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1 Introduction

Linking provider payments to their quality and efficiency has become the cornerstone
of federal healthcare policy since the passage of the Affordable Care Act (ACA). During the
last decade, the Centers for Medicare and Medicaid Services (CMS) launched 54 alternate
payment models, affecting contracts for more than a million providers serving 26 million
patients concentrated in Medicare, the US public insurance program for the elderly (Smith
2021). Introducing performance pay helps align the incentives of providers with those of
payers and patients, but can expose providers to financial risk, which has generated some
resistance to these reforms. Perhaps as a result, 50 of the 54 aforementioned contracts
allowed providers to opt in. This pattern is not limited to Medicare; Commercial insurers
also allow voluntary participation in alternative contracts as the predominant approach
(Milad et al. 2022).

Voluntary payment contracts pose several design challenges for health insurers, which
are often large government programs funded by taxpayers, such as Medicare and Medi-
caid. Chief among them is designing the contract to attract the participation of providers
who will improve performance relative to the default “fee-for-service” (FFS) contract. The
consensus solution appears to be to align incentives by offering providers a share of the
savings they generate under the new contract. In theory, financial incentives should at-
tract participants who expect greater treatment gains, and therefore magnify the program’s
benefits. This is also the conventional wisdom among payers since it is often the primary
mechanism to attract participation; it also aligns with greater feasibility than mandated
participation. Even if incentives are designed well, providers may not accurately antici-
pate their ability to succeed under an alternative payment system, in part because success
requires changing established clinical practice patterns. This challenge may nullify the
theoretical advantage in attracting participants with the greatest ability to generate sav-
ings for the payer. This has led to an active policy debate on the use of financial incentives
in payment reform, with opponents criticizing them as ineffective or wasteful (McWilliams
2022; Ryan et al. 2023). Surprisingly, there is limited evidence on how financial incentives
drive participation in and affect the performance of voluntary programs.

This paper attempts to fill this gap by studying the Bundled Payments for Care Im-
provement program (BPCI), which was the largest voluntary payment program in US
healthcare when it was introduced. Beginning in the fourth quarter of 2013, hospitals
could enroll in BPCI for care episodes initiated by inpatient stays. We study the most
prominent bundle, which was for lower extremity joint replacement surgery (LEJR), se-
lected by more than 70% of the hospitals participating in BPCI. At the end of our sample,
December 2016, approximately 300 of the 2,500 eligible hospitals had enrolled. The partic-
ipating hospitals and their partners agreed to receive a prospectively set amount to cover
all types of care received by the patient during LEJR surgery and the following 90 days (the
“episode”). In FFS, each provider received a separate payment for each service rendered,
regardless of the total amount spent. Hence, participants assumed financial risk under the
new contract, with the promise of payments above FFS levels if they could reduce episode
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spending below the target set by CMS.

To financially succeed, hospitals would have to judiciously reduce the use of post-acute
care (PAC), such as skilled nursing, and rehospitalizations, which they had no reason to
restrict previously. This would involve implementing new care protocols and ensuring
nurses and physicians (many of whom are not employed by the hospital) change their
behavior. Some hospitals may have been well informed about their ability to implement
these changes and reap financial rewards under the new contract, but this may not have
been uniform.

Previous studies have typically examined the gross savings of such voluntary payment
contracts using a difference-in-differences (DD) design, which compares trends between
participants and nonparticipants before and after program participation.! Under the par-
allel trends assumption, the DD estimator recovers the average treatment effect on the
treated (ATT). In the case of BPCI, the prior literature has estimated a 3-5% reduction in
spending (Agarwal et al. 2020; Chopra et al. 2023). We also estimate a 3% decrease in
spending using a DD design, with event study plots indicating no evidence of differential
pre-trends for the key outcomes. The results are also robust against a battery of specifica-
tion checks. This estimate offers a valuable benchmark for the treatment effect for hospitals
induced to join by the financial incentive, whom we refer to as financial compliers.

Our IV approach leverages variation in the potential for financial gain from participa-
tion due to the interaction of the contract design of BPCI, set exogenously by CMS, and
predetermined observed hospital attributes. We hypothesize that potential financial gain
varies along two dimensions. First, the new contract allowed hospitals with historically
higher episode spending levels to have a higher target price. Hospitals and industry con-
sultants widely believed that facilities with higher historical spending levels also had more
low-value care, or “fat”, to easily cut (Navathe et al. 2018; Berlin et al. 2021). Hence, these
hospitals may have believed that they had more financial upside under BPCI. Second, as
we will discuss, adapting to BPCI largely involved incurring fixed costs. Hence, hospi-
tals with a higher historical (and thus future expected) volume of LE]JR surgeries enjoyed
lower per-episode participation costs and higher aggregate payoffs.

To formalize this variation, we define the instrument as an indicator for hospitals with
both above-median baseline mean episode spending and above-median baseline aggre-
gate revenue within Medicare orthopedic procedures prior to program initiation. We in-
terpret the instrument as quasi-randomly assigning hospitals to low or high potential for
financial reward. Across a range of specifications, the instrument strongly predicts par-
ticipation in BPCI, confirming that financial incentives drive participation in the program.
However, hospitals likely also participated for other reasons beyond financial gain (e.g.,
learning) during this period, since Medicare had signaled large shifts to performance pay.
For example, several hospital administrators professed an intrinsic motivation to improve
performance as their key motivation to join BPCI (Lewin Group 2016).

Identification relies on the exclusion restriction that hospitals designated as having

1. Net savings also incorporate the incentive payments made by the payer to the provider.
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high potential for financial gain would have progressed on similar trends in the absence
of BPCI as hospitals designated as low potential. This is untestable, but we present exten-
sive evidence consistent with this assumption. We report reduced form dynamic effects
not only for all outcomes, but also for relevant correlates to assess differential pretrends
(Goldsmith-Pinkham, Sorkin, and Swift 2020). We further support the validity of the in-
strument using a falsification test in the spirit of Angrist, Lavy, and Schlosser (2010). The
instrument is intended to specifically predict financial attractiveness of an orthopedic ser-
vice bundle and should not predict participation in non-orthopedic bundles, barring spu-
rious correlations through hospital-level factors (e.g., contemporaneous changes in man-
agement quality). Reassuringly, the instrument does not predict participation or changes
in spending in the five largest non-orthopedic bundles offered through BPCI.

The IV estimate implies an 11% reduction in episode spending, which is more than
three times the corresponding DD coefficient. This implies a gross saving of approximately
$750 for the average participant versus $2,750 for the average complier. Both the DD and IV
estimates imply that the main savings mechanism is a reduction in the probability of using
PAC. As discussed earlier, the new contract incentivized participants to avoid care outside
the hospital as a source of savings. This channel can explain about two thirds of the decline
in episode spending in both the average participant and the average complier. The key
difference is that compliers reduce PAC much more aggressively. For example, DD implies
a decrease in any use of PAC of 2% compared to the baseline, while IV estimates indicate a
decrease of 15%. We also detect a novel savings mechanism, an increase in the proportion
of short stays for the index surgery, which are reimbursed at lower rates.> Again, financial
compliers pursue this approach more aggressively than the average participant.

The large decrease in care services for patients of financial compliers raises concerns
about whether they changed the composition of their patients. We extensively test for dif-
ferential changes in the patient mix based on demographics and the history of comorbidi-
ties and healthcare use. We also test for changes in unobserved dimensions by studying
changes in the distance of the patient to the hospital. However, both DD and IV designs es-
timate small and statistically insignificant changes in observed and unobserved risk mea-
sures. This pattern is consistent with the lack of patient selection documented in previous
studies of voluntary payment reforms (Finkelstein et al. 2018; McWilliams et al. 2020).

The large decrease in spending achieved by financial compliers also raises the question
of whether they provide a lower quality of care. We examine this issue closely and find
mixed evidence. We estimate small and statistically insignificant effects on the quality
metrics monitored by CMS as part of the program’s governance (e.g., short-term mortality
and readmissions). However, we also precisely estimate a relatively large increase in the
probability of revision surgery, an unambiguously bad outcome that was not monitored

by CMS. We calculate that the average savings at financial compliers remain large after

2. Hospitals had the option to discharge patients early under FFS too, but would lose revenue if they did
so. They were also unable to discharge patients to nursing homes until after a minimum 3 day stay. Under
BPCI, they would no longer lose this revenue as they recoup it as episode savings, and CMS waived the rule
regarding the minimum of 3 days for discharge to nursing homes for BPCI participants.
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adjusting for the expected increase in revision surgeries, although this does not incorporate
non-financial costs to the patient.

This paper contributes to different strands of the literature. Our main contribution
is to the debate on the use of financial incentives to align the performance of healthcare
providers with social goals. Previous studies have shown that sophisticated providers ac-
curately assess the expected effects of such contracts and respond accordingly (Norton et
al. 2018; Gupta 2021; McWilliams et al. 2020). However, inefficient contract design, gaming
by providers, and the potential for unintended consequences have led to questions about
the wisdom of using financial incentives (Alexander 2020; Einav et al. 2022; Darden, Mc-
carthy, and Barrette 2023). Overall, the results in this paper are reassuring. We show that
participating hospitals are not disproportionately predicted to receive a payoff under BPCI
just by maintaining historical performance. This is intuitive since the BPCI contract linked
payoffs to changes in spending relative to a hospital’s baseline spending level rather than
to a regional or national benchmark. Hence, while inefficient selection is an important
concern with voluntary programs, it can be mitigated by appropriate contract design. We
confirm that a nontrivial fraction of participants are induced by financial incentives and
show that financial compliers achieve much greater gross savings than the average par-
ticipant, without accompanying patient selection. Hence, financial incentives enhance the
effect of the program, consistent with sorting on treatment gains, an argument in favor
of voluntary programs. In contrast, our results also imply that providers whose partici-
pation is induced by other factors (e.g., learning) generate very little savings. More work
is needed to understand how payers can support these providers in making appropriate
participation decisions or motivate them to improve their performance.

Our novel IV approach offers a template to studying other voluntary programs. Previ-
ous studies have acknowledged concerns due to endogenous provider participation, but
have relied on a DD design, with or without the use of matching and provider fixed ef-
fects to mitigate selection (Werner et al. 2011, Dummit et al. 2016; Navathe et al. 2017;
McWilliams et al. 2020). Our IV design leverages the variation generated by the payment
formula as a source of identification. Such idiosyncrasies are common in contracts, and
therefore our approach can be applied to other voluntary programs to recover the treat-
ment effects for a highly policy-relevant subgroup of participants.

Finally, we extend the literature on bundled payment contracts in healthcare. Previ-
ous studies have typically focused on average treatment effects and found modest savings
(Agarwal et al. 2020). We show that financial compliers achieve greater savings by decreas-
ing care more aggressively and identify a previously undescribed mechanism of savings
by shortening the index hospital stay. To our knowledge, previous studies of bundled
payment contracts have not detected an effect on quality of care (Finkelstein et al. 2018;
Navathe et al. 2020). Although we reach a similar conclusion for the average participant,
our results for compliers suggest that hospitals trade off patient health to achieve a high
level of savings. This suggests a ceiling on the savings potential of such contracts.

The remainder of the paper is organized as follows. Section 2 provides the necessary
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background information on the new contract, hospital incentives, and evidence from pre-
vious studies. Section 3 describes the data sources and presents descriptive evidence. Sec-
tion 4 describes the empirical strategy, including the IV approach. Section 5 presents the

main results, including falsification and sensitivity checks. Section 6 concludes.

2 Background

2.1 Alternative payment contracts

The ACA was enacted in 2010 and introduced payment reforms to better align provider
incentives with Medicare than under the prevailing FFS system. This included mandatory
performance pay programs that incentivized hospitals to improve quality of care (Norton
etal. 2018). Recognizing the need to test the effects of different policy designs before broad
implementation, the ACA also tasked CMS with launching an innovation center to eval-
uate multiple alternative payment contracts and develop policy recommendations. The
resulting Centers for Medicare and Medicaid Innovation (CMMI) launched more than 50
different initiatives offering alternate payment contracts to providers for services provided
to Medicare patients (MedPAC 2021). This paper focuses on Bundled Payments for Care
Improvement (BPCI), one of the largest alternate contract initiatives.

2.2 BPCI

In 2013, CMMI launched the voluntary BPCI program, its first national bundled pay-
ment contract. Between October 2013 and September 2018, Medicare tested bundled pay-
ments for medical and surgical episodes through BPCI in several different types of episodes.
Lower extremity joint replacement surgery (LEJR), which includes major hip and knee re-
placement surgeries, was by far the most frequently selected clinical episode in terms of
the number of participating hospitals. About 300 hospitals participated in the LEJR bun-
dle. The next largest was congestive heart failure, with about 170 hospitals.®> Therefore, in
this article we focus on LEJR surgeries. The program bundles payment for all associated
medical care regardless of site of care, starting with the index hospitalization and includ-
ing up to 90 days of post-discharge care. CMS allowed staggered entry into BPCI and after
a gradual start in 2014, there was rapid entry in 2015. Similarly, hospitals could also exit
the program at their discretion. Figure 1 Panel (a) shows that 18% of all LE]JR episodes in
2016 were performed by hospitals participating in BPCL

From the perspective of the payer, Medicare, the goal of a bundled payment is to en-
courage hospitals to better coordinate with other providers and eliminate low-value care

to generate savings. It is conceptually similar to the introduction of prospective payments

3. The difference was even greater in terms of patients — LEJR patient episodes were more than three times
the corresponding number for heart failure (Lewin Group 2018a). CMS allowed hospitals to choose one of
four different contract types, which they called “models." We study Model 2, which represented more than
85% of all patient episodes in BPCI (Lewin Group 2017). For completeness, we retain the 26 hospitals that
participated continuously in Models 1 and 4 in our comparison group. They contribute about 1% of hospitals
in the comparison group.
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for hospitals in 1983 which bundled payment for all inpatient services provided in a single
hospital stay (Acemoglu and Finkelstein 2008). However, BPCI is more ambitious since
it assumes that hospitals can coordinate with providers from other firms involved in pa-
tient care and optimize care costs over a much longer duration. The average LEJR surgery
involves a stay of 3.8 days, while BPCI episodes also include the next 90 days.

CMS changed some regulations to facilitate spending reductions, altering established
clinical protocols. We discuss only two here in the interest of brevity. Hospitals were al-
lowed to transmit incentives to physicians and post-acute care (PAC) providers by sharing
savings with them. 66% of the participants submitted plans to exercise this “gainsharing”
option and about $144 million were distributed in gainsharing through 2016 across all
bundles.* Medicare also waived the requirement of a minimum stay of 3 days to discharge
patients to a skilled nursing facility (SNF). The goal was to allow hospitals to discharge pa-
tients earlier (and therefore bill a lower amount) if they determined that it was medically
appropriate to do so (Lewin Group 2018b).

Payment formula

The target episode spending level or “price” pj; for a participant i in any year ¢ is
calculated in three steps. First, CMS computes the mean LEJR episode spending in 2009-
2012 for the hospital. An episode includes all care spending during index surgery and the
90 days following discharge. Then it adjusts this amount by the national trend in mean
LEJR spending for Medicare patients between 2012 and ¢. For example, the national mean
episode spending level decreased by 2.5% between 2011-12 and 2012-13. This rate would
be applied to calculate the predicted spending level in 2013, and so on for each subsequent
year. Finally, to ensure that CMS captures a fixed share of the savings, it deducts 2% of
the trend-adjusted amount to arrive at the final target price. This last step implies that a
hospital must perform better than the national trend on average to limit spending below
the target price. An illustrative example may help to fix ideas. Consider a hospital with a
mean episode spending level in June 2012 of $100. Assuming a constant national annual
spending trend of -2.5% through 2016, the desired spending level for 2016 would be $90.4.
Applying the additional 2% discount further leads to $88.6. To achieve this target price,
the hospital must reduce annual spending by an average of 3% or more between 2012 and
2016. Note that the program’s target price is not determined using a comparison group of
non-participating hospitals, as would be done in a quasi-experimental research design.

The payoff for episode i in year ¢ at a participating hospital h, gain;y, is simply:

(1) 9ainipe = Pht — bint,

4. Hospitals had flexibility in structuring the gainsharing payments. In interviews with the Lewin group,
hospitals indicated that they used gainsharing payments to focus physician effort on reducing readmissions
or changing discharge destination. They also offered higher volumes of referral to SNFs to influence their
behavior, particularly duration of stay. Hospitals could also provide incentives to their patients in the form
of in-kind items or free additional services. The most common patient incentive was free transportation to
outpatient therapy or rehabilitation and medication management tools.
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where b;p,; is the amount billed for patient i during the 90-day episode.

Implications

The formula indicates that a hospital will be financially better off under BPCI than un-
der FFS if it can limit mean episode spending, bne, below the target price, pp:. The objective
of the program is for hospitals to change their care protocols and change the trajectory of
their spending trend. Hospitals have the incentive to earn as revenue the amount saved
from what was expected to be billed by other providers, such as inpatient rehabilitation,
skilled nursing, and home health care. In the pre-BPCI period, inpatient care accounted
for only about half of total episode spending (Dummit et al. 2016). Hence, hospitals can
reap substantial incremental revenue under BPCI if they reduce post-discharge care.

One may be concerned that BPCI attracts hospitals that expect to be financially re-
warded without changing their behavior. This is socially inefficient and represents the
“selection on levels” problem documented in the case of another voluntary program by
Einav et al. (2022). In the case of BPCI, since the target price is linked to a hospital’s own
past performance, it should not attract hospitals with low baseline spending levels. In-
stead, inefficient selection would apply to hospitals that already enjoyed a greater decreas-
ing trend in spending than the national average. Since BPCI sets the target price using
the national, rather than hospital-specific, mean spending trend, it creates an arbitrage op-
portunity. Continuing the illustrative example above, consider a hospital that had already
demonstrated an annual spending decrease of, say, 3.5% in the years leading up to BPCL
Such hospitals may be tempted to join the program under the assumption that they could
receive a financial reward by continuing to do “business as usual.” If maintaining a better
than average trend decline is, in fact, continuously possible without making additional ef-
forts, these hospitals would be financially rewarded for no effort. We formally investigate
this possibility in Section 3.3 and find little evidence of selection on trends in BPCI. Hospi-
tals with worse than average historic spending trends were just as likely to participate in
BPCI as those with better historic trends.

2.3 Perspectives of administrators

CMS contractors conducted detailed interviews with hospital administrators, provid-
ing some insight into their decision making. The most important stated reason for partici-
pation was that BPCI provided hospitals an opportunity to experiment with new payment
contracts. This seems to be driven partly by long-term financial considerations, since they
believed these contracts would eventually dominate the payment landscape. There was
also some intrinsic motivation to improve. Some participants mentioned that this was in
line with their status as “leaders of innovation.” In their report, Lewin Group (2016) note,
“More than half of the respondents we interviewed claimed that the learning opportunities
were the main reason for their interest in BPCIL.”

The next factor in terms of importance appears to be the direct financial incentive.
The participants were confident in their ability to engage hospital staff and physicians to
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change practice patterns and succeed. This was particularly true for LEJR surgeries, which
they viewed as a relatively predictable procedure with lower financial risk. Hospitals often
partnered with consultants who advised them on the entry decision and sometimes pro-
vided ongoing analytic support after entry. This process suggests that hospitals expecting
greater financial rewards were more likely to participate.’

Participating hospitals indicated three main cost savings strategies in the interviews.
First, they would reduce the use of institutional PAC by changing their discharge guide-
lines, engaging physicians, and collaborating with PAC partners. Second, they would re-
duce readmissions through improved analytics and care coordination. Third, they would
reduce the procurement costs for implants used in surgeries by standardizing and con-
solidating vendors. This mechanism has subsequently been empirically validated (Na-
vathe et al. 2017), but notably does not change the spending for the Medicare program.
They claimed that these strategies entailed substantial new fixed costs and administra-
tive overhead (Lewin Group 2016). For example, they hired new analysts, nurses, and
case managers for patients in BPCI episodes. They dedicated considerable time to training
physicians and staff for new protocols, patient education, and discharge planning. Larger

hospitals could absorb these additional costs more easily.

2.4 Prior evidence

Given the scale and importance of this program in determining future Medicare pay-
ment models, several studies have attempted to estimate the causal effects of participa-
tion in BPCI on episode spending and patient health. Previous studies have typically
used matching methods to identify suitable comparison hospitals and have estimated DD
models to quantify the causal effects on spending and patient health (Dummit et al. 2016;
Lewin Group 2018b; Agarwal et al. 2020; Navathe et al. 2020). These studies reported 3-5%
episode savings without decrements in quality. To our knowledge, the endogenous par-
ticipation decision has not been explicitly addressed in previous studies. Hence, while the
DD estimate can credibly recover the average treatment effect across all participants (ATT)
assuming parallel trends hold, there is no guidance on the treatment effect for hospitals
that were induced to join by the financial incentive.

CMS has also piloted other bundled payment contracts. The most well-known among
these is Comprehensive Care for Joint Replacement (CJR), a mandatory program in which
67 markets were randomized into bundled payments, while 104 markets were maintained
as randomized controls. Early evaluations of CJR also report a causal spending reduc-
tion of 2-3%, comparable to that reported for BPCI (Barnett et al. 2019; Einav et al. 2022).
However, due to differences in the payment formula, the incentives for participation and
improvement in CJR were completely different from those in BPCI. Specifically, the target
price in CJR was largely determined by the average episode spending level in the market.®

5. We interpret these details as hospital claims, not facts. For example, it is possible that hospital executives
were reluctant to admit that financial incentive was the key draw.

6. CMS stipulated a phase-in period to set the target price. Initially, it was set based on a combination of
the hospital’s past performance and the market average. In steady state, the market average would serve as
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Hence, hospitals with baseline spending below that of their market average could receive
payments without any further reductions, an inefficiency noted by Einav et al. (2022). They
show that when, after 2 years, hospitals in some markets were allowed to exit the program,
hospitals with low baseline spending levels were more likely to continue. Although the
payment formula in BPCI does not encourage selection on spending levels, one may be

concerned about selection on historic trends, as discussed previously.

3 Data and descriptive evidence

3.1 Data sources and sample construction

Our primary data source is the universe of Medicare FFS facility claims accessed through
the Medicare Provider Analysis and Review (MedPAR) files over 2006-16. For all hospital
and PAC stays involving FFS patients (short-term and long-term acute care, inpatient reha-
bilitation, skilled nursing, hospice, and home health), we observe demographic informa-
tion about the patient: the reason for the care, start and end dates, a vector of diagnosis and
procedure codes, and the discharge destination. We link the MedPAR files with the Mas-
ter Beneficiary Summary File (MBSF) using the beneficiary’s unique identifier to observe
enrollment information, additional demographics, and death. Thus, we comprehensively
record institutional health care use for the 90-day LE]R episode. A limitation of our data
is that we do not observe the use of outpatient care and durable medical equipment for
these patients. However, this is only a small component of total episode spending. Based
on evidence from previous studies, these dimensions of care account for approximately
11% of total expenditure on 90-day episodes.” Another limitation is that the MedPAR does
not record the physician ID performing the procedure(s) during the stay, so we cannot test
whether participation in BPCI leads to changes in the physicians performing LEJR.

We supplement the administrative claims data with information on hospitals (e.g.,
number of beds, total inpatient admissions, etc.) from the American Hospital Associa-
tion (AHA) annual survey files and market-level information from the Dartmouth Atlas
and the US Census. Finally, we use data from CMS Hospital Compare on hospital quality
and penalties under various performance pay programs.

We identify LEJR index cases (MS-DRGs 469 and 470) following the same approach
used by CMS when it calculates episode spending and target prices for hospitals under
BPCI. Routine cases are billed under MS-DRG 470, while patients with complications or
comorbidities are billed under MS-DRG 469. About 95% of all cases are billed under 470.8

the benchmark.

7. For MS-DRG 470, Navathe et al. (2018) Exhibit 4 reports that BPCI hospitals spent approximately $2,400
on physician fees, outpatient facilities, and durable medical equipment not observable in our data. The authors
report $22,100 in total spending for these episodes. Hence, these components account for 11% of the total
expenditure.

8. Our estimates remain undisturbed if we limit the analysis to 470 episodes only. Before 2008, CMS used
a different version of DRG classification in which all LEJR cases were billed under a single DRG (544). Index
cases are defined such that the patient did not have LEJR surgery in the previous 90 days. To ensure we have
a 90-day follow-up period for all index cases, we limit index cases to those discharged by September 30, 2016.




Voluntary programs 10

We exclude about 600 hospitals with fewer than 25 index LEJR cases during the baseline
period 2006-2007 from the analysis. These account for less than 5% of all LEJR cases. Our
final sample has about 2,500 hospitals, of which about 300 participated in BPCI during this
period. Section A.1 provides more details on our sample construction approach.

3.2 Descriptive evidence

Table 1 presents descriptive statistics from our analysis sample. Panels A,B, and C, re-
spectively, present market-, hospital-, and episode-level statistics for 2009-13, before hos-
pitals enrolled in the program. We present statistics separately for nonparticipant and
participant hospitals in Columns 1 and 2, respectively. All spending values are inflation
adjusted and expressed in 2016 dollars. Panel A shows that participating and nonpartici-
pant hospitals are located in markets with similar Medicare Advantage (MA) penetration.
We compute this value for each hospital-year as the weighted average MA share across
the hospital service areas (HSA) that contribute patients to the hospital. The weights are
the HSA’s share of the hospital’s total LEJR patients in 2007, held constant.” However,
participating hospitals are located in more expensive markets, evidenced by a 3% higher
geographic adjustment factor (GAF) and a nearly 10% higher average hourly wage. CMS
uses both as inputs to adjust the prospective payment rate for LEJR surgery across hospi-
tals.

We note two patterns about participants based on the information reported in Panel B.
First, participating hospitals are substantially larger (40% more beds) and obtained nearly
$1,200 more Medicare revenue per bed from orthopedic procedures. These differences may
reflect the fixed cost of participation that makes entry more favorable for hospitals with a
larger orthopedic practice. Second, participants are 40% more likely to be teaching hos-
pitals, suggesting that administrators at academic facilities were more enthusiastic about
adopting the new contract.

Table 1 Panel C shows that the sample contains approximately 2.5 million episodes
throughout the period, with approximately 18% performed in hospitals that participated
in BPCI. Participating hospitals had a higher intensity of treatment prior to the program
— an episode cost Medicare about $2,000 more (9%) on average in participating hospitals
($25,300 vs. $23,300). Hence, participants were not selected on a favorable baseline spend-
ing level. This is an encouraging sign from the perspective of program design, since a goal
of such payment reforms is to attract potentially inefficient providers and motivate them
to improve their performance (McWilliams et al. 2020).

We examine the difference in episode spending between participants and nonpartici-
pants more granularly to assess whether inefficiencies could play a major role. About 40%
of the gap ($800) is explained by the higher billing for the LEJR surgery at participating
hospitals. The higher LEJR payment is mostly explained by differences in market-level

cost adjustment factors indicated in Panel A and additional payments for medical educa-

9. The Dartmouth Atlas group defined HSAs as contiguous zip codes whose residents receive most of their
inpatient care from hospitals in the same area. There are approximately 3,400 HSAs in the US, slightly more
than the number of counties.
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tion and capital costs (not reported here). Both groups of hospitals had a similar share of
LEJR patients billed under the more intense DRG; therefore, differential patient complexity
is not an explanatory factor.

However, the remaining difference in episode spending is largely explained by the
higher readmission rates and use of PAC by patients at participating hospitals. For exam-
ple, participating hospitals had a 1.2 percentage point (11%) higher readmission rate and
a 5 percentage point (6%) higher use of PAC at baseline. Patients at participating hospi-
tals were more likely to use the three forms of PAC we consider: inpatient rehabilitation
(IRF), skilled nursing (SNF), and home health care (HH). This difference in post-discharge
utilization cannot be explained by differences in patient complexity. Participating and non-
participating hospitals appear to have treated patients at a similar risk of PAC use, which
we proxy by constructing an index of propensity for SNF use.!” In results not reported
here, we find similar patterns using indexes constructed based on other forms of PAC.
Overall, these patterns suggest that a large fraction of the higher spending of participating
hospitals at baseline was due to inefficient care use.

Aggregate unadjusted trends in medical spending and utilization of care by Medicare
LEJR patients suggest that BPCI may have affected spending. Figure 1 Panel (b) presents
the trend in mean LE]JR episode spending for Medicare FFS patients during 2009-2016,
expressed in 2016 dollars. In 2013, the mean expenditure on episodes was around $23,000
and declined to about $21,000 by 2016. Similar observations can be made on the length
of stay for the index surgery (Panel c) and PAC use (Panel d). However, with the excep-
tion of the trend for PAC use, which shows a noticeable acceleration in decline after 2014,
these measures were already declining in a similar fashion prior to 2014. Hence, aggregate
trends alone are not conclusive about the causal effect of BPCI.

3.3 Historic spending trend and participation

A concern with voluntary programs is that they attract and financially reward partici-
pants without any change in their behavior. As described in Section 2.2, BPCI set the target
price for hospitals in a way that left open the possibility of such arbitrage. In this section,
we investigate to what extent such selection on trends occurred in BPCI. Specifically, we
test whether hospitals with a predicted episode spending value lower than the correspond-
ing BPCI target price are more likely to participate. We predict a hospital-specific episode
spending value and BPCI target price for each hospital in 2016. In the interest of brevity,
we briefly provide intuition here and leave the details for Section A.2. Each hospital’s
predicted episode spending value in 2016, by, 2016, is calculated by projecting forward its
mean episode spending in 2013 using its observed historic spending trend between 2010
and 2013. In contrast, the target price for 2016, pj 2016, is calculated by projecting its mean
episode spending in 2013 using the national average spending trend between 2010 and
2013 along with the 2% discount imposed by BPCIL. We calculate the expected gain per

10. We use 2008 data to estimate a linear model predicting the probability of having a SNF stay in the 90
days following discharge on a rich vector of patient risk covariates. We apply the coefficients of this model to
the data from 2009-2013 to generate predicted SNF probabilities for each patient.
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Hospitals with positive values of expected gain have the advantage that they can the-
oretically expect to receive a payoff under BPCI if they maintain their historic levels of
spending reduction. We test whether the expected gain is positively correlated with par-
ticipation. Figure A.1 Panel (a) presents a bar graph of the participation share by quartile of
expected gain. The dashed red line indicates the average share of participation in the sam-
ple, approximately 13%. We also present the mean expected gain in each quartile, which
ranges from $ -6,116 in the bottom quartile to $2,747 in the top quartile. The plot shows
that the participation rate ranges between 12% and 14% in all quartiles of expected gain
and is not greater at higher values of expected gain. We formally test the correlation by
regressing quartile indicators on an indicator of participation in BPCI. These coefficients
are individually and jointly statistically insignificant. The p-value from the joint test of
significance is 0.80. We get qualitatively similar results when we test the correlation be-
tween expected gain and participation in 2015 instead of 2016. Hence, the evidence does
not support the selection on past trends in BPCI.

This result may appear to contradict the selection on spending levels observed in CJR
when hospitals were given the choice to continue or leave the program in 2018. We believe
that the difference in selection patterns is largely explained by the differences in contract
design between the two programs, which made inefficient selection less likely in BPCIL.
In CJR, hospitals with mean episode spending below the average spending level in their
market were, to a first order, likely to receive a positive payoff without additional effort.
However, in BPCI, since payments are not linked to a market-level benchmark, arbitrage
on spending levels is not a relevant margin. The selection on trends requires hospitals to
maintain their historic trend of reducing spending under the new contract. Since spending
levels are more highly correlated over time than spending trends, it is easier to predict
future spending levels and sort on them (McWilliams et al. 2020). In addition, it seems
unlikely that hospitals can reduce spending at the same rate every year off a lower base
without making additional efforts. In fact, such ratcheting of targets is a common criticism
of compensation schemes that rely on past performance to set future targets (Weitzman
1980).

4 Empirical strategy

4.1 Average treatment effect on the treated

To obtain estimates of the ATT, we follow previous studies and implement a difference-
in-differences (DD) research design. We compare the trends of hospitals participating in
BPCI with those of nonparticipants. Although hospitals joined BPCl in a staggered fashion,
we ignore the temporal variation in participation status and estimate an average effect
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assuming treatment starts in 2014 for all participants. Once a hospital enrolls in BPCI,
we assume that it participates through the end of our sample, ignoring early exit. The
DD estimate should therefore be interpreted as the average effect of ever participating in
BPCI. This simplification allows us to abstract away from staggered treatment and will
tend to bias downward our estimated treatment effects, thus producing more conservative
estimates.!!

We estimate the following model:

() Yihmt = an + amt + X 8 + Baadp - 1(t > 2014); + €ipme,

where i, h, m and ¢ denote patient, hospital, market, and year, respectively. The model
includes fixed effects by hospital and market-year. The use of market-year fixed effects
allows markets to trend differently and is more flexible than conventional two-way fixed
effect models. We use hospital referral region (HRR) to define hospital markets. This is a
standard market definition developed by the Dartmouth Atlas group to delineate contigu-
ous zipcodes where residents receive most of their hospital care within the market. There
are approximately 300 HRRs in the US and, in our sample, each market contains about 8
hospitals on average.

The model also includes a vector of covariates, X;;;, which adjusts for differences in
patient mix in our preferred model. Patient controls are demographics (sex, race, age in 5
year bands), Elixhauser comorbidities, and indicators for hip fracture and MS-DRG 469. In
some specifications, we also include time-varying hospital controls: beds, total admissions,
Medicare and Medicaid proportions of admissions, FTEs, Medicare orthopedic share of
admissions, ACO participation, and hospital share of total admissions in the HRR. dj, is a
static indicator of participation in BPCI. The coefficient of interest, 3,44, is on the interaction
of dj, and the indicator for the post-BPCI period. €;5,,: denotes unobserved factors.

Under the parallel trends assumption, 34q recovers the ATT of ever participating in
BPCI. This assumption is untestable, but this design has previously been validated and
used by other studies (e.g., Navathe et al. 2017; Navathe et al. 2020). We present event
study plots for key outcomes of interest to help assess the plausibility of the assumption
in our sample. The event studies plot the dynamic coefficients, v, obtained by estimating

Equation 3 below.

2016

(3) Yibmt = ap + it + Xz{ht o+ Z Vs dp, - 1(t = S)t + €ihmt-
542013

Reassuringly, the event studies indicate that participants and nonparticipants trended
in parallel prior to BPCI. Although we estimate the DD coefficient for all outcomes of inter-

est, they primarily serve to provide a benchmark for the IV estimates, our main empirical

11. The patient-weighted average duration of participation across hospitals is 1.6 years out of a maximum
possible 2.75 years in the sample. 58/302 hospitals (nearly 20%) left BPCI before the end of our sample period.
However, only 5% of the “treated” patient episodes in the post-treatment period are at participating hospitals
after they exit. Since all our estimates are patient-weighted, early exit is not a major empirical concern.
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object.

4.2 Treatment effect for financial compliers

The focus of this study is to quantify the causal effect of BPCI participation in hos-
pitals that were induced to join by the financial incentives offered. To do so, we use an
instrumental variable approach, described below.

4.2.1 Instrumental variable

The design exploits the idiosyncratic choices made by CMS in setting the target price,
which generates plausibly exogenous variation across hospitals in the ex-ante potential for
financial gain from participation. We hypothesize that the potential for gain varies along
two dimensions.

The conventional wisdom in the hospital industry was that reducing episode spending
required investments in additional nurses, case managers, and data analysts, improving
the functionality of electronic health records to better coordinate with external providers,
redesigning clinical protocols, and training staff on the new protocols (Lewin Group 2016).
Since these actions, which we interpret as the “technology” of spending reduction, largely
involve incurring fixed costs, scale economies come into play, making it easier for larger
hospitals or those with greater orthopedic volume to justify incurring these. Hospitals with
a larger LEJR practice at baseline also expect a higher aggregate benefit from adopting
bundled payments. We therefore leverage the variation in Medicare FFS LE]R revenue
across hospitals, measured in a baseline period prior to BPCI.

CMS chose a contract design such that each hospital’s target price was determined
by its episode spending level just prior to BPCI. Several alternative target setting options
were available. For example, in the CJR program, CMS set the target price based on market
level, not the hospital’s own, historic mean episode spending. In other reforms, such as the
Hospital Readmissions Reduction Program, CMS has set the benchmark equal to the na-
tional average. Depending on the chosen benchmark, different groups of hospitals would
find it easier or more difficult to succeed. Higher mean episode spending in a hospital is
typically driven by high rates of PAC use and readmissions among its patients. Assuming
that the spending reduction technology described above has diminishing returns, hospi-
tals with higher pre-BPCI spending levels had the potential to obtain larger reductions per
unit cost. This suggests that we leverage the variation in the baseline mean post-discharge
spending for LEJR episodes across hospitals.

The aggregate potential for financial gain increases in both dimensions, individually
and in their interaction. We hypothesize that hospitals with higher values in both dimen-
sions expect greater financial rewards and are more likely to participate in BPCI.

We take several steps to reduce the measurement error and the influence of transient
noise when we construct the baseline variables. We use data from 2007 to compute the
baseline values. This was much before the passage of the ACA in 2010, let alone the launch
of BPCI. This avoids predicting participation on the basis of values that happened to be
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high just as BPCI was launched. By allowing a 7 year interim period, we hope to use
the persistent component of these attributes when predicting participation. Second, we
pool data across all orthopedic procedures rather than limiting ourselves to LEJR surgeries
alone.!? This reduces noise in the measure, particularly for smaller hospitals. Third, to
further expunge omitted factors, we use predicted and not observed values of orthopedic
revenue and mean episode spending. Section A.3 describes the prediction step.

Figure 2 presents binned scatter plots showing the variation in mean participation rate
in decile bins of baseline Medicare orthopedic revenue (Panel a) and post-discharge spend-
ing (Panel b). The plots also present the slope coefficient obtained using a linear regression
on the underlying hospital-level data. Panel (a) implies that a hospital with $1.5 million
higher orthopedic revenues at baseline (approximately 20%) has a 1.5 percentage point
greater probability of participation, approximately 13% of the mean participation rate.
Similarly, Panel (b) implies that a hospital with $2,000 higher post-discharge spending
at baseline (20%) has a 4.6 percentage point higher probability of participation, approx-
imately 38% of the mean. Hence, participation increases in both dimensions. Panel (c)
presents the mean participation rate in percentile bins obtained by interacting the decile
bins of both dimensions. The figure shows that participation is disproportionately higher
among hospitals that have above-median values on both dimensions. We incorporate this
pattern in our empirical approach. Our instrument is an indicator, 25, for hospitals with
higher than median values of both variables. For ease of exposition, we refer to hospitals
with z;, = 1 as having greater potential financial gain. Note that this approach does not
impose in any way that hospitals with greater potential must also obtain higher savings
than hospitals assigned low potential.

Using an indicator circumvents the need for parametric assumptions to convert the
baseline attributes into dollars of expected gain. Since the instrument collapses continuous
variation in the two variables into a binary indicator, it is not sensitive to using predicted
or observed values of the underlying variables. In sensitivity checks, we confirm that us-
ing observed instead of predicted baseline values to define the indicator or using expected
savings as the instrument by making additional parametric assumptions produces quali-
tatively similar results.

The cross-sectional nature of the instrument implies that we do not have identifying
variation to predict differential time of entry. We therefore abstract away from staggered
entry and assume that treatment begins in 2014 regardless of when hospitals joined BPCI.
Hence, both the DD and IV analyses recover the average effect of ever participating in
BPCI. Our results will therefore be conservative estimates of the effects of BPCI during the
period in which hospitals participated.

Equation 4 presents the first stage equation and is equivalent to the DD model pre-
sented earlier as Equation 2. The outcome of interest is BPCI participation interacted with
an indicator for the period beginning in 2014. We also interact the instrument z;, with

the same indicator. Equation 5 presents the outcome model with f;, as the coefficient of

12. To develop these measures we identify all index episodes with a MS-DRG ranging from 453 through 563
and 956. We then compute post-discharge episode spending over the 90 days following these stays.
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interest. We estimate both models simultaneously using two stage least squares (2SLS).

4) dp - 1(t > 2014); = ap + amt + Xjpy 01 + 725 - 1(t > 2014); + Dinnt,

) Yibmt = an + amt + Xipy 62 + Biv dp - 1(E > 2014); + €ipme-

The coefficient f3;, estimates the local average treatment effect (LATE) of BPCI partic-
ipation on “complier” hospitals, i.e., those that comply with the instrument. Compliers
are induced to join BPCI due to the greater potential financial reward, represented by the
indicator z;,. The treatment effect for this set of compliers is of great policy relevance, since

most alternative payment contracts attract participants using financial incentives.

4.2.2 Identification assumptions

A causal interpretation of the IV estimate f3;, is based on two untestable but standard
identification assumptions.
Conditional independence: This assumption is standard in IV designs and implies that the
instrument is as good as randomly assigned after conditioning on the covariates and fixed
effects. Since this is an example of a shift-share or Bartik instrument, the key assumption
here is that baseline hospital attributes are uncorrelated with future changes in the out-
comes of interest. This assumption subsumes the exclusion restriction, i.e., having a high
potential for financial gain in BPCI affects future patient outcomes only through the hospi-
tal’s decision to participate in bundled payments. An implication of the exclusion restric-
tion is that groups of hospitals facing low and high potential financial gain, as captured
by the binary instrument, should evolve along parallel trends in the absence of BPCL. This
is untestable, but we assess trends prior to BPCI using dynamic reduced form coefficients
for all outcomes of interest. These are obtained by estimating a reduced form version of
Equation 3 where d, is replaced by zj. These patterns suggest that there are no deviations
among hospitals with high potential gain prior to BPCL

Goldsmith-Pinkham, Sorkin, and Swift (2020) suggest that the concern of differential
trends also extends to correlates that can affect both the instrument and the outcomes of
interest. In the next section, we assess reduced form dynamic coefficients for key correlates

and find similarly reassuring evidence.

Monotonicity: This assumption, sometimes also called uniformity (Heckman, Urzua, and
Vytlacil 2006), imposes that an increase in the potential for financial gain weakly increases
the probability of participation for all hospitals. Figure 2 Panels (a), (b), and (c) show that
this condition holds on average for baseline orthopedic revenue, episode spending, and
also when we consider them jointly through the instrument. The assumption is untestable,

since it is maintained at the hospital level in terms of potential outcomes.
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4.3 Instrument validity

This section presents results from balance tests for the instrument in support of condi-
tional independence. We test whether hospitals with high and low potential for financial
gain trended differently prior to the introduction of BPCI. We estimate the nonparametric
event study model presented in Equation 6 below.

(6) Chmt = ap + g + Z Ys 2n1(t = 5) + Ehmes
§<2013

Chme is the correlate of interest for hospital h located in the market m in year t. &t
denotes unobserved factors. All other terms in the equation have been previously defined.
We estimate these models at the hospital level, with the exception of predicted risk of
SNF use, which we estimate at the patient level. The coefficients of interest are the s
for each year. We estimate these models using data from the pre-BPCI period, 2008-13.
The coefficients are estimated in reference to 2013, which is set to zero. Figure 3 plots the
corresponding coefficients obtained along with the 95% confidence intervals.

We test balance against six correlates. The first four are measures of patient volume
and revenue, gradually converging on the procedure of interest, LEJR. Differential trends
in these measures may indicate differential focus on orthopedics or LE]JR at hospitals with
more potential for gain. The fifth correlate is MA penetration in the hospital’s catchment
area, calculated as before. Differential trends in MA penetration may raise concerns about
unobserved differential changes in patient mix at hospitals with high potential for gain.
The final correlate is a measure of patient complexity, predicted use of SNF, obtained us-
ing observed patient demographics, utilization, and diagnoses history. Reassuringly, the
figures do not indicate consistent patterns of pre-trends on any of these correlates.'®

The event study plots are reassuring, but they are often imprecisely estimated. To
improve precision, we estimate a more parsimonious model with a single coefficient of
interest on the interaction of the instrument, 25, and a linear trend variable, 7;. Equation
7 presents the model. Table 2 Column 1 presents the corresponding coefficient, 6, for each
correlate, along with the standard errors.

(7) Chmt = ap + gy + 0 2Ty + €pme.

These coefficients are statistically insignificant and confirm the inconsistent visual pat-
terns in the event studies. To help interpret the magnitude of these estimated trends for
hospitals with high potential financial gain, we compare them to the overall trend esti-
mated for all the hospitals in the sample. These coefficients are estimated using a similar

13. We examined trends in a number of time-varying correlates apart from those presented in Figure 3, but
did not present them in the interest of brevity. These include LEJR readmissions and mortality rates, predicted
probability of complications, readmission, mortality, home health and inpatient rehabilitation use following
LEJR, constructed in a manner similar to predicted use of SNF, and hospital compare quality outcomes such
as heart attack mortality and readmissions. Across the board, we did not find evidence of differential trends.
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model (without the market-year fixed effect), where the coefficient of interest is on the lin-
ear trend variable without any interaction. Table 2 Column 2 reports the corresponding
values. Comparing the values in columns 1 and 2, we find that the differential trend for
hospitals with high potential financial gain is also very small apart from being statistically
insignificant. For example, while the total volume per bed decreased by 0.37 patients each
year on average across all hospitals, the differential trend for hospitals with high poten-
tial gain is less than 0.02. Overall, these patterns are not surprising since the policy and
payment formulas were not designed to favor specific types of hospitals and were exoge-
nously determined from the perspective of hospitals.

A potential violation of the exclusion restriction is the possibility that hospital base-
line orthopedic attributes can directly affect future spending changes through coincident
changes in hospital-wide factors such as managerial or physician quality. If so, this in-
strument should also be correlated with future changes in episode spending for patients
in other clinical bundles of BPCI, including those unrelated to orthopedics. This rationale
inspires a series of falsification tests in the spirit of Angrist, Lavy, and Schlosser (2010).
We replicate our IV analysis on episode spending for the five largest bundles after LEJR,
none of them related to orthopedics, and find no relationship between the instrument and
participation or spending changes. Section 5.6 presents the corresponding results after we

present the main IV estimates.

5 Results

5.1 First stage

Table 3 presents the DD and LATE estimates on the effects of BPCI participation on
episode spending. Columns 1 to 4 present the results using patient-level data. Further-
more, since the instrument leverages static variation between hospitals at baseline, we es-
timate equivalent models on cross-sectional hospital-level data using the mean difference
in spending before and after BPCI as the outcome.!* This model serves as a sensitivity
check and helps to probe the sensitivity of our quasi-experimental design to the exclusion
of all covariates, including fixed effects.

We begin by describing the first stage results. Panel B presents estimates of the first
stage coefficient, 7, from Equation 4. Column 1 presents the coefficient from a specifi-
cation including only fixed effects; Columns 2 and 3 from specifications that add patient
or hospital controls, respectively. Column 4 presents results from a model that includes
both patient and hospital controls. Columns 5 and 6 are equivalent to columns 1 and 2,
respectively, in terms of the covariates used, but present results from models estimated on

cross-sectional hospital level data. Our preferred specification includes patient controls,

14. We collapse the data to hospital-level means over 2009-13 (pre-BPCI) and 2014-16 (post-BPCI) and take
the difference between the two for both the outcome and covariate values. This generates a cross-sectional
model at the hospital level since the hospital fixed effects drop out. The sample for this model has 2,437
hospitals instead of 2,529 since 92 never-BPCI hospitals performed LE]JR episodes prior to 2014, but not in the
post-BPCI period. We weight each hospital observation by the number of patients in the pre-BPCI period.
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but not hospital controls (cols. 2 and 6), since some hospital covariates may themselves be
affected by participation.

Within each type of model (patient- or hospital-level), including or excluding the co-
variates does not affect the first-stage coefficient materially, consistent with the treatment
balance implied by conditional independence. We obtain f-test statistics in the range of 17-
18 and 24-25 in patient- and hospital-level models, respectively, which exceed the conven-
tional threshold for weak instruments in a just-identified model with a single endogenous
variable (Andrews, Stock, and Sun 2019).

As shown in Angrist and Pischke (2008), the first stage coefficient in a model with a
binary instrument without covariates (column 5) equals the proportion of complier hospi-
tals in the sample. This implies that around 20% of the hospitals in the sample are financial
compliers. In addition, we calculate that the proportion of treated compliers is approxi-
mately 28%.'° Therefore, a majority of participants were not induced to participate by the
potential for financial gain embodied in our instrument, also known as “always takers.”
Measurement error in the instrument could suppress the magnitude of the first stage coef-
ficient and underestimate the true share of financial compliers. However, comments made
by hospital administrators in interviews with CMS contractors, discussed in Section 2.3,
also imply that innovation and learning were the main drivers for participation in BPCI
(Lewin Group 2016).

We test the sensitivity of the first stage results to the relaxation of the key assump-
tions used to construct the instrument. Table 4 presents the corresponding results of these
checks, with Column 1 repeating the baseline coefficients to facilitate comparison. These
models are estimated on hospital-level data and correspond to the specification in Column
6 of Table 3. We test sensitivity to using the baseline observed rather than the predicted or-
thopedic values (Col. 2). Next, we use an equivalent form of the instrument based on LEJR
rather than orthopedic baseline values (Col. 3). Finally, we test the sensitivity to moving
beyond a binary instrument by using a continuously varying value of potential financial
gain instead. We predict a potential financial gain value for each hospital using parametric
assumptions on the percent reduction in episode spending. In line with our rationale for
the instrument, the predicted potential gain for a hospital increases in value along with
orthopedic revenue and episode spending at baseline.!® In Column 4, the model uses
an indicator of above-median predicted potential gain as the instrument. The model in
Column 5 directly uses the continuously varying value in thousands of dollars as the in-
strument. We note that the instrument constructed using LE]JR data (Col. 3) is marginally
weak, and hence we attach less importance to this model. The other variants do not raise
weak IV concerns. Across different instrument versions, the first stage coefficient implies

15. This is calculated as the first stage coefficient x P(zx = 1)/P(dr, = 1). In our setting, this is 0.195 x
0.243/0.172 = 0.275.

16. We simulate 500 percent spending reduction values for each hospital by drawing values from normal
distributions with a mean of 5% and standard deviations varying between 1% and 4%. Rather than allowing
spending cuts to be randomly distributed, we impose a correlation of 0.9 between the hospital’s baseline
spending level and the percent spending reduction to ensure that hospitals with higher levels of spending at
baseline achieve greater percent cuts. In each run, we apply the simulated percent reduction to the hospital’s
baseline mean episode spending value and then scale by LEJR patient volume to obtain the aggregate gain.
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that about 13-30% of the hospitals are financial compliers. The implied proportions of
the treated compliers across these models vary between 17% and 40%. Formulations of
the instrument that impose parametric assumptions and generate continuous variation in

potential financial gain imply a larger complier group.

5.2 Complier hospitals

Since the LATE estimates the causal treatment effect for hospitals that comply with the
instrument, characterizing the complier group helps to interpret the estimated effects. Ta-
ble A.1 compares the entire sample, complier, and treated hospital groups, respectively, on
a number of relevant attributes using data from the pre-BPCI period. We follow Abadie
(2003) to compute the values for the complier group, since they cannot be directly identi-
fied. Column 2 presents the proportion of hospitals in the full sample that have the respec-
tive attribute described in Column 1. Similarly, Columns 3 and 5 present the corresponding
proportions within complier hospitals and participating hospitals, respectively. Complier
hospitals are likely to be teaching and privately owned at rates similar to those of the av-
erage participant. However, they are more likely to be standalone, for-profit-owned, and
smaller based on number of beds than the average participating hospital. The difference
in for-profit share is striking: 20% of compliers are for-profit owned against only 12% of
participants. It is intuitive that for-profit hospitals are more responsive to financial induce-
ment than nonprofit hospitals. Interestingly, the average participant is less likely to be
for-profit-owned than the average hospital in the sample.

Compliers appear to serve patients of lower complexity at baseline, as reported in Panel
B. For example, while 53% of participating hospitals had patients with below-median pre-
dicted complication risk, the corresponding number for compliers is 69%. Panel C shows
that the complier group also had better quality of care performance at baseline than the
participant group as a whole, although the differences on this dimension are relatively
muted. Overall, this analysis suggests that the financial compliers are more profit-oriented,
moderately sized, and serve a healthier patient population than the average participant.

5.3 Episode spending

Table 3 presents the DD and LATE estimates of the effects on (log) episode spending in
Panels A and B, respectively. In the case of Columns 5 and 6, the outcome is the change in
mean log episode spending between the post- and pre-BPCI periods. Across the different
specifications, the DD estimate implies approximately a 3% reduction in episode spending.
The stability of the estimates across different models, including without the use of any
covariate at all (in Col. 5) is reassuring. Figure A.2 Panel (a) presents the event study plot
corresponding to the DD estimate, obtained by estimating Equation 3. The event study
indicates a flat trend in spending at participating hospitals before BPCI and a decrease in
spending after 2014, which is consistent with the parallel trends assumption. Since the
mean episode spending level at participating hospitals before BPCI was about $25,000,
the DD estimate implies gross savings of $750 on average during 2014-16. We emphasize
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that this estimate of spending reduction, calculated against the trends for nonparticipants,
does not necessarily represent the savings for Medicare from BPCI due to the program’s
convoluted calculation of target price and financial payoffs, discussed in Section 2.2.

We turn to the LATE estimate presented in Panel B. The LATE implies a much greater
effect of 11-12% across all models in the table. In addition to the specification permutations
presented here, we also estimate models flexibly, allowing the coefficient on patient risk
indicators to differ in the post-BPCI period or by year. This addresses recent criticisms
about the potential for confounding due to time-varying covariates (Zeldow and Hatfield
2021). The coefficient of interest remains undisturbed in both the DD and IV models.

Figure 4 Panel (a) presents dynamic reduced form effects on episode spending before
and after the introduction of BPCI. These are obtained by estimating a variant of Equa-
tion 3 where the instrument, zj, replaces the indicator for participation, d;. The pre-BPCI
coefficients confirm the lack of a consistent trend prior to BPCI, in fact, the estimates are
typically close to zero and support the exclusion restriction. The figure also shows a no-
ticeable change in the trajectory of spending starting in 2014. Episode spending reduces
differentially at hospitals with greater potential financial gain, relative to the remaining
hospitals. We perform an additional exercise examining reduced form dynamic trends
and average pre-post coefficients separately for high potential gain participants (i.e., those
with 2z, = 1,d;, = 1) and high potential gain nonparticipants (z;, = 1,d;, = 0), relative to
hospitals with low potential gain (z;, = 0). Consistent with the exclusion restriction, which
holds that the instrument influences outcomes only through participation, we find a dif-
ferential decline in spending only among high potential gain hospitals that participated.!”

Table 4 presents the corresponding LATE estimates obtained using alternate formula-
tions of the instrument, as discussed previously. These estimates tend to be within two
standard errors of the baseline estimate in Column 1, with the exception of the estimate
in Column 3 using the marginally weak instrument. Across the board, all IV estimates are
much larger in magnitude than the DD estimate of 3%. In addition to presenting conven-
tional heteroscadisticity-robust standard errors, we also present weak instrument-robust
95% confidence intervals (square brackets). Regardless of which standard errors we use,
the confidence intervals typically do not include the DD point estimate.'®

Applying our preferred LATE estimate in Column 2 (11%) to the mean episode spend-
ing of $25,000 in BPCI hospitals prior to the program, we obtain an implied savings of
$2,750 per episode. Figure A.3 Panel (a) presents the distribution of episode spending in
the pre-BPCI period, providing additional benchmarks (e.g., median spending is around
$20,000). Next, we explore the sources of spending reduction by examining the effects on
the various components of care. We divide total spending into two buckets: the amount
billed for index LEJR surgery and for all post-discharge care (readmissions and post-acute
care including home care). These contribute approximately 60% and 40% of total episode

17. The average pre-post reduced form coefficient for high potential gain participants is -0.038 (s.e. 0.007).
In contrast, the corresponding coefficient among high potential gain nonparticipants is -0.005 (s.e. 0.004).

18. We follow Andrews, Stock, and Sun (2019) and use the STATA command fwostepweakiv to estimate the
weak instrument robust AR confidence intervals for each instrument type.
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spending, respectively.

5.4 Utilization of care
5.4.1 Index stay

Since spending for the initial hospital stay is determined by the associated DRG, hos-
pitals have limited avenues to reduce the amount spent on the LEJR surgery. The principal
avenue available to reduce index stay spending is to shorten patient stay to below a du-
ration threshold that defines a “short” stay. For these stays, CMS pays hospitals a lower
amount than the standard prospective amount. During our sample period, this thresh-
old was three days for routine LEJR surgeries. Under the standard FFS contract, hospi-
tals have little incentive to use the short-stay option even if medically appropriate, but
under bundled payment they can recover the difference in reimbursement as episode sav-
ings. Another payment distortion under FFS was the 3-day minimum stay requirement
to discharge patients to a skilled nursing facility. CMS waived this requirement for BPCI
participants. Hence, we hypothesize that participants would differentially increase the
proportion of index stays less than 3 days in duration.'

Table 5 Columns 1 and 2 present the estimated effects on log length of stay for LEJR
surgery and the probability that the stay is less than 3 days. To help interpret these co-
efficients, Figure A.3 Panel (b) presents the CDF of the index stay duration using data
before BPCI (the median and mode were 3 days). The DD estimate in Column 1 implies
a statistically significant 4% decline in length of stay. Figure A.2 Panel (b) presents the
corresponding event study plot and suggests a sharp decrease after 2013. The LATE esti-
mate is more than two times in magnitude and implies a 10% decrease in length of stay
for patients at financial compliers. Figure 4 Panel (b) presents the dynamic reduced form
coefficients on log length of stay, which indicate flat pre-trends and a noticeable decline
starting in 2014.

Column 2 again shows large differences between the DD and LATE coefficients. Al-
though the average participant increases the proportion of short stays by 5.5 percentage
points, the corresponding increase among complier hospitals is nearly three times, at 16
percentage points. The increase at complier hospitals represents a nearly 70% increase
relative to the mean level before BPCI. This suggests a meaningful change in treatment
protocols at complier hospitals after BPCI participation. Figure A.4 Panel (a) presents the
corresponding reduced form event study on the probability that the index stay is shorter
than 3 days.

5.4.2 Post-discharge care

Table 5 Column 3 presents the effects on PAC use. The DD estimate implies a small
decrease of 1.7 percentage points for the average participant, about 2% of the mean level

19. CMS defines short stays as those with length less than the geometric mean for that DRG. During this
period, the applicable threshold was 3 days for DRG 470 which represents 95% of the total volume. In our
sample, the mean payment for 470 cases of length < 2 days is about $1,200 less than cases longer than 2 days.
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of PAC use prior to BPCI. Figure A.2 Panel (c) presents the associated event study plot,
which is consistent with the DD coefficient. In contrast, the LATE estimate indicates a
large decline in the use of PAC by 13 percentage points, approximately 15% of the mean
level. Figure 4 Panel (c) presents the corresponding reduced form dynamic effects. The
figure shows no differential patterns before BPCI and a noticeable change in trajectory
after 2014.

Table 5 Columns 4-6 present the effects on the use of specific forms of PAC: home
health (HH), inpatient rehabilitation (IRF), and skilled nursing (SNF), respectively. The
sum of mean values across individual types of PAC is greater than the probability of using
any PAC because some patients use multiple types of PAC in the same episode, such as
SNF and then HHA after discharge from the SNE. The DD coefficients in Panel A indicate
modest decreases in IRF and SNF but a small increase in the use of HH. If we aggregate the
estimated reduction in the use of SNF and IRF at their mean cost, the DD estimates imply
a decrease of approximately $600 per episode. The increase in HH use mitigates the saving
to about $520.2° This net amount accounts for about 70% of the total decrease in episode
spending reported in the previous section. In general, these patterns are consistent with a
story of substitution away from expensive institutional PAC toward home-based care by
the average participating hospital.

However, the patterns in Panel B imply a different strategy by the compliers. We find
significant declines in the use of HH (30% of the mean) and IRF (66% of the mean), but no
net change in the use of skilled nursing. Figure A.4 Panels (b)—(d) present the event studies
for effects on the three types of PAC use. The patterns are consistent with the IV estimates.
The finding of no net effect on skilled nursing may mask two opposing effects that offset
each other: an increase in SNF because it substitutes for more intense forms of care such as
IRF and simultaneously a decrease in SNF because patients are discharged to HH instead.

The LATE estimates on the use of IRF and HH imply a reduction in episode spending
of approximately $1,900, assuming that there are no changes on the intensive margin. Of
this, inpatient rehabilitation accounts for a reduction of $1,450 and home health care about
$435. Comparing this to the estimated effect on episode spending of $2,750, we infer that
two-thirds of the reduction in complier spending is due to a reduction in PAC use. Hence,
decreasing PAC use is the dominant channel for savings for both compliers and the aver-
age participating hospital, but compliers decrease PAC more aggressively and on different

margins.

5.5 Patient health

An important concern with expanded use of prospective payment is that it can encour-
age providers to skimp on useful care, which can lead to adverse outcomes for patients
(Cutler 1995). CMS anticipated this unintended consequence when it launched this alter-

20. We compute this by scaling down the mean spending on IRF at BPCI hospitals by the
change on the extensive margin: 2,188 (mean IRFspend) * [1 — (0.138 (pre-bpci mean level) —
0.011 (estimated reduction))/0.138] ~ 174. We obtain the estimates for SNF (427) and HH (-81) using
similar logic.
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nate payment contract and included some stipulations around maintaining performance
on quality metrics. However, payments are not directly linked to quality of care in the
same way as in other CMS programs, such as the Hospital Readmissions Reduction Pro-
gram. Previous studies have found no economically or statistically meaningful effects of
bundling payments on quality of care. We also examine several quality measures. All
our models include extensive patient-level controls to adjust for differences in observed
risk. We explore concerns about potential changes in patient mix, including unobserved
selection, in Section 5.6.

Table 6 presents the estimated DD and LATE coefficients on quality metrics in Panels A
and B, respectively. In addition to the commonly studied quality metrics such as readmis-
sions and mortality, we also examine the effects on the probability of patients undergoing a
revision surgery within 90 days of the index procedure. Revision surgeries are performed
to correct difficulties that arise in the artificial joint implanted during the index procedure
(e.g., loosening of the joint resulting in dislocations) and are hence more closely linked
to lapses in surgery quality than all-cause readmissions. In addition, these are unambigu-
ously bad outcomes for patients (Katz 2006). Some experts had expressed concerns that the
financial incentive to cut costs can lead to changes in implants used by hospitals, ultimately
requiring more revisions (Koenig et al. 2018). These concerns appear to be well-founded
since hospital administrators discussed device standardization and vendor consolidation
as a strategy to reduce implant costs (Lewin Group 2017). Importantly, revision surgeries
is not one of the quality metrics monitored by CMS. Hence, examining the effects on this
“low stakes” outcome potentially helps us to assess quality more realistically (Jacob 2005).

The DD coefficients in Panel A suggest no meaningful effect on quality of care. There
is a marginally significant decrease in readmission rates of 0.3 percentage points, but the
estimated effects on all other outcomes are small and insignificant. We interpret these re-
sults as signaling no change in the quality of care at the average participating hospital.
The LATE estimates in Panel B also generally imply no clear increase in adverse outcomes
for patients, except for an increase in the frequency of revision surgeries. Although the
coefficient is small in absolute terms, it implies an increase of 100% relative to the mean
rate before BPCI. Figure 5 presents the corresponding reduced form event studies for each
outcome presented in the table. The plots confirm that hospitals with high potential finan-
cial gain did not trend differently before BPCI. For most outcomes, there are no differential
trends before or after the introduction of BPCI. Panel (c) presents dynamic effects on the
probability of revision surgeries and confirms a gradual increase after BPCI.

The estimated effect on revision surgeries implies an expected increase in Medicare
spending of approximately $380 per episode.?! This increase in cost is about 15% the size
of the implied reduction in total episode expenditure of $2,750 at the average complier
hospital. However, this does not include the non-financial harm to patients. Patient sur-

veys conducted by CMS suggest that LEJR patients experienced more adverse outcomes

21. We compute this as 1 percentage point of the average amount billed by hospitals to Medicare for a revi-
sion surgery episode, of about $38,000. This is potentially conservative since it includes surgery and follow-up
care only in the 30 days after discharge.
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at BPCI hospitals after participation. For example, they reported a statistically significant
worsening in mobility, hospital discharge experience (including whether they were dis-
charged at the right time), and overall satisfaction with their recovery. These results are
not specific to the financial compliers and are small in magnitude but are consistent with

a decrease in quality of care (Lewin Group 2018b).

5.6 Threats to validity and alternative explanations
5.6.1 Falsification: Non-orthopedic bundles

A key concern is that baseline orthopedic attributes, used to determine the potential
for financial gain, can be correlated with future spending changes through unobserved
changes in hospital-wide production inputs. An example of this concern would be that
hospitals with high potential financial gain may have also received boosts in their manage-
rial quality in the period around 2014. We assess the importance of this concern through
a falsification test. We test whether our instrument, designed to predict participation in
LEJR or an orthopedic bundle only, also predicts participation and changes in spending
in non-orthopedic bundles. These bundles are for episodes of heart failure, pneumonia,
chronic obstructive pulmonary disease (COPD), sepsis, and urinary tract infection (UTI),
in order of the number of hospitals participating in BPCI.?? The purpose of this exercise is
not to test whether BPCI delivered spending reductions in other bundles, but to assess the
validity of the instrument.

Table 7 presents the corresponding point estimates. We present the estimates for LEJR
in Column 1 for ease of comparison. The remaining columns present estimates for the
different bundle types, ordered in decreasing degree of participation. Column 7 presents
the results corresponding to a pooled sample of the five non-orthopedic bundles. Panel
A presents the DD estimate on episode spending for these bundles, which confirms that
we find similar results as in previous studies of BPCI. For example, like us, Lewin Group
(2018a) Exhibit 13 reports statistically significant reductions in episode spending in the
LEJR and UTI bundles. Hence, BPCI also produced spending reductions in other bundles
besides LEJR.

Panel B presents coefficients from the IV models. First, we confirm that the instru-
ment has negligible predictive power for participation in the non-orthopedic bundles. The
only exception is heart failure where the f-statistic for the first stage is marginally higher
than the conventional rule of thumb of 10. Since the first stage is typically weak, we focus
on the reduced form coefficients instead of the LATE estimates. Reassuringly, the instru-
ment does not predict changes in episode spending for these bundles, except in the case
of COPD, where it predicts an increase in expenditure. When we consider a pooled sam-
ple of the five conditions, the reduced form coefficient is small and statistically insignif-
icant, and the confidence interval excludes the coefficient we obtain for LEJR. Figure 6

22. Table A.2 Panels A and B show that the correlations between LEJR and these bundles on total and post-
discharge spending were typically around 0.7 and 0.6, respectively. Hence, if hospital-wide factors drive
changes in LEJR spending, they can plausibly do so for the other bundles.
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presents the corresponding dynamic reduced form effects on episode spending for LEJR
(thick red line) and each of the comparison conditions (gray lines). The figure illustrates
that our orthopedic-based instrument is not correlated with the changes in spending for
non-orthopedic bundles. This evidence reassures us that the instrument does not predict
a reduction in episode spending where there is no basis for a relationship, supporting the

exclusion restriction.

5.6.2 Contemporaneous hospital-wide changes

A threat is that our results may reflect contemporaneous changes in spending at par-
ticipating hospitals that are unrelated to BPCI. For example, these could reflect responses
to broader changes in the regulatory environment. We test the importance of this concern
in two ways. First, in this spirit of falsification, we examine whether BPCI participants
also produce similar spending reductions for an unrelated surgery, which would reflect
hospital-wide changes. Second, we test the sensitivity of the baseline coefficients to using
a modified model that allows hospitals with specific attributes to have a differential effect
after 2013.

Unrelated surgical episode

We examine the effects on episode spending and PAC use for cholecystectomy (gall-
bladder removal) surgeries in hospitals participating in the LEJR bundle. This is a high-
volume surgery that frequently results in the use of PAC and is performed by a differ-
ent type of surgeon (general or gastrointestinal specialty), mitigating the potential for
spillovers of clinical practice style within the hospital.

Table A.3 presents the corresponding results on episode spending and use of PAC for
this surgery in Columns 1 and 2, respectively. Panel A reports the DD coefficients, which
are small and statistically insignificant. The confidence interval of the spending estimate
is precise enough to exclude the corresponding DD coefficient on LEJR spending. Panel B
presents the corresponding LATE coefficients using our baseline instrument. These sug-
gest small, positive, and statistically insignificant changes in the outcomes. The confidence
intervals here also exclude the main LATE coefficients estimated in the case of LEJR. Figure
A.5 presents the reduced form dynamic coefficients and confirms the absence of changes
in trends after 2013. Hence, the decrease in the spending for LE]R episodes at participating
hospitals or at financial compliers does not reflect hospital-wide trends.

Sensitivity checks

Since the instrument assigns hospitals with greater Medicare orthopedic revenue to
greater potential financial gain, one may worry that the LATE partly reflects spending
patterns at larger hospitals that adapted better to broader changes in regulation. We assess
the importance of this concern by testing the sensitivity of the main DD or IV coefficient

to including an interaction term of an indicator of above-median baseline hospital revenue
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with a flag for the post-BPCI period. Table A.4 presents the corresponding results. Panels A
and B present the DD and IV estimates, respectively. For brevity, we focus on the primary
specifications, which correspond to Columns 2 and 6 in Table 3, respectively. The upper
row of each panel presents the baseline coefficients to facilitate comparison.

Panel A shows that the DD coefficients are essentially unchanged when we allow
large hospitals to have a differential trend post-2013. Large hospitals reduce LEJR episode
spending differentially after 2013. However, this does not affect the DD coefficient on BPCI
participation. Similarly, we include this interaction term in the model estimated by 2SLS.
The coefficients in Panel B show that the first stage and LATE coefficients attenuate by
about 10-15%, but continue to be very precisely estimated and well within the confidence
interval of the main estimate.

Another concern in the same vein is that the participating hospitals with more favor-
able historic trends disproportionately contribute to the average savings we estimate for
BPCI. This is not necessarily inefficient, since both the DD and the IV estimators calculate
savings as the result of a deviation in trends for participants relative to the trends of the
counterfactual groups. If participants continued to progress along their pre-BPCI trends,
this approach would estimate little or no spending reduction. However, it does affect the
interpretation of the results.

We empirically test the sensitivity of the baseline coefficients to allowing hospitals
that enjoyed a favorable historical trend to have a differential effect after 2013. Table A.5
presents the corresponding results. Panel A presents the results for the DD model. The top
row repeats the baseline results from Table 3 Columns 2 and 6 to facilitate comparison. We
find that hospitals with favorable historic trends reduced episode spending differentially,
but this change in the model hardly affects the main DD coefficients. Hence, we conclude
that the ATT estimate for BPCI is not driven by hospitals that already enjoyed a favorable
spending trajectory.

We similarly examine the sensitivity of the IV estimates. We first check the correlation
between the instrument, the potential for high financial gain, and the hospital’s historic
spending trend. Figure A.1 Panel B presents the share of hospitals in each quartile of ex-
pected gain deemed to have a high potential for financial gain. Reassuringly, shares are
relatively similar across all quartiles, ranging between 13% and 16%. A formal regression
of the quartile indicators on the instrument recovers coefficients that are jointly statistically
insignificant, with a p-value of 0.39. The coefficients are also individually statistically in-
significant at the 5% level. We then modify the IV model by including the interaction term
for hospitals with favorable historical trends. The modified results show that, although
these hospitals differentially reduced spending after 2014, this change does not signifi-
cantly affect the LATE estimates. Hence, the causal effect for financial compliers is also not
driven by hospitals with favorable historical trends.
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5.6.3 Mean reversion

We assess whether the LATE estimate could be driven by mean reversion in episode
spending. Our choice of using 2007 data to construct the instrument mitigates this possi-
bility. Nevertheless we assess this concern and study the unadjusted time series trends in
mean episode spending in Figure A.6. The figure presents the trends separately for hospi-
tals with high and low values of potential financial gain. To focus on trends and abstract
from levels, we normalize the values so that each curve is set at 100 in 2013. The two
groups evolve in parallel over six years (from 2008 through 2013) and diverge only after
the introduction of BPCI. Trends virtually overlap between 2010 and 2013. This evidence
suggests that mean reversion is not empirically important in this setting.

5.6.4 Patient selection

We evaluate in multiple ways the possibility that BPCI participants selected patients
based on risk to facilitate reducing episode spending. However, we find no evidence to
support this channel, similar to previous studies (Finkelstein et al. 2018; Barnett et al. 2019;
Einav et al. 2022). Table A.6 and Figure 7 present the corresponding point estimates and re-
duced form dynamic effects, respectively. We directly assess whether there is a differential
change in the observed risk of patients in participating hospitals after BPCI. We summa-
rize information on patient risk across a rich set of disease comorbidities and utilization
history by generating a predicted risk of adverse outcomes such as readmissions and the
use of different types of PAC.?* Figure 7 Panels (a)~(d) present the corresponding reduced
form event study plots. There is no discernible pattern before or after 2013. Table A.6 Panel
A presents the corresponding coefficients. Although some DD coefficients are precisely es-
timated and suggest a change in predicted use of SNF or HH care, all LATE coefficients
are statistically insignificant. More importantly, both the DD and LATE sets of coefficients
are very small in magnitude when compared to the mean level of use or to the estimated
effects on PAC use reported previously. For example, we can rule out a decrease in the
predicted use of IRF at financial compliers of more than 0.5 percentage points, which is
only about 5% of the corresponding estimated decrease in the use of IRF at compliers.

We then explore the possibility of patient selection on unobserved risk by examin-
ing changes in patient mix on other dimensions that could signal such selection, such as
changes in patient distance to the index hospital, computed as the distance between the
5-digit zipcodes of the patient and the hospital where the index surgery was performed.
Figure 7 Panels (e) and (f) present reduced form event studies with distance in levels and
logs, respectively. The plots imply that there is no change in patient distance after BPCL
Table A.6 Panel B Columns 1 and 2 present the corresponding point estimates with respect
to distance. The coefficients are imprecisely estimated and indicate small effects when the

outcome is in levels.

23. We first estimate probit models using data from 2008 predicting the risk of a readmission, and the use
of inpatient rehabilitation, skilled nursing or home health during the 90-day episode. We then use the model
coefficients to generate predicted risk measures for patients in 2009-16.
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Next, we use an alternate approach to test whether hospitals have changed their patient
mix based on location and demographics. We estimate the patient propensity for treatment
in a BPCI hospital based on zip code and observables using data from 2008. We apply these
model coefficients to patients in the analysis sample and generate predicted probabilities
of their choosing a BPCI hospital, which we refer to as “BPCI propensity.” We use these
probabilities as the outcome in this analysis and examine whether there is a change in the
BPCI propensity of patients admitted to BPCI hospitals after 2013. We continue to find
null effects, which are presented in Figure 7 Panels (g) and (h). Table A.6 Panel B Columns
3 and 4 present the corresponding point estimates, which support the conclusion of no
change. Overall, the results imply that there is no change in patient complexity material

enough to explain the large reduction in care utilization at financial compliers.

6 Discussion and Conclusion

There has been an unprecedented expansion of alternate payment contracts in US
healthcare in order to align provider and social objectives. These contracts are usually
voluntary in nature and offer financial incentives to drive both participation and changes
in behavior. However, mixed evidence on their effects has led to an active debate on the
wisdom of using financial incentives to improve performance. This paper informs this de-
bate by studying an important voluntary payment reform, BPCI, which targeted savings
for Medicare, the US federal health insurance program for the elderly.

Overall, our results provide some basis for optimism. We find little evidence of inef-
ficient selection on baseline spending levels and trends, which suggests that thoughtful
contract design can mitigate such inefficiencies in voluntary programs. Using a novel IV
approach that leverages idiosyncratic variation in potential gain across hospitals due to
the payment formula, we estimate the causal treatment effects for hospitals induced to
participate by the financial reward. We show that these “financial compliers” constitute a
substantial minority of participating hospitals, which is consistent with interviews of ad-
ministrators suggesting that learning, not financial gain, was the primary motivation to
participate. Compliers have some distinctive characteristics, such as a much higher prob-
ability of being for-profit-owned. Compliers obtain gross savings three times that of the
average participating hospital by reducing medical services much more aggressively. We
rule out several alternative explanations, including the possibility that compliers change
patient mix to achieve these savings. Comparing the ATT and the LATE, the results fur-
ther imply that always takers with regard to our instrument achieve very low savings.
Although the specific estimates pertain to healthcare, the general takeaways are relevant
to settings beyond healthcare since voluntary programs are popular policy tools in many
sectors of the economy, including education, energy, and environment conservation.

However, not all is rosy. Although we do not find evidence of a decrease in quality
of care at the average participating hospital and on most quality measures at compliers,
we detect a relatively large increase in revision surgeries for patients at complier hospitals.
This is an unambiguous signal of a decline in quality and suggests that achieving large
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savings in Medicare spending may involve a tradeoff with patient welfare. More work is
needed, ideally using detailed clinical or survey data, to better understand the effects on
patient welfare.

Although we have begun to shed light on this important topic, there are several av-
enues for future work. This paper focused on how hospitals respond to the use of financial
incentives in voluntary contracts, which is the key lever pulled by healthcare regulators
and insurers in such programs. However, our results suggest that they should also explore
other inducement tools, as multiple factors influence provider decisions and could offer
paths to attract participants more likely to succeed under the new contract. More evidence
is also needed on the effectiveness of different contract designs and information interven-
tions so that prospective participants are correctly matched to contracts to maximize social
objectives.
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Note: This figure presents trends in lower extremity joint replacement (LEJR) cases for Medicare fee-
for-service patients (admissions for DRG 469 or 470). Panel (a) presents the share of LEJR episodes
performed at BPCI hospitals over time across all markets in the US (except US territories and Mary-
land). Panel (b) presents the trend in mean 90-day episode spending, expressed in 2016 dollars. Panel
(c) presents the mean length of stay for index LEJR surgeries in our sample. Panel (d) presents the
mean share of episodes with any PAC use (inpatient rehabilitation, skilled nursing, or home health).
Note that 2016 includes episodes only from the first three quarters of the year since we cannot observe
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Figure 1: Trends in Medicare LE]R surgeries

the entire episode for surgeries performed in the last quarter.
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(a) Orthopedic revenue
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Figure 2: BPCI participation and baseline orthopedic performance

Note: This figure presents the association between BPCI participation between 2014-16 and baseline
orthopedic performance, which is calculated using 2007 data. Panel (a) presents a binned scatter plot
of the relationship between the hospital’s Medicare baseline orthopedic revenue (millions of dollars)
on the X-axis and participation on the Y-axis. Panel (b) replaces orthopedic revenue with mean post-
discharge episode spending (thousands of dollars) in orthopedic episodes. These plots also present
the slope coefficient obtained from an OLS regression of the corresponding baseline orthopedic value
on an indicator of participation. Panel (c) presents the variation in participation against the joint
distribution of orthopedic revenue and post-discharge spending. Orthopedic performance measures
are obtained using data in 2007, described in Section A.3. Each hospital is weighted by the number
of LEJR cases prior to BPCL
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(a) Total volume per bed

(b) Orthopedic admissions per bed
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Figure 3: Trends prior to BPCI

Note: This figure presents estimated reduced form dynamic effects (i.e., comparing hospitals with
low vs. high potential for gain) in time-varying hospital and patient characteristics prior to BPCI. The
coefficients are obtained by estimating Equation 6. Total volume in Panel (a) is taken from annual
American Hospital Association (AHA) surveys. Panels (b) and (c) present effects on Medicare fee-
for-service orthopedic admissions and revenue per bed, respectively. Panel (d) presents trends in
Medicare fee-for-service lower extremity joint replacement (LEJR) volume per bed. Panel (e) presents
the trends in Medicare Advantage (MA) penetration, computed as described in Section 3.2. In Panel
(f), predicted values from a probit model (fit on 2008 data) for each patient admitted with LE]JR serve
as our measure of predicted risk of SNF use. The sample for predicted risk of SNF use begins in 2009
in order to avoid reusing the 2008 cases used to estimate the probit model. The models in Panels

(a)-(e) are estimated on hospital-year level data, while that in Panel (f) is estimated on patient-level
data.
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Figure 4: Effects on spending and utilization of care

Note: This figure presents reduced form dynamic effects (i.e., comparing hospitals with low vs. high
potential for gain) on (log) episode spending (Panel a), index stay length in logs (Panel b), and the use
of any post-acute care (Panel c). The coefficients are obtained by estimating a reduced form variant
of Equation 3 where the participation indicator, dy, is replaced by the instrument, z;. In addition to
hospital and market by year fixed effects, the models also include patient controls. Standard errors

are clustered by hospital. Figure A.2 presents the corresponding DD event study plots obtained by
comparing participants to nonparticipants.
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Figure 5: Effects on quality of care

Note: This figure presents reduced form dynamic effects (i.e., comparing hospitals with low vs.
high potential for gain) on standard quality of care outcomes for LEJR patients. The coefficients are
obtained by estimating a reduced form variant of Equation 3 where the participation indicator, dy,, is
replaced by the instrument, z;. Readmissions, presented in Panel (a), are defined to include revision
surgeries. Revision surgeries are defined using DRGs 466, 467, and 468. Complication measures are
constructed following CMS documentation, as described in Section A.1. The models include hospital
and market by year fixed effects and patient controls. Standard errors are clustered by hospital.



Voluntary programs 39

Percent Change from 2013

0.04
0.03 1
0.02 1
0.01 1

0004+ -~ -t\;—_-_:_—_'u--- P ¥ e Tl Sl B

-0.01 1

-0.02 1

-0.03
-~ LEJR

-0.04 Other Bundles

2009 2010 2011 2012 2013 2014 2015 2016
Calendar Year

Figure 6: Joint replacement versus other clinical bundles

Note: This figure presents the estimated dynamic reduced form effects (i.e., comparing hospitals
with low vs. high potential for gain) on 90-day episode spending for lower extremity joint replace-
ment (LEJR) in bold red and five other clinical episode bundles (congestive heart failure, pneumonia,
chronic obstructive pulmonary disease, sepsis, and urinary tract infections) in light grey. The co-
efficients are obtained by estimating a reduced form variant of Equation 3 where the participation
indicator, dj, is replaced by the instrument, z,. We de-mean the coefficients by the 2009-12 cohort-
specific mean so that the trends for all conditions are centered around zero in the pre-BPCI period.
We do not present confidence intervals to facilitate clarity. The average reduced form coefficients are
presented in Table 7 Panel B.
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Figure 7: Patient selection

Note: This figure presents the estimated reduced form dynamic effects (i.e., comparing hos-
pitals with low vs. high potential for gain) on measures of observed and unobserved patient
complexity, as described in Section 5.6.4. The coefficients are obtained by estimating a reduced
form variant of Equation 3 where the participation indicator, ds, is replaced by the instrument,
zn. Panels (a)—-(d) present results for selection on observed risk. Predicted risk scores are gener-
ated using demographics and historical utilization and spending. Panels (e)—(h) present results
that help assess selection on unobserved risk. Distance between the patient and hospital is cal-
culated using 5-digit zipcodes. BPCI propensity is predicted using 3-digit zipcode for Panel (g),
while in Panel (h) we also use patient demographics. Section 5.6.4 describes the construction of
the propensity measures.
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Table 1: Summary statistics

Never BPCI  Ever BPCI  All Hospitals

@) 2) 3)
A. Market-level
% MA penetration 25.2 25.3 25.2
Geographic adjustment factor 0.99 1.02 0.99
Hourly wage 35.2 38.0 37.7
B. Hospital-level
Number of hospitals 2,227 302 2,529
Number of beds 263.0 366.9 275.6
% Teaching hospital 33.2 47.1 34.9
% For-profit 20 16.6 19.6
% Government 16.9 7.2 15.7
Medicare LE]R cases per bed 0.77 0.683 0.759
Total admissions per bed 44.0 48.5 44.5
Medicare ortho. revenue per bed ("000$) 25.9 27.0 26.0
C. Patient-level
Number of episodes 2,122,262 452,473 2,574,735
Length of index LE]JR stay (days) 3.8 3.8 3.8
% using any PAC during episode 80.8 86.0 81.7
% using SNF during episode 41.7 43.8 42.0
% using HH during episode 36.7 38.9 37.1
% using IRF during episode 114 13.8 11.8
% readmitted during episode 10.5 11.7 10.7
% with no post-discharge spending 18.2 12.7 17.2
Mean episode spend ("000%) 23.3 253 23.7
Mean LEJR reimbursement ("000$) 13.7 14.5 13.8
Mean readmission spend ("000%) 1.4 1.5 1.4
Mean PAC spend ("000$) 8.3 9.2 8.4
Mean SNF spend ('000$) 5.1 5.5 5.1
Mean IRF spend ("000%) 1.8 2.2 1.8
Mean HH spend ("000%) 1.3 1.5 1.3
% Pred. risk of SNF use 40.4 40.3 40.4

Note: This table presents descriptive statistics on the main analysis sample. All spending values are
expressed in 2016 dollars. Unless otherwise noted, all descriptive statistics pertain to January 2009
through December 2013, i.e., prior to the introduction of BPCI. Columns 1 and 2 present values for
hospitals that do not participate in BPCI through the end of our sample (‘never’ BPCI) or do partic-
ipate (‘'ever’ BPCI), respectively. Panel A presents evidence on relevant market-level attributes. MA
denotes Medicare Advantage, the portion of Medicare where beneficiaries receive benefits through
private insurance plans. Panel B presents evidence on relevant hospital-level factors. Since partici-
pants are substantially larger in bed size, we present volume and revenue measures per bed. Panel C
presents evidence on relevant aspects of episodes. LEJR denotes lower extremity joint replacement,
the surgery that we focus on in this paper. PAC denotes post-acute care, SNF skilled nursing facility,
HH home health care, and IRF inpatient rehabilitation facility. We generate predicted risk of SNF use
as described in Section 3.2.
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Table 2: Balance tests

zn - Ty Overall trend

@ @

Total volume per bed 0.0158 -0.373***
(0.221) (0.066)

Ortho. admissions per bed -0.001 -0.034***
(0.010) (0.006)
Ortho. revenue per bed 220 432***
(293) (81.9)

LEJR volume per bed 0.002 -0.010***
(0.006) (0.003)
MA penetration (%) 0.008 1.25"**
(0.022) (0.020)

Predicted risk of SNF use (%)  -0.022 -0.233***

(0.051) (0.018)

Note: This table reports results from formal tests of differential trends in the
pre-BPCI period (2008-2013) on six time-varying hospital, market, and patient at-
tributes as outcomes. The same outcomes are also studied in Figure 3. Column 1
reports differential linear trends for hospitals that had high potential for financial
gain. The coefficients in Column 1 corresponds to § from Equation 7. Column 2
reports the coefficient  corresponding to the overall linear trend across hospitals
from the following model: Ci¢ = an + v T + €xe. Medicare Advantage (MA) pen-
etration is computed as described in Section 3.2. We use predicted values from a
probit model (fit on 2008 data) for each patient admitted with LEJR as our measure
of predicted risk of SNF use. The sample for predicted risk of SNF use begins in
2009 in order to avoid reusing the 2008 cases used to estimate the probit model. All
models are estimated on aggregated hospital-year level data, except for predicted
SNF risk, which is estimated on patient-level data.
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Table 3: Episode spending

Log(spending);n: ALog(spending)
(1) (2) (3) 4 (©) (6)
A.DD
BPCI x Post —0.032***  —0.031*** —0.032***  —0.031*** —0.041"** —0.028***
(0.005) (0.005) (0.005) (0.005) (0.006) (0.005)
B. LATE
BPCI x Post -0.116*** —-0.112*** —-0.114*** —-0.108*** —0.131*"* —0.126""*
(0.038) (0.037) (0.038) (0.037) (0.034) (0.031)
First stage 0.125*** 0.125*** 0.124*** 0.124*** 0.195*** 0.174***
(0.030) (0.030) (0.030) (0.030) (0.040) (0.035)
F-statistic 17.7 17.7 17.4 174 24.3 25.3
Observations 2,574,735 2,574,735 2,572,788 2,572,788 2,437 2,437
7 25.346 25.346 25.346 25.346 -0.084 -0.084
Patient Controls N Y N Y N Y
Hospital Controls N N Y Y N N

Note: This table presents estimated effects on log episode spending, our main outcome of interest.
Panels A and B present the DD and IV coefficients, respectively. Patient controls include age, gender,
race, disability status, and indicators for co-morbidities used to compute Elixhauser score. Hospital
time-varying controls were sourced from the AHA survey and include beds, admissions, Medicare
admission share, Medicaid admission share, Orthopedic share of medicare inpatient revenue, and
an ACO participation indicator. We lose 1,724 observations when including hospital controls due
to hospitals not observed in the AHA survey. Columns 1-4 present results from models estimated
on patient-level data, while column 5-6 present results from models estimated on cross-sectional
data. Standard errors are clustered by hospital in Columns 1-4 and are robust to heteroskedasticity
in Columns 5 and 6. The outcome for the cross-sectional analysis is the long difference in mean
log episode spending between 2014-16 and 2009-13. The cross-sectional sample drops 92 never-
BPCI hospitals which do not perform LEJR surgeries post-2013. In the cross-sectional regression
models, hospitals are weighted by pre-BPCI LEJR volume (2009-2013). The models in Columns 2
and 6 represent our preferred specifications. The mean values in Columns 1-4 present mean episode
spending in thousands of dollars. In Columns 5 and 6 they present the mean long difference in log
episode spending.
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Table 4: Sensitivity to using alternate instruments

Observed Observed Exp. gain Exp.
Baseline ortho. LEJR > median gain
@ @ ®G) @ ©)
1(BPCI) —0.126""* —0.1417* —0.219"** —0.179"* —0.091""*
(0.0308) (0.0438) (0.0653) (0.0368) (0.0289)
[-0.207,-0.081]  [-0.282,-0.076]  [-0.479,-0.136] [-0.275,-0.124]  [-0.139,-0.027]
First Stage 0.174*~ 0.138*** 0.13"** 0.133*** 0.0318"**
(0.0347) (0.0353) (0.0375) (0.0232) (0.00379)
F-Statistic 25.289 15.369 11.995 32.646 70.655
Observations 2,437 2,437 2,437 2,149 2,149
Z 1st 0 0 0 0 0.151
Z Mean 0.242 0.216 0.222 0.519 1.66
Z 99th 1 1 1 1 10.5

Note: This table presents the sensitivity of the BPCI per-episode-spending effect and first stage
strength to using different formulations of the instrument for participation. Each column presents
2SLS estimates from a hospital level regression of change in log spending on an indicator for BPCI
participation using a different measure of high potential financial gain as the excluded instrument.
All regressions are weighted by hospitals” pre-BPCI volume (2009-2013). The spending outcome
used in all columns is the long difference between average 2009-2013 and 2014-2016 log episode
spending. All regressions control for the patient characteristics included in the baseline specification
presented in Table 3 Column 6. Robust standard errors are presented in parentheses. We also present
in square brackets weak instrument robust Anderson-Rubin 95% confidence intervals obtained us-
ing the STATA command “twostepweakiv" recommended by Andrews, Stock, and Sun (2019). Z -
pl, Z - Mean, and Z - p99 denote the first percentile, mean, and 99th percentile of each instrument,
respectively. The instruments are described in detail in Section 5.1. Columns 4 and 5 use measures of
expected financial gain, calculated as described in Section 5.1. These models have fewer observations
since we limit the sample to hospitals with at least 25 LEJR cases. Column 4 presents results using an
indicator for above median expected financial gain. Column 5 uses the expected financial gain value
in $100,000 units.
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Table 5: Utilization of care

Index stay PAC use
log(LOS) LOS<2  AnyPAC HH IRF SNF
@) @) ®) ) ©) (©)

A.DD
BPCI x Post —0.042""" 0.055"*~ —-0.017*~ 0.021*~ —0.011*" —0.034"**

(0.010) (0.010) (0.008) (0.009) (0.005) (0.007)
B. LATE
BPCI x Post —0.105* 0.159* —0.131** —0.120" —0.090*" 0.021

(0.062) (0.073) (0.051) (0.064) (0.038) (0.048)

Observations 2,574,735 2,574,735 2,574,735 2,574,735 2,574,735 2,574,735
7] 3.813 0.22 0.860 0.389 0.138 0.438

Note: This table presents the estimated effects on utilization of care obtained using the primary spec-
ification, discussed in Section 4, and corresponding to the coefficients in Table 3 Col. 2. Columns 1
and 2 present effects on outcomes related to length of stay (LOS) for the index LEJR surgery. Column
3 presents effects on any use of post-acute care (PAC) in the 90 days following discharge. Columns
4-6 present the corresponding effects on the use of home health (HH), inpatient rehabilitation (IRF),
and skilled nursing (SNF), respectively. Panel A presents DD coefficients, while Panel B presents
the LATE coefficients. Patient controls include age, gender, race, disability status, and indicators
for co-morbidities used to compute Elixhauser score. Standard errors are clustered by hospital and
presented in parentheses.

Table 6: Quality of care

CMS complications measure

90-day 90-day 90-day Composite Joint Mechanical
Readmissions =~ Mortality =~ Revisions Infection
@ @) ®G) @) ©) (©)

A.DD
BPCI x Post —0.003" —0.001 0.0001 —0.0004 0.0001 —0.0004

(0.002) (0.001) (0.0004) (0.001) (0.001) (0.0004)
B. LATE
BPCI x Post —0.003 —0.004 0.008*~ 0.005 0.007 0.003

(0.012) (0.005) (0.003) (0.006) (0.005) (0.003)
Observations 2,574,735 2,574,735 2,537,969 2,574,735 2,574,735 2,574,735
] 0.101 0.028 0.008 0.042 0.021 0.008

Note: This table presents estimated effects on miscellaneous outcomes related to quality of care
using the primary specification described in Section 4, which corresponds to Column 2 in Table 3.
For 90-day revisions, we drop episodes where a subsequent joint replacement (469 or 470) occurs
during the 90 days after discharge. Readmissions, presented in Column 1, include revision surgeries.
Revision surgeries are defined using DRGs 466, 467, and 468. Complication measures are constructed
following CMS documentation, as described in Section A.1. Panel A presents DD coefficients, while
Panel B presents the LATE coefficients. Patient controls include age, gender, race, disability status,
and indicators for co-morbidities used to compute Elixhauser score. Standard errors are clustered by
hospital and presented in parentheses.
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Table 7: Effect on spending for LEJR versus other bundles

LEJR CHF PNA COPD Sepsis UTI Pooled
@ @) ®) @) ©) (6) @)
A.DD
BPCI x Post —0.031*** —0.006 —0.009 —0.004 —0.008 —0.019* —0.006"
(0.005) (0.006) (0.006) (0.007) (0.005) (0.010) (0.004)
B. LATE
Reduced Form —0.014*** 0.0002 —0.001 0.016*** 0.002 0.010* 0.003
(0.004) (0.004) (0.004) (0.004) (0.003) (0.005) (0.003)
First stage F-stat. 17.7 12.2 3.2 3.0 0.9 1.1 5.6
Observations 2,574,735 2,103,288 2,388,107 1,663,846 2,424,028 1,270,679 9,849,948
Mean BPCI x Post 0.067 0.036 0.022 0.021 0.029 0.016 0.026
N. BPCI Hospitals 302 174 136 130 119 88 238
] 22,872 19,155 18,366 14,899 24,613 17,590 19,386

Note: This table presents estimated effects on log episode spending for LEJR (Column 1) and five other clinical
bundle episodes included in the BPCI program (Columns 2-6). These are, respectively, congestive heart failure
(CHF), pneumonia (PNA), chronic obstructive pulmonary disease (COPD), sepsis, and urinary tract infections
(UTI). These are the largest bundles in BPCI by hospital participation after LEJR. Column 7 presents results
on a pooled sample across these 5 bundles. Panel A presents DD coefficients, while Panel B presents the
reduced form coefficients and corresponding first stage f-statistics. Models include patient controls, hospital,
and HRR by year fixed effects. Patient controls include age, gender, race, disability status, and indicators for
co-morbidities used to compute Elixhauser score. Standard errors are clustered by hospital and presented in

parentheses.
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A Appendix

A.1 Sample and variable construction

Our primary data source is encounter-level data from the Medicare Provider Analysis
and Review (MedPAR) files from 20062016, which contains all hospital and institutional
post-acute care stays for fee-for-service Medicare beneficiaries. We link these hospital stays
with additional beneficiary demographic information in the Master Beneficiary Summary
File (MBSF) and fee-for-service claims from home health agencies (we have access to home
health agency claims from 2007-2016). The claims data include beneficiary demographics
(age, race, sex), enrollment information, death dates, and zip code of residence, as well as a
record of medical services. Information about medical services includes provider identity,
spending, encounter date, diagnosis, and procedure codes (International Classification of
Diseases).

We remove all claims in the MedPAR and HHA files that are denied or rejected, have
no covered charges, have zero Medicare payment, or involve a service for which the bene-
ficiary left against medical advice. We also remove a small number of claims in which the
admission date occurs after the discharge date or the beneficiary’s death date. We exclude
hospitals located in Maryland because they are not paid based on DRGs and those located
in US territories.

To define episodes, we first identify candidate index hospitalizations in acute care hos-
pitals paid under the inpatient prospective payment system (IPPS). To qualify as an index

stay, we require the hospital stay:
1. Is paid as an IPPS claim.
2. Does not involve a primary payer other than Medicare.
3. Is not a hospital stay for more than 365 days.

4. Does not involve a beneficiary enrolled in Medicare for end-stage renal disease or
enrolled in Medicare Advantage.

5. Is not a transfer from another inpatient hospital. In other words, when a transfer
is involved, index hospitalizations are the first hospital in which the beneficiary re-

ceives care.

6. Have a beneficiary and hospital that can both be assigned a hospital referral region
(HRR) by zip code.

We then impose several additional requirements for the inclusion of episodes in the
analysis. To reliably track spending and comorbidities, we require beneficiaries to be en-
rolled in Medicare Parts A and B from 365 days before admission until death or 90 days
post-discharge. We remove episodes if beneficiaries are enrolled in Medicare Advantage

at any point from admission until 90 days post-discharge. We also remove episodes if any
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claims in the 90 days post-discharge involve a primary payer other than Medicare. To en-
sure that we observe adequate follow-up in both the MedPAR file and home health agency
claims, we remove any episodes initiated after 9/30/2016.

Our main analysis focuses on lower extremity joint replacement (LEJR) episodes de-
fined by MS-DRG 469 or 470.2* In placebo tests, we additionally analyze episodes for
patients admitted for cholecystectomy and a set of other conditions with substantial par-
ticipation in BPCI. Cholecystectomy is defined by MS-DRGs 411-419; the BPCI conditions
are defined by MS-DRGs 291-293 (congestive heart failure), 177-179 and 193-195 (pneu-
monia), 190-192 and 202-203 (chronic obstructive pulmonary disease), 870-872 (sepsis),
689-690 (urinary tract infections) and 483-484 (major joint replacement of the upper ex-
tremity).

In the main analytic sample, we further require that the beneficiaries be over 65 years
old at the beginning of the episode. The treated hospitals are those that participated in
BPCI Model 2. Only 77 hospitals participated in Models 1 and 4, of which 51 subsequently
switched to Model 2 and are included in our sample. The remaining 26 are retained as
comparison hospitals. Model 3 targeted post-acute care providers directly. Finally, we
require that index hospitals eligible for inclusion have adequate pre-period data to reliably
estimate average predicted post-discharge spend, defined as 25 LEJR cases in 2006-2007.
We drop episodes at the remaining low-volume hospitals.

We use diagnosis codes from claims occurring in the year prior to index admission in
order to determine beneficiaries” Elixhauser comorbidities. We determine whether admis-
sions for LEJR involve a hip or femur fracture by examining the set of diagnosis codes used
by CMS for the comprehensive care for joint replacement program (CJR).?® In analyses of
revisions to joint replacements, we define joint revision using DRG 466, 467, and 468.

We define complications following the definitions stipulated in the quality measure
defined in National Quality Forum #1550, “Hospital-level risk-standardized complication
rate (RSCR) following elective primary total hip arthroplasty (THA) and/or total knee
arthroplasty (TKA).” The documentation is available from the NQF here. Within the doc-
umentation, the report, “2016 Procedure-Specific Measure Updates and Specifications Re-
port Hospital-Level Risk-Standardized Complication Measure” lists the ICD9 diagnosis
and procedure codes used to identify mechanical and prosthetic infection complications.
Specifically, the codes are listed in Table D.1.10 on pages 47-48 of the report. We define an
all-cause measure, “composite complications”, which is an indicator set to 1 if a compli-
cation is detected for any of the reasons listed in Table D.1.10: heart attack, pneumonia,
sepsis, surgical site bleeding, pulmonary embolism, death, and mechanical and infection

complications.

24. For discharges occurring prior to 10/01/2007, LEJR was categorized as DRG 544.
25. The diagnosis codes are available from CMS here.


https://www.qualityforum.org/QPS/1550
https://innovation.cms.gov/files/worksheets/cjr-icd10hipfracturecodes.xlsx
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A.2 Testing for selection on historic trends

An evergreen concern with the design of voluntary incentive programs is that the firms
that choose to join may receive a payoff under the new contract without making incremen-
tal efforts to fulfill the objective of the program. This is inefficient since the regulator or
payer makes incentive payments without changing behavior. Einav et al. (2022) call this
“selection on levels” and study it in another voluntary program called Comprehensive
Joint Replacement (CJR).

This concern is also present in the case of BPCI, although the contract design mitigates
the concern quite substantially. As discussed in Section 2.2, BPCI sets the target episode
spending level for a hospital by projecting its historic spending level using the national av-
erage trend in spending. In theory, this introduces the possibility of arbitrage for hospitals
that already enjoyed a steeper decline in spending than the national average during the
baseline period. If they can maintain their historic performance improvements, then they
will receive a payoff under BPCI without incremental efforts. We empirically test whether
such hospitals were more likely to participate in BPCI. We perform the following steps.

¢ We restrict the sample to hospitals that have at least 10 Medicare FFS LEJR patients in
each year from 2009 to 2013. This restriction is necessary since we will compute mean
episode spending by hospital-year and use it to then compute the trend in spending.
Very small samples could lead to measurement error and bias. This restriction drops
95 hospitals, but none of them are BPCI participants. The sample now has 2420
hospitals.

* We compute the compounded average annual change in mean episode spending for
each hospital between 2010-11 (July-June) and 2012-13. Similarly, we also compute
the national average annual change in mean episode spending during the same pe-

riod.

¢ We use the national trend to project each hospital’s mean episode spending value in
2013 to predict their target price in 2016. We also apply the 2% discount in this step,
following the same formula used by CMS. We choose 2016 since it is the last year of

our sample; however, the results are similar if we choose a different year.

¢ We also predict the hospital’s expected spending level in 2016 assuming that it con-
tinues its own historic trend. The main differences between this expected spending
level and the target price are 1) the use of the hospital’s own trend instead of the
national trend to project, and 2) we do not apply a discount.

* We then calculate the “expected gain” for each hospital in 2016 = target price - ex-
pected spending level. Positive values imply that the hospital is expected to make a
profit if it continues on its historic trajectory. We assign hospitals to quartiles based
on this variable, after dropping 48 hospitals with outlier values < 1 and > 99 per-
centiles, of which one is a BPCI participant. The mean expected gain in the top quar-
tile is $2,747, while that in the bottom quartile is -$6,116. 1424 hospitals are expected
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to lose money while about 950 hospitals are predicted to have positive gain under
BPCL

We now have the necessary ingredients to formally test whether hospitals expected to
receive a payoff under BPCI are also more likely to join the program. Figure A.1 Panel (a)
presents a bar graph showing the fraction of hospitals in each quartile of expected gain that
participate in BPCI at the end of our sample period. The red dashed line indicates the frac-
tion of participating hospitals in the full sample. The figure suggests that the proportion
of participants is quite stable across quartiles. We formally test this using an OLS regres-
sion model in which we regress indicators for quartiles of expected gain on an indicator
for participation. The coefficients are insignificant individually and jointly. The p-value
from the joint test of significance is 0.80. Hence, hospitals with more favorable historical
spending trends are not more likely to join BPCIL

We also test whether our instrument, the indicator for high potential financial gain,
is correlated with having a more favorable historical spending trend. Such a correlation
could raise doubts about the conditional randomness of the instrument. We perform an
equivalent analysis to test this empirically. Figure A.1 Panel (b) presents the corresponding
bar graph. The Y-axis now plots the fraction of hospitals in each quartile of expected gain
(based purely on historical trend in episode spending) that are tagged as having a high
potential financial gain according to their LEJR volume and mean episode cost in 2007.
Again, the fractions in each quartile are quite stable, with Q2 showing a slightly greater
fraction than the others. The joint test of significance of coefficients on quartile indica-
tors indicates that they are insignificant with a p-value of 0.39. The coefficient for Q2 is
individually significant at the 10% level.

We also perform an alternative analysis in which we create a flag for the expected
gain > 0 and regress this indicator on an indicator for participation or high potential for
financial gain. In both cases, the coefficients are small and statistically insignificant. Taking
this evidence collectively, we are reassured that hospitals did not sort into BPCI based on
their historical trend in spending, and the historical trend is also not correlated with the

instrument.

A.3 Construction of the instrumental variable

To capture baseline exposure to financial incentives in BPCI, we create two predicted
values. The first, predicted post-discharge spending, is a proxy for higher episode spend-
ing in the pre-BPCI period. The second, predicted revenue, is a proxy for a higher LEJR
volume in the pre-BPCI period. To create these predicted values, we use data from all or-
thopedic episodes during the 2007 calendar year. We choose to construct baseline values
long before the intervention and use the full set of orthopedic episodes to limit the concern
that predicted values are correlated with unobserved shocks or mean reversion in LEJR
spending.

To create the predicted post-discharge spending measure, we use patient-level data to

estimate linear regressions of observed post-discharge spending on hospital and patient



Voluntary programs 51

attributes. The hospital attributes include beds, a teaching status indicator, a residency
indicator, control type, and HRR fixed effects. Patient attributes include age, sex, race,
Elixhauser comorbidities, disability indicator, and DRG fixed effects. Finally, we use the
predicted values from this regression and create an average for each hospital. We use the
hospital average as the predicted post-discharge spending measure.

To create the predicted revenue measure, we use hospital-level data to estimate un-
weighted linear regression models of orthopedic revenue on hospital attributes. The hos-
pital attributes include beds, a teaching status indicator, a residency indicator, control type,
core-based statistical area (CBSA) type (urban/rural), AHA primary service code in 2007,
and non-hip and knee surgical volume. We also use AHA data to create an indicator equal
to 1 if the hospital ever reports having orthopedic services and an indicator equal to 1 if the
hospital ever is a surgical or orthopedic specialty hospital. Our predicted revenue measure
for each hospital is the predicted value from this regression.

As discussed in Section 4.2.1 and shown visually in Figure 2, we find that participation
is much more likely for the set of hospitals with high predicted revenue and predicted post-
discharge spending. Consequently, we combine these two variables into a single binary
exposure to BPCI incentives, which is equal to 1 if a hospital is above the median in both

measures.
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Additional figures and tables
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Figure A.1: Participation by expected gain based on historic trends

Note: This figure presents evidence on selection of hospitals based on their historic trends
in episode spending. Section A.2 describes in detail how we compute the expected financial
gain for each hospital in 2016, based purely on continuing their historical spending trend.
Negative values of expected gain imply that the hospital’s expected episode spending will
exceed the target price under BPCI and it will lose money on average. We drop hospitals
with < 1% and > 99% outlier values of historic spending trend from the sample and then
assign hospitals to quartiles of expected gain. Hospitals in Q4 are predicted to gain the most
and, those in Q1 to lose the most under BPCI if they continue on their historical spending
trend. Panel (a) plots the share of hospitals in each quartile that participate in BPCI. The red
dashed line indicates the share of hospitals participating in BPCI in the sample. A linear
regression with quartile indicators finds that the coefficients are individually and jointly
insignificant. The p-value from the joint test is 0.80. Panel (b) plots the share of hospitals in
each quartile with high potential for gain, our instrument. The red dashed line indicates the
share of hospitals with high potential financial gain in the sample. A linear regression with
quartile indicators finds that all coefficients except for Q2 are individually insignificant. The
coefficient for Q2 is significant at the 10% level. The joint test of significance fails to reject
the null hypothesis with a p-value of 0.39. The plots mention the mean expected gain values
within each quartile.
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(a) Episode Spend (log)
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Figure A.2: Effects on spending and utilization (DD)

Note: This figure presents results on the dynamic effects estimated using the DD model
(i.e., comparing hospitals participating in BPCI to nonparticipants) on the spending and uti-
lization outcomes examined in Figure 4. The coefficients are obtained by estimating Equa-
tion 3. The error bars denote 95% confidence intervals. Standard errors are clustered by
hospital.
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(a) Episode spending

1.0

0.91

=
oo

-

0.6

0.41

Cumulative Share of Episodes

=
(28]

0.11

0O 10 20 30 40 50 60 70 80 90 100
Episode Spending ('000)
(b) Index surgery length of stay

1.0

0.91

0.81

0.71

0.6
0.5 === e e

0.41

Cumulative Share of Episodes

0 2 ) 4 ) 6 ) 8 ) 0 2
Index Length of Stay

Figure A.3: Empirical CDFs in the pre-BPCI period

Note: This figure presents the cumulative distribution of episode spending (Panel a) and
length of stay for LEJR surgeries (Panel b) during the 2011 and 2012 calendar years.
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Change from 2013
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Figure A.4: Effects on utilization of care

Note: This figure presents results on the dynamic reduced form effects (i.e., comparing hospitals
with low vs. high potential for gain) on index stay length and the use of post-acute care. The co-
efficients are obtained by estimating a reduced form variant of Equation 3 where the participation
indicator, dj, is replaced by the instrument, z;,. Panel (a) presents effects on the probability that
length of stay is less than or equal to 2 days. Panels (b)—(d) present corresponding plots on the use
of different types of post-acute care within 90 days following discharge from the LE]JR surgery. The
models include hospital and market by year fixed effects and patient controls. Standard errors are

clustered by hospital. For reference, the cumulative distribution of length of stay is presented in
Figure A.3b.

2012 2013 2014 2015

2016
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Figure A.5: Effect on cholecystectomy spending

Note: This figure presents the estimated dynamic reduced form effects (i.e., comparing hospitals
with low vs. high potential for gain) on 90-day episode spending and PAC use in cholecystectomy

episodes. The models include patient controls, hospital, and HRR by year fixed effects. Standard
errors are clustered by hospital.
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Figure A.6: Unadjusted trends in episode spend

Note: This figure presents trends in overall episode spending for LEJR cases among Medi-
care fee-for-service patients. It shows spending trends for hospitals grouped by the instru-
ment, z5, which is an indicator for high potential financial gain. Spending (in 2016 dollars)
within each group is normalized such that 2013 spending equals 100.
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Table A.1: Complier versus participant hospitals
Full sample Compliers Treated
@) @) ®) @) ®)
Proportion Proportion  Relative Proportion  Relative
Sub-Group of sample of sample to full of sample to full
A. Hospital characteristics
Non-teaching 0.543 0.386 0.710 0.415 0.764
Teaching 0.457 0.614 1.345 0.585 1.281
Non-profit 0.716 0.722 1.009 0.826 1.154
For-profit 0.161 0.205 1.269 0.123 0.765
Government 0.123 0.064 0.519 0.050 0.411
Standalone hospital 0.277 0.299 1.080 0.204 0.737
2-10 Hospital system 0.357 0.383 1.072 0.396 1.109
> 10 Hospital system 0.366 0.310 0.847 0.400 1.092
Beds: < median 0.500 0.705 1411 0.438 0.876
Beds: > median 0.500 0.295 0.589 0.562 1.124
B. Risk in patient population
Average age: < median 0.501 0.641 1.280 0.524 1.048
Average age: > median 0.499 0.359 0.719 0.476 0.952
Pred. readm. risk: < median 0.500 0.694 1.389 0.547 1.094
Pred. readm. Risk: > median 0.500 0.306 0.611 0.453 0.906
Pred. mortality risk: < median 0.500 0.695 1.390 0.528 1.056
Pred. mortality risk: > median 0.500 0.305 0.610 0.472 0.944
Pred. complication risk: < median 0.500 0.689 1.377 0.534 1.067
Pred. complication risk: > median 0.500 0.311 0.622 0.466 0.933
C. Hospital quality
All Cause readm. rate: < median 0.507 0.484 0.953 0.423 0.834
All Cause readm. rate: > median 0.493 0.522 1.059 0.577 1.171
LEJR readm. rate: < median 0.500 0.367 0.734 0.421 0.842
LEJR readm. rate: > median 0.500 0.633 1.267 0.579 1.158
Mortality rate: < median 0.500 0.591 1.182 0.524 1.047
Mortality rate: > median 0.500 0.409 0.817 0.476 0.953
Complication rate: < median 0.500 0.646 1.290 0.546 1.091
Complication rate: > median 0.500 0.354 0.709 0.454 0.909

Note: This table presents patient-weighted shares of hospitals with certain attributes of interest in
the full sample (col. 1), among compliers (col. 2), and among all BPCI participants (col. 4). Columns 3
and 5 present the likelihood of a hospital in the complier and treated groups, respectively, of having
an attribute relative to the average hospital in the full sample. The proportion of each sub-group
in the complier sample is unobserved and is estimated following the approach proposed in Abadie
(2003) using data from the pre-BPCI period (2009-2013). Panel B presents the proportion of (patient-
weighted) hospitals in each group that are below or above the median complexity on a number of
predicted measures besides age. Panel C examines baseline performance on quality of care using a
range of risk-adjusted measures, such as mortality and readmission rates.
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Table A.2: Correlation of episode spending across clinical bundles

LEJR CHF COPD PNA SEPSIS UTI
A. Total Episode Spending

LEJR 1 - - - - -
CHF  0.787 1 - - - -
COPD  0.763  0.877 1 - - -
PNA  0.764  0.898  0.880 1 - -
SEPSIS  0.760 0.872  0.856  0.889 1 -
UTI 0.731  0.844  0.836  0.875  0.838 1

B. Post-Discharge Spending

LEJR 1 - - - - -
CHF  0.647 1 - - - -
COPD  0.602  0.798 1 - - -
PNA 0634 0.846 0815 1 - -
SEPSIS  0.562  0.763  0.728  0.825 1 -
UTI 0592  0.777  0.756  0.820  0.737 1

Note: This table presents the within-hospital correlation in episode spending
across different clinical episodes using data from 2010-12, i.e., prior to BPCI. Pan-
els A and B present the correlations for total episode spending and post-discharge
spending, respectively.

Table A.3: Effect on cholecystectomy spending

Log(spending)  Any PAC

1) (2
A.DD —0.004 0.0001
(0.005) (0.005)
B. LATE 0.014 0.022
(0.032) (0.037)
7 9.53 0.296
Observations 364,980 364,980

Note: This table presents the results from a falsification check:
spending effects for a procedure not included under BPCI,
cholecystectomy. We present estimated effects on log episode
spending and post-acute care use at hospitals participating in
the LEJR bundle using the primary specification. Panel A
presents DD coefficients, while Panel B presents the LATE coef-
ficients. Standard errors are clustered by hospital and presented
in parentheses.
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Table A.4: Differential effects at large hospitals

Log(spending);,: ALog(spending),
1) 2
A.DD
Baseline
BPCI x Post —0.031*** —0.028***
(0.005) (0.005)
Alternate
BPCI x Post —0.030*** —0.025***
(0.005) (0.005)
Abv. mdn rev. x Post —0.011*** —0.023***
(0.003) (0.004)
B. LATE
Baseline
BPCI x Post —0.112%** —0.126***
(0.037) (0.031)
First stage 0.125** 0.174***
(0.030) (0.035)
Alternate
BPCI x Post —0.102*** —0.108***
(0.044) (0.033)
Abv. mdn rev. x Post —0.004 —0.013***
(0.005) (0.005)
First stage 0.107*** 0.156***
(0.031) (0.036)
Observations 2,574,735 2,437
7 9.908 -0.084
Mean BPCI x Post 0.067 -
Mean Ever BPCI — 0.172
Patient Controls Y Y
Hospital Controls N N

Note: This table presents the results from a robustness check
including an interaction term in the baseline specification. The
term is the interaction of an indicator for above-median total
hospital revenue and an indicator for post-2013. Hospital rev-
enue is sourced from the Medicare cost reports. We compute
the mean revenue during 2009-2013 for each hospital. Column
1 here presents results corresponding to the model in Table 3
Column 2. Column 2 here presents results corresponding to the
model in Table 3 Column 6. Panel A presents the DD results and
Panel B presents the 2SLS results. The top row in each panel
presents the baseline coefficients from Table 3 to ease compar-
isons. Standard errors are clustered by hospital and presented
in parentheses.
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Table A.5: Differential effects at hospitals with favorable historic trend

Log(spending);,: ALog(spending)y,

@) @)

A.DD

Baseline

BPCI x Post —0.031*** —0.028***
(0.005) (0.005)

Alternate

BPCI x Post —0.030*** —0.027***
(0.005) (0.005)

Hospital Spending Trend x Post —0.019*** —0.026***
(0.003) (0.003)

B. LATE

Baseline

BPCI x Post —0.112*** —0.126™**
(0.037) (0.031)

First stage 0.125%** 0.174**
(0.030) (0.035)

Alternate

BPCI x Post —0.115*** —0.127**
(0.038) (0.031)

Hospital Spending Trend x Post —0.017*** —0.025***
(0.004) (0.004)

First stage 0.123*** 0.173***
(0.030) (0.035)

Observations 2,571,479 2,397

] 9.894 -0.084

Mean BPCI x Post 0.067 -

Mean Ever BPCI — 0.172

Patient Controls Y Y

Hospital Controls N N

Note: This table presents the results from a robustness check
including an interaction term in the baseline specification. The
term is the interaction of a flag for having positive expected gain
based on the spending trend during 2010-13 and an indicator
for post-2013. Section A.2 describes in detail how we calculate
the expected gain for each hospital assuming that it continues
to decrease mean episode spending on its pre-BPCI trajectory.
Column 1 here presents results corresponding to the model in
Table 3 Column 2. Column 2 here presents results correspond-
ing to the model in Table 3 Column 6. Panel A presents the DD
results and Panel B presents the 2SLS results. The top row in
each panel presents the baseline coefficients from Table 3 to ease
comparisons. Standard errors are clustered by hospital and pre-
sented in parentheses.
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Table A.6: Patient selection

1) ) 3) “)
Panel A Pred. risk Pred. use Pred. use Pred. use
readmission IRF SNF HH
Al. DD —0.0001 —0.0004 —0.002*** 0.002***
(0.0002) (0.0003) (0.001) (0.001)
A2. LATE 0.001 —0.001 —0.003 —0.005
(0.001) (0.002) (0.005) (0.006)
Observations 2,574,735 2,574,735 2,574,735 2,574,735
7 0.117 0.145 0.398 0.381
Panel B Dist. log(1+dist.) Pr(BPCI) Pr(BPCI)

to hospital to hospital geographic  geo. & patient

B1. DD 0.145 0.007 —0.004*** —0.003***
(0.150) (0.008) (0.001) (0.001)
B2. LATE —0.067 —0.054 —0.001 —0.0003
(1.082) (0.054) (0.006) (0.006)
Observations 2,574,542 2,574,542 2,574,735 2,574,735
g 19.955 2.387 0.169 0.169

Note: This table presents evidence on patient selection by the average participant (DD es-
timates) and average financial complier (LATE estimates). Panels A and B present results
related to selection on observed and unobserved attributes, respectively. Panel A presents
estimated effects using the specification from Table 3 Column 1 without patient controls.
Dependent variables pertain to the 90 days following discharge from the LEJR surgery and
are first predicted using demographics and historical utilization and spending (fit on 2008
data). The model coefficients are then applied to patient risk vectors to predict the risk of
PAC use of various types. Panel B presents estimated effects on patient attributes using the
primary specification, which corresponds to Table 3 Column 2. In Columns 1 and 2, we lose
about 200 observations corresponding to beneficiaries in zip codes without centroid coor-
dinates. Distance is winsorized at 100 miles. In Columns 3 and 4, the dependent variable,
propensity for BPCI, is predicted from a probit model of 1(ever BPCI) on 3-digit zip code
with and without patient characteristics fit on historic (2008) data. The propensity measures
are described in more detail in Section 5.6.4. Standard errors are clustered by hospital and
presented in parentheses.
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