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Policy Points:

� Concerns have been raised about risk selection in the Medicare Shared
Savings Program (MSSP). Specifically, turnover in accountable care or-
ganization (ACO) physicians and patient panels has led to concerns that
ACOs may be earning shared-savings bonuses by selecting lower-risk
patients or providers with lower-risk panels.

� We find no evidence that changes in ACO patient populations explain
savings estimates from previous evaluations through 2015.We also find
no evidence that ACOs systematically manipulated provider composi-
tion or billing to earn bonuses.

� The modest savings and lack of risk selection in the original MSSP de-
sign suggest opportunities to build on early progress.

� Recent program changes provide ACOs with more opportunity to select
providers with lower-risk patients. Understanding the effect of these
changes will be important for guiding future payment policy.

Context: The Medicare Shared Savings Program (MSSP) establishes incentives
for participating accountable care organizations (ACOs) to lower spending for
their attributed fee-for-service Medicare patients. Turnover in ACO physicians
and patient panels has raised concerns that ACOsmay be earning shared-savings
bonuses by selecting lower-risk patients or providers with lower-risk panels.

Methods:We conducted three sets of analyses of Medicare claims data. First, we
estimated overall MSSP savings through 2015 using a difference-in-differences
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approach and methods that eliminated selection bias from ACO program exit
or changes in the practices or physicians included in ACO contracts. We then
checked for residual risk selection at the patient level. Second, we reestimated
savings with methods that address undetected risk selection but could intro-
duce bias from other sources. These included patient fixed effects, baseline or
prospective assignment, and area-level MSSP exposure to hold patient popula-
tions constant. Third, we tested for changes in provider composition or provider
billing that may have contributed to bonuses, even if they were eliminated as
sources of bias in the evaluation analyses.

Findings: MSSP participation was associated with modest and increasing an-
nual gross savings in the 2012-2013 entry cohorts of ACOs that reached $139 to
$302 per patient by 2015. Savings in the 2014 entry cohort were small and not
statistically significant. Robustness checks revealed no evidence of residual risk
selection. Alternative methods to address risk selection produced results that
were substantively consistent with our primary analysis but varied somewhat
and were more sensitive to adjustment for patient characteristics, suggesting
the introduction of bias from within-patient changes in time-varying charac-
teristics. We found no evidence of ACO manipulation of provider composition
or billing to inflate savings. Finally, larger savings for physician group ACOs
were robust to consideration of differential changes in organizational structure
among non-ACO providers (eg, from consolidation).

Conclusions: Participation in the original MSSP program was associated with
modest savings and not with favorable risk selection. These findings suggest an
opportunity to build on early progress. Understanding the effect of new oppor-
tunities and incentives for risk selection in the revamped MSSP will be impor-
tant for guiding future program reforms.

Keywords: Medicare, accountable care organizations, selection bias, quasi-
experimental studies.

Inthe voluntaryMedicare Shared Savings Program (MSSP),
participating accountable care organizations (ACOs) have incen-
tives to reduce total Medicare spending for their attributed patient

populations. Specifically, an ACO is eligible for a shared-savings bonus if
total per-beneficiary Medicare spending is sufficiently below its spend-
ing target, or benchmark, and if its performance on a set of quality mea-
sures meets minimum standards. In track 1 of the MSSP—the track in
which almost all ACOs (99%) participated for the first four years of
the program1—the shared-savings bonus was 50% of the difference be-
tween an ACO’s spending and its benchmark, less a smallpercentage for
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submaximal quality scores. The benchmark in a given performance year
was based on an ACO’s average historical spending beforeMSSP entry for
analogously attributed patients, updated to the performance year based
on average national Medicare spending growth.

Existing evidence indicates that participation in the MSSP produced
modest reductions in Medicare spending for ACO patients,2-6 even af-
ter accounting for bonus payments. However, churn in the patients at-
tributed to ACOs and in the providers included in ACO contracts has
raised concerns that some of the savings might be an artifact of risk
selection—that is, the result of ACOs encouraging high-cost patients
to switch to a non-ACO provider or excluding clinicians with high-cost
patients from ACO contracts. ACOs do have some incentives to engage
in favorable risk selection, but the incentives were limited by several fea-
tures of the MSSP’s original design. Moreover, risk selection can be as-
sessed and addressed by evaluation methods, even if it artificially inflates
savings that are calculated by the MSSP by comparing ACO spending
with benchmarks. Thus, evidence of risk selection does not imply that
estimates of savings from evaluations are biased; if there is favorable risk
selection, net savings can still be determined by estimating gross savings
usingmethods that address risk selection and subtracting the bonus pay-
ments (which include any unearned gains from risk selection).7 In the
following pages, we describe program features that shape incentives for
risk selection in the MSSP before turning to the empirical contributions
of this paper.

Incentives for Risk Selection in
the MSSP

TIN Level

The MSSP defines ACOs as collections of taxpayer identification num-
bers (TINs) identifying practices and Centers for Medicare and Medi-
caid Services (CMS) Certification Numbers (CCNs) identifying certain
safety-net facilities. (To simplify, we refer to both TINs and CCNs as
TINs.) An ACO’s yearly attributed population includes all patients who
receive more qualifying services from that ACO’s TINs than any other
ACO or non-ACO TIN. The attribution process assigns patients based
on care received from primary care physicians (PCPs; defined by four
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specialties: internal medicine, family medicine, general practice, or geri-
atric medicine) as long as patients receive at least one qualifying service
from a PCP. Since 88% of patients with a qualifying service have at least
one visit with a PCP, attribution is largely based on the PCPs fromwhich
patients receive care. Patients without a qualifying service with a PCP
are assigned based on receipt of the same services from non-PCP clini-
cians. Each year, ACOs in the MSSP can change the TINs in its contract
but, unlike ACOs in the Pioneer model, cannot select among clinicians
within TINs (ie, all clinicians billing under an included TIN are in the
contract).

Until 2017, the MSSP accounted for changes in TIN inclusion each
year by adjusting benchmarks to reflect the baseline spending of the re-
vised set of TINs. Thus, ACOs did not have clear incentives to favor
lower-spending TINs because the reduced spending would be offset by
reduced benchmarks. Excluding higher-spending TINs might improve
performance on utilization-based quality measures such as readmission
rates, thereby increasing their shared-savings rate (the percentage of sav-
ings they could keep if they qualified for a bonus), but this would not ar-
tificially inflate the gross savings. Because the variance of medical spend-
ing is greater when spending is higher, an ACO with downside risk for
spending in excess of benchmarks (ie, in a two-sided contract) might
avoid TINs with higher spending to minimize the probability of a large
loss from random fluctuations in spending. Through 2015, however, al-
most all ACOs did not assume downside risk, and those that did had less
risk for losses than prospect for savings.

Consequently, TIN-level selection incentives were minimal in the
original MSSP and may actually have favored inclusion of higher-
spending TINs for two reasons. First, greater variability in spending at
higher levels may present opportunities in one-sided contracts for larger
bonuses (due to random fluctuations). Second, ACOs with higher spend-
ing might generate savings more easily, because the costs of lowering
wasteful spending are likely lower when there is more wasteful spend-
ing to cut (ie, more fat to trim). Indeed, ACOs with higher baseline
spending have reduced spending more than other ACOs, on average.4

In 2017, the MSSP began to blend ACO benchmarks with average
regional spending after three years of participation. The implementation
of this regional blending will be accelerated by the recent overhaul of
the MSSP, “Pathways for Success,” which also requires ACOs to assume
more downside risk sooner after MSSP entry.8 These changes create new
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incentives for ACOs in the MSSP to select TINs with spending below
their regional average,9 but these incentives were not in place during the
period examined by MSSP evaluations to date.

Clinician Level

Given a set of TINs and the attendant benchmark, an MSSP ACO has
incentives to exclude clinicians with spending in excess of that predicted
by the hierarchical condition categories (HCC) model used to adjust for
case mix.10 To selectively exclude such physicians and their patients, an
ACO would have to identify them and arrange for them to bill under
a different TIN that is not included in the ACO’s contract (because pa-
tient attribution is determined by the billing TINs, not clinicians). An
ACO also could terminate clinicians’ employment or move them to a
different practice, though these behaviors seem implausible and might
provoke legal action. The ability to alter the attributed patient popula-
tion by changing the TIN under which clinicians bill does create some
opportunities for risk selection, and there is some anecdotal evidence of
ACOs exploiting this mechanism.11

In particular, one strategy relates to the inclusion of encounters in
postacute or long-term nursing facilities among the qualifying services
used by CMS to assign patients to ACOs. Consider an internist or geri-
atrician who sees patients in the office and on rounds with patients in
a skilled nursing facility (SNF), billing both types of services under the
same TIN. After entry into the MSSP, the physician’s organization could
arrange for the SNF encounters to be billed under a separate excluded
TIN, thereby causing patients who become acutely ill and receive more
postacute facility care than outpatient primary care to be assigned away
from the ACO to the excluded TIN in a performance year but not in the
baseline period used to calculate a benchmark. The resulting spending
reduction would not be corrected by a benchmark reduction, since the
ACO did not change its constituent TINs. Patient encounters in SNFs
were included in the MSSP attribution rules from 2012 to 2016 and
subsequently dropped in 2017.

To the extent that clinician-level selection results in lower risk-
adjusted spending by favoring clinicians with patients who are lower
risk, it should manifest as a change in case mix in the attributed popula-
tion, assuming that unobservable patient factors not included in the risk
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adjustment are correlated with the observable factors that are included.
It is possible that ACOs could select clinicians based on their efficiency
(care patterns), independent of patient risk. This may not manifest as
a change in case mix and therefore may not be testable. It is unlikely,
however, that ACOs possess the data and analytic capabilities to isolate
physicians’ efficiency from the case mix of their patients.

Selecting clinicians based on their efficiency has ambiguous norma-
tive implications.While selecting clinicians based on their patients’ risk
may be seen as wasteful gaming, selecting clinicians based on their effi-
ciency could foster competition among PCPs to bemore efficient as ACO
programs expand and exert pressure on PCPs to participate. The asso-
ciated spending reductions might offset any bonus payments to ACOs
engaging in such selection.

Patient Level

To mitigate ACO incentives to increase savings artificially through risk
selection or upcoding, the MSSP uses an HCC-based risk adjustment
model to account for changes in case mix. Among continuously served
(as opposed to new) patients, the original MSSP rules only applied down-
ward adjustments to ACO benchmarks (ie, if HCC risk scores decreased)
to discourage gaming strategies to boost benchmarks by coding more
diagnoses. Thus, ACOs had incentives to avoid patients with spend-
ing in excess of what the HCC model predicts, to attract patients with
below-predicted spending, and also to avoid continuously assigned pa-
tients with risk scores rising faster (due to illness) than the average rates
in the broader populations used to update ACO benchmarks. Unlike
Medicare Advantage (MA) plans, however, ACOs have no control over
benefit or network design and therefore may have fewer means to select
favorable risks. In the absence of the provider-level selection strategies
just described or billing manipulation described later in the paper, an
ACO would somehow have to induce high-cost patients in its attributed
population to leave the ACO—for example, by dropping them from the
practice, successfully referring them to a different PCP, or otherwise lim-
iting their access to the ACO (eg, by capping appointments for high-risk
patients).

A more plausible mechanism for risk selection at the patient level
would be for an ACO to bill for high-risk patients under a TIN not
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included in the ACO’s contract. In the overall Medicare population, the
HCC model underpredicts spending in a given year for patients with
high spending in the prior year.12 Thus, ACOs could use data on base-
line spending to identify patients whose spending in a performance year
is expected to be underpredicted, on average, and arrange for their of-
fice visits to be billed under a different TIN. For several reasons, how-
ever, the gains from such a strategy may be smaller than they seem.
First, the MSSP truncates spending per beneficiary at the 99th per-
centile, which lessens the underprediction problem.12 Second, to gain
from this strategy ACOs must alter assignment for high-cost patients
who would otherwise remain attributed to an ACO. Patients with the high-
est baseline spending, however, are least likely to remain assigned to the
same ACO.13 Some will become unassignable because they no longer use
qualifying services (eg, patients at the end of life), while others suffering
health shocks (eg, a new cancer diagnosis) may shift their care to differ-
ent providers. Churn is naturally higher among high-risk patients who
develop needs for additional care. Third, ACOs receive lagged claims.
This weakens predictions of performance-year spending based on past
spending because the correlation in spending between two periods de-
cays as more time elapses between periods. Fourth, manipulating billing
for different patients at different times may require advanced informa-
tion systems that many ACOs lack. These caveats notwithstanding, the
opportunity to select favorable risks via billing manipulation is a weak-
ness in the current MSSP design.

In addition to supply-side selection efforts by ACOs, high-risk pa-
tients may exhibit stronger or weaker demand for care in ACOs. Many
ACOs target high-risk patients for enhanced care management, and
prior research has found that ACO efforts have been associated with im-
proved overall care ratings among high-risk patients.14 Thus, the tai-
lored care ACOs offer may attract, rather than repel, high-risk patients.

Attracting low-risk patients may bemore feasible than avoiding high-
risk patients. For example, ACOs could reach out to healthy patients
without qualifying services and schedule visits for them (eg, annual
wellness visits [AWVs]), thereby increasing the number of attributed
patients with below-predicted spending. The proportion of Medicare
beneficiaries without a qualifying service is modest, however, and in-
cludes a subgroup of high-risk patients (eg, decedents, hospice enrollees,
and those using only emergency and inpatient care). Thus, the strat-
egy would apply to an even smaller share of beneficiaries. Moreover,
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targeting of such efforts is likely to be highly imperfect because ACOs
cannot know ex ante which patients would not use care by the end of
a year. Imperfect targeting would contribute to higher spending due to
the additional office visits and related services for patients whose attri-
bution is not altered. Evidence to date suggests that clinicians may be
motivated to provide AWVs to a broad patient population. Medicare
patients with the lowest annual spending are not more likely to receive
AWVs than those with higher spending,15,16 and AWVs have largely
substituted for office visits as opposed to lowering the proportion of pa-
tients with no office visits. Nevertheless, this potential selection strategy
merits examination.

Contributions of This Paper

In this paper, we use evaluationmethods to estimate savings in theMSSP
that address selection bias, gauge the potential for residual selection,
and test for risk selection that may have contributed to shared-savings
bonuses but not to bias in our evaluation. First, we report new estimates
of overall savings through 2015 from a difference-in-differences analy-
sis that addresses bias from provider-level selection using an intention-
to-treat approach.5 Specifically, we hold ACOs’ providers constant over
time. These estimates reflect the combined results of earlier work that
compared savings between physician-group and hospital-based ACOs.
As in those stratified analyses,5 we find no evidence of patient risk se-
lection and estimate overall gross savings in excess of bonus payments.
We also consider the implications of differential changes in organiza-
tional structure among non-ACO providers (eg, from different exposure
to provider consolidation) and demonstrate that our finding of larger
savings among physician group ACOs is robust to this consideration.

Second, we implement alternative approaches to eliminate residual
risk selection that may have gone undetected by tests of observable pa-
tient characteristics in our evaluation (summarized in Table 1). These
include use of patient fixed effects in difference-in-differences models,
an intention-to-treat analysis holding patients’ baseline assignments to
providers (prior to the start of MSSP incentives) constant, prospective
assignments based on utilization two years prior to each study year,
and an area-level analysis defining MSSP exposure based on program
penetration in patients’ hospital referral region (HRR). We provide
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empirical evidence that these approaches—while ensuring no bias
from selection of patients with fixed characteristics predictive of lower
spending—introduce other sources of bias. Nevertheless, these ap-
proaches produce results that are generally consistent with our main
findings. We also consider an alternative patient attribution approach
(using data on referring PCPs) to address potential selection bias from
ACO efforts to use AWVs to boost attribution of healthy patients who
might otherwise be unattributed. This approach increases savings es-
timates, providing evidence against successful use of AWVs to select
lower-risk patients.

Third, we test for risk selection that may have been successfully elim-
inated in our evaluation but would have contributed to bonus pay-
ments (Table 2). We do so by allowing the provider composition of
ACOs to change over time, as it did, and repeating our evaluation anal-
ysis. We also analyze patterns of patient and physician exit from ACOs
over three performance years. We find that ACOs did not systemati-
cally favor providers with lower-risk patients or lower spending as they
changed their provider composition. We also demonstrate that analy-
ses of patient or physician exit can be misleading without considering
the counterfactual—churn in the absence of MSSP incentives. Last, we
test for ACO manipulation of the TINs used by physicians for billing
to achieve a lower-cost attributed population during the performance
period. We find no evidence of this behavior.

Finally, we discuss the implications of our findings for ACO policy
in Medicare. Although we do not find evidence of risk selection in the
early years of the MSSP, ACOs do have incentives to engage in favorable
risk selection, and the opportunities to do so have grown. We discuss
program reforms that could strengthen incentives for providers to par-
ticipate in the MSSP and lower spending while mitigating incentives
for risk selection.

Data and Methods

Evaluation of the MSSP Through 2015

UsingMedicare claims for 20% random annual samples of fee-for-service
Medicare beneficiaries from 2009 to 2015, we conducted a difference-
in-differences analysis comparing beneficiaries attributed to providers
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that entered the MSSP in 2012, 2013, or 2014, with local beneficiaries
attributed to nonparticipating providers (control group), before and af-
ter program entry by participating providers. In each year, we attributed
beneficiaries to the ACO or non-ACO TIN that accounted for the plu-
rality of allowed charges for their office visits with PCPs (Current Pro-
cedural Terminology [CPT] codes 99201–15, 99241–45, G0402, and
G0438-39 in carrier claims and corresponding revenue center codes in
outpatient claims for specific safety-net settings).17 In the pre-entry pe-
riod, attribution to an ACO means attribution to a group of providers
who subsequently enter the MSSP.

We limited the qualifying services used for assignment to office visits
with PCPs to achieve greater comparability between the ACO and con-
trol group. Use of all qualifying services in the CMS assignment rules,
which include evaluation and management services from outpatient spe-
cialists and physicians in nursing facilities, introduces systematic differ-
ences between ACO-attributed patients and the control group.5 This
occurs because many ACOs do not provide specialty care or postacute
or long-term care in nursing facilities.4,18,19 Consequently, beneficiaries
using nursing facility care or only specialty care would be dispropor-
tionately assigned to the control group. When comparison groups in a
difference-in-differences analysis systematically differ, a stronger com-
mon shocks assumption is required; in this context, drivers of spending
growth other than the MSSP would be more likely to differentially af-
fect the attributed populations of ACO vs. non-ACO providers if the
populations differ.

Our modifications to beneficiary assignment also minimized bias
from gaming strategies that involve changes in the TINs used for billing
(described earlier). For example, a patient who requires more postacute
care than primary care would be assigned by the CMS algorithm to the
TIN billing for the postacute care but in our analysis would remain as-
signed to the ACO or non-ACO TIN providing the primary care.

As expected from the dominant role of primary care in the CMS at-
tribution algorithm, our assignments and CMS assignments overlapped
substantially. For example, 89% of beneficiaries we attributed in 2013
to ACOs entering the MSSP in 2012-2013 were found in the 2013
MSSP Beneficiary-level attribution file;20 of those, the assigned ACO
matched in more than 99% of cases. Of beneficiaries in the 2013 MSSP
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Beneficiary-level attribution file, we attributed 84% to ACOs; of those,
the assigned ACO matched in 96% of cases.

After assigning beneficiaries to providers, we fit the following linear
regression model:

Yitkh = β0 + β1ACOitk + β2HRR_Yearith + β3ACOcohort_Postitk

+ β4Covariates + εitkh

where Y is the annual Medicare spending for beneficiary i in year t at-
tributed to ACO k or a non-ACO TIN and residing in HRR h; ACO is
a vector of indicators for each ACO with the non-ACO control group
as the omitted reference group; HRR_Year is a vector of indicators for
each HRR-year combination; ACOcohort_Post is a vector of indicators of
attribution to a specific entry cohort of ACOs (2012, 2013, or 2014
cohort) in a specific postentry year; Covariates is a vector of the patient
characteristics listed in Table 4; and β1-β4 are vectors of coefficients
corresponding to each term.

The ACO fixed effects adjust for pre-entry differences between ACOs
and the control group and for any changes in the distribution of ACO-
attributed beneficiaries across ACOs. The HRR-year fixed effects adjust
for geographic differences between ACOs and the control group and for
regional changes in spending for the control group. Thus, the estimated
effect of MSSP participation (β3) is the difference between spending for
ACO-attributed patients in a postentry year and spending that would
be expected for ACO patients if the change from the pre-entry period
to that year was equal to the change observed for patients in the same
HRR served by non-ACO providers (the differential change in spending
for ACO patients, or gross savings). We used a robust variance estimator,
specifying clusters as ACOs (for ACO-attributed beneficiaries) or HRRs
(for the control group). Specifying HRRs as the clusters for all beneficia-
ries yielded similar results. Additional details of the methods, including
exclusion of patients attributed to Pioneer ACOs, have been published
elsewhere.5

To eliminate bias from selective dropout of ACOs by 2015, our anal-
ysis followed an intention-to-treat approach in which we retained all
ACOs through 2015 regardless of participation status. To eliminate bias
arising from changes in the sets of TINs or physicians composing ACOs,
we held constant from 2009 to 2015 the definition of ACOs as collec-
tions of TINs or physician National Provider Identifiers (NPIs), in the
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latter case modifying attribution to assign patients to a group of ACO
NPIs or a non-ACO NPI. We held the PCPs in each ACO constant to
eliminate bias from changes in ACO PCP composition instead of us-
ing fixed effects for beneficiaries’ assigned PCP, because PCP fixed ef-
fects could introduce bias if, for example, ACOs shift patients to more
cost-effective clinicians (eg, by prioritizing ACO patients for schedul-
ing with their established PCPs). We did not wish to remove the effects
of such strategic shifting from our evaluation of savings. As previously
reported,5 including PCP fixed effects did not alter our conclusions.

We conducted additional analyses to assess potential violations of
the identifying assumption of our difference-in-differences analysis: that
the ACO control group difference would have remained constant in
the absence of MSSP participation. We estimated differential changes in
patient characteristics and compared savings estimates with and with-
out adjustment for fixed and time-varying patient covariates. For time-
varying covariates potentially affected by the MSSP (eg, HCC scores via
upcoding), we checked the sensitivity of results to adjusting for values
derived from data several years prior to a given study year, as opposed
to the year before. In addition to regression adjustments, we also im-
plemented a propensity-score weighting technique to balance covariates
between ACOs and the control group in each year.5,21

We estimated differences in pre-entry trends between ACOs and the
control group and conducted falsification tests treating pre-entry years
as hypothetical entry years.We also conducted falsification tests treating
both non-ACO TINs that were large enough after the start of the MSSP
to participate (an expected 5,000-plus assigned beneficiaries in the full
Medicare population) and the 2015 MSSP entrants (which we did not
analyze in the main analyses) as hypothetical entrants in various years. In
addition to testing whether large provider organizations or groups that
eventually joined the MSSP had slower spending growth when not par-
ticipating, these falsification tests also explored whether our intention-
to-treat approach, which categorized TINs by their ACO status at the
outset of MSSP entry and held the treatment group of TINs constant,
might produce differential reductions in spending in the absence of the
MSSP.

Finally, we considered potential bias from differential changes in the
share of patients served by higher- or lower-spending organizations, as
might result from differential exposure to mergers, acquisitions, and
organizational expansion. In particular, our finding of greater savings
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in physician group ACOs could be partially explained by differential
spending increases expected from hospital acquisition of physician prac-
tices and associated price increases (Medicare reimburses care in hospital-
owned settings at higher rates than in the independent office setting). In
previous work, we conducted falsification tests treating non-ACO physi-
cian groups as hypothetical ACOs and concluded that the differential
exposure of the control group to hospital-physician consolidation (and
expansion of hospital outpatient departments) contributed minimally to
overall estimated savings for physician group ACOs.

In this paper, we also consider the addition of non-ACO organiza-
tional fixed effects to our models as an alternative strategy to address
this concern by basing estimation on within-organization changes in
spending. Specifically, we included fixed effects for the TIN or CCN to
which non-ACO beneficiaries were assigned, in addition to ACO fixed
effects for ACO-assigned beneficiaries. These additional controls would
adjust for differential price increases in the control group resulting from
expansion of hospital outpatient departments or hospital acquisition of
physician practices (assuming acquired practices bill under the acquir-
ing hospitals’ outpatient TINs). Controlling for TIN/CCN fixed effects,
however, could also introduce bias by selectively excluding in pre-entry
or postentry years certain groups of clinicians and patients whose TINs
or CCNs are not consistently present throughout the study period. For
example, observations for patients of retiring solo practitioners would
be excluded before but not after the retirements cause patients to re-sort
to other practices. Likewise, if practices acquired by other organizations
bill under the acquiring organization’s TIN and have persistently dis-
tinct practice patterns, comparisons of within-TIN changes in spending
between ACOs and non-ACO providers could be confounded by differ-
ential changes in TIN membership and the fixed practice patterns of
member clinicians. In that case, a model without provider fixed effects
would be less prone to bias than one with provider fixed effects. Thus,
estimates controlling for provider fixed effects are hard to interpret.

Moreover, attempts to adjust for differential provider consolidation
among ACO and non-ACO providers may bias savings estimates if the
effects of consolidation in one group spill over onto spending in the
other group. If, for example, primary care practice ACOs save in part by
steering their patients away from high-priced hospital-owned specialty
clinics and imaging facilities, an unadjusted spending trend reflecting
the expansion of hospital-based health systems in the control group may
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better approximate counterfactual ACO spending in the absence of steer-
age efforts.

Approaches to Assess and Address
Residual Risk Selection

Patient Fixed Effects

Conceptual considerations. One approach to ensure that differential
changes in population composition do not contribute to savings esti-
mated by difference-in-differences analysis is to use patient fixed effects
in the model to control for all characteristics of patients that are fixed.
Replacing ACO fixed effects with patient fixed effects in the model just
described produces a difference-in-differences estimate based on within-
patient changes. Specifically, for a given performance year, the estimate
becomes the mean within-patient difference between spending for a pa-
tient attributed to an ACO in the performance year and spending in years
when the patient is not attributed to an ACO in a performance year, mi-
nus the concurrent within-patient spending difference for patients not
attributed to an ACO in the performance year.

There are two major drawbacks to this approach. First, basing the
estimation on within-patient changes converts the analysis from one of
annual cross-sectional samples, each representative of the fee-for-service
Medicare population, to a longitudinal cohort of patients who were alive,
enrolled in fee-for-service Medicare, and eligible for attribution in both
the pre- and postentry periods. As illustrated in Figure 1, the spending
trends over the study period for these two samples differ dramatically.
Adjusted annual Medicare spending of the serial cross-sectional samples
analyzed in our main evaluation approach increased by $374 per pa-
tient (4.2%) from 2009 to 2015, demonstrating that, despite substan-
tial turnover in the sample over time, spending growth reflected modest
secular trends. In contrast, adjusted spending increased by $1,740 per
patient (26.4%) for a longitudinal cohort of continuously enrolled and
attributable patients that would serve as the basis for estimation of sav-
ings in a model with patient fixed effects. The spending increase is most
rapid at the end of the study period. This reflects the fact that patients
must remain alive from the preperiod to 2015 to contribute to estima-
tion of 2015 savings in a model with patient fixed effects, but they may
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Figure 1. Adjusted Annual Per-Patient Medicare Spending From 2009
to 2015 for Serial Cross-Sectional Samples vs. Longitudinal Cohorts of
Continuously Attributable Patientsa
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aDecedents excluded throughout study period in all groups. Continu-
ously attributable cohorts are subgroups of the main study population
who have at least one office visit with a primary care physician in each
year to support attribution.

then die or enter a long-term care facility, for example, and no longer
be alive or attributable on the basis of outpatient primary care in 2016.
Thus, the cohort becomes more acutely ill (in ways not accounted for
by the adjustments) as they near the end of the cohort inclusion period,
unlike patients in consistently defined annual cross-sectional samples.
Figure 1 demonstrates how the rapid increase in spending occurs near
the end of the inclusion period, no matter when that inclusion period
ends.

Thus, an analysis with patient fixed effects requires the strong as-
sumption that within-patient spending changes would be the same for
ACO and non-ACO patients in the absence of the MSSP. This im-
plies both similar health declines and similar treatment of patients with
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declining health by ACO and non-ACO providers, yet the rapid accel-
eration in spending for the longitudinal cohorts in Figure 1 is likely to
vary across different patient populations and providers. In contrast, an
analysis of serial cross-sectional samples allows patients to die or experi-
ence health declines consistently across time. The analysis can therefore
net out differences in health care needs or treatment patterns between
severely ill ACO and non-ACO patients (because severely ill patients are
consistently present in the pre- and postperiod).

Second, because patient attribution to ACOs is time-varying, the
difference-in-differences estimator in a model with patient fixed effects
reflects not only pre- to postperiod changes in spending associated with
a patient’s provider entering the MSSP but also changes in spending as-
sociated with changes in patient attribution from a non-ACO to ACO
provider, or vice versa, during the postperiod. If patients are assigned to
ACOs vs. non-ACO providers based on their time-varying health care
needs, the estimates from a model with patient fixed effects would be bi-
ased because differences in spending caused by endogenous assignment
to ACO or non-ACO providers would not be differenced out, as they
would be in a model without patient fixed effects. This second source
of bias may interact with the first (eg, if sorting based on time-varying
needs is prominent among patients experiencing severe health declines).

To ameliorate the bias due to shifts in attribution between ACO and
non-ACO providers in the postperiod, ACO attribution in the postpe-
riod could be treated as an absorbing state (turned on indefinitely after
the first postperiod year of ACO attribution). However, this would not
remove bias from endogenous sorting into ACOs in an initial postpe-
riod year and would tend to bias estimates away from savings because
attribution of high-risk patients is less stable (as described later in the
paper); thus, treating ACO attribution as an absorbing state would se-
lectively retain high-risk patients in the ACO group selectively in the
postperiod.

Recognizing these conceptual concerns, results from a model with
patient fixed effects must be interpreted with caution. Although pa-
tient fixed effects eliminate bias from differential compositional changes
in the fixed characteristics of patients exposed to the MSSP, their
deployment can exacerbate bias from differential changes in time-
varying characteristics within patients, effectively reversing the bias
corrections achieved by a difference-in-differences comparison of serial
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cross-sectional samples that are stably different (at the population level)
in their fixed and time-varying characteristics.
Empirical Analysis. To understand the impact of using patient fixed

effects, first we limited our study sample to a longitudinal cohort of con-
tinuously attributable patients that supports estimation of a difference-
in-differences from within-patient changes and reestimated our main
difference-in-differences model. The resulting estimate might differ
from our main estimates for several reasons, including the concerns
described earlier and the much lower mean spending for this cohort
(Figure 1). Second, we substituted patient fixed effects for the ACO
fixed effects in the model to isolate the incremental effect of holding
the patient constant. Third, to gauge selection bias introduced by this
approach, we compared estimates with and without adjustment for pa-
tients’ time-varying characteristics.

Holding Baseline Assignments Fixed and Use
of Time-Varying Prospective Assignment

Conceptual Considerations. Another approach to eliminating bias from
risk selection is to hold patients’ attribution to providers at baseline con-
stant. This type of intention-to-treat approach was implemented by the
Medicare Payment Advisory Commission, for example.22 In addition to
removing the contribution of differential changes in patient attribution
from the difference-in-differences estimate (by disallowing changes in
attribution), this approach also does not require utilization of qualify-
ing services to categorize patients into ACO and non-ACO groups after
the initial year. This latter advantage may address bias from differen-
tial changes in the attributed patient population caused by provision of
qualifying services (such as AWVs). More generally, ACO effects on pri-
mary care use and patient attribution are endogenous, though in prior
work we found no evidence of differential changes in ACO provision of
PCP office visits that would substantiate this concern.5

Like the use of patient fixed effects, however, use of baseline patient
assignments can introduce other sources of bias. If ACO and non-ACO
providers differ in their reimbursement rates or practice patterns in the
absence ofMSSP exposure, or if patient attribution to ACO vs. non-ACO
providers (in the absence of MSSP exposure) is influenced by their time-
varying health needs, we should expect spending differences between
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groups of patients defined by their baseline assignments to change over
time, even if the MSSP has no effect on spending. In the framework of
an instrumental variable analysis, the exclusion restriction is unlikely to
hold when using baseline assignment as an instrument for MSSP expo-
sure in the postperiod. That is, baseline assignment to ACO vs. non-
ACO providers likely predicts changes in spending that are not solely
reflective of greater exposure to the MSSP.

The bias arises because a constraint is applied asymmetrically in
time. It is therefore similar to the problem noted earlier of requiring
a cohort to be alive and continuously enrolled for some period and
also to the problem of regression to the mean when matching on
time-varying variables.23,24 For example, outpatient Medicare spending
for patients of independent physician groups is likely to be lower
than for other patients, on average, because they are likely to receive
less outpatient care at more generously reimbursed hospital-owned
facilities. Consequently, spending for patients initially attributed to
independent primary care groups is likely to increase over time relative
to a local control group served by a mix of PCPs in independent and
hospital-based practices. As patients switch practices, the proportion of
patients attributed to hospital-based practices can only increase among
those initially attributed to independent groups, whereas switching
would be bidirectional in the control group, leading to a smaller net
shift to hospital-based practices. Thus, an evaluation holding baseline
assignments constant would tend to underestimate savings by inde-
pendent physician group ACOs, all else equal. More generally, use of
baseline assignments could bias overall MSSP savings estimates if the
mix of independent and hospital-based practices participating in the
MSSP differs from the surrounding delivery system.

Similarly, practice patternsmight differ systematically betweenACOs
and non-ACO providers. The substantial patient churn in provider pa-
tient populations13,25,26 could therefore introduce bias in an evalua-
tion using time-invariant baseline assignments to define comparison
groups that would not be present in an evaluation using time-varying
assignments.

In addition, changes in health care needs may cause changes in at-
tribution of patients to ACO or non-ACO providers, whether because
of true change in providers or the attribution algorithm. If patients
are disproportionately assigned to ACOs when they become ill and to
non-ACO providers when they are healthy, or vice versa, one would
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expect differences in spending between patients initially assigned to
ACOs and non-ACO providers to converge as their health status reverts
to the population mean. Use of the CMS attribution algorithm could ex-
acerbate this source of bias. Its inclusion of services in postacute facilities
would cause acutely ill patients to be disproportionately assigned away
from ACOs at baseline,27 inducing a subsequent differential increase in
spending for patients assigned to ACOs at baseline as the control group’s
acute care needs subside and the ACO group’s needs emerge.

We do not attempt to assess or address these sources of potential bias
introduced by using baseline assignments. Rather, we note that the bias
is difficult to predict and could be substantial, interpret savings esti-
mates produced by this approach with caution, and conduct falsification
tests to determine whether this approach might estimate an erroneous
differential change in spending in the absence of MSSP participation.

Finally, in an alternative approach, we prospectively assign benefi-
ciaries to providers in study year t based on utilization in year t-2. For
example, we based assignments in study year 2009 on 2007 claims and
assignments in study year 2015 on 2013 claims. By consistently apply-
ing this alternative assignment approach to each study year, we address
the limitations of the baseline assignment approach noted earlier while
still eliminating any growth in savings estimates over the postentry pe-
riod that might be due to patient risk selection. The effect of any dif-
ferential re-sorting of ACO and non-ACO patients in 2014 or 2015 is
eliminated because 2013 is the last year used for attribution. Like the
baseline assignment approach, this approach also eliminates the effect of
differential changes in ACO or non-ACO organizational structure over
postentry years on assignment to the ACO or control group (ie, the ef-
fect of changes in the practices or physician composition represented by
ACO or non-ACO TINs).
Empirical Analysis. First, we assigned patients to ACOs or non-ACO

TINs in 2009 based on office visits with PCPs. We then fit the model
described in the previous section, limiting the sample to beneficiaries
with a 2009 assignment, replacing the time-varying indicators for the
ACO or cohort to which a patient is assigned with time-invariant 2009
assignments. We dropped the 2009 data from our analysis to minimize
bias from regression to the mean that would arise because we require a
qualifying service in 2009 but not after that.

Assuming absence of the biases described earlier, the differential
change in spending for patients assigned to ACOs at baseline estimated
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by this reduced form model is interpretable as attributable to the MSSP.
Because only 66.6% of patients assigned to an ACO in 2009 were as-
signed to an ACO in 2015 (among those eligible for assignment in both
years), we inflate the differential change estimate to recover the MSSP
effect as if all patients assigned at baseline to ACOs and none assigned
to non-ACO providers were exposed to the MSSP in the performance
years. To do so, we estimated the difference in the probability of being
assigned to an ACO in a performance year between patients assigned to
ACOs and non-ACO providers at baseline, among those with an assign-
ment in 2009 and the performance year. We use the inverse of this dif-
ference, which averaged roughly two for performance year 2015, as the
inflation factor. We use this approximation in lieu of a formal two-state
estimation procedure to avoid limiting the analysis to a cohort of contin-
uously attributable patients, which would negate one of the advantages
of holding the baseline assignment constant and require a stronger com-
mon shocks assumption (as described earlier). In falsification tests, we
applied the same estimation procedure in hypothetical entry years to
large non-ACO TINs and ACOs that entered the MSSP in 2015.

When employing assignments based on claims in year t-2, we limit
our main study sample to those who were continuously enrolled in fee-
for-service Medicare in year t-2. We then substitute these prospective
assignments for the retrospective assignments (based on claims in year t)
and estimate our main model. We then inflate estimates by the inverse
of the difference in the probability of being assigned to an ACO in year t
between patients assigned to ACOs and non-ACO providers in year t-2.

Area-Level Analysis

Conceptual Considerations. Another approach to eliminate bias from
strategic selection of lower-risk patients by ACOs is to compare spend-
ing changes between areas with higher vs. lower exposure to the MSSP.
Basing exposure on an area-level measure of MSSP penetration (an eco-
logic instrument) rather than patient-level attribution to an ACO en-
sures that systematic re-sorting of lower-risk patients to ACOs after pro-
gram entry would not contribute to savings estimates, assuming that
the mechanisms for risk selection do not change patients’ location of
residence. This approach also captures spillover effects of ACO efforts to
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lower spending on patients served by, but not attributed to, ACOs, as
well as any spillover effects on practice patterns of other providers.

This strategy, too, is not without its disadvantages. First, the coun-
terfactual (spending in the absence of MSSP participation) is no longer
based on local trends in spending for an unexposed group but rather
based on average national spending growth in HRRs with no (or less)
MSSP participation. Greater MSSP participation in low-growth regions
(selection relative to benchmarks based on national spending growth)
would therefore contribute to savings in an area-level analysis but not
in our main analysis. As described later, we take an intention-to-treat
approach to remove bias from selective ACO continuation or expansion
in areas determined by ACOs to be low-growth ex post (eg, based on
their bonuses), but this does not remove bias from selective entry based
on ex ante knowledge of spending growth. Because spending growth
is challenging to predict—for example, regional growth in one period
does not predict growth in the next28,29—we would not expect bias from
selective entry but cannot exclude this possibility.

Second, because few HRRs had no MSSP penetration, and no HRRs
had 100% penetration, an area-level analysis requires strong paramet-
ric assumptions about the relationship between MSSP penetration and
spending growth and extrapolation to estimate an effect of 100% vs. 0%
participation that is analogous to effects estimated by our main eval-
uation approach. Third, like any area-level analysis, inferences about
lower-level units are subject to ecological fallacy. For example, ACOs
that most effectively reduce spending could be in low-penetration areas.
Fourth, differences in fixed or time-varying characteristics of the Medi-
care fee-for-service population between areas may be less stable than dif-
ferences between providers within areas, on average. For example, grow-
ing MSSP penetration may be correlated with faster or slower growth
in regional Medicare Advantage enrollment, potentially causing differ-
ential changes in the study population that would be minimized in a
within-area analysis. Finally, and perhaps most important, an area-level
analysis does not hold constant market-level changes in unobserved de-
terminants of spending growth, and spending growth is known to vary
widely across regions.
Empirical Analysis. For each performance year, we calculated MSSP

penetration in each HRR as the proportion of attribution-eligible ben-
eficiaries attributed to an ACO in a given program year, using our main
method of attribution and an intention-to-treat approach that holds
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constant ACO definitions as the sets of TINs included at the outset of
program participation and retains exiting ACOs as continuing in the
program. MSSP penetration in 2014, for example, is the proportion of
beneficiaries in an HRR attributed in 2014 to an ACO in the 2012,
2013, or 2014 entry cohorts. We then fit the following model for
Medicare spending (Y) for beneficiary i in year t and HRR h:

Yith = β0 + β1HRRith + β2Yearit + β3ACOPenetrationith

×ProgramYrit + β4Covariatesit + εith

where HRR and Year are vectors of HRR and year fixed effects, respec-
tively, and ACOPenetration × ProgramYr is an interaction between ACO
penetration and indicators of each program year from 2012 to 2015,
allowing the effect of ACO penetration to differ in each program year
as more ACOs enter and continuing ACOs gain experience. (The inter-
action creates four variables equal to the MSSP penetration in HRR h
in program year t when Year is program year t, and zero otherwise.) To
gauge whether this area-level approach was more or less immune to bias
from changes in population characteristics than our main within-area
approach, we compared the differential changes in patient characteris-
tics estimated in our main approach with analogous differential changes
associated with 100% increases in area-level MSSP participation.

Attribution Based on Referring PCPs

Conceptual Considerations. While attributing patients based on PCP
office visits only minimizes some forms of bias, it leaves an average of
23% of beneficiaries unassigned in each year. To reduce this and to ad-
dress potential selection bias from ACO efforts to boost attribution of
low-cost patients without altering patients’ actual PCP, we modified the
attribution procedure to use information about the referring PCP for
other services. Thus, in a year in which a patient sees a specialist or has
an imaging procedure or laboratory test but does not have an office visit
with a PCP, we can attribute the patient to the PCP listed as the re-
ferring physician for those other services. This approach should reduce
bias from a differential increase in the assigned share of low-risk ACO
patients after MSSP entry, whether because of strategic AWVs or other
ACO efforts to enhance primary care access (though we did not find ev-
idence of this in prior work).5
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Empirical Analysis. We used Medicare Carrier claims to determine
the most common NPI with a PCP specialty appearing in the referring
NPI field of a beneficiary’s claims. For a given year, we then attributed
the beneficiary to an ACO if that NPI was listed in the ACO’s partici-
pant list in the first year of MSSP participation. We implemented these
alternate assignments if the patient had no office visits with a PCP and
reestimated savings using our main evaluation approach. Doing so in-
creased the proportion of beneficiaries with an assignment in a given
year from 77% to 87%, on average. Among beneficiaries for whom as-
signments could be made using either approach, 88.8% were assigned
to the same ACO or to the control group in both cases, indicating that
the most common referring PCP is usually the PCP providing the most
office visits.

Assessing Risk Selection Potentially
Contributing to Bonuses but Removed
in Evaluation

Reconfiguration of ACOs to Favor Lower-Cost
Primary Care Providers

To assess the extent to which ACOs reconfigured their provider composi-
tion over performance years to favor primary care practices or PCPs with
lower per-patient spending, we modified our difference-in-differences
analysis to allow the sets of TINs or PCPs (NPIs) constituting each ACO
to change over the performance years per the annualMSSP Provider-level
ACO participation files.30 The changes in ACO PCPs reflected both
changes in TINs and changes in the PCPs billing under the included
TINs. Because the CMS participation files are available only for ACOs
participating in the MSSP, we limited this analysis to ACOs participat-
ing through 2015 to eliminate effects of ACO dropout.

We then compared savings estimates when holding the set of TINs or
NPIs constant, as in our main approach, with estimates when allowing
them to change. Greater savings produced by the compositional changes
would be a necessary but not sufficient condition for concluding that
ACOs favored providers with lower spending as they evolved. Such a
finding would not be sufficient because it might be expected from at-
tenuation bias in our intention-to-treat analysis, which treated TINs or
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PCPs no longer exposed to ACO incentives as still part of an ACO. In ad-
dition, ACOs may have successfully identified providers who were more
responsive to MSSP incentives, as opposed to providers with lower base-
line spending.

Moreover, greater spending reductions produced by changes in ACO
TIN inclusion would be negated by benchmark adjustments in the
MSSP’s calculation of shared savings, as noted earlier. Thus, composi-
tional changes favoring lower-cost providers would only contribute to
bonus payments if the changes in PCP composition of ACOs produced
greater spending reductions than the changes in TIN composition of
ACOs.

Gaming of CMS Attribution Algorithm via
Manipulation of TINs Used for Billing

As noted previously, our modifications to the attribution rules would act
to minimize bias from ACO manipulation of the TINs used for billing
to shift the attributed population toward lower-cost patients. To assess
the potential for this selection strategy, among others, we assessed the
effect of patient covariate adjustment on savings estimates when employ-
ing the original CMS attribution algorithm, which included additional
qualifying services (CPT codes 99304–99310, 99315–99316, 99318,
99324–99328, 99334–99337, 99339–99340, 99341–99345, 99347–
99350) and an additional step to attribute beneficiaries with no services
from PCPs on the basis of services from non-PCPs (specialists, nurse
practitioners, and physician assistants).17 Specifically, we implemented
the CMS algorithm to attribute beneficiaries to providers and repeated
our evaluation analyses, holding constant the sets of TINs composing
ACOs over the study period. We compared gross savings estimates with
vs. without adjustment for observable patient characteristics. Substan-
tial attenuation of savings estimates by patient covariate adjustment in
analyses using the CMS attribution algorithm but not in our main ap-
proach (using only office visits with PCPs for attribution) would suggest
risk selection that was removed in our evaluation but may have con-
tributed to bonus payments. This assumes that risk selection is based
on observables or that unobservable factors used to select are correlated
with the observables.
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Employing the CMS attribution algorithm, we also compared savings
estimates from evaluation analyses holding constant the composition of
ACOs as fixed sets of TINs vs. fixed sets of clinician NPIs (the NPIs
billing primarily under TINs included in ACOs in their first year of
participation). If ACOs strategically changed the TINs used for billing
bymember clinicians to cause selective attribution of lower-cost patients
(eg, by shifting billing for nursing facility services to excluded TINs),
then savings estimates should be attenuated by holding ACOs constant
as sets of NPIs. For example, if ACOs shifted billing for nursing facility
services, but not office visits by the same clinician, to an excluded TIN,
or if ACOs shifted billing by clinicians with high-cost patients to an
excluded TIN, the billing changes would increase savings when ACOs
are defined as sets of TINs but not when they are defined as sets of NPIs.
In the latter case, patients would remain assigned to an ACO even if their
assigned clinician changed the TIN used to bill for all or some of their
services.

Patient and Physician Exit From ACOs

We also examinedwhether higher-risk patients or PCPs with higher-risk
patients were more likely to exit from ACOs. We categorized beneficia-
ries attributed to ACOs in 2013 or 2014 (year t) into deciles based on
their concurrent HCC score (ie, using diagnoses from year t). We then
compared the proportion who were no longer attributed to the same
ACO in the subsequent year (t+1) across deciles. We used the MSSP
Beneficiary-level attribution files to determine actual beneficiary assign-
ments in years t and t+1 and limited the sample to beneficiaries who
were attributed to ACOs that remained in the MSSP in 2015, so that
patient exit could be interpreted as the patient, the patient’s physician,
or the physician’s practice leaving an ACO, rather than an ACO leaving
the MSSP. We additionally limited the sample to beneficiaries contin-
uously eligible for attribution from 2013 to 2015 so that exit did not
reflect lack of a qualifying service.

In an alternate analysis, we used our attribution approach (based on
office visits with PCPs) and held ACO composition of TINs constant
(using ACO composition upon MSSP entry) so that patient exit could
be interpreted as the patient or the patient’s PCP leaving a set of ACO
TINs (themore relevant quantity, since ACObenchmarks adjust for TIN
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inclusion). In each version, we calculated the difference in HCC scores
between leavers and stayers and fit a model of HCC scores as a func-
tion of ACO fixed effects and an indicator of leaving to estimate the
mean within-ACO difference in HCC scores between leavers and stayers,
thereby controlling for any relationship between organizational case mix
and patient churn.

Prior research demonstrates that attribution in the MSSP is less sta-
ble over time for higher-risk patients because attribution is based on
utilization.13,22,27 Higher-risk patients use more qualifying services pro-
vided by more TINs (Appendix Table 1) and have a higher risk of health
declines that may prompt a change in provider. Hence, they should be
more likely to have changes in attribution due to changes in health care
needs that cause them to favor different established providers in differ-
ent years or switch to new providers. Differential exit from ACOs of
high-risk patients is therefore not necessarily the consequence of risk se-
lection. Moreover, it may not lead to a differential change in the average
risk of ACO-attributed patients relative to non-ACO patients, because
the risk of continuously assigned patients changes over time and new
patients enter the ACO-assigned population.

To characterize the relationship between assignment churn and pa-
tient risk in the absence of MSSP incentives, we conducted a falsifica-
tion test in which we applied the preceding analyses of patient exit to
large nonparticipating TINs (those meeting the MSSP eligibility cri-
terion of 5,000-plus beneficiaries). For consistency with the analysis of
exit determined from the MSSP Beneficiary-level attribution file, we
used the CMS attribution algorithm. This comparison remained incon-
sistent, however, because changes in TIN inclusion contributed to pa-
tient exit from ACOs and we could not simulate such compositional
changes among non-ACO providers. To achieve a more consistent com-
parison, we employed our attribution approach in an alternate version
that held ACO or non-ACO composition constant over time.

We conducted an analogous analysis at the PCP level to characterize
the relationship between the average health risk of a PCP’s patients and
the probability of PCP exit from the ACO. Specifically, we modified
our attribution method to attribute beneficiaries to a PCP NPI, rather
than to an ACO or non-ACO TIN, based on qualifying office visits. We
focused on PCPs actively billing for visits from 2012 to 2015 so that
exit from an ACO or non-ACO TIN by 2015 would reflect a switch to
a different practice or different TIN for billing purposes, as opposed to
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exit from the workforce. We also limited the analysis to PCPs with at
least 20 attributed patients per year (accounting for 85.7% of patient-
years) to reduce sampling error in estimation of PCPs’ average patient
risk and to avoid giving undue weight to exiting PCPs with very few
patients.

Using 2012–2013 data, we estimated the average HCC risk score of
each PCP’s attributed patients by fitting a linear regression model of
patients’ HCC scores as a function of PCP fixed effects and an indicator
for year. We categorized PCPs into deciles based on their patients’ mean
HCC score. We determined the primary TIN under which PCPs billed
in 2013 from the Medicare Data on Provider Practice and Specialty
file.31 Among PCPs billing under TINs included by the 2012 or 2013
entry cohorts of ACOs upon program entry (per theMSSP Provider-level
research identifiable file), we then determined the proportion of PCPs in
each decile who were no longer billing under any of those TINs in 2015.
Similarly, among PCPs billing under large non-ACO TINs in 2012 or
2013, we determined the proportion in each decile no longer billing
under any of those TINs by 2015.

Because ACOs and large non-ACO TINs differ, our falsification anal-
yses could not reliably establish a counterfactual (the extent to which
higher-risk patients, or PCPs with higher-risk patients, would exit
ACOs in the absence of MSSP incentives). Nevertheless, a relationship
between patient risk and patient or PCP exit that is similar for ACOs and
non-ACO TINs would reject an interpretation of a strong relationship
for ACOs as prima facie evidence of strategic risk selection—including
manipulation of TINs used for billing—in response to MSSP incentives.

Results

Main Evaluation of the MSSP Through 2015

Table 3 summarizes the overall results of our main evaluation approach.
In the pre-entry period, ACO spending levels and trends did not dif-
fer from those for local controls. Estimates of annual gross savings grew
over performance years to $302 per patient by 2015 in the 2012 en-
try cohort and $139 per patient in the 2013 cohort. Overall gross sav-
ings did not grow in the 2014 cohort over two performance years and
were not significant in 2015. Aggregating these gross savings across all
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ACO-attributed patients from 2013 to 2015, multiplying by five to cor-
rect for the 20% sampling, and subtracting bonus payments yielded a
total programwide estimate of net savings to Medicare from 2013 to
2015 of $358 million.5

Differential changes from the pre-entry period to 2015 in ACO-
attributed patients’ sociodemographic and clinical characteristics, rel-
ative to local control patients attributed to non-ACO providers, were
consistently minimal (Table 4). These findings included minimal dif-
ferential changes in patients’ history of hip fracture or acute myocardial
infarction, conditions that have been used as exogenousmarkers of health
risk (though could be affected by efforts to improve quality).32 Not only
were all differential changes in observable patient characteristics small,
but also there is no suggestion in the Table 4 estimates of consistently
greater imbalance in entry cohorts with greater savings or of growing
imbalance within cohorts as savings grew.

Estimates were nearly identical for the 2012 and 2013 cohorts with
and without adjustment for patient covariates and with and without
propensity-score weighting (Figure 2). Holding ACO definitions con-
stant as sets of PCPs instead of TINs increased gross savings slightly in
the 2012 cohort and appreciably in the 2013 cohort. Thus, we can re-
ject changes in the PCPs billing under ACO TINs as contributing to the
main estimates of savings. Falsification tests of pre-entry years for ACOs
and hypothetical entry years for 439 large non-ACO TINs revealed no
evidence of differential reductions in spending in the absence of MSSP
participation (Appendix Figure 1 and Appendix Table 2).

Finally, adding non-ACO TIN/CCN fixed effects to models had mod-
est and inconsistent effects on savings estimates for physician group
ACOs (Appendix Table 3). Because these estimates are challenging to in-
terpret for reasons previously discussed, and because adjusted estimates
indicated consistently greater savings than unadjusted estimates (sug-
gesting residual bias toward the null introduced by the fixed effects), we
favor our previously reported approach of conducting falsification tests
for non-ACO physician groups as a way to gauge the sensitivity of our
results to differential shifts in non-ACO patients across organizations
or differential changes in non-ACO organizational structure relative to
ACOs. Replacing ACO fixed effects with ACO entry cohort indicators
also did not substantively affect estimates.
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Figure 2. Effects of Adjusting Patient Characteristics and Holding
PCP Composition of ACOs Constant on Savings Estimates in Main
Analysis
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Approaches to Assess and Address Residual
Risk Selection

Patient Fixed Effects. After limiting the study population to a lon-
gitudinal cohort of continuously enrolled beneficiaries who were at-
tributable to an ACO or non-ACO provider in at least 1 pre-MSSP year
and in 2015, gross savings estimates were attenuated and less precise
(Table 5), as expected from the substantially lower spending for this co-
hort (Figure 1) and its smaller size (35% of beneficiaries and 55% of
beneficiary-year observations in the full study population). Within this
cohort, replacing ACO fixed effects with patient fixed effects increased
savings by $1 per patient in the 2012 entry cohort, decreased savings by
$33 per patient in the 2013 cohort, and increased savings by $52 per
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patient in the 2014 cohort (Table 5), providing no consistent evidence
that turnover in ACO-attributed populations differentially favored pa-
tients with fixed characteristics predictive of lower spending. In models
with patient fixed effects, estimates of gross savings adjusted for time-
varying patient factors were consistently greater (larger savings) than
unadjusted estimates (Table 5), suggesting that restricting to a cohort
of continuously attributable patients and implementing patient fixed ef-
fects introduced differential changes in time-varying characteristics that
biased savings toward zero and were not present in our main analysis.
Holding Baseline Assignments Fixed and Use of Time-Varying Prospective

Assignments. Estimates of gross savings from analyses holding patients’
baseline assignments fixed across the study period were generally sim-
ilar to estimates from our main approach (Figure 3). Falsification tests
applying the same approach to large non-ACO TINs or the 2015 entry
cohort of MSSP ACOs as hypothetical entrants in 2013 yielded signif-
icant differential spending increases in hypothetical performance years,
despite preperiod spending differences from the control group that were
similar to those for ACOs (Appendix Table 4). Although the results of
these falsification tests suggest that wemay have underestimated savings
in our main intention-to-treat approach (eg, from attenuation bias due
to retaining ACOs and ACO TINs no longer participating), they sug-
gest more generally that an approach using baseline assignments may
introduce bias of unknown magnitude and direction.

Estimated gross savings when using prospective assignments based
on service use in year t-2 also were generally similar to our primary ap-
proach (Figure 3). The use of prospective assignments attenuated sav-
ings estimates somewhat in the 2012 entry cohort and led to somewhat
larger savings estimates in the 2013 cohort. Comparison of estimates
adjusted and unadjusted for patient covariates suggested that the use
of prospective assignment introduced some bias toward the null from
adverse selection into ACOs, as the adjustments increased savings es-
timates in the 2012–2013 cohorts by $36 to $155 per beneficiary (ie,
spending reductions were more negative with adjustments).
Area-Level Analysis. Adjusted gross savings associated with a 100%

increase in MSSP penetration in the area-level analysis were larger than
gross savings estimated in our main approach and grew from $299 per
patient in 2013 to $463 per patient in 2015. Although the larger sav-
ings may be indicative of spillovers, we also found that populations in
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Figure 3. Comparison of Savings Estimates From Primary Approach
vs. Holding Baseline Assignments Constant vs. Using Prospective As-
signments From Two Years Before Each Study Yeara
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aEstimates from analyses holding baseline assignments fixed over study
period were inflated to correct for attenuation bias as described in the
methods section. Similarly, estimates from analyses using prospective as-
signments based on claims two years before each study year were inflated
to correct for attenuation bias introduced by prospective assignment. Of
beneficiaries prospectively assigned to an ACO in a cohort in year t-2, an
average of 81% remained assigned to an ACO in year t; thus, inflation
factors averaged 1.23 across cohorts.

HRRs with greater growth in MSSP participation became differentially
lower risk relative toHRRswith lower growth in participation (Table 6).
Unlike in our main analysis, adjusted gross savings in 2015 ($463 per
patient) was substantially smaller than unadjusted gross savings ($788
per patient) because of the growing imbalance in patient characteristics
described in Table 6.
Attribution Based on Referring PCPs. Attribution based on the domi-

nant referring PCPwhen beneficiaries had no PCP office visits to support
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attribution increased gross savings estimates by $50 to $112 per patient
(Appendix Table 5). In previous work, we also found that modifying at-
tribution to include office visits with nurse practitioners and physician
assistants (who conduct AWVs in many practices) did not substantively
change estimates.5

Assessing Risk Selection Potentially
Contributing to Bonuses but Removed in
Evaluation

Reconfiguration of ACOs to Favor Lower-Cost Primary Care Providers.
Allowing the TINs composing ACOs to change after the first perfor-
mance year did not appreciably affect adjusted gross savings in the 2012
entry cohort, decreased savings in the 2013 entry cohort, and increased
savings in the 2014 cohort (Table 7). The changes in adjusted savings
due to compositional changes in the 2013 and 2014 cohorts were at
least partly mediated by shifts to providers with sicker (2013 cohort)
or healthier (2014 cohort) patients, as opposed to providers with dif-
ferent levels of efficiency, based on comparisons of adjusted and un-
adjusted estimates when allowing ACO TIN composition to change
(Table 7).

Compared with changes produced by allowing the composition of
TINs to change, allowing ACOs’ composition of PCPs to change caused
lesser changes in adjusted savings (Table 7), suggesting no systematic
selection of lower-cost PCPs within ACO TINs. These findings provide
no consistent evidence of favorable risk selection mediated by changes
in ACO provider inclusion to increase bonuses, but they do support our
main intention-to-treat approach to eliminate bias from changes in ACO
provider composition.
Gaming of CMS Attribution Algorithm via Manipulation of TINs Used

for Billing. In analyses employing the CMS attribution algorithm and
holding ACOTIN composition constant over performance years, adjust-
ment for patient covariates had modest and inconsistent effects, provid-
ing no consistent evidence of patient-level risk selection within ACO
TINs via gaming of the attribution algorithm. Adjusted gross savings
in 2015 was 94% of unadjusted gross savings in the 2012 cohort, 133%
of unadjusted gross savings in the 2013 cohort, and 74% of the (smaller)
unadjusted gross savings in the 2014 cohort (Appendix Table 6).



Spending Reductions in the Medicare Shared Savings Program 891

T
ab
le
7.
Im

pa
ct
on

E
st
im

at
ed

Sa
vi
ng
s
of
A
ll
ow

in
g
P
ro
vi
de
r
C
om

po
si
ti
on

of
A
C
O
s
to

C
ha
ng
e
O
ve
r
T
im

ea

E
st
im

at
ed

G
ro
ss

Sa
vi
n
gs

in
20
15

a

(D
if
fe
re
n
ti
al
C
h
an
ge

in
Sp

en
d
in
g
F
ro
m

P
re
-e
n
tr
y
P
er
io
d
to

20
15

fo
r
A
C
O
s
vs
.C

on
tr
ol

G
ro
u
p
),
$/
P
at
ie
n
t

(9
5%

C
I)

A
C
O
s
D
ef
in
ed

as
Se
ts
of

T
IN

s
A
C
O
s
D
ef
in
ed

as
Se
ts
of

P
C
P
s

E
n
tr
y

C
oh

or
t

C
om

p
os
it
io
n

F
ix
ed

O
ve
r

T
im

e,
A
d
ju
st
ed

b

C
om

p
os
it
io
n

A
ll
ow

ed
to

C
h
an
ge
,

A
d
ju
st
ed

b

C
om

p
os
it
io
n

A
ll
ow

ed
to

C
h
an
ge
,

U
n
ad
ju
st
ed

C
om

p
os
it
io
n

F
ix
ed

O
ve
r

T
im

e,
A
d
ju
st
ed

b

C
om

p
os
it
io
n

A
ll
ow

ed
to

C
h
an
ge
,

A
d
ju
st
ed

b

C
om

p
os
it
io
n

A
ll
ow

ed
to

C
h
an
ge
,

U
n
ad
ju
st
ed

20
12

−2
86

(−
43
1,

−1
42
)

−2
96

(−
45
5,

−1
36
)

−3
07

(−
56
3,

−5
0)

−3
03

(−
40
8,

−1
99
)

−2
57

(−
36
7,

−1
46
)

−2
43

(−
38
5,

−1
02
)

20
13

−1
15

(−
22
3,

−7
)

−6
2

(−
18
5,

61
)

44
(−

14
3,

23
0)

−1
67

(−
27
4,

−6
0)

−1
46

(−
25
1,

−4
1)

−1
20

(−
26
3,

23
)

20
14

−3
3

(−
12
2,

56
)

−1
16

(−
30
8,

76
)

−2
15

(−
45
6,

26
)

−5
2

(−
14
3,

39
)

− 1
2

(−
20
5,

18
2)

−1
07

(−
33
4,

12
0)

A
bb
re
vi
at
io
ns
:A

C
O
,a
cc
ou
nt
ab
le
ca
re
or
ga
ni
za
ti
on
;C

I,
co
nf
id
en
ce

in
te
rv
al
;M

SS
P,
M
ed
ic
ar
e
Sh
ar
ed

Sa
vi
ng
s
P
ro
gr
am

.
a L
im

it
ed

to
A
C
O
s
st
il
lp

ar
ti
ci
pa
ti
ng

in
20
15

fo
r
w
hi
ch

ti
m
e-
va
ry
in
g
A
C
O
de
fi
ni
ti
on
s
ar
e
av
ai
la
bl
e
in

th
e
M
SS
P
P
ro
vi
de
r-
le
ve
lr
es
ea
rc
h
id
en
ti
fi
ab
le
fi
le
.

b
A
dj
us
te
d
fo
r
pa
ti
en
t
ch
ar
ac
te
ri
st
ic
s.



892 J.M. McWilliams et al.

Use of the CMS attribution algorithm caused trends in the pre-entry
period to differ between ACOs and the control group in a direction that
would exaggerate savings estimates if the trend difference continued
over performance years. The trend difference was due to the inclusion
of visits in nursing facilities, which were largely dropped from the attri-
bution algorithm in a 2017 rule change,33 and not due to the inclusion
of outpatient visits with specialists, which increased differences in prepe-
riod levels but not trends (Appendix Table 7). These findings support
our a priori decision to base attribution only on PCP office visits in our
main approach and suggest that savings estimated with use of the CMS
attribution algorithm may be biased.

In analyses using the CMS attribution algorithm, adjusted gross sav-
ings were substantively similar when treating ACOs as fixed groups of
initially participating TINs or as fixed groups of clinicians billing under
those TINs in the ACOs’ first year of participation (Appendix Table 6).
Savings were somewhat smaller when defining ACOs as fixed groups of
clinicians, but so were differences in preperiod trends (data not shown),
suggesting that redefining ACOs as groups of clinicians attenuated es-
timates by correcting for bias related to preexisting trends as opposed
to bias from gaming the TINs used for billing. (Such gaming should
have manifested as larger and more consistent effects of adjustment for
patient characteristics on savings estimates in Appendix Table 6.) Taken
together with the robustness of our primary results to adjustment for
patient characteristics and redefining ACOs as fixed sets of PCPs (nearly
identical estimates as shown in Figure 2), the results of these analyses
allow us to reject various gaming strategies at the clinician or patient
level—that is, excluding billing by clinicians with sicker patients or
shifting billing for high-cost patients or postacute visits to excluded
TINs—as contributing more than minimally to savings bonuses.
Patient and Physician Exit From ACOs. Among patients attributed

to an ACO in 2013 or 2014 per the CMS Beneficiary-level attribution
file, the proportion no longer attributed to the same ACO in the sub-
sequent year per the attribution file was higher among patients with
higher HCC scores—for example, 22.4% in the highest decile of HCC
scores vs. 15.3% in the second to lowest decile (Figure 4A). As has been
previously described,13 the exit rate was also higher among patients in
the lowest decile of risk scores, consistent with their low use of qualify-
ing services providing a less reliable basis for assessing a patient’s regular
source of care. We observed a nearly identical pattern when using the
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Figure 4. Patient and PCP Exit FromACOs and LargeNon-ACOTINs
by Decile of Patient Risk
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CMS attribution algorithm to assign patients to large non-ACO TINs,
with exit rates rising from 15.2% among patients in the second-lowest
decile of HCC scores to 22.3% in the highest decile (Figure 4A). These
results are consistent with the lack of differential changes detected in our
analysis of measurable patient characteristics (Table 4), which quantify
the net effect of nonrandom patient exit and entry and suggest churn is
similar in both ACO and non-ACO groups.

Results were similar when attribution was based on office visits with
PCPs; patient exit rates were higher for patients with higher HCC scores
in both ACOs and large non-ACO TINs (Figure 4A).Within ACOs, the
mean difference in HCC scores between patients exiting and staying was
nearly identical for ACOs (0.095; p < 0.001) and large non-ACO TINs
(0.096; p< 0.001). Thus, in the absence of MSSP incentives, higher-risk
patients had less stable assignments over time, as might be expected be-
cause they receive more services from more physicians in PCP specialties
(Appendix Table 1). When attribution was based on office visits with
PCPs only, exit rates were substantially lower (Figure 4A), as expected
by the exclusion of other qualifying services in the CMS attribution al-
gorithm (eg, postacute visits) that directly reflect changes in patients’
health care needs and thus introduce instability in attribution.27

In analogous analyses at the PCP level, PCPs with higher-risk patients
also had higher rates of exit from both ACO TINs and large non-ACO
TINs by 2015 (Figure 4B). The mean difference in PCPs’ mean patient
HCC score between exiting and staying PCPs was 0.029 (p = 0.009)
for ACOs and 0.026 (p = 0.005) for non-ACO TINs. These differences
were reduced to 0.019 (p = 0.09) and 0.018 (p = 0.05), respectively,
after adjustment for ACO or TIN fixed effects to estimate within-ACO
or within-TIN differences, suggesting that physician turnover is higher
in organizations serving higher-risk patients.

We cannot explain the residual differences in patient risk between ex-
iting and staying PCPs. One possibility is that physicians who have been
at a practice longer may be more likely to switch practices and also may
have sicker patients due to aging of their patient panel. Regardless of
the explanation, our analysis demonstrates that PCP turnover is greater
for PCPs with higher-risk patients in the absence of MSSP incentives.
Thus, greater exit from ACOs by physicians with higher-risk patients
should not be interpreted as evidence of risk selection by ACOs.34
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Discussion

Through 2015, we estimate that the MSSP lowered Medicare spend-
ing modestly for ACO patients. We implemented several measures to
minimize selection bias and found no evidence that residual selection
drove the estimated savings. The larger savings and greater growth in
savings reported for physician group ACOs were similarly robust in pre-
vious work.5 Based on the results of falsification tests and analyses con-
trolling for both ACO and non-ACO practice effects, we can also ex-
clude differential increases in the share of non-ACO patients served by
higher-spending organizations or in reimbursement rates for non-ACO
providers (eg, from hospital-physician consolidation) as likely explana-
tions for the larger savings among physician group ACOs.

In addition, we detected no evidence of risk selection that may have
contributed to ACO bonuses but was eliminated by our evaluation ap-
proach. Specifically, we did not find evidence that ACOs consistently
manipulated their composition of providers to favor practices or physi-
cians with lower-risk patients (or more efficient practice patterns). The
lack of detectable risk selection is consistent with ACOs’ limited incen-
tives to favor practices (TINs) with low spending under the benchmark-
ing rules during the first phase of the MSSP (through 2016) and a con-
strained ability to select specific physicians or patients within practices
for inclusion or exclusion.

As the basis for benchmarks increasingly transitions to ACOs’ re-
gional spending average (or a regional-national blend under Pathways),
as opposed to their own historical spending, ACOs have new opportuni-
ties, and thus incentives, to favor practices with risk-adjusted spending
below the regional (or national) average. Identifying practices with lower
predicted spending levels is easier than identifying those with slower
predicted spending growth, because spending levels are strongly corre-
lated over time, whereas growth rates are not.28,29 Wide variation in risk-
adjusted spending levels among providers within regions35,36 suggests
opportunities for ACOs in the revamped MSSP, Pathways for Success,
to earn bonuses by selectively including or excluding practices. Such
practice-level selection may be easier than physician- or patient-level se-
lection because it requires only a change in ACO participant lists and
because spending can be more reliably profiled at the practice level than
at the physician or patient level. Already there is evidence of selective
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participation in the MSSP at the ACO level in the wake of recent re-
gionalization of benchmarks; ACOs with high spending for their region
have disproportionately exited, while entrants disproportionately have
low spending for their region.9,37

In the short run under Pathways, selective inclusion of low-spending
practices by ACOs (or selective participation of low-spending ACOs)
will be costly to the Medicare program, effectively increasing subsidies
to providers that have lower-risk patients or are already more efficient.9

In the long run, selectively attracting more efficient practices could con-
ceivably enhance social welfare if demand for efficiency in the MSSP ap-
plies sufficient pressure on other providers to become more efficient—
and thus attractive to ACOs for referrals or contract inclusion—as the
program expands. Such gains, however, would require the prospect of
financial gains from efficiencies to be more attractive than the fee-for-
service status quo; in turn, this requires strong incentives for a broad
swath of providers to participate and save in the MSSP.

As new incentives under Pathways play out, evaluations that judge
ACO spending against valid counterfactuals, rather than benchmarks,
will continue to be important to quantify savings from changes in care
delivery. Unbiased estimates, however, may be increasingly elusive as
new payment models proliferate and expand. In addition, patient-level
risk selection within ACOpractices could emerge after the initial years of
the MSSP, further compromising quasi-experimental attempts to quan-
tify program impact.

Improving the MSSP

For the MSSP to be successful, a primary goal must be to strengthen
incentives for ACOs to lower spending without discouraging partici-
pation, particularly by inefficient providers with the greatest potential
to generate savings. Incentives for ACOs to lower spending have been
weak to date, primarily because benchmarks have been rebased after each
three-year contract period to reflect ACOs’ most recent spending. Re-
basing both limits ACOs’ time to recoup the fixed costs of initiatives to
improve care efficiency and diminishes the marginal incentives to save.38

An ACO that lowers spending in one contract period is disadvantaged
in the subsequent contract period with a lower benchmark. If the ACO
then allows spending to return to its prior level, it incurs a penalty in a
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two-sided contract; or, if it incurs the additional costs of keeping spend-
ing lower, it does not get rewarded for doing so. In a one-sided contract
without downside risk, an ACO that increases spending in one contract
period is not penalized for doing so and is rewarded in the subsequent
period with a higher benchmark; by temporarily increasing spending, it
can earn a future bonus without exerting further effort as its spending
falls to its prior level.

To strengthen incentives to lower spending, the link between bench-
marks and prior savings must be severed. The MSSP has weakened this
link by basing benchmarks in part on average regional spending. How-
ever, the ACO-specific historical spending component of benchmarks
continues to be rebased every contract period, and the initial 10%-25%
weight given to the regional component appears to have already dis-
couraged participation by providers with high spending. We have rec-
ommended eliminating rebasing of the historical component, a slower
convergence of benchmarks for ACOs with higher or lower initial spend-
ing, limited downside risk so that such convergence does not ensure
short-term losses for ACOs with initially high spending and discour-
age their participation, and higher shared-savings rates for ACOs with
lower risk-adjusted spending for whom the costs of lowering spending
are presumably greater because they have less waste to cut.39

The major constraint on MSSP policy is the voluntary nature of
the program; policy to date has underestimated the participation
consequences of benchmark changes and downside risk. We believe a
voluntary program that continues to offer weak incentives for providers
with high spending to participate and save, and substantial subsidies for
providers with low spending, will unravel into a costly and ineffective
program. To be successful, a voluntary program may require a longer
transition period in which benchmarks are based entirely on ACOs’
baseline spending (ie, no regional component) and updated annually
without rebasing (eg, at a fixed percentage or at a blend of national and
regional spending growth). If strengthening incentives to participate
and save among providers with high spending successfully fosters con-
vergence in spending between providers, a less voluntary model with
greater downside risk and more aggressive benchmark convergence
could be considered.

Program success will also require measures to minimize incen-
tives for risk selection, which are generally exacerbated by measures
to strengthen incentives for ACOs to lower spending. For example,
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rebasing weakens not only incentives to save but also incentives to risk
select, as it periodically negates the gains achieved via either mech-
anism. There is ample room for improvement in the method of risk
adjustment. For example, the ACO Consumer Assessment of Healthcare
Providers and Systems survey offers additional information about pa-
tients’ health and social risk that can be used to enhance prediction and
limit risk score inflation from coding practices. More advanced methods
of prediction such as machine learning also could be used. However, the
predictive accuracy of risk adjustment is unlikely to become sufficient
to eliminate selection incentives. Residual selection due to hard-to-
measure risk factors will contribute to spending above benchmarks
and influence ACO decisions about participation and configuration.
Moreover, better prediction can be counterproductive. For example,
adding patients’ baseline spending to the HCC model substantially
improves predictive accuracy12 but would greatly weaken ACO incen-
tives to reduce spending, since lowering spending would in turn lower
benchmarks.

In light of the inherent limitations of risk adjustment, further mea-
sures will be necessary. We believe that the most critical and effective
step to address risk selection in the MSSP is to further limit ACOs’ risk
for extreme spending. This could be accomplished, for example, by trun-
cating per-beneficiary spending at the 97th or 95th percentile. Doing
so may confer additional benefits by refocusing organizational attention
on systemic changes in care delivery, as opposed to the high-risk case
management strategies that have been featured in ACO efforts despite
questionable conceptual and empirical bases.40-42 In addition, bench-
marks can be adjusted to achieve normative goals, such as assuring fair
payments for safety-net providers.

Finally, complementary steps could minimize opportunities for ACOs
to game the MSSP by shifting billing for specific patients, or by spe-
cific clinicians, to excluded TINs. Ideally, ACOs could be redefined as
collections of organizations, including all owned practices, rather than
collections of billing entities. CMS possesses data, such as the Provider
Enrollment, Chain, and Ownership System (PECOS), that can be used
to identify all TINs used by practices that are owned or operated by
the same entity; CMS also could require ACO member organizations to
submit such data. ACOs could then be required to include the TINs for
all practices owned or operated by its constituent organizations and the
data on ownership used for audit purposes. If an organization split out
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certain patients or physicians into a newly created TIN, for example,
redefining ACOs in this manner would ensure that the TIN is included
in the ACO’s contract. Similarly, an organization would not be able to
include in its ACO contract only its practices that compare favorably
against a regional or national benchmark.

Alternatively, CMS could redefine ACOs as collections of NPIs
billing under a set of TINs and base benchmarks on baseline spending
billed by the same NPIs. This might be a sensible modification to limit
billing-related gaming strategies over a short term within a contract pe-
riod but would do nothing to address selective inclusion of certain TINs
by an organization to exploit a regional benchmark. If implemented over
a longer period, however, the basis for determining the historical com-
ponent of an ACO’s benchmark could grow tenuous and noisy. Due to
practice and workforce turnover, only a modest proportion of an ACO’s
NPIs may have a history of actively billing in the same market during a
baseline period 5-10 years earlier. Limited representation during a base-
line period would introduce increasing random error into benchmarks
over time, presenting increasing uncertainty to ACOs about whether
spending reductions will be rewarded and thus weakening incentives to
save.

For these reasons, we favor redefining ACOs as collections of organi-
zations, with each organization defined as all TINs used by practices the
organization owns or operates at a given time. This would allow physi-
cian and practice composition of organizations to change from baseline to
performance year. Empirical analysis could help guide rules for defining
ACOs, but ultimately these considerations become less consequential
with stronger measures in place to address risk selection.

As long as incentives to save are strengthened and incentives for risk
selection mitigated, we are less concerned about incentives for organi-
zations to selectively include more efficient practices or physicians. In-
creased demand for more efficient providers could be desirable over the
long run, and related offsets to savings in the short run would be toler-
able if the savings are greater.

Implications for Research Methods

Our analyses also have implications for the application of quasi-
experimental research methods. First, our findings exemplify the
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importance of establishing a plausible counterfactual when attempting
to draw causal conclusions. Our estimates of early savings are greater
than those generated by comparisons with ACO benchmarks, which
systematically underestimated ACO savings in the first phase of the
program and more recently have overestimated savings.37,43 In addition,
our tests of risk selection reveal that analysis of patient or physician exit
from ACOs can be misleading without considering exit under a coun-
terfactual scenario in which providers do not face MSSP incentives.34

When comparing against churn among non-ACO providers, we found
no evidence of risk selection at the clinician or patient level; turnover is
higher for higher-risk patients and their clinicians, regardless of MSSP
incentives.

Second, our analyses illustrate common trade-offs between approaches
to address different sources of bias; strategies that ensure elimination of
one source of bias can exacerbate bias from other sources. In particular,
our findings demonstrate that analytic steps to eliminate bias from
changes in fixed characteristics of patients due to changes in ACO pop-
ulation composition can exacerbate bias from within-patient changes
in time-varying characteristics. Although we found no suggestion of
residual selection in robustness checks of our main approach—which
allowed patient turnover within ACOs—the same checks suggested
introduction of bias by use of patient fixed effects, baseline assignments,
or area-level comparisons to hold patients constant. The estimates
produced by these approaches were generally consistent with those
from our main approach but less robust in sensitivity or falsification
analyses. Thus, an overemphasized conceptual concern about one source
of potential bias (in this case, selection on unobserved fixed traits of
patients) can lead to a suboptimal approach, if not erroneous conclu-
sions. Our findings suggest that assessing assumptions with observable
information can help guide choice of an approach. Since identifying
assumptions in quasi-experimental studies cannot be tested directly
(counterfactuals cannot be observed), one must ultimately rely on tests
of observable quantities to gauge the extent of residual bias. By that
standard, we have most confidence in the estimates produced by our
primary approach and would advise caution in interpreting estimates
produced by the alternative approaches.
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Limitations

Because providers were not randomized to the MSSP, our analysis was
subject to forms of selection bias other than risk selection conditional on
participation. One concern is that providers opted into the MSSP based
on anticipated changes in spending growth. Spending trends in the pre-
entry period, however, were nearly identical for ACOs and local control
groups, on average, suggesting that ACOs did not select into the MSSP
based on established trajectories. Although we could not rule out selec-
tive entry as contributing to gross savings estimates, we do not find it
plausible that ACOs could accurately predict their future risk-adjusted
spending growth relative to their region. We further note that ACOs
had incentives to enter if their anticipated spending growth was slower
than national spending growth (the basis for updating benchmarks), not
local spending growth (the basis for counterfactuals in our evaluation).
Thus, even if ACOs managed to selectively enter in a way that resulted
in bonus payments, that would not necessarily bias our estimates of gross
savings, and the unearned bonuses would be accounted for in our calcu-
lation of net savings. However, because regional spending growth in one
period is not predictive of regional spending growth in the next, and be-
cause regional spending levels are not correlated with regional spending
growth, ACOs’ basis for predicting their region’s growth relative to the
nation is limited.

Clearly, ACOs were likely to have greater capacity to respond toMSSP
incentives than nonparticipating providers. But in the absence of se-
lection on future changes in spending growth, nonequivalence between
ACO and non-ACO providers would compromise only the external va-
lidity (generalizability), not the internal validity, of our findings. As
long as the differential reductions in spending we estimated were due
to provider responses to new incentives, they would be valid estimates
of the causal effects of MSSP participation on participants.We would not
expect ACOs to slow fee-for-service spending, counter to their financial
self-interest, in the absence of an incentive to do so.

Another concern is that other time-varying determinants of spending
growth affected ACOs and non-ACO providers differently because they
are different. However, spending levels were similar for ACOs and non-
ACOproviders, and differential changes in spending for ACOpatients in
pre-entry years and for patients of large non-ACO providers were small.
Thus, violations of the common shocks assumption would have had to
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coincide with the staggered entry of ACOs into theMSSP and grow with
longer participation.5

Nevertheless, in the absence of randomization to the MSSP, we can-
not entirely exclude the possibility of selection bias contributing to our
estimates of gross savings. The source of bias, however, would have to
evade detection by the many robustness checks we conducted. We also
cannot reject the possibility of some gaming behavior undetected by
our many tests. The costs of such gaming, however, would be reflected
in bonus payments. Thus, our estimates of net savings would still be
valid as long as our approach generated unbiased estimates of gross
savings.

Conclusion

Through its first three full years of operation, we found that partici-
pation in the MSSP was associated with modest savings and not with
favorable risk selection. These findings suggest an opportunity to build
on early progress. Understanding the effect of stronger selection incen-
tives on savings in the revampedMSSP will be important to guide future
program reforms.
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