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Abstract
Medicare has increased the use of performance pay incentives for hospitals, with the goal 
of increasing care coordination across providers, reducing market frictions, and ultimately 
to improve quality of care. This paper provides new empirical evidence by using novel 
operations and claims data from a large, independent home health care firm with the Hos-
pital Readmissions Reduction Program (HRRP) penalty on hospitals providing identifying 
variation. We find that the penalty incentive to reduce re-hospitalizations passed through 
from hospitals to the firm for at least some types of patients, since it provided more care 
inputs for heart disease patients discharged from hospitals at greater penalty risk and that 
contributed more patients to the firm. This evidence suggests that HRRP helped increase 
coordination between hospitals and home health firms without formal integration. Greater 
home health effort does not appear to have led to lower patient readmissions.

Keywords  Performance pay · Home health care ·  Hospital readmissions reduction 
program

JEL Classification  I11 · I18 · L2 · L5

Introduction

US federal policy has emphasized the use of performance pay contracts to transmit quality 
and efficiency incentives to health care providers. However, there is considerable debate 
over the design and effectiveness of performance pay programs (Christianson et al., 2008; 
Jha et al., 2012; Mullen et al., 2010; Rosenthal et al., 2005). A key source of contention 
has been the use of patient outcomes as performance metrics and their association with 
unintended adverse effects due to gaming responses (Chen & Grabowski, 2017; Ibrahim 
et al., 2018; Wadhera et al., 2018). However, making pay contingent on outcomes can also 
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be more efficient than using process (input) metrics if providers respond by pursuing more 
effective processes than would have been mandated otherwise. Policymakers need to factor 
in likely provider responses so they can optimally design performance pay contracts, how-
ever empirical evidence from health care remains limited. This paper attempts to fill this 
gap by documenting a novel response mechanism to outcomes-based penalties: overcom-
ing market exchange frictions and shifting production to lower cost downstream providers. 
Our setting is the Hospital Readmissions Reduction Program (HRRP)—one of the largest 
performance pay programs in US healthcare.1

HRRP authorized the federal government to penalize hospitals if their re-hospitaliza-
tion rate for Medicare patients admitted with select targeted conditions exceeds a speci-
fied benchmark. The Centers for Medicaid and Medicare Services (CMS) has imposed 
penalties of about $500 million on hospitals each year under HRRP. Prior studies vary in 
their assessments of the magnitude of its effect on the mean readmission rate, ranging from 
nearly zero to a one percentage point decrease, but the consensus is that it has decreased 
readmission rates for targeted patients (Carey & Lin, 2016; Desai et al., 2016; Mellor et al., 
2017; Chen & Grabowski, 2017; Gupta, 2021; MedPAC 2018; Ziedan, 2019). While evi-
dence on gaming responses such as up-coding (Ibrahim et  al., 2018; Ody et  al., 2019), 
patient selection and greater use of observation status (Gupta, 2021) has been forthcoming, 
evidence on quality improving mechanisms has remained speculative.

Hospitals could respond to the readmission penalty by sending more of their patients 
into post-acute care (PAC) as well as leverage their relationships with PAC partners to 
obtain more intense care for their patients–thus shifting some of the incremental care to 
a lower cost setting. Recent studies have shown the potential for PAC to improve hospital 
readmission rates (David & Kim, 2018; Rahman et al., 2017). However, using Medicare 
claims data we find no economically or statistically significant changes in the proportion 
of hospital patients sent to any type of PAC—consistent with findings of recent studies 
(Gupta, 2021; Kim et al., 2019; Ziedan, 2019). Hence, we focus our attention on the inten-
sive margin.

Among different types of PAC, we focus on home health care since in the HRRP con-
text it is the only commonly used low-cost PAC. Forty percent of the patients targeted by 
HRRP and sent to PAC receive home health care. It costs only about 20% the price of 
a stay at a skilled nursing facility or at a hospital. Second, it is an important service in 
its own right—Medicare spending on home health care doubled between 2001 and 2014 
(MedPAC, 2016). With the growth of payment bundles and the emphasis on cost contain-
ment, it is expected to continue to grow rapidly (Sood et al., 2011).

Freestanding Home Health Agencies (HHAs) compete for hospital referrals and adjust 
their protocols and intensity of care to preserve or enhance their business with referring 
hospitals. With the introduction of the readmission penalty, hospitals may have identified 
greater coordination with and effort by their HHA partners as a mechanism to decrease 
readmissions for their patients. Hence, market competition for hospital referrals offers a 
pathway for the hospital penalty incentive to pass-through to HHAs. To empirically test this 
hypothesis, we construct a measure of the salience of a hospital’s penalty for an HHA and 
use this as the primary source of cross-hospital variation in incentive for an HHA to choose 
resource intensity for patients. We assume penalty salience increases in proportion with 

1  The average penalty rate has consistently trended around 0.5% of total inpatient revenue from Traditional 
Medicare, or about 5% of revenue from the targeted conditions. Unlike other performance pay programs, 
there is no provision for bonus payments by doing better than the benchmark.
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two factors—the share of the HHA’s patient volume contributed by the hospital and the 
penalty rate determined under HRRP. To mitigate the potential for bias due to unobserved 
hospital quality, we use patients discharged with a condition not targeted by HRRP as a 
within-hospital comparison group. We combine these cross and within-hospital sources of 
variation in a difference-in-difference (D-D) research design where the first difference is 
between patients from targeted and non-targeted conditions and the second difference is 
between patients from hospitals at different levels of penalty salience for the HHA.

We implement the above approach using novel operational and claims data on over 
12,000 patients from a large Home Health firm with 70 offices in 16 states. For each patient 
treated by the firm between 2012 and 2015, we observe rich episode level and visit level 
information. This dataset provides the usual details available in administrative claims data, 
but also includes rarely available operational details (such as time spent with the patient, 
and caregiver specialty) and an accounting-based cost estimate for each patient episode 
used by the firm in its internal business analytics. This allows us to not only quantify 
patient specific cost of care (‘effort’), but also distinguish between alternative dimensions 
of effort, for example, increasing hours of care versus deploying more specialized caregiv-
ers who bill higher hourly rates.

Despite the advantages of this novel data, a key limitation is that we do not observe 
patients prior to the implementation of the HRRP penalty. This implies we cannot exploit 
the pre/post difference in outcomes in a traditional D–D framework as a source of identify-
ing variation. Accordingly, the equivalent of the common trends assumption in our D–D 
design is that in absence of the penalty, differences in outcomes between patients in tar-
geted and non-targeted conditions would be identical across patients from hospitals at dif-
ferent levels of penalty salience. We assess the credibility of this assumption and provide 
supporting evidence using multiple falsification tests.

Our results confirm that the firm incurred greater episode costs for heart attack and heart 
failure patients relative to non-targeted patients of similar risk at hospitals with higher lev-
els of penalty salience. The implied increase in cost is economically meaningful—a heart 
failure patient from a hospital with 1 standard deviation greater penalty salience received 
care that cost about $60 more per episode (4.7% of the mean). While modest in absolute 
terms, we note that the firm spent only about $150 more at baseline for the sickest quar-
tile of patients relative to the least sick quartile. Relative to this benchmark, it incurred 
40% greater cost for targeted patients from a hospital with 1 s. d. greater penalty salience. 
However, we find no changes for pneumonia patients, implying heterogeneity in the pass-
through of the penalty incentive within the targeted conditions.

We identify three channels through which the firm increased resource use. First, there 
is consistent evidence of greater effort in the first week of the episode. We interpret this as 
frontloading of effort, as recommended in the clinical literature (Rogers & Madigan, 2007; 
O’Connor et al., 2014; Murtaugh et al., 2017). Second, we show that the increase in cost 
is driven primarily by using more experienced caregivers and spending more time with 
targeted patients. This dimension of effort is typically unobserved in conventional claims 
data and may be an important reason why previous studies have not detected the role of 
PACs in responding to HRRP. Third, in the case of heart failure, the firm focused greater 
resource use on sicker patients. This is consistent with the HHA optimally directing greater 
resources to patients posing greater penalty risk to hospitals.

We present evidence from three different falsification tests to support the validity of our 
identification assumption. First, we show that the effects on episode cost disappear if we 
eliminate variation in penalty salience across hospitals, and instead assign the mean pen-
alty rate across local area hospitals. Hence, the results are not driven by spurious responses 
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to market-level penalty. Second, we use Medicare Advantage (MA) patients to implement a 
placebo test. MA patients are excluded from HRRP penalty calculations. Absent spillovers, 
hospitals and PACs should not invest additional resources for these patients due to HRRP. 
Reassuringly, we do not find differentially greater episode cost or lower readmissions for 
MA patients. In fact, the coefficients typically suggest a reduction in resource intensity for 
MA patients, consistent with a multi-tasking effect. Third, we perform a randomization 
test, estimating the episode cost model 1000 times. In each iteration we randomly assign a 
subset of patients (from targeted or non-targeted conditions) as the treated group and use 
the remaining patients as the control group. Thus, we obtain an empirical CDF of estimated 
effects on episode cost to compare against the coefficient obtained in the main results. We 
find that the true coefficient is at the 94th percentile of this distribution and can therefore 
reject the null hypothesis at conventional levels of significance.

This paper makes two contributions. First, we hypothesize and empirically test a novel 
mechanism through which providers responded to HRRP—one of the largest performance-
pay programs in US health care. This program has received considerable attention, but 
prior studies have typically examined outcomes (readmissions and mortality) without 
offering insights into causal mechanisms (other than selection and coding). Overall, our 
results suggest that HRRP may have succeeded in its goal to improve coordination between 
hospitals and community-based providers by aligning incentives along the care continuum. 
We demonstrate that performance penalties imposed on hospitals passed through to down-
stream firms for heart disease patients, reallocating tasks across firm boundaries. This adds 
to the recent evidence on vertical integration in health care (David et al., 2013; Konetzka 
et al., 2018; Lehrman & Shore, 1998) and indicates that performance pay incentives may 
ease market frictions without changes in firm ownership. Second, these results inform 
policymakers on performance pay design in health care. It confirms that using outcomes 
as performance metrics motivates providers to deploy low-cost solutions, as suggested by 
economic theory (Lazear, 1986; Shleifer, 1985). It is implausible that policymakers could 
have identified and stipulated these specific aspects of coordination as input metrics.

The remainder of the paper is organized as follows. In “Background” section provides 
the necessary institutional background. In “Data” section describes our data sources and 
key variables. In “Empirical strategy” section discusses our conceptual framework and pre-
sents the empirical strategy. We present our main results, including robustness and falsifi-
cation checks in “Results section”, and conclude in “Discussion and Conclusions” section.

Background

Performance pay in health care

Through the Affordable Care Act (ACA), the federal government committed to extensive 
use of performance pay in compensating hospitals for services to Medicare patients. With 
the passage of the Medicare Access and CHIP Reauthorization Act (MACRA) in 2015, 
performance pay incentives were extended to physician payments as well. Hence, perfor-
mance pay is now a cornerstone of federal payment policies. However, there is still con-
siderable debate over whether provider performance should be measured through process 
metrics or patient outcomes.

This debate is not limited to health care and has a long tradition in the large theoretical 
literature on the use of performance pay incentives by firms (Prendergast, 1999). Economic 
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theory predicts that linking pay to outcomes is more efficient when they are more easily 
measured than effort, and agents are better informed about the production function and 
their ability than the employer (Shliefer, 1985; Lazear, 1986). However, economic theory 
also predicts that the use of outcomes may lead to gaming (Baker, 1992) or distract agents 
from tasks that society values but does not reward explicitly, known as the multi-tasking 
effect (Holmstrom & Milgrom, 1991). The possibility of unintended adverse effects on 
patient health has made the use of outcomes controversial in health care (Ibrahim et al., 
2018; Wadhera et al., 2018).

Nevertheless, both approaches are widely prevalent and often overlap. For example, 
CMS penalizes hospitals under HRRP if their heart attack patients have high readmission 
rates (an outcome measure). But it simultaneously rewards hospitals under the Hospital 
Value Based Purchasing (HVBP) if they provide heart attack patients with aspirin upon 
discharge (a process measure), regardless of readmission rates. Private insurers have taken 
the cue from Medicare and introduced performance pay programs of their own, using a 
mix of process and outcome measures (Chernew et al., 2011).

The hospital readmissions reduction program (HRRP)

HRRP authorized CMS to penalize hospitals whose 30-day re-hospitalization rates for 
select Traditional Medicare (TM) patients are greater than the national average. Hence the 
program explicitly discourages readmissions, treating them as adverse outcomes. CMS 
enjoys tremendous discretion in administering the exact rules of the program—the targeted 
conditions, the penalty formula, and timing. Hospitals were officially notified of these 
details in August 2011. Starting in fall of 2011, hospitals could predict the consequences of 
HRRP on their finances, and accordingly take actions to decrease their readmission rates. 
In the first three years program years, hospitals were penalized for re-hospitalization fol-
lowing an index admission for heart attack, heart failure or pneumonia.2 All unplanned 
readmissions, including those occurring at a different hospital, count against the hospital 
where the index treatment was performed.

The key source of variation in penalty applied in any year is the extent to which a hos-
pital’s risk-adjusted readmission rate deviates from the national average, all computed over 
a three-year baseline period. While a hospital does not receive a bonus payment if it does 
better (i.e., lower) than the threshold, it is penalized if its baseline rate exceeds the thresh-
old. This rate is normalized against the national average and adjusted by a multiplier based 
on the hospital’s total Medicare revenue, which is typically close to one.3 Penalty values 
are computed separately for each targeted condition and a weighted sum is calculated at the 
hospital level. This ensures that hospitals have an incentive to improve on each condition, 
since excelling in one does not compensate for poor performance on other conditions. This 

2  An index hospital stay is defined as an inpatient stay that begins at least 30 days after a previous hospital 
stay for the same condition ended. As an example, if a patient is hospitalized for pneumonia and then subse-
quently for an AMI (heart attack) within 15 days of discharging, the AMI will be counted as a readmission 
under pneumonia, but also as an index case under AMI. If she is subsequently readmitted for another AMI 
15 days later, the second AMI will be considered only as a readmission.
3  The multiplier term is the ratio of total Medicare hospital revenue in the penalty year to the mean annual 
Medicare revenue in the baseline period. We assume that the hospital can accurately predict its Medicare 
revenue at the start of the penalty year and therefore compute this penalty rate. Since Medicare revenue 
does not change substantially from year to year, this is a plausible assumption.
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aspect of the program motivates our empirical approach of using the variation in condition-
specific penalty.

The condition-specific penalty dollar amount is directly proportional to the revenue 
billed by the hospital for the targeted condition (“base”), i.e., all else equal, hospitals serv-
ing more heart attack patients will incur a greater penalty for readmissions following heart 
attacks. To isolate variation due to baseline performance in readmission, we normalize the 
penalty amount by this base revenue, and refer to the ratio as the penalty per dollar of base 
revenue, or penalty rate in short. Figure 1 illustrates variation in this penalty rate across 
hospitals for pneumonia in the first year of the program. The dots represent penalty rates 
for individual hospitals, while the solid line plots a hypothetical linear increase. The plot 
confirms that baseline variation in readmissions performance is the major determinant of 
HRRP penalty variation.4 The patterns are similar across the three targeted conditions. 
We use this as our preferred measure of penalty variation across hospitals in the empirical 
analysis.

In any given year, hospitals are penalized based on baseline performance, but the penalty 
is applied two years later. For example, the penalty was first applied to 2012–2013 revenue 
based on baseline performance over July 2008–June 2011. In every successive year, hos-
pital penalty status is updated based on a correspondingly updated three-year performance 
window (e.g., July 2009–June 2012 is the performance window for the next program year). 
This program design has an important implication for our empirical analysis. Penalties in 
the first year were based on hospital performance during a period that ended prior to when 
the formula and other details were revealed. Hence, hospitals could not influence their first-
year penalty status by changing patient mix, clinical condition mix, care protocols or coor-
dination with other providers after August 2011. Penalty status in future years, however, 
could itself be influenced by hospital responses to HRRP, i.e., a reverse causality concern. 
Hence, in our empirical work we hold hospital penalty status constant as of the first year of 
the program. In fact, we go a step further and compute the applicable penalty rates based 
on hospitals readmissions over July 2007–June 2010 instead. This is much removed from 
the outcomes we study, which is post-acute care use during 2012–2015.

Home health agencies (HHAs)

PAC providers care for patients and assist them with daily activities after receiving treat-
ment in an acute care setting, such as inpatient care. PAC occurs in a variety of settings 
depending on the intensity of care required–in skilled nursing facilities, long-term acute 
care, and at home through home health or hospice care. The importance and role of PAC 
has grown over time as the share of hospital patients discharged to PAC has increased.5 In 

4  The schematic also provides intuition that each readmission increases the penalty by a constant amount. 
The formula is designed such that each readmission beyond the benchmark invites a penalty equal to 5–6 
times the mean reimbursement paid to the hospital for the index case (MedPAC, 2018). Table 1 Panel A 
shows that the weighted mean total reimbursement across targeted conditions is about $11,000. Since CMS 
pays hospitals about $8000 per index case on average (70% of 11,000), this implies that each readmission 
incurs about $40–50,000 in penalty, substantially exceeding the revenue the hospital would receive from the 
index and readmission stays together.
5  MedPAC. June, 2017. Data Book: Health Care Spending and the Medicare Program, Sect. 8: post-acute 
care. http://​www.​medpac.​gov/​docs/​defau​lt-​source/​data-​book/​jun17_​datab​ookse​c8_​sec.​pdf.

http://www.medpac.gov/docs/default-source/data-book/jun17_databooksec8_sec.pdf
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fact, for Medicare patients discharged with heart attack or heart failure, PAC has been the 
fastest growing category of care (Chandra et al., 2013).

Home health care involves several general care and recovery tasks which could plausi-
bly occur in the hospital. However, these tasks are much costlier to produce in the hospital 
setting, primarily due to the capital cost of hospital infrastructure and the alternative costs 
associated with lower throughput (Candrilli and Mauskopf, 2009; Metlife, 2011). HHAs 
also enable regular monitoring of patient health, offering the potential to prevent medi-
cal emergencies, at least in theory. Home health care agencies and industry associations 
emphasize that a key component of their value proposition for Medicare is their ability 
to avoid costly hospital readmissions (AHHQI, 2012). Since HRRP emphasized readmis-
sion reductions—an outcome that HHAs also target—it is a very salient program for home 
health agencies.

Freestanding home health care firms compete for hospital patient referrals (Study, 
2014). While patients make the final choice, their decision is influenced by hospital physi-
cians and discharge planners, who inform them about the different options, their strengths, 
and weaknesses. These decisions are subject to informal negotiations over the quality, 
intensity of care, and responsiveness that a home health firm can commit to the hospital 
and patient. Competitive pressure may induce HHAs to offer additional services or inten-
sity of treatment to win patient referrals. In the aftermath of the readmission penalty, this 
could include additional effort to help the hospital reduce readmissions (Worth, 2014).

Home health care is relatively inexpensive. Table 1 Panel B shows that Medicare paid 
about $2,600 for an episode following a hospital stay for one of the HRRP conditions. In 
contrast, the average reimbursement for a nursing home stay was about $10,000—com-
parable to the cost of the hospital stay. HHAs determine the care resources necessary for 
patients when the episode begins. Home health care involves home visits and care by both 
skilled (nurses, physical therapists) and semi-skilled employees (assistants, aides). In case 
of traditional Medicare patients, the HHA receives a prospective payment for an episode 
that can be up to 60  days long. Like hospital prospective payments, the amount varies 
based on the provider’s assessment of intensity of care required for the patient and local 
market costs.6 Hence, the HHA is not reimbursed on the margin for additional care within 
the same episode for the typical patient.

Data

Data sources

Traditional medicare claims data

We use a 100% sample of Medicare inpatient claims data to compute hospital penalty 
under HRRP per dollar of base revenue, as described in Section II.B above. We compute 

6  HHAs assess the patient’s condition and needs at the start of the episode using the Outcome and Informa-
tion Assessment Set (OASIS) instrument. Based on the patient’s clinical severity, expected medical sup-
plies, and number of therapy visits, patients are assigned to one of 153 Home Health Resource Groups 
(HHRG). CMS uses this code assignment and geographic adjustment factors to adjust the home health base 
payment rate, which was $2969 in 2016. More details available at https://​www.​cms.​gov/​Medic​are/​Medic​
are-​Fee-​for-​Servi​ce-​Payme​nt/​HomeH​ealth​PPS/​index.​html.

https://www.cms.gov/Medicare/Medicare-Fee-for-Service-Payment/HomeHealthPPS/index.html
https://www.cms.gov/Medicare/Medicare-Fee-for-Service-Payment/HomeHealthPPS/index.html
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hypothetical condition-specific penalties applicable based on the performance period of 
July 2007–June 2010, following the formula used by CMS.7 The mean unconditional pen-
alty per dollar of revenue for hospitals across target conditions is about 7%. This implies 
that hospitals would expect to be penalized about 7% of the annual revenue they billed 
Medicare for the targeted conditions over the baseline period of 2007–2010.

We also use a 20% random sample of Medicare claims to examine national patterns in 
use of PAC for hospital patients targeted by HRRP. This data spans July 2008 through June 
2015 and therefore allows observing patterns before and after introduction of the penalty. 
Table 1 describes this sample. There were about 1.3 million index hospital stays for the 
targeted conditions, with heart failure contributing the largest share (~ 45%). About 40% of 
these stays were followed by a PAC episode within 7 days of discharge from the hospital, 
with skilled nursing (18%) and home health (16%) the two largest types of care. Figure 2 
presents time series patterns on the probability of being sent to some type of PAC within 
7 days of discharge from a hospital stay for one of the targeted conditions (Panel a), and 
the mean number of PAC providers used by hospitals for each of the categories. The data 

Fig. 1   HRRP penalty incentive and mean readmission rate. Note This figure provides necessary background 
about the HRRP program penalty incentive. It illustrates the penalty incentive introduced by HRRP using 
data from pneumonia patients. The figure plots our measure of the penalty rate in the first year of the pro-
gram on the Y-axis against the risk-adjusted readmission rate over the period 2009–2011 on the X axis. 
Each circle denotes an acute-care hospital. There are about 3000 hospitals represented in the figure. We 
compute the penalty rate as the ratio of the penalty value assessed due to pneumonia in dollars divided 
by the mean annual fee-for-service Medicare revenue for the hospital from pneumonia during the baseline 
period (2009–2011). Hence, it is the penalty per dollar of reimbursement, and we interpret it as the penalty 
rate. Following CMS, the risk-adjusted readmission rate is normalized by the mean, and this is known as 
the risk-standardized readmission rate (RSRR). The solid red line provides a schematic of the relationship 
between the RSRR and the penalty rate. The actual penalty formula depends on other factors and hence the 
circles deviate slightly from the red line. The incentive patterns are similar for other targeted conditions.

7  More details on the penalty rules and formula are available at https://​www.​cms.​gov/​medic​are/​medic​are-​
fee-​for-​servi​ce-​payme​nt/​acute​inpat​ientp​ps/​readm​issio​ns-​reduc​tion-​progr​am.​html. We deployed the SAS 
code released by the CMS contractor (based at Yale school of public health).

https://www.cms.gov/medicare/medicare-fee-for-service-payment/acuteinpatientpps/readmissions-reduction-program.html
https://www.cms.gov/medicare/medicare-fee-for-service-payment/acuteinpatientpps/readmissions-reduction-program.html
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suggests that the patterns remained relatively stable over this period, with no noticeable 
shifts immediately after 2011. We formally test for changes in PAC use in Section V.E. (a).

Proprietary data from large HHA

The primary data source is a novel patient level operational and claims data from a large 
for-profit, independent home health care firm that operates 70 offices in 16 states.8 The 
firm allows each office to operate rather autonomously, with control over human resources 
management, care protocols and scheduling. Each office is also held accountable as an 
independent profit center. Offices logically serve as the unit of our analyses. This feature 

Table 1   Medicare sample descriptive statistics

This table presents summary statistics on key outcomes from a 20% sample of Traditional Medicare claims 
pertaining to the conditions targeted by HRRP. Panel A describes hospital stays at general acute care hospi-
tals with minimum 15 patients in the relevant condition over July 2008–June 2011, the benchmark for year 
1 of the penalty. Panels B and C describe post-acute care use starting within 7 days of discharge from the 
index hospital stay. In Panel B, the same patient may use two types of post-acute care, and hence the sum 
of the individual categories may exceed the share of those using any post-acute care. The sample in Panel C 
is limited to home health facilities with 15 or more patients over the benchmark period, like the restriction 
used for hospitals. Total number of observations (Panels A, C) pertain to July 2008–June 2015. All mean 
values pertain to the benchmark period (2009–2011). All spending/charges are deflated to be in 2017 dol-
lars using the CPI-U

 (1)  (2)  (3)  (4)
Heart attack Heart failure Pneumonia Aggregate

A. Hospital stays
Total # of index cases 2,38,323 6,06,843 4,82,475 13,27,641
30-day readmission rate 0.18 0.22 0.17 0.20
Mean reimbursement ($) 17,284 9725 8640 10,688
B. Use of post-acute care
Any post-acute care 0.36 0.40 0.39 0.39
Home health care 0.15 0.17 0.14 0.16
Skilled nursing care 0.16 0.18 0.20 0.18
Hospice 0.04 0.05 0.05 0.04
Long-term care hospital 0.01 0.01 0.01 0.01
C. Home health care episodes
Total number of cases 32,673 98,916 63,288 1,94,877
Mean reimbursement ($) 2444 2556 2622 2560
Mean charge ($) 2384 2582 2471 2506
Mean # visits 15.1 16.3 15.6 15.8

8  We exclude data from 30 offices since they were not operational during the pre-HRRP period, which we 
used to compute baseline patient flows. The 16 states include Arizona, Colorado, Connecticut, Delaware, 
Florida, Massachusetts, Maryland, North Carolina, New Jersey, New Mexico, Oklahoma, Pennsylvania, 
Rhode Island, Texas, Virginia, and Vermont. These states account for about 40% of index hospital stays 
in the targeted conditions, and a slightly greater proportion of related home health care episodes. Patient 
demographics and associated reimbursements are similar as in the national sample.
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of autonomous operations within the firm also helps partially alleviate concerns about the 
generalizability of our results to other HHAs.

(a) Extensive margin use

(b) Number of PAC providers used 
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Fig. 2   Use of PAC in Traditional Medicare. Note This figure presents time series trends on the extensive 
margin use of post-acute care Panel a and the mean number of PAC providers used, by type Panel b, using 
claims data from a 20% random sample of Traditional Medicare beneficiaries. Panel a presents the preva-
lence of four different types of PAC starting within seven days of discharge from hospital stays for the 
targeted conditions. The vertical dotted line indicates the formal announcement of HRRP details in August 
2011. Panel b excludes hospitals that used only one PAC throughout the period. In both panels, years are 
defined as July–June periods rather than calendar years to be consistent with CMS computations under 
HRRP.
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We have data on all Traditional Medicare and Medicare Advantage patients treated by 
the firm over calendar years 2012–2015. Patients in the sample were discharged following 
an inpatient hospitalization at one of 297 hospitals. The data contains detailed information 
for each care visit—length of the visit, date and time, specific provider who performed the 
care (and her service type), and estimated cost of the visit, including allocated personnel 
time. This information uniquely allows us to measure treatment intensity and patterns, such 
as time spent with the patient and personnel cost. These details remain unobserved in typi-
cal claims data. The files also contain rich patient health status assessment at the start of 
the episode, which allow us to control granularly for differences in patient status when they 
were discharged from the hospital.

We define years based on July–June periods, to be consistent with the annual meas-
urement cycle used by CMS for HRRP. The analysis sample is limited to patients who 
received home health care during July 2012–June 2015 and were discharged from inpatient 
care.9

Table 2 presents descriptive statistics on the analysis sample separately for patients with 
targeted and non-targeted conditions. The total sample contains approximately 9000 Tradi-
tional Medicare episodes, equivalent to 130 episodes per office and 30 per hospital on aver-
age. Targeted conditions contribute about 2200 patients of which heart failure is the largest 
(1250). The control group is highly diffused across many conditions, each making a small 
contribution to the sample. The most frequent diagnosis in the control group is Osteoar-
throsis with about 1,000 episodes or 14% of the control group.10

We use data from 2012 to establish baseline values for key variables as well as to pro-
duce summary statistics on distributions of outcomes like resource use and readmissions. 
We assign severity scores to patients as the sum of observable risk indicators coded by the 
firm at the start of the episode.11 We use the severity scores to assign patients to top or bot-
tom quartile of sickness. Online Appendix Table A.1 Panel A presents descriptive statistics 
on demographics and risk factors for patients in the two groups. The sickest patients are 
more likely to be female and non-white and diverge dramatically on risk factors. For exam-
ple, eighty percent of the sickest patients have a history of 2 + hospital stays, while less 
than 10% of the least sick patients do.12

9  In addition, we make some minor sample restrictions. We restrict to patients who had a single 60-day 
episode, which is a unit of TM payment also widely used under MA plans. The Home health episode must 
begin within 30 days of discharging from the hospital. In practice, the vast majority commence within a 
week of discharge. Limiting to June 2015 helps avoid overlap with a performance pay program for HHAs 
imposed by CMS in 9 states starting in January 2016. The selection of the 9 states was announced in the 
CY 2015 home health prospective payment system proposed rule on July 10, 2015 available at https://​www.​
gpo.​gov/​fdsys/​pkg/​FR-​2015-​07-​10/​pdf/​2015-​16790.​pdf.
10  The top five conditions in the control group, ICD9 code, and # of patients respectively are 1) Osteoar-
throsis and allied conditions 715 990, 2) Other disorders of urethra and urinary tract 599 717, 3) General 
symptoms 780 558, 4) Disorders of muscle ligament and fascia 728 456, and 5) Symptoms involving nerv-
ous and musculoskeletal systems 781 430. Collectively these account for about 46% of the control group 
sample.
11  These include indicators for alcohol dependency, drug dependence, heavy smoking, obesity, disruptive 
behavior, memory loss, impaired decision making, intractable pain, urinary incontinence, and indicators 
for pre-home health care history of 2 + falls, 2 + hospital stays, recent decline in mental capacity, and take 
5 + medications.
12  We use data from calendar year 2012 and limit to the three targeted conditions to arrive at the sample 
in this table, about 860 patients. We then assign patients to quartiles using the severity score. Those with 
scores 0 or 1 are in the bottom quartile, while those with scores of 4 or more are in the top quartile.

https://www.gpo.gov/fdsys/pkg/FR-2015-07-10/pdf/2015-16790.pdf
https://www.gpo.gov/fdsys/pkg/FR-2015-07-10/pdf/2015-16790.pdf
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Online Appendix Table A.2 helps assess the representativeness of the proprietary sam-
ple. It presents data comparing inpatient stays and PAC use over 2009–2011 on the universe 
of hospitals (Col. 1), the 16 states where the firm operates (Col. 2), and for the approxi-
mately 300 hospitals appearing in the proprietary data (Col. 3). Hospitals dealing with the 
HHA were more likely to use PAC and home health care at baseline but had similar 30-day 
unadjusted readmission rates. Online Appendix Table A.2 Panel B presents descriptive sta-
tistics on demographics for home health care patients. The patient demographics at hospi-
tals represented in the sample are very similar to the national averages, which is reassuring. 
Comparing these means to the corresponding demographics of patients in the proprietary 
sample in  Table 2 panel C column 1, we find that patients at the firm have similar age and 
gender mix as in the population but are more likely to be non-white.

Outcome variables

Episode cost and other measures

Table  2 panel B presents descriptive statistics on resources deployed by the firm. Our 
preferred measure is an index of aggregate spending for each home health episode using 
detailed cost accounting data from the firm. The average episode costs the firm about 
$1270 and costs are similar across targeted and non-targeted patients. It is composed of 
two segments. The first segment, called visit cost, reflects the specialty mix of caregivers 
and materials used and accounts for about 60% of total cost. For example, for two other-
wise identical episodes if one received care entirely by nurses while the other received 
care by a mix of nurses and aides, then the former will have greater visit cost. The second 
segment is personnel cost, i.e., salary and overheads of the specific individual making the 
visit, and accounts for about 40% of total cost. This segment enables differentiation in cost 
between two caregivers of the same specialty. For example, a more experienced and quali-
fied nurse will have greater personnel cost than a less experienced one. Finally, total cost 
also includes incidental expenses such as travel reimbursements, but these account for only 
3% of total cost.

Total episode cost is our preferred measure since it incorporates multiple margins of 
effort (time spent with the patient, expertise and experience of the caregiver, and materials 
used) and translates them into dollars. It captures more information than using number of 
visits or total time spent with the patient, which we also observe.13 Note that in the Medi-
care claims data we only observe total charges and number of visits.

Probability of readmission

We use readmission to a hospital within 30  days of discharge from the hospital as our 
key health outcome. In addition to being an important marker of quality, it is common 
among Medicare patients, and is the metric targeted by HRRP. The mean probability of 

13  Regression analysis confirms that the cost components discussed above (visit and personnel costs) cap-
ture additional information about episode cost beyond what is conveyed by the number of visits and total 
time spent. After conditioning on the number of visits and total time spent, a 10% increase in visit cost is 
associated with a 6% (p < 0.01) increase in total cost. The corresponding estimate for personnel cost is 7% 
(p < 0.01).



39The effect of performance pay incentives on market frictions:…

1 3

Table 2   Proprietary data descriptive statistics

This table presents summary statistics on key independent variables and outcomes from the proprietary 
sample from the home health firm. Each observation is a patient episode. Columns 1 and 2 present values 
for the targeted and non-targeted conditions respectively, while column 3 presents results for all patients 
together. Panel A presents the number of observations and key metrics related to the readmissions reduction 
program—penalty per dollar of revenue (i.e., penalty rate normalized by inpatient base revenue from the 
condition), penalty salience (the product of penalty per dollar of revenue and the hospital’s contribution to 
the office’s patient flow over Jan–June 2012), and 30-day readmission rate. It also indicates the within-office 
variation in penalty salience across patients from the same targeted condition and across conditions. Panel 
B presents mean values of our key measures of home health care inputs. Panel C presents selected patient 
characteristics. Panel D presents characteristics of the 297 hospitals in the sample. All cost variables are 
deflated to be in 2015 dollars using the CPI-U

Target conditions Non-target 
conditions

All patients

A. Descriptive statistics
Observations (episodes) 2183 6844 9027
Mean (S. D.) penalty per dollar of revenue 0.07 (0.09) 0
Mean (S. D.) penalty salience 0.02 (0.04) 0
Within-office S.D. in penalty salience:
Across conditions 0.022
Heart attack 0.023
Heart failure 0.019
Pneumonia 0.011
30-day readmission rate 0.16 0.08 0.10
B. Care inputs
Total cost index—mean 1280 1265 1269
Total cost index—S. D 846 807 817

  Visit cost 762 756 758
  Personnel cost 485 473 475

Episode length (days) 30 27 28
Mean number of visits 12.9 12.6 12.7
C. Patient characteristics (all patients)
Risk for hospitalization: history of 2 + falls 0.23 0.25 0.25
Risk for hospitalization: 2 + hospitalizations 0.46 0.31 0.34
Risk for hospitalization: recent decline in Mental 0.07 0.07 0.07
Risk for hospitalization: take 5 + medications 0.93 0.83 0.85
Age 80.7 77.6 78.4
Female 0.59 0.62 0.61
White 0.77 0.83 0.82
D. Referring hospital characteristics
Share of hospitals > 300 beds 0.44 0.53 0.51
Not for-profit 0.88 0.86 0.87
For-profit 0.10 0.11 0.11
Teaching 0.70 0.69 0.69
Have a hospital-based HHA 0.14 0.14 0.14
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readmission within 30 days for patients with targeted conditions in our sample is 16%.14 
Online Appendix Table A.1 presents baseline readmission rates for the healthiest and sick-
est patient quartiles. The sickest patients are more than twice as likely to be re-hospitalized 
within 30 days, at 20 percentage points (pp) versus 9 pp for those in the bottom quartile.

Empirical strategy

Conceptual framework

This section discusses the home health agency’s objective and why it would invest addi-
tional effort to reduce hospital readmissions in response to the penalty. Nearly 90% of agen-
cies in the US are for-profit, hence it is natural to assume the average firm maximizes total 
profit (MedPAC, 2016). This is also true of the specific firm studied in this paper. Accord-
ing to MedPAC, home health firms make relatively high operating margins on Medicare 
patients–about 11% in 2014. This estimate accounts for fixed costs, implying the marginal 
profit on a Medicare patient is higher still. Hence, agencies are incentivized to serve as 
many Medicare patients as their capacity allows them to. Hospitals are the dominant source 
of patient referrals for agencies (HHCN, 2019). However, freestanding firms must compete 
for hospital referrals. Figure 2 shows that hospital patients are discharged to 3.5 different 
home health firms on average.

Hospitals have no contractual arrangement with home health firms, nor can the latter 
pay hospitals to obtain patient referrals. However, hospitals still have substantial leverage 
over home health firms since they direct Medicare patient volume to the firms. Hospital 
discharge planners and physicians are key influencers in helping patients choose home 
health agencies. This leads to a familiar situation in health care where hospital personnel 
serve as de facto agents for patients. Hence, agencies invest in building relationships with 
hospital administrators, physicians, and particularly discharge planners. They differentiate 
themselves on dimensions like responsiveness, specializing in certain disease types, and 
offering additional services, sometimes even outside of what Medicare reimburses (Study, 
2014). Home health firms have to pitch their services to hospitals and tailor their services 
to suit the preferences of both hospitals and patients, rather than of patients alone. Since 
Medicare patients are financially lucrative, firms have a cushion to tradeoff higher cost per 
patient to increase patient volume and total profits.

In theory, home health care can help patients avoid hospital readmissions, though the 
empirical evidence is mixed (Linertova et al., 2011; Murtaugh et al., 2017; David & Kim, 
2018). A review of the trade press reveals that home health firms and their industry groups 
emphasize this potential benefit as a key point in their marketing communications (Lotven, 
2012; Mullaney, 2015). Both this background and discussions with executives at our data 
partner suggest that HRRP was a salient policy change for home health firms. Driven by 
demand from hospitals worried about the readmissions penalty and firms that strategically 
offered additional services to differentiate themselves and strengthen their market share, we 
hypothesize that the penalty incentive passed through from hospitals to home health firms 
that served their patients.

14  Following previous studies (David and Kim, 2018), we exclude patients who receive a home-health visit 
on the same day as they are re-hospitalized. This avoids situations where a provider visit uncovered an 
emergent condition requiring immediate hospital care.
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In addition to the per-episode cost of care, the home health firms also incur some fixed 
costs of business development to source referrals from hospitals and fixed costs of opera-
tions to maintain service capacity. Due to the presence of these fixed costs, hospitals con-
tributing greater patient revenue become more profitable for the firm. We hypothesize these 
relationships accordingly become more valuable for the office manager and their demands 
more salient. All else equal, the agency should be willing to invest more resources in 
patients from hospitals that contribute a greater share of patients.15

Penalty salience

This section develops a measure to empirically operationalize pass through of the penalty 
incentive from the hospital to the home health firm. Imagine that heart failure patients from 
three hospitals, A, B and C, contributing 40%, 40% and 20% of the patient volume at a 
HHA office are referred simultaneously to that office. Further, assume the three hospitals 
are penalized at 0.5%, 1% and 0.5%, respectively, on heart failure under HRRP. We hypoth-
esize that the readmission penalty is more salient for the HHA office for patients arriving 
from hospital A relative to those from C even though both are penalized at 0.5%, since A 
contributes a greater share of patients to the office. We also posit that the penalty is more 
salient for patients discharged from B relative to those from A since B has a greater penalty 
rate and hence is more likely to assert this issue in discussions with the HHA.

The above discussion pertains to patients discharged from hospitals with one of the tar-
geted conditions. Patients not subject to the penalty, i.e., those discharged with non-tar-
geted conditions or those covered by other insurers, should not receive additional care from 
the HHA since effort is costly and not reimbursed on the margin.

We develop an empirical measure of condition ( c ) specific penalty salience, Phjc for each 
HHA office j that varies across referring hospitals h . Following the discussion above, we 
construct this variable as the product of the HRRP penalty per dollar of revenue, penaltyhc 
and the share of patients at HHA office j contributed by hospital h , sharejh0.

where nhj0 is the total number of patients across all conditions referred by hospital h to 
office j during the period January–June 2012, and nj0 is the corresponding total number of 
patients across all conditions served by office j during that period. We use the total patient 
volume (including MA patients16) to be consistent with our conceptual framework that the 
importance of the hospital depends on its total contribution to the office.

(1a)Phjc = penaltyhc ∗ sharejh0

(1b)sharejh0 =
nhj0

nj0

15  There are alternative ways to motivate this relationship. For example, hospital leverage may increase not in 
the hospital’s existing contribution to patient volume, instead in its unrealized potential for contributing to the 
HHA. For example, imagine a leading academic medical center (AMC) that refers many patients to HHA care, 
but only a very small fraction to a new HHA entrant in the market. The new entrant would plausibly be willing 
to offer some additional service features to patients from the AMC to steal some of this potential business. Our 
data limits us from accurately observing unrealized potential, and hence we cannot operationalize this approach.
16  MA patients contribute about a quarter of total patients for the firm, but they are distributed unevenly 
across offices. This is a result of variation in the penetration of MA across different markets. Over the 
period January–June 2012, the inter-quartile range of MA share across offices of the firm was about 18 per-
centage points. Ignoring MA patients would therefore introduce non-random measurement error in comput-
ing hospitals’ patient share of each office.
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We hold penalty salience constant over time even though both penalty rate and hospital 
shares change annually. However, all such updates are potentially contingent on the initial 
penalty and hence are endogenous to the penalty. The mean (unconditional) penalty sali-
ence across targeted patients is 0.02 with a standard deviation of 0.04. Consistent with the 
discussion above, we set penaltyhc = 0 for all patients with non-targeted conditions.

Research design

We develop a difference-in-difference research design that exploits the natural experiment 
created by HRRP’s readmission penalty and is feasible given our data. The first difference 
is taken across hospitals at different levels of penalty salience. This is a pre-determined, 
policy driven variation in the penalty perceived by the same office for patients discharged 
from different hospitals. A key limitation is that we do not have data from the period prior 
to the HRRP penalty. Hence, we cannot implement a traditional research design with 
pre/post variation providing the second difference. We overcome this limitation by using 
patients in non-targeted conditions as a within-hospital comparison group. Hence, the sec-
ond difference is between patients discharged from the same hospital with targeted and 
non-targeted conditions. This approach therefore allows home health effort and readmis-
sions to differ between patients from the same hospital belonging to the treated and com-
parison cohorts, but tests if these differences are correlated with penalty salience.

The key identifying assumption that enables interpreting the DD coefficient as causal is 
that in absence of the penalty, differences in outcomes between targeted and non-targeted 
patients would be similar across hospitals at different levels of penalty salience. This is 
equivalent to the common trends assumption in a conventional difference-in-difference 
design which would have assumed that treated patients from hospitals at different levels of 
penalty salience would have progressed on parallel trends in absence of the penalty.

We assess the validity of our identifying assumption through three different falsification 
exercises under which we would expect null effects. These are, respectively, shutting down 
variation in penalty salience across hospitals for an office and simply using a mean market-
level penalty rate, replicating the analysis with MA patients who are not subject to HRRP, 
and a randomization test where we estimate the model 1000 times assigning a random sub-
set of patients as a placebo treatment group in each iteration. This exercise generates an 
empirical distribution of placebo effects on effort against which we can compare the esti-
mate from the main model. Reassuringly, in all three cases, we find small and statistically 
insignificant effects relative to the coefficients from the main analysis.

A caveat with the proposed research design is that spillover effects to non-targeted 
patients will bias the estimated effects away from the true effect of the penalty. Spillover 
effects could be positive if the home health firm adopts new protocols uniformly across 
patients or hires better quality nurses for all patients. On the other hand, if the firm has 
capacity constraints, greater resources on targeted patients may come at the expense of 
non-targeted patients. Hence, it is difficult to predict the direction of the bias.

Prior studies on HRRP have found evidence of net positive spillovers for non-targeted 
patients (Chen and Grabowski, 2019; Soltani et  al., 2021; Gupta, 2021), i.e., patients in 
non-targeted conditions or those covered by other insurers also experienced a net reduc-
tion in readmissions. If this is also the case in our setting, then our estimates will be biased 
downward and understate the true effect. Spillover effects have been found to be larger for 
patients in conditions related to those targeted by the program. To mitigate the potential 
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for spillover effects in our analysis, we exclude patients discharged from the hospital with 
a cardiovascular or respiratory condition— those with a principal ICD 9 diagnosis code 
within the 390xx–519xx range.

Estimating equation

We conduct our analyses at the patient episode level. For each patient episode i receiving 
treatment at HHA office j and discharged from hospital h with condition c , we model out-
come Yi as below:

We include office ( �j) and hospital ( �h ) fixed effects.17 The former eliminate stable 
unobserved differences in personnel and managerial quality across offices. The latter elimi-
nate time invariant differences in quality across hospitals and ensure we compare treated 
and control patients discharged from the same hospital. We include indicators for each tar-
geted condition, �dc to allow for stable differences in outcomes relative to non-targeted con-
ditions. Phjc is the penalty salience for patients discharged with condition c from hospital 
h to HHA office j . It is set to zero for patients with non-targeted conditions and calculated 
separately for each of the three penalized conditions.18

The coefficients of interest in this model are �c , estimates of the differential effect of 
being discharged with targeted condition c relative to non-targeted conditions from a hos-
pital with penalty salience equal to one, relative to the same difference at a hospital with 
zero penalty salience, all within the same office. Table 2 Panel A shows that the variation 
in penalty salience is split nearly equally into the within-office and between-office compo-
nents. Hence, there is substantial variation in penalty salience across hospitals served by 
the same office.

We control for observable differences across patients by including a vector of co-mor-
bidity indicators Xi . Table 2 Panel C presents descriptive statistics on these variables. �ijht is 
an idiosyncratic error term capturing unobserved disturbances that may affect the outcome. 
We cluster standard errors by hospital and office to account for potential correlation in out-
comes for patients discharged from the same hospital or served by the same office.

Results

Descriptive evidence

We first visually explore if unadjusted patterns of episode cost and patient readmissions 
suggest a differential response for patients from penalized hospitals. Figure  3 presents 
time series trends of mean episode cost (Panel a) and readmission rates (Panel b) using 

(2)
Yi = �j + �h + �t + �dc +

∑

dc = AMI,

HF,Pneum

�cPhjc1
�

dc = 1
�

+ �1Xi + �ijht

17  We would like to thank an anonymous referee for the suggestion to include hospital fixed effects in our 
estimating equation.
18  Note that if Phjc is included by itself in the equation it will drop out since it is set to zero for all non-
targeted patients.
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data from the proprietary data sample. We plot the mean values separately for patients dis-
charged from hospitals with non-zero penalty salience (‘treated’) versus those from hos-
pitals with zero penalty salience (‘comparison’). The first group includes approximately 
1100 patients discharged with targeted conditions, while the latter group includes all 
patients with non-targeted conditions and about half the patients with a targeted condi-
tion discharged from hospitals for which we calculated a zero-penalty rate (approx. 7900 
patients). In each plot, the mean values are presented over the calendar years 2012–2015, 
with the first and last data points representing six-month averages. For expositional clarity, 
we normalize the raw values for both groups by their respective means in 2012, but do not 
adjust the data otherwise. Note that we do not have data from what we would consider as 
the pre-HRRP period (prior to August 2011).

Figure 3a shows that episode costs increased in 2013 for patients from hospitals fac-
ing a non-zero penalty salience and declined steadily later. In contrast, episode costs for 
patients from zero penalty salience hospitals do not meaningfully increase in 2013 but do 
exhibit the same declining trend. The declining trend over 2014 and 2015 is common to 
both groups and may also reflect a structural shift in how the firm computes these cost 
estimates. At the end of the period, the cost for the treated group is similar to what it was in 
2012, while for the comparison group, it is about 10% lower. Panel b presents mean values 
of thirty-day readmission rates for patients in the two groups. There is a clear decline for 
the treated group in 2014, which persists in 2015 (about 10% lower relative to 2012), while 
the trend is flat for the comparison group.

This evidence suggests differential movements in episode cost and patient outcomes 
for patients from hospitals likely to be penalized and contributing greater volume to the 
HHA. These patterns are unadjusted and may therefore partly reflect differences in patient 
or office composition over time. Hence these are only suggestive, and in the next section 
we present results obtained by estimating Eq.  (2) discussed above.

Resource intensity

Table 3 columns 1–6 presents results on Home Health resource intensity, obtained by esti-
mating Eq.  (2). For each measure of resource intensity, we present two sets of results–col-
umns 1, 3, and 5 pertain to effects for the entire episode, while columns 2, 4, and 6 present 
effects only after the first week of the episode. We use outcomes at one-week duration 
to test if the firm responded by increasing effort disproportionately at the beginning, i.e., 
a frontloaded response. Each column presents two sets of condition specific coefficients. 
The average effect of being discharged with a targeted condition relative to a non-targeted 
condition regardless of penalty salience is presented in rows 1, 3, and 5. The coefficient of 
interest is that on the interaction of the condition dummy and penalty salience (rows 2, 4, 
and 6).

We begin by exploring effects on episode cost (columns 1 and 2). The coefficients 
suggest differentially greater episode cost for heart failure patients from hospitals 
with greater penalty salience. The implied effect for heart failure patients discharged 
from a hospital with 1  s. d. greater penalty salience is 4.7% greater episode spending 
( e0.78 − 1 = 1.18 × 0.04 = 0.047 ). Since the mean episode cost for targeted patients was 
about $1,280, the implied amount is $60. Since this is not a conventional DD design, a 
brief interpretation of this coefficient is warranted. The estimate implies that, within an 
office, the difference in episode cost between heart failure and non-targeted condition 
patients from the same hospital is $60 greater for hospitals with 1  s. d. greater penalty 
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salience. The remaining DD estimates from our main model can be interpreted in a similar 
fashion.

When we limit our attention to the first week, we find statistically significant greater 
cost for heart attack patients, while the coefficient for heart failure patients is also posi-
tive but marginally significant. Accordingly, we focus more on the effect for heart attack 
patients. An increase of 1  s. d. in penalty salience is associated with a statistically sig-
nificant 6.9% greater cost of care in the first week of the episode for heart attack patients 
( e1 − 1 = 1.71 × 0.04 = 0.069 ). This implies $28 greater cost in the context of our sample 
(6.9% of approximately $400).

When interpreting the magnitude of these implied effects, it is useful to consider the 
range of costs observed in the baseline period between the sickest and least sick patient 
groups (about $150, see Online Appendix Table A.1). If we regard this as an empirical 
benchmark of the extent by which the firm can increase episode resource intensity, then 
a 1  s. d. greater penalty salience is associated with a 40% (60/150) greater episode cost 
for heart failure patients, and the first week costs for heart attack patients are differen-
tially greater by more than the range of cost observed in the baseline period ($12). Taken 
together, the firm appears to use more resources in an economically meaningfully way for 
heart disease patients from hospitals with greater penalty salience.

Fig. 3   Time series of key 
outcomes by penalty salience. 
Note This figure presents time 
series trends on the key outcome 
variables in the proprietary home 
health care data–mean episode 
cost Panel a, and the probability 
of readmission in 30 days Panel 
b, against calendar year on the 
X-axis. Both panels plot the time 
series separately for patients 
from hospitals with zero penalty 
salience (dashed), and non-zero 
penalty salience (solid). Since 
the levels of the two groups of 
hospitals are quite different, we 
normalize the values against their 
respective levels in 2012. Note 
that episode costs are deflated 
to be in 2015 dollars. The zero-
penalty salience group includes 
patients from targeted conditions 
that were discharged from a hos-
pital assessed zero penalty.

(a) Mean episode cost

(b) Probability of readmission in 30 days 
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Online Appendix Table A.3 presents the results of estimating Eq.   (2) on individual 
cost segments–visit and personnel costs (in logs). The results indicate that the differen-
tially greater cost for heart failure patients is driven by both greater visit and personnel 
cost categories. A 1 s. d. greater penalty salience is associated with a 4% greater visit cost 
( e0.7 − 1 = 1.03 × 0.04 = 0.04 ), or about $30 (4% of 760) and a similar amount in addi-
tional personnel cost. Hence, there is a greater relative increase in personnel cost, since this 
category accounts for only 40% of total episode cost, but about half of the increase. The 
estimated effects on first week costs for heart attack patients indicate a similar pattern–per-
sonnel costs account for 55% of the total effect. The increase in personnel costs implies that 
the firm is deploying more experienced caregivers for the targeted patients from hospitals 
with greater penalty salience.

Greater visit cost could be driven by two channels–spending more time with the patient 
or deploying more specialized workers (e.g., registered nurses or physical therapists rather 
than semi-skilled aides). We directly observe the time spent with patients and study the 
effect on this dimension. Table 3 columns 3–4 and 5–6 present results on the total time 
spent and the number of visits, respectively. The point estimates imply an increase in the 
amount of time spent with both heart attack and heart failure patients. For example, the 
coefficients imply the firm spends about 20 min more (3% of the mean) for heart failure 
patient episodes from a hospital with 1 s. d. greater penalty salience. The coefficients imply 
that the increase in time spent with the patient is comparable to the estimated increase in 
total episode cost (e.g., we find a 7% increase in both the time spent and the episode cost in 
the first week for heart attack patients). Hence, we interpret these results as suggesting that 
greater visit cost is largely driven by spending more time with the patient.

Note that standard claims data would allow us to observe only the number of visits. 
Even for this outcome, the 20% Medicare sample would likely produce downward biased 
estimates due to measurement error. First, sampling error would lead to noise in the hospi-
tal’s share of HHA volume. Second, without the corresponding MA claims for each hos-
pital, we cannot compute the hospital’s true share of the HHA’s Medicare patient volume 
accurately.

We note here that we do not find an increase in costs across all targeted conditions–the 
estimated effects for pneumonia patients are typically statistically insignificant. This may 
be due to sampling error, but the coefficients are consistently negative across the different 
components of cost, suggesting a decline in resource intensity.

Readmissions

Table  3 columns 7 and 8 present the estimated effects on the probability of 30-day and 
7-day readmissions, respectively. The estimates indicate differentially lower readmission 
probability in the first week for heart failure patients and–surprisingly–no decline over the 
30-day period. The estimated effects imply that heart failure patients from a hospital with 
a 1 s. d. greater penalty salience experience a 1 percentage point lower probability of read-
mission (0.26*0.04 = 0.01) in the first week. This effect is about 20% of the mean readmis-
sion rate in the first week and is about half the difference in readmissions between the sick-
est and least sick patient groups. Alternatively, a heart failure patient from a hospital with 
mean penalty salience experienced a 0.5 percentage point lower probability of readmission 
(0.26*0.02 = 0.0052). This is well within the range of estimates from previous studies of 
the decrease in readmissions due to HRRP (Desai et  al., 2016; Gupta, 2021). However, 
these gains don’t persist to the 30-day point.
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The estimated effects on patient readmissions are puzzling given that the firm invests 
greater resources for targeted patients without delivering consistent improvement in read-
missions. It may signal lack of effectiveness of home health care in addressing hospital 
readmissions, or heterogeneity in patient outcomes that is masked by small average effects. 
Accordingly, in the next section we test for heterogeneous effects.

Heterogeneity

We hypothesize that since incremental costs borne for these patients come at the cost of 
the firm’s episode level surplus, it will selectively target patients for additional care. Since 
the objective behind the incremental effort is to help reduce penalty risk for hospitals, the 
firm should prioritize more resources for patients at greater readmission risk. We test this 
hypothesis by exploiting variation in observed risk across patients as an additional dimen-
sion that may determine the firm’s response.

The patient severity score (described in “Data sources” section ) is an excellent predic-
tor of readmission risk–the sickest patient quartile have more than twice the 30-day prob-
ability of readmission as do patients in the bottom quartile (see Online Appendix Table 
A.1). Accordingly, we construct an indicator that takes value one if the patient has a sever-
ity score greater than the sample median (i.e. ds = 1[si ≥ s50]). We construct the indicator 
by comparing targeted and non-targeted patients to their group-specific median values. We 
then estimate the model in Eq.  (3) below.

This model has three sets of coefficients of interest. �1c is equivalent to the main 
interaction coefficient from Eq.   (2) and estimates the differential effect for patients dis-
charged with targeted condition c from hospitals with penalty salience Phjc = 1 . However, 
this coefficient now estimates the main effect for patients in the bottom half of sickness 
severity (henceforth, healthier patients). �2c estimates the average effect for sicker patients 
discharged with targeted condition c from hospitals with zero penalty salience. This coef-
ficient soaks up any differential responses for sicker patients even from non-penalized hos-
pitals. Finally, �c is the coefficient of interest in this model and it isolates the differential 
response for sicker patients from high penalty salience hospitals, in addition to the effect 
�1c discussed above.19 As in the base specification, we continue to control for observable 
differences across patients ( Xi , which now includes the indicator ds ). When interpreting the 
coefficients, note that the reference group is now healthier non-targeted patients.

(3)

Yi = �j + �h + �t + �dc +
∑

dc=AMI,

HF, Pneum

�1c Phjc 1
(

dc = 1
)

+

∑

dc=AMI,

HF, Pneum

�2c 1
(

dc = 1
)

1
(

ds = 1
)

+

∑

dc=AMI,

HF, Pneum

�c Phjc 1
(

dc = 1
)

1
(

ds = 1
)

+ �1Xi + �ijh

19  The term 
∑

dc = AMI,

HF,Pneum

�
3cPhjc1

�

dsi = 1
�

 i.e. the interaction of hospital penalty salience and patient being 

in the sicker half of the sample soaks up the differential response for sicker patients from hospitals of 
greater penalty salience, regardless of whether they were targeted or not. However, since we define Phjc = 0 
for patients from non-targeted conditions, this term is collinear with the main coefficient, �c and drops out.
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We estimate Eq.  (3) with our main outcomes–total cost and probability of readmission 
and present the results in Table 4. Since the main results suggest greater effort and lower 
readmissions in the first week, we also present evidence on these outcomes after one week 
of care. For brevity of presentation, we omit the condition specific coefficients �dc . The 
coefficients estimating the effect for sicker targeted patients from non-penalized hospitals 
( �2c ) were generally small and statistically insignificant across both outcomes–suggesting 
little differential effort for sicker targeted patients, if discharged from a hospital with zero 
penalty salience. These are also not reported. The table presents the main interaction coef-
ficients ( �1c ) and differential response for sicker patients ( �c).

The results on total cost clarify that the firm provided greater resources to sicker heart 
failure patients, particularly in the first week of care. Column 2 indicates that while first 
week cost may have been lower for healthier heart failure patients, cost for sicker heart 
failure patients from a hospital with 1  s. d. greater penalty salience is about 5% greater 
( e0.97−0.16 − 1 = 1.25 × 0.04 = 0.05 ). Table  4 columns 3 and 4 present corresponding 
results on patient readmissions in 30-days and 7-days, respectively. Column 4 shows that 
the decrease in first week readmissions for heart failure patients is largely due to patients 
sicker than the median.

The heterogeneity analysis results on episode cost and readmissions helps resolve some, 
but not all the puzzles raised by the average effects discussed in the previous section. For 
example, among heart failure patients sicker patients appear to have received differentially 
greater treatment intensity. They also experience fewer readmissions at the 7-day mark. 
However, these gains do not persist to 30 days. Taken together, the evidence suggests that 
greater home health care intensity is successful in delaying readmissions but did not mean-
ingfully avoid hospital care.

Threats to identification and robustness checks

Changes in hospital referral behavior due to HRRP

Since patients must receive home health care to enter the proprietary data sample, a natu-
ral concern is whether hospitals’ response to HRRP includes changes in the patient mix 
referred to home health care. If penalized hospitals responded by differentially sending 
more patients to home health, and if the marginal patients were more costly to serve, then 
we would spuriously find higher spending for these patients. The opposite response is also 
possible, that is, the marginal patient discharged to home health may be healthier than 
before, in which case we would be biased against finding an increase in spend. It is there-
fore difficult to sign the bias and assess its importance without additional analysis.

To formally study changes in extensive margin use of post-acute care, we used the 
Medicare claims data to estimate linear probability differences-in-differences models pre-
sented in Eq.  (4) below. The models were estimated independently for each targeted condi-
tion, and hence the subscript c is omitted. The dependent variable is an indicator for use 
of any PAC or specific sub-type within 7 days of discharge from the index hospital stay. 
The coefficient of interest is � which quantifies the mean change in use of PAC for a hos-
pital with penalty rate, penaltyh = 1 over the period 2012–2015 relative to the pre-HRRP 
period. Note that we hold hospital penalty rate constant as of 2012 to circumvent reverse 
causality concerns.

(4)1(PAC)i = �h + �t + �penaltyh1
(

Tt = 1
)

+ �1Xi + �iht
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Online Appendix Table A.4 presents corresponding estimates for each of the targeted 
conditions. Barring a couple of coefficients, none are statistically significant. More impor-
tantly, the implied magnitudes are very small. For example, a 1 s. d. increase in penalty rate 
is associated with a decrease of 0.001 (0.06 x − 0.02) in the probability of a heart failure 
patient being sent to home health care. This is negligible relative to the mean usage rate of 
home health care in the sample (0.17). The other coefficients are of comparable magnitude. 
We also estimated a flexible, non-parametric specification where we used an indicator dh 
for hospitals in the top tertile by penaltyh . This is presented in Eq.  (5) below. This model 
also tests for differential pre-trends in the use of PAC across hospitals. For brevity, this 
exercise focuses on the two largest categories of PAC–home health and skilled nursing.

Online Appendix Figure A.1 plots the coefficients for any PAC (Panel a), home health 
(Panel b), and skilled nursing (Panel c), respectively. There is no distinct pattern before or 
after the implementation of the penalty for any of the conditions or any type of PAC. Taken 

(5)1(PAC)i = �h + �t +
∑

s≠2008

�sdh1
�

tt = s
�

+ �iht

Table 4   Heterogeneity by patient severity

This table presents regression results of the effects on episode cost (Columns 1 and 2) and probability of 
readmission (Columns 3 and 4) using Eq.  (3) which exploits variation in observed patient sickness in addi-
tion to penalty salience, Phjc . We construct an indicator ds = 1(sick)i for the patient being above the median 
severity score, based on history of co-morbidities, risky behaviors, and utilization history. For brevity, not 
all coefficients are presented, but are available on request. To interpret the coefficients, note that mean (s. 
d.) of penalty salience was 0.02 (0.04) across targeted conditions. For each outcome, we also present results 
at the end of the first week of episode. About 8% of episodes end within the first week. Standard errors are 
presented in parentheses and are clustered by hospital and HHA office. The sample size for all regressions 
is 8,968.
*  10% significance
***  1% significance

 (1)  (2)  (3)  (4)
Ln total cost ($) Probability of readmission

Episode First week 30-days First week

1 (sick)i 0.083*** 0.001 0.046*** 0.017***
 (0.022)  (0.016)  (0.008)  (0.005)

1 (Heart att.)i × Phjc  − 0.068 1.077*** 0.310*** 0.025
 (0.284)  (0.165)  (0.112)  (0.052)

1 (Heart att.)i ×  Phjc × 1 (sick)i  − 0.033  − 0.220  − 0.585  − 0.114
 (0.585)  (0.401)  (0.420)  (0.181)

1 (Heart fail.)i ×  Phjc 0.664*  − 0.156 0.138  − 0.100
 (0.390)  (0.373)  (0.250)  (0.123)

1 (Heart fail.)i ×  Phjc × 1 (sick)i 0.303 0.973*** 0.067  − 0.253*
 (0.574)  (0.343)  (0.212)  (0.130)

1 (Pneumonia)i ×  Phjc  − 0.431  − 0.052  − 0.152 0.599
 (1.512)  (1.408)  (0.495)  (0.407)

1 (Pneumonia)i ×  Phjc × 1 (sick)i  − 1.015  − 0.350  − 0.278  − 0.560
 (3.052)  (2.627)  (1.184)  (0.715)

Mean dep. var 1280 407 0.16 0.05
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together, these results imply no change in the use of PAC for the average patient with one 
of the targeted conditions.

Another concern is that while there is no change in the fraction of patients sent to PAC, 
the risk profile of patients in PAC may have changed. Online Appendix Table A.5 presents 
results from triple difference models testing for heterogeneous effects based on patient 
sickness severity.20 Columns 1, 3, and 5 reproduce the results discussed above for compari-
son. Columns 2, 4, and 6 present the triple difference coefficient for each of the targeted 
conditions. These are also small and statistically insignificant. This helps alleviate the con-
cern that hospitals may be sending sicker or healthier patients to home health care post-
HRRP. These findings are consistent with those of previous studies on HRRP which have 
not found evidence of changes in PAC use by hospitals (Gupta, 2021; Kim et  al., 2019; 
Ziedan, 2019).

Falsification tests

Eliminating variation in  penalty across  hospitals  We interpret differentially greater 
episode cost for targeted patients as evidence of greater effort by the home health firm 
in response to HRRP. The identification assumption is that if the penalty were not imple-
mented, there would be no systematic variation in the difference in outcomes between tar-
geted and non-targeted patients from hospitals at different levels of penalty salience. We 
assess the plausibility of this assumption through a falsification test where we shut down 
variation in penalty salience across hospitals and assign to targeted patients the average 
penalty rate across all hospitals sending patients to the same office. Non-targeted patients 
continue to be assigned zero penalty salience. We then re-estimate our main models. Since 
penalty salience now only varies across markets, the key coefficient now captures whether 
offices in higher penalty markets spend more on targeted condition patients relative to those 
in lower penalty markets. If our results largely reflect the firm’s response to local market 
sentiment regarding the penalty, then we should continue to find meaningful effects even 
with this aggregate penalty measure. Table 5 Panel A presents the corresponding results. 
Reassuringly, the estimates are small relative to the main coefficients and statistically insig-
nificant across all three conditions. For example, the DD coefficient on episode cost for heart 
failure patients is 0.32 (about two-fifth the size of the main estimate) and is statistically 
insignificant. This exercise confirms that our results are not driven by a generic response to 
the introduction of the penalty.21

Medicare advantage patients only  CMS does not calculate or consider readmissions for 
MA patients to compute a hospital’s penalty under HRRP. MA patients provide a suitable 
control group since they are of similar age as fee-for-service patients. Under our conceptual 
framework, the hospital has no incentive to insist on differentially greater resource use for 
these patients, and the HHA obviously has no reason to do so on its own. Since there are 

20  We used history of hospital use to identify sicker patients. Specifically, we generated an indicator for 
patients with a hospital stay in the 6 months prior to the index hospital stay. This strongly predicts readmis-
sion (p < 0.01) and is not susceptible to up-coding at the hospital.
21  All coefficients on episode cost and readmissions in Table 5 Panel A are statistically insignificant and 
small relative to the main estimates, except one. We find a large, positive coefficient on the probability 
of 30-day readmissions for heart failure patients. This could reflect sampling error or simply capture a 
mechanical pattern of greater readmission rates in markets with higher penalty rates.



52	 A. Gupta et al.

1 3

only 23 heart attack patients in the Medicare Advantage sample, we exclude heart attack 
from this analysis.

Table 5 Panel B presents the corresponding results when we replicate our main analysis 
on the sample of MA patients. Columns 1 and 2 present estimated effects on episode and 
first week costs, respectively. The coefficients imply that heart failure patients from high 
penalty salience hospitals receive either the same or differentially lower resource intensity. 
A slight decrease in resources for MA patients with targeted conditions could be due to 
the multitasking effect alluded to in Section II.A. This pattern is also found in the case of 
pneumonia patients, where we estimate a marginally significant reduction in episode cost 
in the first week.

Table 5 Panel B columns 3 and 4 present the corresponding results on the probability 
of readmission in 30 days and the first week, respectively. The coefficients do not display a 
consistent pattern across conditions or even within a condition. In the case of pneumonia, 
we find a positive and marginally significant coefficient on readmissions in the first week, 
which is plausible given the estimated reduction in resource intensity discussed above. But 
this pattern doesn’t hold at 30 days for pneumonia or for heart failure patients.

Placebo treatment effects  Our research design exploits the fact that HRRP incentivized 
improvement in readmissions only for patients in select conditions. However, one may worry 
that our results are capturing spurious effects. We assess this concern by generating an 
empirical distribution of treatment effects by randomly assigning a subset of the sample as 
heart failure patients and re-estimating our main specification 1,000 times. We then compare 
the observed effect on heart failure patients against this distribution.22 Figure 4 presents the 
CDF of the estimated effects and indicates the true coefficient by a red line. The true coef-
ficient is larger in magnitude than about 94% of the placebo coefficients. Hence, we interpret 
the main results as capturing a systematic effect on episode cost for heart failure patients.

Alternative characterization of penalty salience

We took a reduced form approach when we constructed our penalty salience measure and 
assumed that it increases in proportion to a hospital’s share of the firm’s patient volume. 
While this is intuitive, there are alternative ways to motivate this mechanism. For example, 
one may argue that hospitals will not bring up increased service standards with all their 
HHA partners. If enforcing these standards requires greater monitoring effort by the hospi-
tal, then it is costly for the hospital to do so. It follows that hospitals will prioritize moni-
toring for HHAs that account for a larger share of their patient discharges.

We replicate our main results using a modified measure of penalty salience to opera-
tionalize this interpretation. This measure, denoted P̃hjc , also incorporates the firm’s share 
of the hospital’s patients sent to home health care in the baseline period, s̃hj0 , as shown 
below.23

22  We exclude heart attack and pneumonia patients from the sample for this exercise to focus attention on 
heart failure where find a substantial increase in episode cost, as shown in Table 3. We retain heart failure 
patients in the sample in the spirit of a randomization test. So, in each iteration, some heart failure patients 
may also be assigned as placebo treated units.
23  We obtained the total number of home health care episodes initiated by hospitals following the targeted 
conditions in 2012 using a 100% sample of home health claims data.
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(3a)P̃hjc = penaltyhc ∗ sharejh0 ∗ s̃hj0

(3b)s̃hj0 =
nhj0

nh0

Table 5   Robustness and Falsification

This table presents results using falsification tests (Panels A and B) and a robustness check (Panel C), 
respectively, as described in Section V.E. The two outcomes presented are episode cost (Columns 1 and 2) 
and probability of readmission (Columns 3 and 4). For each outcome variable we present effects on effort 
over the entire episode and in the first week. About 8% of episodes end within the first week. For brevity, 
throughout we present only the coefficients ( �c ) on the interaction of penalty salience and indicators for 
targeted conditions in Eq.  (2). Panel A shuts down variation in penalty rate and patient shares across hos-
pitals and uses the mean penalty rate across local hospitals for all target patients at an office. Panel B uses 
Medicare Advantage patients and hence has a different sample and means. There are very few heart attack 
patients in the MA sample hence we exclude them. Panel C tests robustness to using an alternate measure 
of penalty salience. Standard errors are presented in parentheses and are clustered two-way by hospital and 
HHA office.
*  10% significance
***  1% significance

 (1)  (2)  (3)  (4)
Ln total cost ($) Probability of readmission

Overall First week 30 days First week

Panel A: market-level penalty
1 (Heart attack)i ×  Phjc 0.552 0.527  − 0.013 0.154

 (0.630)  (0.560)  (0.279)  (0.196)
1 (Heart failure)i ×  Phjc 0.322 0.131 0.323*** 0.057

 (0.208)  (0.182)  (0.119)  (0.082)
1 (Pneumonia)i ×  Phjc 0.234  − 0.178 0.041 0.081

 (0.376)  (0.306)  (0.197)  (0.164)
Mean dep. var 1280 407 0.16 0.05
Panel B: MA sample
1 (Heart Failure)i ×  Phjc  − 0.971  − 0.310  − 0.257 0.156

 (1.058)  (0.589)  (0.321)  (0.270)
1 (Pneumonia)i ×  Phjc 1.410  − 3.310*** 1.561 1.507*

 (2.456)  (1.196)  (1.384)  (0.779)
Mean dep. var 1232 390 0.16 0.07
Panel C: alternate measure of salience
1 (Heart attack)i ×  Phjc  − 0.215 0.940*** 0.050  − 0.020

 (0.277)  (0.179)  (0.136)  (0.083)
1 (Heart failure)i ×  Phjc 0.798*** 0.399 0.089  − 0.274***

 (0.199)  (0.253)  (0.130)  (0.065)
1 (Pneumonia)i ×  Phjc  − 1.314  − 0.749  − 0.659 0.216

 (1.368)  (1.151)  (0.402)  (0.415)
Mean dep. var 1280 407 0.16 0.05
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In the baseline period, the patient weighted mean value of s̃hj0 across office-hospital pairs 
was 0.41 , with a standard deviation of 0.39.24 However the firm’s share of hospital patients 
is positively correlated with the hospital’s share of the firm’s volume ( sharejh0 ), hence 
this alternative measure of penalty salience is only slightly smaller in magnitude than the 
main measure on average (mean of 0.017 vs. 0.02). Using this alternate measure as the key 
source of cross-hospital variation, we replicate our main results on episode cost and prob-
ability of readmission. Table 5 panel C presents the corresponding interaction coefficients. 
Reassuringly, these results have similar patterns–across conditions, outcomes, and time 
horizon, i.e., whether we consider the entire episode or first week only. The coefficients are 
also similar in size and imply similar magnitude effects as the main results. For example, 
the estimates imply a differentially greater cost of 4.9% ( e0.8 − 1 = 1.22 ∗ 0.04 = 0.049 ) 
for heart failure patients from a hospital with 1 s. d. greater penalty salience.

Discussion and conclusions

Performance pay has become a pervasive feature of provider contracts in US healthcare, 
although there remains considerable debate over design. Using patient health outcomes to 
anchor performance pay contracts exposes providers to greater risk but may also be more 
efficient if providers respond by deploying effective and low-cost solutions. To design 

Fig. 4   Empirical distribution of placebo effects on episode cost. Note This figure presents the empirical dis-
tribution of placebo effects on log episode cost obtained by implementing a randomization test. Our main 
result finds an increase in episode cost for heart failure patients with a coefficient of about 0.8. We obtain a 
distribution of placebo effects and plot them relative to the observed effect on heart failure (indicated by the 
red line). Accordingly, we excluded heart attack and pneumonia patients from the sample but retained heart 
failure patients. We then estimated the model 1000 times. In each iteration we randomly assigned a subset 
of patients as placebo heart failure patients, keeping the same proportion as the actual number of heart 
failure patients. The figure plots the CDF of the estimates obtained. It indicates that the true effect is larger 
than about 94% of the placebo estimates.

24  This is calculated as the average of s̃hj0 across all hospital-office pairs, weighted by the number of 
patients of this dyad served by the firm in the baseline period.
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policies optimally, policymakers need to factor in potential provider response to incen-
tives. But there is little empirical evidence from the health care sector to guide policymak-
ers. This paper begins to fill these gaps by examining whether a performance pay penalty 
imposed on hospitals passed through to post-acute care providers and resulted in greater 
use of resources outside the hospital.

We do so in the context of one of the largest performance-pay programs in US health 
care, the Hospital Readmissions Reduction Program (HRRP). Previous studies of this pro-
gram have documented improvements in 30-day readmissions, however there is debate 
over the causal channels. Leveraging novel operational and claims data from a large home 
health care firm operating in 16 states, we find that the firm provided more inputs for 
patients targeted by HRRP, discharged from hospitals at greater penalty risk and which 
account for a greater share of the firm’s patient volume. The data also permits us to identify 
three mechanisms used by the firm–frontloading care in the first week of the episode, using 
more experienced caregivers and spending more time with the patient, and targeting sicker 
patients.

The data is novel and allows us to observe changes in effort that would remain unob-
served in traditional claims data. The results are also encouraging from a policy perspec-
tive. However, the use of data from one provider does limit the generalizability of the 
conclusions.

We find effects on episode cost for heart disease patients, but not for pneumonia 
patients. Within heart disease, our results at the 30-day mark are stronger for heart failure 
patients. However, prior studies on HRRP have found greater effects on readmissions for 
heart attack and pneumonia patients relative to heart failure. (Desai et  al., 2016; Mellor 
et al., 2017; Ziedan, 2019). Our results may differ because our sample is limited to home 
health care patients (about 16% of hospital stays for the targeted conditions). These epi-
sodes represent more complex patients and effects for this group may differ from popula-
tion level effects documented in prior studies. Further, it is plausible that the low-inten-
sity, frequent care provided by home health care disproportionately benefits patients with 
chronic conditions such as heart failure (Naylor et al., 1999, 2004).

These results indicate that even in the absence of vertical integration, downstream post-
acute care firms can internalize penalty incentives imposed on hospitals, to the extent qual-
ity of care affects demand for their services. As post-acute care gains prominence in policy 
proposals, quantifying the welfare effects for society assumes more importance. This was 
outside the scope of the current study but remains an important avenue for future research.

Supplementary Information  The online version contains supplementary material available at https://​doi.​
org/​10.​1007/​s10754-​022-​09339-4.
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