group differently.
Lastly, we note that HRRP has also been studied in analytical papers. Zhang et al. (2016) develop
a game-theoretic model to investigate the effect of competition among hospitals created by HRRP,
1

Mellor et al. (2017) evaluates changes in measures of care intensity (LOS, total charges, and categories of charges)
of AMI patients in Virginia and finds no significant results.
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and show that competition can be counterproductive under the current policy rules. The study also
proposes a socio-economic condition adjustment to mitigate existing shortcomings in the policy.
Arifoğlu et al. (2018) use a principle-agent model to show inefficiencies of HRRP policy design in
incentivizing quality improvement efforts in hospitals. The authors suggest a bundled payment type
reimbursement method as a replacement for HRRP.

3.

Hypotheses Development

Our analysis focuses on identifying the effects of HRRP on both target and non-target patients. To
aid in the exposition of the rest of the paper we define four subgroups or cohorts of patient visits
(Figure 1). As described in Section 1, HRRP target patients are defined by two key attributes:
clinical condition and insurance. Target patients have one of the three target clinical conditions
(AMI, HF, or PN) and have Medicare as their primary insurance. We refer to these target patients
as Cohort A. Cohort B is patients with one of the three target conditions but with private insurance.
Cohort C is patients with Medicare as their primary insurance but who do not have one of the three
target conditions. Lastly, Cohort D is patients who do not have any of the target conditions and
who have private insurance as their primary insurance.
3.1.

Effect of HRRP on the Target Metric: 30-day Readmissions

The primary goal of HRRP is to incentivize hospitals to achieve lower 30-day readmission rates for
target patients (Cohort A). Prior work has shown this to generally be the case (see Section 2.3).
We expect this to hold true for our national dataset, and for completeness we seek to replicate this
result with our data.
Hypothesis 1A HRRP leads to reduced 30-day readmission rate of Cohort A.
While HRRP only provides incentives to reduce readmissions for the targeted patients, depending
on what actions a hospital takes to reduce readmissions, it is possible that other patients will be
affected as well, either positively or negatively. If readmission reduction efforts are narrowly focused
Figure 1

Patient Cohorts
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on target patients and do not draw resources away from non-target patients, then one would expect
little spillover to other patient groups. However, if quality improvement efforts are more broadly
enacted, then beneficial spillover to other groups is likely. Yet, if improvement interventions are
resource intensive or costly and narrowly focused, then they might draw resources away from nontarget patients, leading to negative (i.e., harmful) spillover across patient groups. Thus, what groups,
if any, experience spillover can provide insight into how hospitals are operationalizing their quality
improvement efforts.
Prior studies document several actions hospitals have taken in order to reduce readmissions,
such as improving patient education for post-discharge care and medication ( Bradley et al. 2012),
proactively arranging follow-up appointments and home visits (Bradley et al. 2013), and increased
use of information technology support systems to track readmissions and share information with
inpatient and outpatient care providers (Figueroa et al. 2017). We refer the reader to Hansen et al.
(2011) and Brewster et al. (2016) for surveys of the literature on readmission reduction interventions.
Because hospitals are often organized by clinical specialty (e.g., cardiology, internal medicine)
and often make use of condition-specific “care paths” (Vera and Kuntz 2007, Best et al. 2015), it is
possible that HRRP-driven readmission reduction efforts are implemented by specialty or for specific
conditions without regard for the patient’s insurance provider (e.g., a discharge checklist). If so, then
one would expect to find positive (i.e., beneficial) spillover effects across insurance. That is, patients
with target conditions but non-target insurance will also benefit from HRRP-driven readmission
reduction efforts. However, as noted above, negative spillover across patient groups is also possible
(e.g., nurses spend time following up on target patients rather than caring for non-target patients).
Because it is not obvious a priori whether positive or negative spillover dominates, we state our
hypothesis as a two-sided hypothesis as follows:
Hypothesis 1B HRRP leads to a change in the 30-day readmission rate of Cohort B (spillover
across insurance).
The null hypothesis is that there is no change in the 30-day readmission rate for Cohort B.
Because HRRP specifically incentivizes improvement in readmissions for Medicare patients, it
is possible that improvement efforts are implemented in a way that focuses on Medicare patients
regardless of condition. For example, Naylor et al. (1994) and Koehler et al. (2009) describe readmission reduction interventions targeted specifically at patients aged 70 and older which involve providing additional services such as medication counseling, enhanced discharge planning, and follow-up
phone calls. If hospitals focus their readmission reduction efforts on elderly patients, who predominantly have Medicare for insurance, then one would expect to find spillover effects across condition.
That is, patients with non-target conditions but target insurance (and age) will also benefit from
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HRRP-driven readmission reduction efforts. Again, negative spillover effects are also possible if the
hospital improves target patients readmissions at the expense of non-target patients.
Hypothesis 1C HRRP leads to a change in the 30-day readmission rate of Cohort C (spillover
across condition).
3.2.

Effect of HRRP on Non-target Metrics

The prior hypotheses test the effect of HRRP on the target metric (30-day readmissions) for both
target and non-target patients. If such effects exist, it may be informative to study the impact of
HRRP on non-target metrics in order to gain a better understanding of how changes in 30-day
readmissions were achieved and of the broader effect of HRRP on patient care. We consider two
types of non-targeted metrics: readmission timing and care intensity.
3.2.1.

Readmission Timing: 31-60-day Readmissions. If true quality improvements are

difficult or expensive to achieve, hospitals may use other tactics to reduce readmissions. For example, because HRRP only penalizes 30-day readmissions, hospitals could attempt to delay some
readmissions past the 30-day period to improve their 30-day readmission metric and avoid penalties
(we note that the 30-day time frame is an arbitrary cutoff imposed by HRRP, and not without
controversy (e.g., Chin et al. 2016)). However, it is possible that the interventions implemented to
improve 30-day readmissions (e.g., improved discharged instructions) reduce later readmissions as
well. Thus, we again formulate our hypothesis as a two-sided hypothesis.
Hypothesis 2 HRRP leads to a change in the 31-60-day readmission rate.
Note that for the sake of brevity, beginning with Hypothesis 2, we do not state the cohort that
is being tested. Rather, we ask the reader to understand that for each hypothesis we test for the
stated effect on the targeted cohort (Cohort A), as well as the spillover cohorts (Cohorts B and C).
3.2.2.

Measures of Care Intensity. One of the concerns that motivated the creation of

HRRP was that preventable readmissions were occurring because hospitals were failing to provide
sufficient care during the initial hospitalization (Kosecoff et al. 1990). Therefore, under HRRP, hospitals might provide a higher level of care intensity during the initial visit. On the other hand, if
hospitals undertake alternate quality improvement initiatives (e.g., detailed post-discharge medication instructions), they may gain readmission reduction without intensifying care provided. We
examine three common measures of hospital care intensity for evidence of change under HRRP:
length of stay, procedure count, and cost (Wennberg et al. 2009, Antwi et al. 2015, Castaneda and
Saygili 2016).
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Length of Stay: Prior to HRRP, policy makers were concerned that hospitals were reducing LOS
in response to the introduction of the prospective payment system in the 1980s and that this was
at least partially responsible for rising readmission rates (Kosecoff et al. 1990, Coulam and Gaumer
1992). HRRP was intended to help counteract this effect. Thus, hospitals might use increased LOS
as a way to achieve lower readmission rates (Carey 2015). The underlying mechanism is that by
increasing the LOS, some readmission-causing events (e.g., adverse medication interaction) will
occur (or perhaps be prevented) within the original hospitalization rather than after discharge (37%
of readmitted patients are readmitted within a week of discharge). Kaboli et al. (2012) estimate
the effect of a one day increase in LOS to be about a 6% reduction in the 30-day readmission
rate. However, prior research has also shown longer LOS to be associated with increased risk of
complications such as hospital acquired infections (Huang et al. 2006, Rosman et al. 2015). Therefore,
discharging patients sooner may be a strategy to reduce readmissions. Because it is not obvious
which effect dominates, we state our hypothesis as a two-sided hypothesis as follows:
Hypothesis 3 HRRP leads to a change in LOS.
Procedure Count: Prior literature has used the count of procedures performed for a patient
during a hospitalization as an indicator of care intensity (e.g., Antwi et al. 2015, Castaneda and
Saygili 2016), and has linked procedure count to factors such as insurance status (Antwi et al. 2015)
and race (Yergan et al. 1987). Similar to LOS, it is not obvious what impact HRRP should have on
procedure count. If insufficient care intensity causes preventable readmissions, then procedure count
may increase under HRRP. However, because procedures can expose patients to increased medical
risk (Romano et al. 2015), reducing (unnecessary) procedures may lead to healthier patients and
fewer readmissions.
Hypothesis 4 HRRP leads to a change in procedure count per hospitalization.
Cost per Hospitalization: Prior literature has used cost per hospitalization as a measure of
care intensity (e.g., Antwi et al. 2015, Castaneda and Saygili 2016). Further, several papers have
studied the link between expenditures (i.e., costs) and various quality measures. Hussey et al. (2013)
review 61 such papers and report inconsistent results across the papers. Thus, the directional effect
of cost per hospitalization on a quality outcome such as 30-day readmission is unclear.
Hypothesis 5 HRRP leads to a change in cost per hospitalization.

4.

Data Description

Our study is based on three years of data (2012-2014) from the Nationwide Readmissions Database
(NRD) created by the Agency for Healthcare Research and Quality (AHRQ). A key advantage of
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this dataset is its size: each year includes about 15 million observations that comprise approximately
half of all hospitalizations in the U.S., and the sample is obtained from over 2,000 hospitals with wide
geographical coverage within the country (Healthcare Cost and Utilization Project 2016). These
data are particularly well-suited to our study because they include detailed information on each
hospitalization such as the diagnosis codes, admission and discharge timing, charges, and hospital
characteristics. There is also information on the patients, including demographics and the expected
primary payer (e.g., Medicare, Medicaid, private insurance).
Up to this point, we have used patient-focused language to describe HRRP and our hypotheses.
As we turn to the data and analysis, we note that the unit of analysis is actually a hospitalization
or “admission”, not a specific patient (patients can have more than one hospitalization). Thus, our
language from here forward reflects this difference.
To define our sample, we follow prior work on hospital readmissions in the operations management literature (e.g., Helm et al. 2016, Oh et al. 2017). In these papers, the unit of analysis is a
hospitalization, and only the immediately subsequent hospitalization for the patient (if there is one)
is considered for the purpose of determining the timing of a readmission.
The NRD for each year includes hospitalizations based on the discharge date (i.e., a hospitalization
that starts in December of year t and ends in January of year t+1 is only included in the t+1
dataset). Because the disguised patient identifier codes are reset each year, individual patients can
not be tracked from one year to the next. Further, the data is disguised such that we observe the
month of each discharge but not the day of the month of each admission and discharge. Because
of these two limitations, we exclude hospitalizations which occur in the final three months of each
year to allow for one month of possible hospital stay (99% of hospitalizations have LOS ≤ 31 days)
and 60 days of readmission window.

We make three other sample exclusions. First, in 2015 and 2017 more conditions were added to
the list of those targeted by HRRP. These conditions include chronic obstructive pulmonary disease,
elective total hip arthroplasty, elective total knee arthroplasty, and coronary artery bypass graft.
Even though these changes occurred after the conclusion of our observation period (2012-2014),
we drop these conditions from our analysis because anticipatory behaviors by the hospitals could
affect our estimates. Second, the HRRP penalties only apply to hospitalizations of Medicare patients
aged 65 and above. About 20% of Medicare patients are younger than 65 but have disabilities or
other conditions (e.g., end-stage renal disease) which make them Medicare-eligible prior to age 65.
We exclude this subgroup because prior work shows that this cohort is clinically unique, especially
in terms of readmission rates (Barrett et al. 2015). Lastly, we include only hospitalizations with
primary payer of private insurance in our non-target insurance cohorts, dropping hospitalizations
with primary payer listed as Medicaid, self-pay, other, or missing. We select private insurance as the
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Table 1

Average Outcome Measures of Hospital Admissions
(1)
(2)
(3)
(4)
Cohort A Cohort B Cohort C Cohort D

(5)
Overall

All visits
30-day readmission rate
2012
2013
2014

0.194
0.185
0.183

0.110
0.107
0.106

0.152
0.148
0.149

0.070
0.068
0.068

0.117
0.114
0.114

0.046
0.046
0.044

0.065
0.063
0.065

0.025
0.025
0.025

0.048
0.047
0.047

31-60-day readmission rate
2012
2013
2014

0.084
0.080
0.081

Observations 1,252,457

341,791

8,318,902 8,087,368

18,000,518

Only first visits in a 30-day time window
Length of stay (days)
2012
2013
2014

5.36
5.26
5.16

4.52
4.48
4.42

5.24
5.23
5.32

3.71
3.70
3.77

4.51
4.50
4.56

1.79
1.79
1.79

3.15
3.24
3.25

1.73
1.74
1.68

1.93
1.91
1.88

1.86
1.85
1.81

12,576
12,271
11,490

15,559
15,424
14,657

12,282
12,207
11,831

9,656
9,349
8,998

11,121
10,931
10,520

758,087

227,098

Number of procedures
2012
2013
2014
Cost ($)
2012
2013
2014
Observations

5,443,544 5,847,620

12,276,349

Notes. Each observation is a hospitalization. Cost is inflation-adjusted and
is shown in 2012 U.S. dollars.

comparison group for three reasons. First, private insurance is the largest non-Medicare category;
second, this patient group is clinically most similar to the Medicare patient group; and third, prior
work uses private insurance as the comparison group (e.g., Carey and Lin 2015, Mellor et al. 2017).
Table 1 provides summary statistics of the key outcome variables by year. The top panel provides
mean 30-day and 31-60-day readmission rates for all hospitalizations in the analysis dataset. We
observe about 1.3 million hospitalizations for the target group (Cohort A), which includes Medicare
patients aged 65 or older admitted with one of the three target conditions. Cohorts B and C,
include about 340,000 and 8.3 million observations, respectively. Finally, there are about 8.1 million
observations in Cohort D.
The bottom panel of Table 1 provides care intensity measure means for hospitalizations not
preceded by another hospitalization within the prior 30 days (i.e., only hospitalizations which are
not a readmission are included). We focus on non-readmission hospitalizations so as to measure
care intensity independent of the service provided during a potentially related prior visit. LOS is
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the integer number of midnights encompassed by the hospitalization. Number of procedures is the
count of ICD-9-CM procedures coded on the discharge record.
The cost variable warrants more explanation. The NRD includes “charges” as reported by the
hospital, which is a function of many factors including the clinical condition, the procedures performed, and the LOS (Philbin et al. 2001, Polverejan et al. 2003, Reinhardt 2006). However, there
is great variation in charges across hospitals for the same services, and charges is not necessarily (in
fact, rarely) what a payer actually pays. Therefore, CMS estimates a “cost to charge ratio” (CCR)
for each hospital each year that attempts to create an apples-to-apples comparison across hospitals
of costs incurred (Healthcare Cost and Utilization Project 2018). Thus, following common practice
in the literature (e.g., Williams 1996, Chen et al. 2010, Senot et al. 2015), we use the hospital-year
CCRs to convert charges to costs, which we use as a measure of care intensity. Finally, we convert
each hospitalization’s cost to 2012 U.S. dollars using the consumer price index for inpatient hospital
services (Bureau of Labor Statistics 2013, 2014).

5.

Econometric Specification

Our estimation strategy is a triple-differences model which allows us to examine differential treatments along two dimensions: insurance and condition. This type of empirical strategy has been used
previously to evaluate policy interventions (e.g., Athey and Imbens 2017, Fisher et al. 2017), and is
useful for our analysis because it essentially nests two difference-in-differences models of interest.
The DDD model requires defining “pre” and “post” policy periods. HRRP penalties first went into
effect in fiscal year 2013 (Centers for Medicare & Medicaid Services 2017). Therefore, we treat 2012
as the pre-policy period and years 2013 and 2014 collectively as the post-policy period (as mentioned,
we exclude the last three months of each year due to inadequate follow-up visibility). We note that
HRRP had been in discussion and development for at least two years before its implementation.
Therefore, to the extent that hospitals made improvements in anticipation of HRRP, our estimates
are likely to be conservative estimates of the total program impact.
The DDD model also requires defining a control group. Because HRRP affected all hospitals in
the nation simultaneously, there is not a clear “untreated” group to use as a control group. 2 Some
studies have divided hospitals into high and low performers according to their baseline readmission
rates and argued that the high performers can serve as a control group because they already perform
well enough to avoid HRRP penalties (Chen and Grabowski 2017, Mellor et al. 2017). While this
may be true, it does not guarantee that such hospitals do not undertake readmission reduction
efforts. For example, because HRRP penalties are based on performance relative to a peer-based
2

Maryland is the only exception. Instead of HRRP, the Admission-Readmission Revenue Program was enacted in
2012 with a similar purpose (Health Services Cost Review Commission 2011).
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benchmark which is adjusted each year, even high-performing hospitals may undertake improvement
efforts to avoid being penalized in future years. Another possibility is that hospitals that are part of
a multi-hospital organization might undertake improvement efforts jointly regardless of the relative
performance of any one hospital in the group. Another problem with this approach is that it can
only be done with certain state-level datasets because the identifiers necessary to determine specific
hospital performance, and thus likelihood of being penalized, are not available in the NRD.
In our study, to test all hypotheses we use hospitalizations with non-target conditions and private
insurance as primary payer (Cohort D) as the control group for the three other cohorts. We choose
this group because it shares no HRRP criteria with the target patient (Cohort A) and thus is
the least likely patient group to be affected by HRRP. This approach allows us to identify the
impact of HRRP on Cohorts A, B, and C relative to Cohort D, however we cannot measure HRRPrelated improvements that affect all four cohorts equally. For example, a hospital might invest in
information systems improvements which benefit all patients regardless of insurance or condition.
Such an improvement would be captured by the time-trend variable and would be indistinguishable
from any exogenous time trends. Thus, again, our reported results may underestimate the total
effect of HRRP.
Specifically, we estimate the following linear probability model:

yi = β0 + β1 M edicarei + β2 T argeti + β3 P osti
+γ1 M edicarei × T argeti + γ2 M edicarei × P osti
+γ3 T argeti × P osti + ωM edicarei × T argeti × P osti
+Xi θ + Conditioni + i ,

(1)

in which yi is either an indicator of readmission occurring during the time window of interest (0-30
days, 31-60 days) for hospitalization i, or is one of the measures of care intensity (LOS, procedure
count, cost) for hospitalization i. Because the hospitalization is not separately identified from the
year in which it occurred, we do not include a time subscript in the estimation equation. The model
is estimated based on a vector of covariates and whether the hospitalization occurs pre- or postHRRP. The variable M edicarei is a binary variable indicating whether the patient had Medicare
insurance as primary payer at the time of hospitalization i. The variable T argeti is a binary variable
that indicates if the hospitalization’s primary diagnosis code was one of the three conditions targeted
by HRRP. The variable P osti is a binary variable equal to one if the hospitalization occurred in
2013 or 2014.
The vector Xi includes control variables for the patient and hospital associated with hospitalization i. These variables include the patient’s age and gender, along with economic variables related
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Interpretation of Model Coefficients

Post-HRRP

Difference

Treatment effect

A

β0 + β1 + β2 + γ1 β0 + β1 + β2 + β3 +γ1 + γ2 + γ3 + ω β3 + γ2 + γ3 + ω γ2 + γ3 + ω

B

β 0 + β2

β 0 + β2 + β3 + γ 3

β3 + γ 3

γ3

C

β 0 + β1

β 0 + β1 + β3 + γ 2

β3 + γ 2

γ2

D

β0

β 0 + β3

β3

N.A.

to the patient’s community of residence (e.g., population, median income). They also include health
information related to the hospitalization (e.g., severity of illness, risk of mortality). Finally, the
vector includes information about the hospital (size, teaching status), and timing (month, day of
week) of hospitalization discharge. The model also includes fixed effects for each admission primary
condition. Table A1 in the Appendix provides a description of each control variable. In estimation,
we cluster the standard errors at the hospital-year level to account for potential correlations in the
outcome among hospitalizations occurring in the same hospital in a given year ( Bertrand et al.
2004).
When the outcome variable is binary (30-day readmission, 31-60-day readmission) we choose to
estimate a linear probability model rather than a binary outcome model for ease of interpretability
of the coefficients. This is a reasonable choice when the focus of analysis is on marginal effects rather
than on predictions (Wooldridge 2010). However, for robustness we also estimate the equivalent
probit model (Section 8) and find that our results are robust to the probit specification.
A key benefit of DDD analysis is that it effectively creates three control groups. In our setting,
Cohort A is the treatment group and Cohort D is the most distant control group (Figure 1). The
coefficient β3 captures the change in Cohort D over time, and is assumed by the parallel trends
assumption to affect all cohorts similarly (Table 2). Cohorts B and C each have one characteristic in
common with Cohort A (primary condition and insurance, respectively), and thus the coefficients

γ3 and γ2 capture any change in the dependent variable for Cohorts B and C, respectively, relative
to Cohort D. Because β3 controls for the underlying time trends, we interpret γ2 and γ3 as measures
of spillover effects of HRRP across condition and insurance, respectively. Finally, the coefficient

ω measures the treatment effect on Cohort A relative to Cohort D less any spillover effect. In a
traditional DDD framework, ω is considered to be the treatment effect for Cohort A. However, to
the extent that spillovers exist, the complete measure of the effect of HRRP on the group it targets
(Cohort A) is the summation of the coefficients γ2 , γ3 , and ω .

6.
6.1.

Results for the Target Metric (30-day Readmissions)
Empirical Patterns

We begin by examining a plot of summary results of the target metric. Figure 2 shows the mean
value of 30-day readmissions by month by cohort (Table 1 includes the same information by year)
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Figure 2

30-day Readmissions Trend by Cohort

Notes. Dashed lines show average value for each cohort in 2012.

and provides several immediate insights. First, we see that in the pre-HRRP time period (2012),
there is no obvious departure from the parallel trends assumption. Further, we see that Cohort
D exhibits no time trend and little to no noticeable change once HRRP is implemented in 2013.
This suggests (but does not prove) that HRRP had little effect on Cohort D, thus supporting its
usefulness as a control group. Lastly, we note that Cohort A exhibits a marked decrease after the
implementation of HRRP. Cohorts B and C appear to show some reduction as well, but the effect
is smaller. These visual clues are suggestive of what we can expect from the model estimates. We
present the summary results of the other outcome metrics by month by cohort in Figure A1 in the
Appendix.
6.2.

HRRP Effects on Target and Spillover Cohorts

We now examine the effect of HRRP on 30-day readmissions by estimating the DDD model of
Equation (1). The results are shown in column (1) of Table 3 (Table A2 in the Appendix provides
a full version of Table 3 with all the estimated coefficients). Hypothesis 1A is that HRRP leads
to a reduction in the 30-day readmission rate for Cohort A. In a typical DDD analysis we would
look at the Medicare×Target×Post interaction term to answer this question. We see that it is not
statistically significant and thus might be tempted to conclude that HRRP does not have an effect
on Cohort A, the target hospitalizations. However, because we suspect that spillover occurs across
insurance and/or condition, we are interested in the total effect of HRRP on Cohort A relative to
Cohort D, and this is captured by the sum of the coefficients γ2 , γ3 , and ω .
We see that 30-day readmissions for Cohort A dropped by 1.0 percentage point after HRRP
implementation (γ2 + γ3 + ω = −0.0103, p < 0.001). This effect is statistically significant, and thus
we find support for Hypothesis 1A. Stated as a percentage reduction, HRRP led to a 5.1% reduction
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30-day Readmissions Change after HRRP Implementation

Condition:

(1)
(2)
(3)
(4)
All target Acute Myocardial Heart Failure Pneumonia
Infarction
conditions

Medicare×Post (γ2 )

−0.0046∗∗∗
(0.0009)

−0.0046∗∗∗
(0.0009)

−0.0046∗∗∗
(0.0009)

−0.0046∗∗∗
(0.0009)

Target×Post (γ3 )

−0.0047∗∗∗
(0.0014)

−0.0057∗∗
(0.0019)

−0.0081∗
(0.0035)

−0.0012
(0.0018)

−0.0002
(0.0025)

0.0004
(0.0036)

−0.0020
(0.0022)

Medicare×Target×Post (ω) −0.0010
(0.0016)
Total Effect on Cohort A
(γ2 + γ3 + ω)

−0.0103∗∗∗
(0.0014)

−0.0105∗∗∗
(0.0021)

−0.0123∗∗∗
(0.0019)

−0.0078∗∗∗
(0.0016)

Observations

17,697,627

16,507,372

16,750,637

16,699,952

Notes. Estimates are from linear regression models. All models include all controls in Equation (1), including condition fixed effects. Robust standard errors clustered by hospital-year
in parentheses.
†
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.

in 30-day readmissions in Cohort A ( 1.0% ÷ 19.4% = 5.1%). This result is similar in magnitude to
the results reported in Wasfy et al. (2017), and somewhat smaller than the results reported in papers
such as Carey and Lin (2016) and Zuckerman et al. (2016).
We then test for spillover effects across insurance. The

Target×Post

coefficient is

-0.0047 (p < 0.001) indicating that HRRP led to a 0.5 percentage point reduction in 30-day readmissions for hospitalizations with target conditions but private insurance (Cohort B). Given the
baseline 30-day readmission rate of 11.0% for Cohort B, HRRP led to a 4.5% reduction in readmissions (0.5% ÷ 11.0% = 4.5%). Thus, we find support for Hypothesis 1B and note that the negative
sign indicates that positive (beneficial) spillovers are occurring.

Similarly, we test for spillover effects across condition. The Medicare×Post coefficient is
-0.0046 (p < 0.001) indicating that HRRP led to a 0.5 percentage point reduction in 30-day readmissions for Medicare hospitalizations with non-target conditions (Cohort C). Given the baseline
30-day readmission rate of 15.6% for Cohort C, HRRP led to a 3.2% reduction in readmissions
(0.5% ÷ 15.6% = 3.2%). Thus, we find support for Hypothesis 1C and note that positive (beneficial)
spillovers are occurring across condition, just as they are across insurance.

As mentioned above, the Medicare×Target×Post coefficient is not statistically significant, yet
Cohort A exhibits a significant reduction in readmissions relative to Cohort D. Having now shown
that spillovers are occurring across both insurance and condition, we can conclude that the spillover
effects are quite strong because the non-significant Medicare×Target×Post coefficient indicates that
the very group targeted by HRRP had no “extra” improvement in 30-day readmissions beyond that
experienced by the two spillover cohorts. Further, the percent reduction in 30-day readmissions is
quite similar across Cohorts A, B, and C (3.2%-5.1%).
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6.3.

Post Hoc Analysis: Effect Heterogeneity

6.3.1.

Spillover by Individual Target Conditions.

Having shown that spillover occurs

across insurance and condition for 30-day readmissions (Hypotheses 1B and 1C, column (1) of
Table 3), we now repeat this analysis for each target condition individually to gain a richer understanding of the drivers of the main results.
We estimate Equation (1) for each target condition with 30-day readmission as the dependent
variable. Specifically, we include only hospitalizations from a single target condition at a time in
Cohorts A and B. There is no change to the non-target condition Cohorts C and D. These results
are shown in columns (2) through (4) of Table 3. We find that the total effect on Cohort A is
negative and statistically significant ( p <0.001) for each target condition, with magnitudes around
1.0 percentage point. Thus, HRRP is having its intended effect on each of the target conditions
individually.
Turning to spillover effects, we find them across condition for all three target conditions
(Medicare×Post , impact on Cohort C). This is expected given that we observed spillover to nontarget conditions in Section 6.2 (Hypothesis 1C), and that there is no change in Cohorts C and D
in this analysis.
In contrast, we find spillover effects across insurance for AMI and HF, but not PN ( Target×Post ,
impact on Cohort B). In other words, hospitalizations for AMI and HF experienced a reduction in
30-day readmission regardless of whether the payer was Medicare or private insurance, whereas for
PN hospitalizations, only those with Medicare as payer experienced a reduction due to HRRP. This
suggests some interesting insights about how readmission reductions were achieved. The presence
of spillover across conditions for Medicare hospitalizations indicates that some interventions were
likely targeted at the Medicare population regardless of condition. The presence of spillover across
insurance for AMI and HF hospitalizations indicates additional interventions which focused on
these conditions regardless of insurance. However, the lack of spillover across insurance for PN
hospitalizations indicates that any additional PN-specific interventions only affected Medicare PN
hospitalizations.
6.3.2.

Spillover to Similar and Dissimilar Conditions. We have shown that HRRP creates

beneficial spillover for hospitalizations with conditions not directly targeted by HRRP: there is a
reduction in 30-day readmissions for conditions other than AMI, HF, and PN (Hypothesis 1C).
Given that, it is possible that the spillover effect is stronger for some non-target conditions than
others. For example, AMI and HF are both cardiology conditions and are commonly treated in
a dedicated cardiac department of the hospital (Andritsos and Tang 2014). It is possible that
readmission reducing interventions carried out by the cardiology care providers might be enacted
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Patient Cohorts for Non-target Conditions

for other cardiology patients but not patients beyond cardiology. In this case, we would consider
the cardiology patients without a target condition (i.e., without AMI, HF) to be clinically similar
non-targeted patients, and all other patients without a target condition to be clinically dissimilar.
To test this we use a similar model to Equation (1), but adjust the definition of the four subgroups used in the model (Figure 3). Because our focus is on the effect of HRRP on hospitalizations
with similar and dissimilar non-target conditions, we drop hospitalizations with target conditions
from the estimation (Cohorts A and B), and we split Cohorts C and D into non-target conditions
that are clinically similar or dissimilar to the target conditions. The model we estimate is

yi = β0 + β1 M edicarei + β2 Similari + β3 P osti
+γ1 M edicarei × Similari + γ2 M edicarei × P osti
+γ3 Similari × P osti + ωM edicarei × Similari × P osti
+Xi θ + Conditioni + i ,

(2)

which is identical to Equation (1) except that the Similar binary variable takes the place of the
Target variable.
The logic behind the model is that if HRRP had no spillover beyond Cohort A, then there
would be no treatment effect of HRRP on any of the cohorts in Figure 3, i.e., γ2 , γ3 , and ω
would not be statistically significant. However, given that there is spillover to non-target conditions
(Hypothesis 1C), we want to test if the spillover to Cohort C sim is of greater magnitude than
the spillover to Cohort C dis . Because the treatment effect on Cohort C sim is γ2 + γ3 + ω and the
treatment effect on Cohort C dis is γ2 , we are looking to see if γ3 + ω < 0 and statistically significant.
To classify conditions as similar or dissimilar, we use the multi-level clinical classification software
(CCS) codes. This hierarchical classification system was developed by the AHRQ and collapses over
14,000 ICD-9-CM diagnosis codes into a smaller number of clinically meaningful nested categories
(Elixhauser et al. 2015). HRRP target conditions AMI, HF, and PN have CCS codes 7.2.3, 7.2.11,
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Table 4

Heterogeneity of Spillover Effects across Condition

Condition in Cohorts
Csim & Dsim similar to:
(CCS Codes):

(1)
(2)
Acute Myocardial Pneumonia
Infarction &
Heart Failure
(8.x.y)
(7.x.y)

Medicare×Post (γ2 )

−0.0046∗∗∗
(0.0009)

−0.0046∗∗∗
(0.0009)

Similar×Post (γ3 )

−0.0020∗
(0.0009)

−0.0020
(0.0016)

Medicare×Similar×Post (ω)

0.0017
(0.0011)

−0.0016
(0.0020)

Total Effect on Cohort C sim
(γ2 + γ3 + ω)

−0.0048∗∗∗
(0.0010)

−0.0082∗∗∗
(0.0017)

Effect diff. on Cohorts C sim vs Cdis
(γ3 + ω)

−0.0002
(0.0007)

−0.0036∗
(0.0014)

Observations

15,419,472

13,578,778

Notes. Estimates are from linear regression models. All models include
all controls in Equation (1), including condition fixed effects. Robust
standard errors clustered by hospital-year in parentheses.
†
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.

and 8.1.1, respectively. AMI and HF are both nested under category 7, Diseases of the Circulatory
System. PN is nested under category 8, Diseases of the Respiratory System.
Table 4 presents the results of two separate estimations of Equation (2). In Model 1, Cohorts
Csim and Dsim include hospitalizations with CCS codes 7.x.y (excluding target conditions 7.2.3
and 7.2.11), and in Model 2 Cohorts C sim and Dsim include hospitalizations with CCS codes 8.x.y
(excluding target condition 8.1.1). For both models, the dissimilar cohorts (C dis and Ddis ) include
hospitalizations with conditions that are not target conditions and not included in any definition of
Cohorts Csim and Dsim (all CCS codes except 7.x.y and 8.x.y).
This analysis sheds light on the nature of the mechanisms behind the spillovers of readmission reduction efforts at hospitals. We first focus on AMI and HF. In Model (1) of Table 4, we find spillover
effects of HRRP on conditions clinically similar to AMI and HF ( γ2 + γ3 + ω = −0.0048, p < 0.001).
We also find spillover to conditions that are clinically dissimilar ( γ2 = −0.0046, p < 0.001). The mag-

nitudes of the effects are not statistically different from one another ( γ3 + ω = −0.0002, p > 0.10).
Thus, these estimates reveal no statistically significant differences in the spillover effects for patients
with similar versus dissimilar conditions to AMI and HF.
Model (2) of Table 4 shows the results for conditions similar and dissimilar to PN. As with Model
(1), we find spillover to both clinically similar ( γ2 + γ3 + ω = −0.0082, p < 0.001) and dissimilar

conditions (γ2 = −0.0046, p < 0.001). However, unlike in Model (1), the spillover effect on similar

hospitalizations is significantly larger in magnitude ( γ3 + ω = −0.0036, p < 0.05).

Batt et al.: Quality Improvement Spillovers

21

These estimates paint different pictures of spillovers of readmission reduction efforts to conditions
similar to AM and HF compared to PN. Recall from Model (4) of Table 3 that the direct effect of
HRRP on PN hospitalizations is a reduction of 0.78 percentage points, and Model (2) of Table 4
estimates the spillover effect on hospitalizations similar to PN to be 0.82 percentage points (a
statistically indistinguishable difference). Thus, the readmission reduction efforts directed at PN
hospitalizations appear to be sufficiently broadly targeted so that the spillover to similar patients
is quite strong. In contrast, the direct effect of HRRP on target AMI and HF hospitalizations
is a reduction of about 1 percentage point (Models (2) and (3) of Table 3), while the spillover
effect to similar patients is only about 0.48 percentage points, no different than the spillover to
dissimilar hospitalizations (Model (1) of Table 4). Thus, readmission reduction efforts for AMI and
HF hospitalizations appear to be implemented in such a way that they do not generate strong
spillover to similar conditions. An interesting avenue for future research is to study the interventions
used for these different conditions and attempt to identify what causes the difference in spillover
effect.

7.

Results for Non-target Metrics

We now study the effect of HRRP on non-target metrics (Hypotheses 2-5).
7.1.

31-60-day Readmissions

To see whether the decrease in 30-day readmissions is accompanied by any changes in 31-60-day
readmissions, we estimate Equation (1) with 31-60-day readmission as the dependent variable. The
results are shown in column (1) of Table 5, and the interpretation is analogous to the analysis of
30-day readmissions in Table 3.
Hypothesis 2 posits a change in 31-60-day readmissions for Cohorts A, B, and C, which would be
indicated by significant values of γ2 + γ3 + ω , γ3 , and γ2 , respectively. We find significant reductions
in 31-60-day readmissions for all three cohorts. The total effect of HRRP on Cohort A is a 0.4
percentage point reduction ( p < 0.001), which is a 4.8% reduction from the baseline rate of 8.4%.
This is similar in magnitude to the percent reduction observed for the 30-day readmission metric.
The coefficients for Target×Post and Medicare×Post are -0.0014 (p < 0.10) and -0.0019 (p < 0.001),
respectively, and correspond to reductions in 31-60-day readmissions of 3.0% for Cohort B and
2.9% for Cohort C. Thus, we find that there is no evidence of hospitals achieving gains in 30-day
readmissions by delaying readmissions past 30 days. Rather, we find that 31-60-day readmissions
decrease concurrently with 30-day readmissions, suggesting a type of beneficial quality improvement
spillover from HRRP.
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Table 5

Non-target Metrics Change after HRRP Implementation
(1)
31-60-day
readmissions

(2)
LOS

(3)
Number of
procedures

(4)
Cost

Medicare×Post (γ2 )

−0.0019∗∗∗
(0.0004)

−0.1375∗∗∗ −0.0311∗
(0.0281)
(0.0153)

−389.29∗∗∗
(100.20)

Target×Post (γ3 )

−0.0014†
(0.0008)

−0.0868∗
(0.0436)

0.0016
(0.0292)

−588.03∗∗
(196.96)

Medicare×Target×Post (ω)

−0.0003
(0.0010)

0.0369
(0.0393)

−0.0015
(0.0231)

316.27†
(169.10)

Total Effect on Cohort A
(γ2 + γ3 + ω)

−0.0036∗∗∗
(0.0007)

−0.1875∗∗∗ −0.0310
(0.0337)
(0.0227)

−661.05∗∗∗
(144.58)

Observations

17,697,627

12,070,282 12,070,505

11,620,976

Notes. Estimates are from linear regression models. All models include all controls
in Equation (1), including condition fixed effects. In models (2)-(4), data is limited
to first visits in a 30-day time window. Robust standard errors clustered by hospitalyear in parentheses.
†
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.

7.2.

Measures of Care Intensity

We now examine the effect of HRRP on three common measures of care intensity: LOS, number of
procedures, and cost. Hypotheses 3-5 posit a change in all measures of care intensity for Cohorts A,
B, and C, which would be indicated by significant values of γ2 + γ3 + ω , γ3 , and γ2 , respectively. We
test for these by estimating Equation (1) with LOS (in days), number of procedures, and inflationadjusted cost as the dependent variables. The results are shown in columns (2) through (4) of
Table 5.
Length of Stay: We find significant reductions in LOS for all cohorts. The total effect of HRRP
on LOS for Cohort A is -0.1875 days ( p < 0.001), which is a 3.5% reduction from the 2012 baseline
LOS of 5.4 days. The coefficient for Target×Post is -0.0868 (p < 0.05) and for Medicare×Post is
-0.1375 (p < 0.001). The percent reductions are 1.9% for Cohort B and 2.6% for Cohort C. As
with 31-60-day readmissions, we see that LOS decreases both for target hospitalizations and nontarget hospitalizations. Similar to the previous results, the Medicare×Target×Post coefficient is not
statistically significant and target hospitalizations do not experience any extra changes beyond those
experienced by the spillover cohorts.
Procedure Count: For the number of procedures we only observe a reduction in Cohort C
(γ2 = −0.0311, p < 0.05), equivalent to a 1.8% reduction from the 2012 baseline average number of
procedures of 1.7. For target Cohort A, although the point estimate is negative, the reduction is
not statistically significant. Thus, we find that HRRP has little spillover impact on the number of
procedures performed per hospitalization.
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Cost per Hospitalization: We find significant reductions in cost for all cohorts. The total effect
of HRRP on cost for Cohort A is a $661 reduction ( p < 0.001), which is a 5.3% reduction from the
2012 baseline average cost of $12,576. Similar to 31-60-day readmissions and LOS, point estimates
for Cohorts B and C are smaller in magnitude compared to Cohort A: reductions of $588 ( p < 0.01)
and $389 (p < 0.001), respectively. These estimates correspond to 3.8% and 3.2% reductions in
hospitalization cost for Cohorts B and C, respectively. The positive and significant estimate for
Medicare×Target×Post coefficient indicates that there is some overlap between the cost reduction
obtained for spillover cohorts. Note that these cost reductions are the direct reduction in cost in
observed index visits, and do not include cost savings due to reduced readmissions (we estimate
total cost reductions in Section 7.3). Thus, these results indicate a significant beneficial spillover
effect of HRRP on hospitalization costs.
In addition to hospitalization cost savings, it would be interesting to know if there is any reductions in CMS payments after HRRP implementation. However, because actual payment data are
considered confidential, it is not straightforward to estimate savings in CMS payments. Prior work
has shown that the Medicare payment-to-charge ratio (PCR) is highly correlated with the CCR that
we used to calculate costs (Levit et al. 2013, Smith et al. 2015), and that overall Medicare PCR was
relatively steady between 2012 and 2014 (Report to the Congress: Medicare payment policy 2018).
Thus, we expect reductions in CMS payments for each hospitalization to be of a similar magnitude
to the hospitalization costs savings after HRRP implementation. This should be of great interest to
policymakers seeking to encourage cost-effective ways of improving healthcare operations.
Taken together, our results paint an encouraging picture of HRRP. Not only has HRRP created
small but significant improvements in the target metric for both target and non-target hospitalizations, but multiple non-target metrics improved as well. 31-60-day readmissions, LOS, and hospitalization cost all declined after HRRP was implemented. The fact that all measured spillovers
are beneficial or non-significant (e.g., procedure count) suggests that rather than initiating myopic
interventions to avoid HRRP penalties, hospitals implemented cost-effective changes in care delivery
that created real improvement for the patients.
7.3.

Post Hoc Analysis: Total Cost of an Episode of Care

The original goal for HRRP was to reduce healthcare costs by reducing unnecessary readmissions.
We now estimate the effect of HRRP on total cost per “episode” of care, that is the cost of an initial
hospitalization plus the cost of a 30-day readmission hospitalization, if there is one. Having shown
that both 30-day readmissions and individual hospitalization cost decreases with HRRP (column
(1) of Table 3 and column (4) of Table 5, respectively), we expect total cost of an episode of care
to decrease as well.
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Table 6

HRRP Impact on Total Cost of an Episode of Care
(1)

(2)

(3)

Medicare×Post (γ2 )

−523.68
(114.01)

−430.64
(113.37)

−244.24∗
(100.61)

Target×Post (γ3 )

−676.86∗∗
(224.54)

−698.76∗∗
(229.47)

−517.00∗∗
(193.52)

336.08†
(192.25)

358.04†
(195.87)

271.47
(166.78)

Medicare×Target×Post (ω)

Total Effect on Cohort A
(γ2 + γ3 + ω)

∗∗∗

∗∗∗

−864.46∗∗∗ −771.36∗∗∗ −489.76∗∗∗
(163.15)
(156.66)
(144.39)

Control for # of procedures
Yes
Yes
Control for LOS
Yes
Observations
11,618,208 11,618,208 11,618,155
Notes. Data is limited to first visits in a 30-day time window. Estimates are from linear regression models. All models include all
controls in Equation (1), including condition fixed effects. Robust
standard errors clustered by hospital-year in parentheses.
†
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.

We estimate Equation (1) with total cost for an episode of care as the dependent variable, and
the results of this analysis are shown in Table 6. In column (1), we see that total cost for Cohort
A decreases significantly ( γ2 + γ3 + ω = −864.46, p < 0.001). As expected, this reduction is larger

in magnitude than the reduction observed for the cost of a single hospitalization (column (4) of

Table 5). This is a 5.8% reduction from the average total cost per episode of care for Cohort A in
2012 ($14,792). We find slightly smaller percentage reductions in total cost for Cohorts B and C
(4.0% and 3.7%, respectively). 3
Hospitalization costs are partly driven by the number of procedures and LOS, so in columns (2)
and (3) we add these variables as control variables in order to better understand the source of the cost
reductions. We find that the effect of HRRP on total cost for Cohort A is only slightly smaller (nonsignificant) after controlling for the number of procedures ( γ2 + γ3 + ω = −771.36, p < 0.001). This

is expected given that HRRP had little impact on the number of procedures (column (3) of Table 5).
Controlling for both the number of procedures and LOS further reduces the point estimate of the
effect of HRRP on total costs of an episode of care for Cohort A ( γ2 + γ3 + ω = −489.76, p < 0.001).

This result provides an interesting insight about how monetary savings were achieved after HRRP

implementation. In contrast to what may be expected, only 57% ( 489.76 ÷ 864.46 = 0.57) of cost sav3

We perform similar analysis for total LOS and total number of procedures per care episode. The results are shown
in Table A3 in the Appendix. Similar to the results for total cost, the point estimates for both metrics are larger
in magnitude compared to the results in Table 5. This is expected given the reductions in 30-day readmission rate
reported in Section 6.2.
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ings are due to readmission reduction, and the remaining 43% of cost savings stem from concurrent
procedure count and LOS reduction. 4

8.

Robustness Checks

We conduct a variety of robustness checks to ensure that our results are not sensitive to analysis
assumptions and model specifications.
Our main analysis combines 2013 and 2014 as a single treatment period. In Table A4 in the
Appendix, we examine the year-by-year effects of HRRP. We re-estimate the models in Tables 3
and 5, but split out the Post variable into its annual components, 2013 and 2014.
The results on 30-day readmissions are in column (1) of Table A4, and are quite similar to the
main results in Table 3 in that in both years, we observe HRRP leading to a reduction in 30day readmissions for target hospitalizations and we observe spillover effects across insurance and
condition. The time pattern we observe is that the point estimates of HRRP effects are larger
in magnitude in 2014 than in 2013. For example, the total effect of HRRP on Cohort A 30-day
readmissions is a 0.9 percentage point reduction between 2012 and 2013, and a 1.2 percentage point
reduction between 2012 and 2014. This is consistent with hospitals exerting continued efforts each
year to further reduce readmissions. Recall that the maximum penalty percentage grew from 1%
to 3% over the first three years of the program, thus hospitals had increasing incentives to improve
each year. We find similar results for the care intensity metrics; LOS, number of procedures, and
cost, shown in columns (3) through (5), respectively. The point estimates for 31-60-day readmissions
in column (2), however, indicate a minor increase in Cohort A readmissions from 2013 to 2014, but
both years are lower than 2012 as indicated by the negative point estimates.
Next, we repeat our main analysis on several age subgroups of non-Medicare patients. HRRP
targets Medicare patients and thus is primarily concerned with patients aged 65 and older, but
our analysis includes younger patients in the comparison groups (Cohorts B and D). There is a
concern, however, that these younger patients may have different readmission probabilities even
after controlling for demographics, condition fixed effects, and the other controls in our model. Thus,
we repeat our analysis in column (1) of Table 3 on three subgroups of privately insured patients
(Cohorts B and D): those aged 40 and older, 50 and older, and 60 and older. There is no change
to the Medicare Cohorts A and C. These results are in columns (1) through (3) of Table A5 in the
Appendix, respectively. We observe that the spillover effects across insurance and condition hold
within each subsample, and that the total effect on Cohort A is stable and statistically significant
(p < 0.001) across these subgroups.
4

Note that CMS gains additional monetary benefits through the penalties imposed on hospitals with high readmission
rates.
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As a third robustness check, we estimate an alternate model specification. Specifically, the 30-day
and 31-60-day readmissions are binary dependent variables, and our main estimates are from linear
probability models. To ensure that our results are not driven by the linear specification, we repeat
the analyses in column (1) of Tables 3 and 5 using probit models. The results of these analyses
are shown in Table A6 in the Appendix. We present the marginal effects of HRRP on different
cohorts implied by the probit model coefficients to make them comparable to our earlier estimates.
We observe that the results are directionally unchanged and similar in magnitude and statistical
significance to our earlier results.
Lastly, because we cannot track hospitals across years in the NRD (the disguised hospital identifiers are changed each year), we are unable to include hospital fixed effects in our main analysis.
Instead, we control for hospital covariates such as size, ownership, and teaching status. There may
be a concern, however, that these covariates are not able to fully capture all unobservable hospitalrelated factors. Thus, we re-estimate our analysis in Tables 3 and 5 by including hospital-year fixed
effects (our preferred estimates include the covariates instead of the hospital-year fixed effects as
their interpretation is more transparent). The results of our new analysis are shown in Table A7 in
the Appendix and all columns demonstrate the stability of our earlier estimates.

9.

Discussion & Conclusion

In this paper, we study the effect of a national healthcare quality improvement policy, the Hospital
Readmissions Reduction Program, on 30-day readmissions and other non-targeted metrics. We conduct analyses of HRRP using a national-level dataset of 18 million hospitalizations over three years.
To test for spillover effects across the two targeted attributes of patients (insurance and condition),
we estimate a series of triple-differences regression models, which allows us to separately identify
these two types of spillover effects. We confirm prior work documenting that HRRP was effective in
reducing readmissions for targeted patients, and we contribute new analyses showing strong spillover
to non-target groups.
Our post-hoc analysis of 30-day readmissions shows that HRRP led to reduced readmissions for
the target patients for each of the three target conditions, as well as for patients with non-target
conditions. Further, we find that spillover across condition is quite strong for conditions clinically
similar to PN, while the spillover to conditions clinically similar to AMI and HF is weaker. In
addition, we find that there is spillover across insurance only for AMI and HF patients, but not for
PN patients.
Together, these findings provide information about how hospitals operationalize quality improvements in response to HRRP. Spillover across condition indicates interventions focused on Medicare
patients regardless of condition, and spillover across insurance indicates condition-specific interventions regardless of insurance. Thus, it appears that interventions related to PN were narrowly
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targeted at Medicare patients, but were broadly effective for Medicare patients with similar, but
non-targeted conditions. In contrast, interventions related to AMI and HF appear to have been
implemented more broadly relative to insurance, but were more narrowly focused on the target
conditions.
We also test for spillover effects on several non-target metrics. We find small but significant
reductions of both 31-60-day readmissions and LOS. These two results are important because one
might expect hospitals to hold patients longer or delay readmissions past 30 days to avoid penalties.
However, we find no evidence of this for either the target cohort or non-target cohorts. Further, we
find that cost per hospitalization and total costs per episode of care decreased after implementation
of HRRP. Together, this suggests that hospitals undertook meaningful quality improvement efforts
in response to this legislation with beneficial effects well beyond the narrow focus of the policy.
While the numerical results of this paper are specific to HRRP, more generally we show that it
is possible to use a quality improvement policy with a narrow focus to achieve broader results by
exploiting beneficial quality improvement spillovers. This can be helpful when the cost of administering a policy grows with the complexity of the policy, be it public policy or internal corporate
policy. Policymakers and hospital managers alike would be wise to seriously consider and evaluate
the spillover effects stemming from such policies. To fully exploit this possibility, future work needs
to explore what factors make a setting and policy conducive to beneficial quality spillovers.
While Muthulingam and Agrawal (2016) report limited quality improvement spillover in a manufacturing setting, we find that spillovers abound in the service setting of hospitals. It is worth
considering why our results differ from Muthulingam and Agrawal (2016). There are some clear
parallels between the two settings. In Muthulingam and Agrawal (2016), suppliers provide similar
(but not identical) parts for Customers A and B. Customer A provides technical assistance and
encouragement for quality improvements for which the suppliers reap all the benefits (i.e., there is
no direct sharing of the financial benefits of improved quality with Customer A). In our study, the
hospitals are analogous to the suppliers, CMS is analogous to Customer A, and the patients with
various clinical conditions are analogous to the various part types being manufactured. Muthulingam
and Agrawal (2016) test for spillover of quality improvement for similar parts from Customer A to
Customer B. This is analogous to spillover across insurance, when improvements incentivized by
CMS create improvements for other payers (i.e., insurance providers).
One possible reason for the lack of spillover in Muthulingam and Agrawal (2016) versus the strong
spillover in our study is that it appears that many of the interventions reported in Muthulingam
and Agrawal (2016) were part specific, such as a design modification or the creation of a new partspecific fixture (see Table 1 of Muthulingam and Agrawal 2016). In contrast, in our case, many
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interventions can be applied broadly, such as an improved discharge checklist or providing detailed
post-discharge medication instructions (Hansen et al. 2011, Brewster et al. 2016).
Another factor driving spillover could be that when the marginal cost of intervention is low (e.g.,
a discharge education packet), hospitals quickly extend these interventions to non-target patients,
while more costly interventions are used more judiciously. Lastly, it could be that some interventions
are difficult to limit to specific customers (payers). For example, Brewster et al. (2016) report
some hospitals using multidisciplinary care-provider rounding to help improve discharge planning.
It is likely that such a quality improvement intervention is used for all patients with a specific
clinical condition, regardless of insurance. An analogous manufacturing situation (not studied by
Muthulingam and Agrawal (2016)) would be if a supplier buys a new machine with a higher yield
and the machine is used for all parts, regardless of the customer. While our current analyses cannot
distinguish these possible theories, it is a fruitful area for future research to determine if these or
other factors favor quality spillover.
While the spillover effect studied in Muthulingam and Agrawal (2016) is analogous to the spillover
across insurance in our study, there is no analog in Muthulingam and Agrawal (2016) to our study
of spillover across conditions and spillover to non-target metrics. The concept of spillover across
conditions in our study would be analogous in the Muthulingam and Agrawal (2016) study to
examining if quality improvements in Part X for Customer A spilled over to Part Y for Customer A.
Likewise, Muthulingam and Agrawal (2016) do not examine the effect of the quality improvement
initiatives on metrics other than defect rate.
As with any study, the present analysis has some limitations. First, the National Readmissions
Dataset does not make hospital or geographical identifiers available, so we cannot examine heterogeneous treatment effects by specific hospitals or states. Such information would be useful to study
questions such as which hospitals are most responsive to HRRP, as prior research indicates that
there is variability in response by whether the hospitals are close to the penalty thresholds or by
their financial performance (e.g., Zhang et al. 2016, Mellor et al. 2017). We also cannot observe patient readmissions that occur outside the sampled hospitals, though this is not likely to be a major
issue because the data sample hospitals regionally and contain over 50% of all hospital admissions
nationally.
Another limitation is the availability of an ideal control group. As noted in Section 5, we use
hospitalizations with non-target conditions and private insurance (Cohort D) as the control group
for the three other cohorts. As such, any effect of HRRP on Cohort D cannot be separately identified
from the time trend coefficient (β3 ). Zuckerman et al. (2016) estimate that prior to HRRP and
the Affordable Care Act (2007-2010), 30-day readmissions for non-target conditions were declining
by about 0.1 percentage points per year. If that underlying non-HRRP reduction were to continue
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into the study observation period, we would expect β3 to be about -0.0015 because it captures
the average change from two consecutive years with similar sample sizes. Column (1) of Table A2
shows an estimated β3 of -0.0025, suggesting the remaining 0.1 percentage point of readmission
rate reduction might be the result of HRRP and not captured in our main results. We are unaware
of existing data to enable us to make similar estimations of the effect of HRRP on Cohort D for
non-target metrics.
Finally, because of the recency of HRRP and the lag time of data availability, we can only observe
results from the first years following the regulation. After more time has passed, future research
should examine if the beneficial effects of HRRP have grown, been sustained, or diminished over
time.
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Appendix
Table A1

Control Variables

Variable

Description

Patient controls:
Age
Gender
Location
Resident
Income

Categorical variable
Categorical variable
Categorical variable for population in county of residence
Indicator variable for residence of the patient in the same state as the hospital
Median household income quartiles for patient’s ZIP code

Hospital controls:
Size
Ownership
Status

Size of hospitals based on number of beds, adjusted for region
Indicator variable for government or private ownership
Categorical variable for teaching status and metropolitan area location

Hospitalization controls:
(during index admission)
Planned
Emergency department
Operating room
Severity
Mortality risk
Same day event
Disposition

Indicator variable for planned admission
Indicator variable for emergency department service
Indicator variable for a major operating room procedure
Categorical variable for severity of illness
Categorical variable for mortality risk
Categorical variable for multiple discharges in a single day
Categorical variable for discharge disposition (including transfer destination)

Time controls:
Weekend
Discharge month

Indicator variable for index admission during weekend
Categorical variable for discharge month for index admission
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Figure A1
Non-target Outcome Measures Trend by Cohort
(a) 31-60-day Readmission
(b) Length of Stay

(c) Number of Procedures

(d) Costs

Notes. Dashed lines show average value for each cohort-metric in 2012.

−0.0025∗∗∗
−0.0047∗∗∗

Post (β3 )
Medicare×Post (γ2 )

Target×Post (γ3 )
Medicare×Target×Post (ω)

−0.0172∗∗∗

Non-metropolitan

Metropolitan non-teaching

−0.0072∗∗∗

−0.0040∗∗∗

(0.0010)

(0.0007)

(0.0008)

0.0063∗∗∗

Status (Metropolitan teaching – reference)

(0.0010)

0.0026∗∗

Private, investor-owned

(0.0007)

(0.0008)

Public

Ownership (Private, not-for-profit – reference)

Medium

Small

Size (Large – reference)
−0.0064∗∗∗

(0.0004)

0.0024∗∗∗

3rd quartile

−0.0035∗∗∗

(0.0005)

0.0060∗∗∗

Hospital controls

(0.0006)

0.0108∗∗∗

(0.0008)

2nd quartile

−0.0312∗∗∗

(0.0009)

(0.0009)

1st quartile

Income (4th quartile – reference)

Nonresident

Resident (Resident – reference)

−0.0140∗∗∗

Not metropolitan or micropolitan

(0.0008)
(0.0009)

(0.0006)

(0.0002)

(0.0009)

(0.0008)

(0.0007)

(0.0004)

(0.0016)

(0.0018)

0.0002
−0.0098∗∗∗

Micropolitan

−0.0002

−0.0072∗∗∗

−0.0042∗∗∗

0.0059∗∗∗

0.0025∗∗

−0.0035∗∗∗

−0.0062∗∗∗

0.0023∗∗∗

0.0057∗∗∗

0.0101∗∗∗

−0.0301∗∗∗

−0.0167∗∗∗

−0.0138∗∗∗

−0.0095∗∗∗

−0.0083∗∗∗

0.0002

0.0037∗∗∗

−0.0154∗∗∗

−0.0009

0.0080∗∗∗

0.0028∗∗∗

−0.0080∗∗∗

−0.0097∗∗∗

−0.0057∗∗

(0.0016)

(0.0014)

−0.0046∗∗∗

−0.0026∗∗∗

0.0367∗∗∗

−0.0125∗∗∗

0.0153∗∗∗

(0.0009)

(0.0006)

(0.0008)

(0.0010)

(0.0007)

(0.0008)

(0.0004)

(0.0005)

(0.0006)

(0.0008)

(0.0009)

(0.0009)

(0.0008)

(0.0008)

(0.0006)

(0.0002)

(0.0009)

(0.0008)

(0.0007)

(0.0004)

(0.0017)

(0.0019)

(0.0025)

(0.0019)

(0.0009)

(0.0006)

(0.0022)

(0.0017)

(0.0009)

(2)
Acute Myocardial
Infarction

(0.0009)

−0.0087∗∗∗

0.0037∗∗∗

−0.0173∗∗∗

Metro areas of 50,000-249,999 population

Metro areas of 250,000-999,999 population

Fringe counties of areas of ≥ 1m population

Location (Central counties of areas of ≥ 1m population – reference)

Male

Gender (Female – reference)

90+

−0.0007

0.0092∗∗∗

65-74

75-89

0.0028∗∗∗

−0.0090∗∗∗

−0.0082∗∗∗

45-64

1-17

0

Age (18-44 – reference)

Patient controls

−0.0010

−0.0046∗∗∗

(0.0006)

(0.0013)

(0.0014)

0.0213∗∗∗

(0.0009)

0.0145∗∗∗

Medicare (β1 )
−0.0074∗∗∗

(1)
All target conditions

−0.0074∗∗∗

−0.0042∗∗∗

0.0060∗∗∗

0.0026∗∗

−0.0036∗∗∗

−0.0063∗∗∗

0.0023∗∗∗

0.0058∗∗∗

0.0105∗∗∗

−0.0305∗∗∗

−0.0169∗∗∗

−0.0138∗∗∗

−0.0097∗∗∗

−0.0086∗∗∗

0.0002

0.0041∗∗∗

−0.0178∗∗∗

−0.0020∗

0.0081∗∗∗

0.0029∗∗∗

−0.0079∗∗∗

−0.0096∗∗∗

0.0004

−0.0081∗

−0.0046∗∗∗

−0.0025∗∗∗

0.0130∗∗∗

0.0509∗∗∗

0.0159∗∗∗

(0.0009)

(0.0007)

(0.0008)

(0.0010)

(0.0007)

(0.0008)

(0.0004)

(0.0005)

(0.0006)

(0.0008)

(0.0009)

(0.0009)

(0.0009)

(0.0008)

(0.0006)

(0.0002)

(0.0009)

(0.0008)

(0.0007)

(0.0004)

(0.0017)

(0.0019)

(0.0036)

(0.0035)

(0.0009)

(0.0006)

(0.0030)

(0.0030)

(0.0009)

(3)
Heart Failure

30-day Readmissions Change after HRRP Implementation – All Coefficients

Target (β2 )
Medicare×Target (γ1 )

Table A2

−0.0078∗∗∗

−0.0043∗∗∗

0.0058∗∗∗

0.0025∗∗

−0.0035∗∗∗

−0.0063∗∗∗

0.0023∗∗∗

0.0056∗∗∗

0.0100∗∗∗

−0.0301∗∗∗

−0.0161∗∗∗

−0.0131∗∗∗

−0.0093∗∗∗

−0.0082∗∗∗

0.0003

0.0043∗∗∗

−0.0170∗∗∗

−0.0018∗

0.0081∗∗∗

0.0032∗∗∗

−0.0088∗∗∗

−0.0098∗∗∗

−0.0020

−0.0012

−0.0046∗∗∗

−0.0026∗∗∗

0.0132∗∗∗

−0.0027†

0.0159∗∗∗

(0.0009)

(0.0006)

(0.0008)

(0.0009)

(0.0006)

(0.0008)

(0.0004)

(0.0005)

(0.0006)

(0.0008)

(0.0009)

(0.0009)

(0.0008)

(0.0008)

(0.0006)

(0.0002)

(0.0009)

(0.0008)

(0.0007)

(0.0004)

(0.0016)

(0.0018)

(0.0022)

(0.0018)

(0.0009)

(0.0006)

(0.0019)

(0.0016)

(0.0009)

(4)
Pneumonia
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Visited

0.0081∗∗∗

Extreme

(0.0038)

−0.1084∗∗∗

−0.0019∗∗∗
−0.0004

June

August

(0.0013)

(0.0013)

(0.0004)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0002)

(0.0040)

(0.0005)

(0.0006)

(0.0023)

(0.0022)

(0.0010)

(0.0012)

(0.0014)

(0.0008)

(0.0004)

(0.0004)

(0.0009)

(0.0003)

(0.0002)

(0.0089)

(0.0003)

(0.0005)

(0.0005)

16,507,372

0.1048∗∗∗

−0.0028∗∗∗

−0.0008∗

−0.0007∗

−0.0019∗∗∗

−0.0013∗∗∗

−0.0016∗∗∗

−0.0014∗∗∗

−0.0005

−0.0011∗∗∗

−0.1076∗∗∗

0.0384∗∗∗

0.0395∗∗∗

0.0497∗∗∗

0.0274∗∗∗

−0.0125∗∗∗

0.0012

0.0231∗∗∗

0.0087∗∗∗

0.0206∗∗∗

−0.0351∗∗∗

0.0569∗∗∗

0.0298∗∗∗

−0.0142∗∗∗

0.0115

−0.0112∗∗∗

0.0042∗∗∗

−0.0255∗∗∗

(2)
Acute Myocardial
Infarction

(0.0013)

(0.0004)

(0.0003)

(0.0003)

(0.0004)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0002)

(0.0039)

(0.0005)

(0.0006)

(0.0024)

(0.0022)

(0.0010)

(0.0012)

(0.0015)

(0.0008)

(0.0004)

(0.0004)

(0.0009)

(0.0003)

(0.0002)

(0.0088)

(0.0003)

(0.0005)

(0.0005)

16,750,637

0.1057∗∗∗

−0.0026∗∗∗

−0.0006

−0.0007∗

−0.0018∗∗∗

−0.0012∗∗∗

−0.0016∗∗∗

−0.0014∗∗∗

−0.0004

−0.0009∗∗∗

−0.1093∗∗∗

0.0385∗∗∗

0.0396∗∗∗

0.0496∗∗∗

0.0270∗∗∗

−0.0126∗∗∗

0.0007

0.0226∗∗∗

0.0073∗∗∗

0.0200∗∗∗

−0.0357∗∗∗

0.0563∗∗∗

0.0287∗∗∗

−0.0143∗∗∗

0.0110

−0.0105∗∗∗

0.0046∗∗∗

−0.0260∗∗∗

(3)
Heart Failure

†

(0.0013)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0002)

(0.0040)

(0.0005)

(0.0005)

(0.0024)

(0.0022)

(0.0010)

(0.0013)

(0.0015)

(0.0008)

(0.0004)

(0.0004)

(0.0008)

(0.0003)

(0.0002)

(0.0084)

(0.0003)

(0.0005)

(0.0005)

16,699,952

0.1043∗∗∗

−0.0026∗∗∗

−0.0004

−0.0005

−0.0018∗∗∗

−0.0012∗∗∗

−0.0016∗∗∗

−0.0014∗∗∗

−0.0003

−0.0011∗∗∗

−0.1059∗∗∗

0.0388∗∗∗

0.0398∗∗∗

0.0499∗∗∗

0.0263∗∗∗

−0.0122∗∗∗

0.0009

0.0234∗∗∗

0.0081∗∗∗

0.0200∗∗∗

−0.0354∗∗∗

0.0580∗∗∗

0.0299∗∗∗

−0.0142∗∗∗

0.0105

−0.0106∗∗∗

0.0042∗∗∗

−0.0259∗∗∗

(4)
Pneumonia

Notes. Estimates are from linear regression models. All columns include condition fixed effects. Robust standard errors clustered by hospital-year in parentheses.
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.

17,697,627

0.1043∗∗∗

Constant (β0 )

Observations

(0.0003)

(0.0003)

(0.0003)
−0.0025∗∗∗

−0.0005

(0.0003)

(0.0003)

(0.0003)

(0.0003)

(0.0003)

September

July

−0.0012∗∗∗

May

−0.0017∗∗∗

April

−0.0014∗∗∗

−0.0003

March

February

Discharge month (January – reference)

Saturday-Sunday

Weekend (Monday-Friday – reference)

Time controls
(0.0002)

(0.0005)

0.0387∗∗∗

Home health care

−0.0009∗∗∗

(0.0005)

0.0402∗∗∗

Other transfers

Unknown

(0.0023)

0.0476∗∗∗

Transfer to short-term hospital

Disposition (Routine – reference)

(0.0022)

−0.0121∗∗∗

Two discharges at the same hospital
0.0270∗∗∗

(0.0010)

0.0014

More than two discharges

(0.0012)

0.0215∗∗∗

Two discharges at different hospitals

(0.0014)

(0.0008)

(0.0004)

(0.0004)

(0.0008)

(0.0003)

Two transfers from different hospitals

Same day event (No event – reference)

0.0205∗∗∗

Major

Minor

−0.0355∗∗∗

0.0569∗∗∗

Mortality risk (Moderate – reference)

0.0293∗∗∗

(0.0002)

Extreme

(0.0084)

0.0114

(0.0003)

(0.0005)

(0.0005)

−0.0146∗∗∗

−0.0110∗∗∗

0.0050∗∗∗

Major

Minor

No class specified

Severity (Moderate – reference)

Major procedure

Operating room (No procedure – reference)

−0.0256∗∗∗

(1)
All target conditions

30-day Readmissions Change after HRRP Implementation – All Coefficients (continued)

Emergency department (Not visited – reference)

Planned

Planned (Not-planned – reference)

Hospitalization controls

Table A2
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Table A3

HRRP Impact on Hospitalization Total LOS and Number of Procedures
(1)
(2)
Total LOS Total Number
of procedures
Medicare×Post (γ2 )

−0.1784∗∗∗
(0.0334)

−0.0394∗
(0.0173)

Target×Post (γ3 )

−0.1034∗
(0.0500)

−0.0055
(0.0306)

0.0341
(0.0457)

0.0017
(0.0242)

Total Effect on Cohort A
(γ2 + γ3 + ω)

−0.2477∗∗∗
(0.0409)

−0.0432†
(0.0256)

Observations

12,070,282

12,070,505

Medicare×Target×Post (ω)

Notes. Data limited to first visits in a 30-day time window.
Estimates are from linear regression models. All models
include all controls in Equation (1), including condition
fixed effects. Robust standard errors clustered by hospitalyear in parentheses.
†
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.
Table A4

Robustness: Year-by-Year Target and Non-target Metrics Change after HRRP Implementation
(1)
(2)
Readmissions
30-day
31-60-day

(3)
LOS

Medicare×2013 (γ22013 )

−0.0040∗∗∗ −0.0021∗∗∗ −0.1030∗∗
(0.0010)
(0.0005)
(0.0319)

Target×2013 (γ32013 )

−0.0030†
(0.0016)

−0.0004
(0.0009)

Medicare×Target×2013 (ω 2013 ) −0.0018
(0.0018)

−0.0015
(0.0011)

(4)
Number of
procedures

(5)
Cost

−0.0122
(0.0177)

−216.81†
(113.97)

−0.0308
(0.0512)

0.0193
(0.0335)

−215.07
(230.44)

0.0146
(0.0466)

−0.0216
(0.0265)

114.56
(194.54)

Medicare×2014 (γ22014 )

−0.0052∗∗∗ −0.0017∗∗∗ −0.1717∗∗∗ −0.0498∗∗
(0.0010)
(0.0005)
(0.0320)
(0.0170)

−561.36∗∗∗
(109.85)

Target×2014 (γ32014 )

−0.0064∗∗∗ −0.0024∗
(0.0016)
(0.0010)

Medicare×Target×2014 (ω 2014 ) −0.0002
(0.0019)

0.0010
(0.0011)

−0.1409∗∗
(0.0482)

−0.0155
(0.0329)

−946.66∗∗∗
(217.67)

0.0573
(0.0435)

0.0176
(0.0263)

505.08∗∗
(192.11)

Total Effect on Cohort A (2013) −0.0088∗∗∗ −0.0040∗∗∗ −0.1192∗∗
(γ22013 + γ32013 + ω 2013 )
(0.0016)
(0.0007)
(0.0385)

−0.0145
(0.0259)

Total Effect on Cohort A (2014) −0.0118∗∗∗ −0.0032∗∗∗ −0.2553∗∗∗ −0.0477†
(γ22014 + γ32014 + ω 2014 )
(0.0015)
(0.0008)
(0.0381)
(0.0249)
Observations

17,697,627 17,697,627 12,070,282 12,070,505

−317.32†
(167.17)
−1002.94∗∗∗
(156.51)
11,620,976

Notes. Estimates are from linear regression models. All models include all controls in Equation ( 1),
including condition fixed effects. In models (3)-(5), data is limited to first visits in a 30-day time
window. Robust standard errors clustered by hospital-year in parentheses.
†
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.
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Robustness: HRRP Impact on 30-day Readmissions by Age Subgroups

Sample (Cohorts B and D):

(1)
Age 40+

(2)
Age 50+

(3)
Age 60+

Medicare×Post (γ2 )

−0.0030∗∗∗ −0.0027∗∗
(0.0009)
(0.0009)

−0.0022∗
(0.0010)

Target×Post (γ3 )

−0.0044∗∗
(0.0016)

−0.0049∗∗
(0.0017)

−0.0062∗∗
(0.0023)

−0.0007
(0.0018)

0.0005
(0.0024)

Medicare×Target×Post (ω) −0.0012
(0.0017)
Total Effect on Cohort A
(γ2 + γ3 + ω)

−0.0086∗∗∗ −0.0083∗∗∗ −0.0078∗∗∗
(0.0014)
(0.0014)
(0.0014)

Observations

13,577,385 12,454,187 10,902,954

Notes. Estimates are from linear regression models. All models include all controls in Equation (1), including condition fixed effects.
Robust standard errors clustered by hospital-year in parentheses.
†
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.

Table A6

Robustness: Readmissions Change after HRRP Implementation (Probit)
(1)
(2)
Readmissions
30-day
31-60-day
Medicare×Post (γ2 )

−0.0118∗
(0.0049)

−0.0121∗
(0.0043)

Target×Post (γ3 )

−0.0181∗
(0.0082)

−0.0121
(0.0092)

0.0009
(0.0082)

0.0044
(0.0097)

Medicare×Target×Post (ω)

Total effect on Cohort A
(γ2 + γ3 + ω)

−0.0290∗∗∗ −0.0198∗∗∗
(0.0063)
(0.0056)

Marginal effects
Cohort A

−0.0107∗∗∗ −0.0038∗∗∗
(0.0013)
(0.0006)

Cohort B

−0.0045∗∗
(0.0014)

Cohort C

−0.0049∗∗∗ −0.0021∗∗∗
(0.0008)
(0.0004)

Observations

17,697,627 17,697,432

−0.0014†
(0.0008)

Notes. Estimates are from probit models. The marginal effects shown are the mean marginal effect over all observations. All models include all controls in Equation (1). Robust
standard errors clustered by hospital-year in parentheses.
†
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.
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Table A7

Robustness: Target and Non-target Metrics Change after HRRP Implementation (with hospital-year FE)
(1)
(2)
Readmissions
30-day
31-60-day

(3)
LOS

(4)
Number of
procedures

(5)
Cost

Medicare×Post (γ2 )

−0.0046∗∗∗ −0.0019∗∗∗ −0.1337∗∗∗ −0.0493∗∗
(0.0009)
(0.0004)
(0.0291)
(0.0160)

−518.40∗∗∗
(74.96)

Target×Post (γ3 )

−0.0044∗∗
(0.0014)

Medicare×Target×Post (ω) −0.0010
(0.0016)

−0.0012
(0.0008)

−0.0827†
(0.0434)

−0.0091
(0.0283)

−630.46∗∗
(198.89)

−0.0002
(0.0010)

0.0325
(0.0386)

0.0107
(0.0233)

357.72∗
(167.95)

Total Effect on Cohort A
(γ2 + γ3 + ω)

−0.0099∗∗∗ −0.0033∗∗∗ −0.1838∗∗∗ −0.0477∗
(0.0013)
(0.0007)
(0.0351)
(0.0211)

−791.13∗∗∗
(110.62)

Observations

17,697,627 17,697,627 12,070,282 12,070,505

11,620,976

Notes. Estimates are from linear regression models. All models include all controls in Equation
(1), including condition fixed effects, in addition to hospital-year fixed effects. In models (3)(5), data is limited to first visits in a 30-day time window. Robust standard errors clustered
by hospital-year in parentheses.
†
p < 0.10; ∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001.

