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differences between MA and TM are similar across sub-populations of enrollees and sub-
categories of care. They primarily reflect differences in healthcare utilization. Average
prices for an admission to a given hospital for a given diagnosis are virtually identical
in MA and TM. We present evidence consistent with MA employing various types of
utilization management and encouraging substitution to relatively less expensive modes
of care, such as use of primary care instead of specialists, and outpatient rather than
inpatient surgery. Geographic variation in healthcare spending is larger in MA than in

TM, although geographic variation in hospital prices is lower in MA than in TM.
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1 Introduction

A long standing question in economics concerns the appropriate roles of the public sector and
private sector in providing services that society has decided are essential. This question comes up
in many contexts — education, utilities, transportation, pensions — and especially in healthcare. The
United States is unusual among developed countries not only in its share of GDP that is devoted
to healthcare, but also in its distinctive mix of public and private health insurance. However,
comparisons of healthcare utilization and spending under alternative systems are difficult, since
public and private health insurance systems do not typically operate on a similar scale, for the
same population, in the same market, or with the same providers.

The specific context of the U.S. Medicare program for individuals aged 65 and over may sur-
mount some of these difficulties. This program presents a rare opportunity for a “side by side”
comparison of public and private health insurance systems. The Traditional Medicare (TM) pro-
gram is publicly provided. Over the last decade, a significant fraction of the US Medicare popula-
tion has opted out of TM and enrolled in private insurance plans through the Medicare Advantage
(MA) program. In MA, private insurers attract Medicare beneficiaries, obtain capitated payments
from the government, and offer health insurance in a way that roughly mimics commercial health
insurance. Currently about a third of Medicare beneficiaries are enrolled in MA.

Empirical work on comparisons of MA and TM has been hampered by asymmetric data avail-
ability: administrative claim-level data from TM is naturally available given the fee-for-service
nature of reimbursements, but detailed claim-level information from MA insurers was more dif-
ficult to access given the capitation by which they were paid for their enrollees. In this paper,
we take advantage of newly available, private claims data from Medicare Advantage plans in 2010
provided by the Health Care Cost Institute (HCCI). We combine it with claim-level data from TM
to compare healthcare spending, healthcare utilization, and other outcomes in public and private
Medicare. Our data consist of the claims data for three Medicare Advantage insurers (Aetna,
Humana, and UnitedHealthcare), which together cover almost 40 percent of MA enrollees.

The key advantage of these data is that they allow researchers to analyze claim-level data in
MA —i.e. healthcare spending and utilization based on MA plan payments to healthcare providers
— in an analogous manner to the existing and widely used claims data for TM. We estimate average
MA healthcare spending per enrollee-month of $647, of which $596 is paid by MA insurers and the
rest is owed by enrollees out-of-pocket.

We next compare healthcare spending and utilization between MA enrollees and a comparable
group of TM enrollees. Our baseline analysis compares MA enrollees to TM enrollees residing in
the same county and with the same risk score (a prediction of their spending in TM based on basic
demographics and detailed information on prior health diagnoses). This follows the spirit by which
Medicare reimburses MA insurers for their enrollees, which is (broadly speaking) to reimburse based
on average insurer spending for a TM enrollee with that risk score in that county.

We estimate that monthly healthcare spending per enrollee is 27 percent lower for MA enrollees

than for TM enrollees in the same county and risk score. Applying this estimate to the entire MA



population (including insurers not in our sample), this suggests that total healthcare spending in
MA in 2010 was about $27.8 billion lower than it would be for comparable TM enrollees.

The lower spending in MA relative to TM is not concentrated in particular sub-populations or
sub-categories of care. We see comparable spending differences across different types of enrollees by
age, by gender, and by residence in urban vs. rural counties. We also see comparable proportional
spending differences appearing at all quantiles of the spending distribution and in both inpatient
and outpatient care. Geographic variation (unadjusted for demographics) in healthcare spending
is 25 percent larger in MA than in TM. Areas with higher TM spending show larger proportional
spending differences between MA and TM.

Lower spending in MA primarily reflects lower utilization of healthcare; we find essentially
no difference in average prices for services in MA and TM. MA enrollees have fewer inpatient
admissions, fewer outpatient office visits, fewer skilled nursing facility (SNF) visits, fewer physician
visits, and fewer ED visits. They have lower utilization both for services where there are concerns
about over-use (diagnostic testing and imaging) and for services where there are concerns about
under-use (preventive care). Spending per encounter, however, is similar or slightly higher in MA
than in TM. For hospital admissions — where it is feasible to compare unit prices for admissions
to the same hospital and with the same diagnosis (DRG) — our findings also point to a lack of
quantitatively meaningful pricing differences: on average, prices in MA are 1.5 percent higher than
prices for the same hospital and DRG in TM. Geographic variation in hospital pricing is about 20
percent lower in MA than TM.

We find suggestive evidence for some potential mechanisms by which MA insurers may reduce
utilization relative to TM. The fact that spending per encounter is slightly higher in MA than
TM is consistent with utilization constraints in MA, so that the marginal patient admitted to
these types of care is in worse health. Relatedly, we find that MA patients are much less likely to
be discharged from the hospital to post-acute care and much more likely to be discharged home
than TM patients. We also find evidence of restrictions on the most expensive types of care,
possibly including substitution to less expensive alternatives. For example, visits to specialists are
much lower (23 percent) in MA than TM, while visits to primary care are only slightly lower (6
percent). Similarly, the probability of inpatient surgery is 8 percent lower in MA than TM while
the probability of outpatient surgery is 26 percent higher.

The evidence on potential mechanisms helps alleviate — but does not remove — concerns that
differences in average spending between MA and TM reflect differences in expected healthcare
spending for individuals who select into MA, rather than a “treatment effect” of MA per se. Our
baseline results compare spending in MA to spending in TM for individuals in the same county and
with the same risk score. To the extent that county and risk scores are the only variables that could
be used in any capitation formula, this difference is a useful summary, which may provide a guide
for, say, CMS reimbursement rates. Yet it may partly (or entirely) reflect selection effects whereby
MA attracts individuals with lower predicted spending, conditional on risk score and county. We
therefore explored how estimates of mean spending differences between MA and TM are affected

by more detailed controls for observable differences between TM and MA enrollees, as well as by



attempts to adjust for unobserved differences between the two populations using data on mortality
differences (conditional on observables) to proxy for differences in expected spending. Without any
adjustment, spending is 30 percent lower in MA, compared to our baseline estimate of 27 percent.
Our alternative attempts to adjust more finely for observable differences or to try to account for
unobservable differences between MA and TM enrollees suggest that spending differences could get
as low as 13 percent. While none of our approaches is perfect, we view the totality of the evidence
as suggesting that MA reduces healthcare spending relative to what it would be in TM by 10 to 25
percent.

Our findings relate to several literatures. Most broadly, our work is part of the large literature
on the relative consequences of public and private ownership. This literature has spanned a range of
disparate industries, including education, pensions, electricity, and transportation. In the specific
context of healthcare, recent empirical work has emphasized that the private sector may be more
efficient than the public sector at setting reimbursement prices for providers (Clemens et al. 2015)
and at setting cost-sharing to combat moral hazard (Einav et al. 2016).

Not surprisingly, we are not the first to explore the question of the relative efficiency of public
and private health insurance by comparing behavior in MA and TM plans. As noted, a key
contribution of the current paper is our access to detailed claims data for a large share of the MA
market. Absent such data, prior studies have used a variety of approaches to infer health care
utilization and spending differences between MA and TM. These include comparing MA plans’ self
reports to CMS of enrollee utilization to utilization measures in TM claims data (Landon et al.
2012), analyzing beneficiaries’ self-reports of care received in TM and in MA (Ayanian et al. 2013),
analyzing hospital discharge data from New York counties experiencing MA exit (Duggan et al.
2015), and inferring cost differences from estimates of demand for MA and a supply-side model of
the market (Curto et al. 2014). These papers have tended to find lower healthcare utilization in
MA — with estimates ranging from 10 percent to 60 percent.

Our finding that MA prices for hospital admissions are roughly similar to TM prices contrasts
with the conventional wisdom that MA prices will be higher than TM prices due to the bargaining
power enjoyed by the larger public sector (e.g. Philipson et al., 2010). It also differs from prior
findings that TM prices are substantially lower than prices in the private, under 65 market both
on the inpatient side (Cooper et al. 2015) and the outpatient side (Clemens and Gottlieb, forth-
coming). Likewise, is interesting to compare our price findings to the seminal paper of Cutler et
al. (2000) comparing private managed care compared to private fee-for-service provision of health
care. Focusing on heart attack admissions in Massachusetts, they find spending per heart attack
admission is 30 to 40 percent lower in private managed care than private fee for service; by con-
trast, we find spending per heart attack admission is about the same (2 percent higher) for private
managed care (MA) compared to public fee for service (TM).

Finally, our paper relates to the large literature on geographic variation in healthcare spending
in TM (e.g. Fisher et al. 2003a, 2003b; Skinner 2011, Institute of Medicine, 2013), and a smaller
but growing literature comparing geographic variation in TM to geographic variation in commercial

insurance i.e., private insurance for the under 65 population (e.g. Philipson et al. 2010, Institute



of Medicine, 2013 Cooper et al., 2015). The large geographic variation in TM spending without
commensurately better mortality in higher spending areas has widely been interpreted as evidence
of inefficiency in TM. The comparison with commercial insurance has suggested that TM and
commercial spending both exhibit substantial geographic variation, but that geographic variation
in TM primarily reflects variation in utilization while geographic variation in commercial insurance
primarily reflects geographic variation in pricing. This has been interpreted as reflecting the lower
powered incentives in the public sector relative to the private sector in constraining utilization, and
monopsony power in the public sector to constrain prices relative to what the private sector can
achieve (e.g. Philipson et al., 2010). Of course, there are other reasons why patterns of healthcare
provision for those under 65 may differ from the patterns for the over 65. We consider these same
set of facts in the context of Medicare Advantage, which arguably provides a cleaner comparison
group to TM for understanding variation under private and public regimes since MA and TM are
provided to the same broad population (of individuals over 65 years of age). And in contrast to
the comparisons between TM and commercial insurance, we found lower pricing variation in MA
than TM.

The rest of the paper proceeds as follows. Section 2 provides some institutional background
on our setting. Section 3 describes our data and baseline sample. Section 4 presents summary
statistics on healthcare spending in MA and introduces our baseline measurement approach for
comparing spending in MA to spending for a “comparable” set of TM enrollees. Section 5 compares
healthcare spending in MA and TM, overall and for various categories of people and spending.
Section 6 examines differences between MA and TM enrollees in healthcare utilization and in
healthcare prices, and examines some potential mechanisms for spending reductions. Section 7

explores alternative approaches to controlling for selection into MA. The last section concludes.

2 Setting and background

The context of our paper is the Medicare Advantage (MA) program, which allows Medicare bene-
ficiaries to opt out of traditional fee-for-service Medicare coverage and enroll in a private insurance
plans. The program was established in the early 1980s with two goals: to expand the choices avail-
able to beneficiaries and to capture cost savings from managed care. In return for covering enrolled
beneficiaries’ healthcare expenses, private MA plans receive a risk-adjusted, capitated monthly
payment from the Centers for Medicare and Medicaid Services (CMS), which is the federal agency
that manages the Medicare program.

There has historically been a tension between the two goals of expanding access to MA and
limiting costs (McGuire, Newhouse, and Sinaiko, 2011). Insurers have tended to participate more
in periods with higher payments, and to offer plans selectively in areas with higher payment rates.
MA plans also enroll relatively healthier beneficiaries, complicating the problem of setting appro-
priate capitation rates. Several reforms over the last decade have aimed to address these problems

by introducing a risk scoring system to adjust plan payments based on enrollee health, and a com-



petitive bidding system that replaced the fixed reimbursement rates used earlier. These changes,
combined with an increase in capitation rates set by CMS, have coincided with the expansion of
plan offerings and enrollment seen in Figure 1. MA penetration tends to be higher in urban than
rural areas; for example, in 2010, MA penetration was 32% in urban counties and 18% in rural
counties.

To participate in the MA program, Medicare private plans must contract with a set of health-
care providers and offer at least the same insurance benefits as standard Medicare, which covers
inpatient (“Part A”) and outpatient (“Part B”) healthcare services. They typically provide addi-
tional benefits as well, in the form of more generous cost sharing or supplemental coverage of dental,
vision, or drug benefits. Medicare beneficiaries observe the MA plan offerings in their county of
residence and can choose to enroll in any of the available MA plans during an annual “open enroll-
ment” period every fall. The trade-off they face in choosing between MA and TM is that MA plans
typically restrict access to healthcare providers, but provide additional benefits as described above.
In 2010, around 73 percent of MA enrollees were in HMO or PPO plans with limited provider
networks.

Every year, plans enter into a bidding process, which dictates the benefits and premium associ-
ated with each plan that is offered to beneficiaries The precise rules of the way plan bids translate to
plan premiums and benefits are somewhat complicated (for a more detailed description, see Curto
et al. 2014). We briefly summarize the key features here. Each plan submits a bid b, which should
be interpreted as the monthly compensation required by the plan to provide “standard” monthly
coverage in the local area in which the plan is offered to an “average” Medicare beneficiary. By
“standard” coverage we refer to the standard part A and part B financial coverage offered by TM;
MA plans typically offer more comprehensive coverage, but they obtain a separate compensation
from CMS for it on top of their bid b; this is known as the “rebate.” As will be clearer later, by
“average” beneficiary we refer to a beneficiary with an average health risk.

This bid b is then assessed against its local benchmark B, which is set administratively by CMS.!
In principle the benchmark B is supposed to approximate the counterfactual cost to CMS to cover an
“average” beneficiary in that county through TM. In practice, the variation in benchmarks across
locations departs somewhat from this principle, presumably reflecting various political economy
considerations; on average in our observation period (2010), benchmark rates are higher than
corresponding TM costs, and more so in some areas than in others.? Overall, the average benchmark
across counties (weighted by the number of Medicare beneficiaries) is $836 per enrollee-month,
compared to an average TM cost of $793, and this difference is lower in urban counties (benchmark
of $866 and average TM costs of $837) than in rural counties ($770 vs. $713). The (weighted)

'If b > B the difference is charged as a premium to the consumer. If b < B, which is almost always the case
empirically, 75 percent of the difference is given to the consumer through the rebate, and 25 percent is retained by

CMS.
*Indeed, one of the components of the recent Affordable Care Act is to reduce the level of these MA benchmark

rates.



correlation between the county benchmark and the (realized) average TM cost in each county
is 0.75. However, in our observation period, the vast majority of plan bids are lower than the
corresponding benchmarks, making MA plans financially more generous than traditional Medicare,
where enrollees can face large out-of-pocket costs.

Capitation payment to insurers for enrolling a given enrollee in a given MA plan depends
not only on the plan’s bid b but also on the enrollee’s risk score r;, which is proportional to her
predicted health care costs in TM over the next year. Adjusting reimbursement for risk score is
a key component of CMS’s attempt to limit selection into MA by adjusting plan compensation
for predictable heterogeneity in healthcare cost across beneficiaries. CMS assigns a risk score to
each Medicare beneficiary based on demographic information and detailed claim-level information
on chronic disease conditions measured over the previous 12 months. The average beneficiary’s
risk score is normalized to 1, so that plans obtains compensation of r;b for covering beneficiary i.
Thus, broadly speaking, plan compensation is designed to reimburse an MA insurer for the costs
their enrollee would incur — based on their county and risk score r; — had they remained in TM.
This motivates our baseline approach (described below) to comparing utilization and healthcare
spending in MA and TM, which is to compare outcomes for MA enrollees to outcomes for TM

enrollees who are in the same county with the same risk score.

3 Data and Sample Construction

3.1 Data sources

This project uses data from two main sources: the Health Care Cost Institute (HCCI) and the Center
for Medicare and Medicaid Services (CMS). All the data pertain to spending and enrollment in
2010. The Appendix provides considerably more detail.

The HCCI data are the key, novel data in this paper. HCCI is provided with claim-level data
from three large MA insurers — UnitedHealthCare, Humana, and Aetna. HCCI pools these data
(masking the individual insurers) and makes these data available for research In 2010, these three
insurers (whom we refer to as the “HCCI Insurers”) covered almost 40 percent of MA enrollees:
United was the largest (national market share of 18%), Humana was second (15%), and Aetna fifth
(4%) (Kaiser Family Foundation, 2010). The claim-level data reflect claims that these three insurers
paid out to healthcare providers. The HCCI data also contain monthly enrollment indicators and
some limited demographic information (age bins, gender, and zip code).

The CMS data serve a dual role. One role is in providing parallel claim-level data on those
Medicare beneficiaries enrolled in Traditional Medicare (TM). Because TM offers a fee-for service
coverage, we essentially observe every healthcare claim made by TM enrollees during 2010. With
the various adjustments described later, the TM claims data allow us to form a “benchmark”
comparison of healthcare spending and utilization against which we can compare the measures
obtained from HCCI.

The CMS data have a second, equally important role. Because CMS pays MA insurers on a risk-



adjusted capitated basis, CMS cannot track healthcare spending and utilization of MA enrollees,
but it has precise information about the enrollment, demographics, and health risk of MA enrollees.
Thus, for the universe of Medicare enrollees we can observe monthly enrollment information in TM
(parts A and/or B) or MA, risk score, demographics (zip code, age, and gender), dual enrollment
status (in Medicaid and Medicare), and detailed health conditions from the prior year. The CMS
data also contain mortality information for MA enrollees as well as TM enrollees (because payments
to MA insurers stop the month a beneficiary dies), as well as details on payments to MA insurers
by CMS and consumers. The detailed CMS data on MA enrollment and mortality allows us to
validate the completeness of our baseline sample in HCCI, and to adjust our comparison to TM
spending for the differential demographics, health conditions, and mortality among MA enrollees.
The CMS data on payments to MA insurers allow us to construct estimates of total payments to

HCCI Insurers, as well as their components.

3.2 Baseline sample

The HCCI data include most, but not all, MA enrollees in the three HCCI insurers. Based on
the qualitative information that HCCI obtained from the three participating insurers, it appears
that inclusion in the HCCI data was made on a plan-by-plan basis, with “highly capitated plans”
left out. That is, insurance plans that pay providers on a capitated basis naturally do not observe
specific claims by their enrollees, so they are omitted from the HCCI data. The HCCI data also
indicate that it excludes special needs plans (SNPs), which are MA plans for individuals with
specific diseases (such as end-stage liver disease, chronic heart failure, or HIV-AIDS) or certain
characteristics (such as residence in a nursing home).

Ideally, we would have plan identifiers in the HCCI data, which would allow us to match this
information to the plan identifiers in the CMS data, and thus know which MA plans are excluded.
However, with the exception of SNPs that are not in the HCCI data and can be identified in the
CMS enrollment data, plan and insurer identifiers are omitted from the HCCI data.

Instead, therefore, we rely on the fact that capitated payments to providers are more popular in
some parts of the US than in others, and the MA market operates separately across locations. We
thus construct our baseline sample by focusing on specific regions, in which HCCI plan coverage
appears approximately complete.

We judge the completeness of the HCCI data by comparing enrollment statistics for the HCCI
insurers in the HCCI and CMS data. In the CMS data, we know for each MA enrollee whether he
or she was enrolled in an MA plan offered by one of the HCCI insurers. This allows us to generate a
pseudo HCCI enrollment data set, which covers all enrollees that “should” have been in the HCCI
data if no plans were omitted. We then compare enrollee counts in this pseudo HCCI enrollment
data and cross validate the actual HCCI data against it. Specifically, we compare enrollee-month
counts at the state level across the two data sets, restricting the analysis to individuals who are 65
and over; we do not require individuals to be enrolled for a full year. Overall, this exercise suggests
that the HCCI data contain about 80 percent of total MA enrollees for the HCCI insurers, with



the “missing” plans (and enrollees) disproportionately concentrated in the Western US.

We define our baseline sample to be the set of 27 states where we have a close to complete
sample of HCCI insurers’ enrollees, which we define to mean that the count of enrollee-months
in HCCI in the state is within 10 percent of the count for the HCCI insurers in pseudo HCCI
enrollment data that is derived from CMS data.? In practice, in these complete data states, total
HCCI enrollment is within one percent of total enrollment in the pseudo HCCI enrollment data,
leaving us reasonably sanguine that we have captured the entire set of MA enrollees for these three
insurers.

The 27 states in our baseline sample represent about 60 percent of enrollees for the HCCI
insurers. The excluded states are disproportionately concentrated in the Western United States.
Appendix Table 1 shows the MA share of total Medicare enrollees and the HCCI insurer share of
MA enrollees for both our complete data states as well as for the states that are omitted from our
baseline sample, and Appendix A provides additional details about the construction of the baseline
sample.

Table 1 shows how our baseline sample is constructed, and presents basic demographic statistics
from both the CMS and HCCI data. Columns (1) through (3) present CMS data across all plans
and states, while column (4) through (6) present CMS data for our baseline sample, which covers
the 27 states above and omit enrollees in SNPs and in masked (i.e. very small) zip codes. In each
case, we present statistics for all TM enrollees, for all MA enrollees, and then for enrollees in the
three "HCCI insurers". Columns (7) and (8) present statistics for the HCCI sample, for the entire
sample in column (7) and for our baseline sample in column (8).

We use Table 1 to make several observations. First, comparing columns (1)-(3) to column (4)-
(6), the 27 states that constitute the baseline sample do not seem to be very different from the
overall sample, making us feel reasonably comfortable that the findings we report throughout the
paper are likely to be relevant for states not covered by our baseline sample. Second, comparing
column (2) to (3) or column (5) to (6), it appears that the three HCCI insurers attract enrollees that
seem reasonably similar to the overall MA enrollees, suggesting that our subsequent findings may
apply for the broader MA population. Third, as has been documented elsewhere, MA enrollees
are slightly younger and significantly healthier than TM enrollees: their risk scores (which are
proportional to their predicted healthcare spending) are about 5-6 percent lower, and their annual
mortality rates are almost a third lower. This suggests that a straight comparison of TM and
MA healthcare spending would be misleading, motivating the various corrections for selection we
describe in the next section. Finally, it is reassuring that, for our baseline sample, the demographics
(that we can measure in both data sets) are remarkably similar when measured in the CMS data
(column 6) and the HCCI data (column 8); this is what we would expect given our construction of

a baseline sample for which the HCCI data should include all relevant MA enrollees.

3 Although we define our inclusion criteria at the state level, in practice the same inclusion criteria applied at the

county level would retain all counties within each of the sttes in our baseline sample.



4 Summary statistics and measurement approach

4.1 Spending and payments in MA

The middle panel of Table 1 reports average total healthcare spending and CMS payments in
TM and MA. Throughout, we define healthcare spending as the sum of the insurer spending and
any out-of-pocket spending by the beneficiary. Insurer spending is based on observed payment
amounts — that is, transacted prices, not list prices. Out-of-pocket spending is the amount owed
by the enrollee (due to deductibles and co-insurance).* Our measure of total spending is a near-
exhaustive measure of all healthcare claims. Specifically it covers several categories of spending:
(a) inpatient spending, which is associated with providers identified as hospitals and physicians
billing for treatment provided in an inpatient hospital setting; (b) outpatient spending, which also
includes home health care and durable medical equipment (e.g., wheelchair rentals); and (c) skilled
nursing facility (SNF) spending.® Average MA healthcare spending per enrollee-month is $647 in
our base sample (column (8)). Of this, $596 is paid by the insurers, and $52 is owed by the enrollee.

The bottom panel of Table 1 reports estimates of payments to MA insurers. Payments to MA
insurers for "organic" MA services (i.e. for services covered by TM) are $776 per enrollee-month
in our baseline sample (column (6)).° The comparison of insurer MA revenue of $776 per enrollee-
month to the insurer payments to healthcare providers of $596 (column 8) suggests that net revenues
for MA insurers are $180 per enrollee-month. If this applied to the entire MA population in 2010
(including those outside our sample) it would imply $21.1 billion in annual (2010) revenue for MA
insurers in excess of their spending on healthcare claims. Of course, MA insurers incur additional

costs, such as administrative and advertising expenses, which we do not observe in our data.

YTM enrollees can purchase supplemental private insurance (“Medigap”) to cover some of their out-of-pocket
expenses or additional benefits. About half do so. If they do, the Medigap insurer is the primary payer of the

“out-of-pocket” amount owed by the beneficiary.

*One (small) category of spending which is not in our measure of total spending is hospice care. This is because
hospice care is billed directly to CMS even for MA enrollees, so it is observed in CMS data, for both TM and MA and
doesn’t fully conform to the empirical exercise. In practice, we show below that the exclusion of hospice spending

does not substantively affect the comparison of total spending.

SWe define payments to MA insurers to be the sum of CMS spending on MA ($787) and additional consumer
premiums for MA ($6) minus the portion of the consumer rebate that is passed on to consumers for additional
services, not covered by Medicare Part A and Part B services ($17). As discussed in Section 2, MA insurers typically
offer more comprehensive coverage than TM, but they obtain a separate compensation from CMS for it, on top of
their bid. On average in our baseline sample, the consumer rebate was $53 per enrollee-month, and $36 of it is for
more generous coverage of the healthcare services we study in the paper, while the remaining $17 of the rebate is for
additional consumer benefits that are not cpatureed by the analogous TM spending (such as premium discounts, or

dental and vision coverage).



4.2 Spending in MA and TM: Raw Comparisons

Table 1 reveals dramatic differences in total healthcare spending between the TM and MA popula-
tions. In our baseline sample, the average TM enrollee spends $924 per month (column (4)), while
the average MA enrollee spends 30% less, $647 (column (8)).

Figure 2 shows spending differences in MA and TM separately for each of the 27 states in our
baseline sample. Spending is lower in MA in all states, but the differences ranges from about 4
percent lower MA spending in Alaska to almost 50 percent lower MA spending in Florida.

Geographic variation in spending within TM has attracted a great deal of attention. The
“Dartmouth Atlas” findings of large differences across areas in TM spending and utilization without
corresponding differences in mortality is widely viewed as indicative of the inefficiencies of the
public Medicare system.” Our analysis suggests that if anything, geographic variation in spending
is higher in MA than TM. The coefficient of variation across states (weighting each state by its
total Medicare enrollment) is 0.133 in MA, about 25 percent higher than the 0.107 coefficient of
variation we estimate in TM.% In Appendix Figure 1 we show that MA also exhibits the positive

correlation across states between spending and mortality that has been widely documented in TM.

4.3 Measurement

The 30 percent lower baseline spending in MA relative to TM may partly or entirely reflect dif-
ferences in the sets of beneficiaries who enroll in TM and MA, rather than the impact of MA on
healthcare spending. Indeed, we have already seen in Table 1 that MA enrollees tend to be healthier
than TM enrollees, suggesting that some of the spending differences we observed likely reflect these
health differences. This motivates our baseline empirical strategy in which we follow a reweighting
specification which makes the TM population look like the M A population in terms of county and
risk score. The risk score is a summary statistic based on an extremely rich set of demographic
and health measures. These health measures reflect both patient health and propensity to receive
healthcare - since diagnoses are only recorded if care is received (Song et al. 2010; Finkelstein et
al. 2016) - both of which may differ between TM and MA enrollees.

Specifically, consider a Medicare enrollee in county z; with (continuous) risk score r;, and an
outcome yZT M in TM. We map r; to a discrete risk score bin 7, so that all Medicare beneficiaries
are partitioned into a set of discrete groups, defined by their county and risk score bin g; = (z;,77}).
Using the sample of beneficiaries who are enrolled with the HCCI insurers, we assign each group g
a weight wy = Ny/N, where N, is the number of enrollees that belong to group ¢ (in the sample
of column (6) in Table 1) and N =}/ N,. Each unweighted TM outcome

1
=TM TM
Yunweighted = ey ZieTM Yi (1)

"Skinner (2011) provides an overview of this large literature.

8Our analysis is at the state level rather than the Hospital Referral Region (HRR) level that is more typical in
this literature. This is because many HRRs cross state boundaries and our baseline data are limited to a subset of

states.
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is then replaced with a reweighted TM outcome

1
-I'M — 9
Yre—weighted ZieTM wy, ieTM Wy, Yi, (2)
which we compare to the corresponding MA outcome
1
—MA _ MA
Y N Nyra ZiEMA Yi - (3)

In addition to the transparency and simplicity of this re-weighting approach, it has the added
attraction that it captures the spirit by which MA insurers are being paid by CMS. As described
in Section 2, CMS capitation payments to MA insurers are based on a county-specific amount,
which is then multiplied by the enrollee’s risk score r;. Our baseline approach, which reweights
on precisely these two dimensions — county and risk score — can therefore be viewed as correcting
for selection concerns associated with the only two dimensions that current CMS payment policies
condition on.

Naturally, however, there may still be selection into MA on characteristics which, conditional on
risk score and county, are correlated with expected health care spending. In Section 7 we return to
this fundamental issue, and report several alternative strategies for adjusting for selection into MA
using both a richer set of observables (implemented via propensity-score matching) and an attempt
to account for selection on unobservables using observed mortality differences between MA and
TM enrollees. As we show there, while various approaches to selection move some of the numbers
around, the qualitative and the ballpark quantitative conclusions do not change dramatically in
most specifications relative to our baseline approach. This makes us comfortable “riding” this
relatively simple baseline approach for much of the paper.

Table 2 shows how the TM spending benchmark is affected by different ways of reweighting the
TM enrollees to “look like” the MA enrollees in terms of county composition and risk score. Column
(1) reproduces the raw, unweighted numbers already shown in Table 1, column (4). Column (2)
reweights the TM data to match the distribution of MA enrollees across counties. Average TM
spending per enrollee month increases from $924 to $950, reflecting the fact that MA enrollees
are disproportionately in more expensive counties; this is primarily driven by the well documented
higher MA penetration in urban areas, in which healthcare delivery tend to be more expensive.
Columns (3) and (4) add risk scores to the reweighting of the TM population, so that it matches,
county by county, the risk score distribution of MA enrollees. In column (3) we match on risk
score bins that are quite coarse, of width 0.5; 58% of MA enrollees are in the three largest bins
(0.5-1, 1-1.5, and 1.5-2). In column (4) we use more granular risk score bins (of width 0.1). It

is evident from column (3) (and not surprising given Table 1) that reweighting on risk scores is

9A slight complication of this procedure arises when an MA enrollee belongs to a group for which there are no
TM enrollees, which may happen in small counties and high risk scores, which are less common. This applies to only
0.07 percent of enrollee-months. In such a case, we amend this procedure with an extra step, where we re-classify to
such “empty” TM groups the TM enrollee in the same county whose risk score is the closest to the corresponding

unmatched MA enrollee.
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important, reducing the average monthly spending by 6.5% relative to reweighting on county only
in column (2). However, it is quite remarkable that the much more granular matching on the risk
score distribution makes little difference, with columns (3) and (4) showing essentially identical
results. Going forward, we will use the re-weighting strategy in column (4) — using county and risk
bins of width 0.1 — as our baseline when reporting mean spending or quantity differences between
MA and TM. We will show both unweighted and reweighted statistics throughout the paper, but

will concentrate our discussion on the reweighted statistics.

5 Differences in Spending in MA and TM

Overall differences Table 2 shows average spending differences across all our baseline sample
enrollees in MA (column (5)) and comparison samples in TM. We focus our discussion on our
baseline re-weighting strategy in TM (column (4)). This comparison indicates that healthcare
spending by MA enrollees is $237 per month (27%) lower than a comparable (on county and risk
score) sample of TM enrollees. By comparison, the unweighted data indicates that MA spending
is $277 (30%) lower than TM enrollees.

Recall that for our baseline sample, CMS pays MA insurers $787 per coverage month for each
MA enrollee (see Table 1, column 6). This is an additional $38 per enrollee month above the $749
that CMS pays for a comparable TM enrollee (see Table 2, column (4)).

Stated differently, in the spirit of CMS’ capitation payment formula, if total healthcare spending
of MA enrollees under TM was the same as TM enrollees with the same risk scores in the same
counties, they would cost $884 per coverage month, while in MA their total healthcare spending is
only $647. Applying this estimate to entire MA population in 2010 (column (2) of Table 1, which
includes those outside of our baseline sample) this translates to $103.8 billion in annual (2010)
healthcare spending in TM relative to $76 billion in healthcare spending in MA, a difference of

$27.8 billion in annual healthcare spending.

Differences by consumer type Panel A of Table 3 reports the spending differences for
different types of enrollees. Each row represents a different subsample of enrollees. Across the
board, overall spending in MA is always significantly lower than the (re-weighted) TM analog; the
average difference reported in Table 2 is not driven by specific sub-population. Yet, we see some
heterogeneous effect across types of enrollees. The percentage difference in spending is somewhat
higher for females than for males. The difference is higher in both absolute and relative terms
for elderly beneficiaries. The youngest Medicare beneficiaries (aged 65-74) are associated with a
lower MA spending of $134 per month (20%) while the most senior (85 years old and over) are
associated with a difference of $409 (31%) per month. The 75-84 group is in between. Looking at
beneficiary location, the spending difference is much greater for urban counties, which is where the
vast majority (81%) of MA beneficiaries enroll. In urban counties, MA spending is 29% lower than

TM spending, while in rural counties it is only 15% lower. Put differently, average spending per
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month in MA is almost the same for rural and urban counties, but TM spending is much higher
in urban counties, thus generating the differential difference. This sharp difference between urban
and rural counties is also reflected in the MA revenues (i.e. in plan payments for "organic" MA
services from Table 1, panel C), which we estimate to be $208 higher than claims cost in urban
counties and only $76 higher in rural ones.

Panel A also reveals an interesting aspect of the role that the reweighting adjustment. A
comparison of columns 2 and 3 reveals that reweighting does not reduce the monthly TM spending
estimates uniformly across different sub-populations. Using beneficiary age to illustrate, we note
that the re-weighting adjustment almost makes no difference for the most senior (85 and older)
— essentially suggesting that there is little systematic selection on county and risk scores for this
subgroup (or that if there is, it cancels out) — but a larger difference for younger beneficiaries.

Panel B of Table 3 reports results for the realized spending distribution, comparing different
quantiles of the MA and TM spending distributions. This allows us to assess whether the spending
difference is driven by, e.g., the highest spenders. Again, we see the overall lower MA spending
across all parts of the distribution. We see a larger percentage difference at the lowest end, a
fairly stable (and sizeable, of 30-35%) difference throughout much of the distribution, and then a
somewhat lower percentage difference at the very top one or two percentiles.

Figure 3 shows that states with higher TM spending have greater MA “savings” as measured
by the percentage difference between MA spending and adjusted (i.e. re-weighted in risk score and
county) TM spending. This is consistent with the "conventional wisdom" that higher spending TM

areas are less efficient or productive (Skinner 2011).

Differences by spending type Table 4 looks at spending differences across different cate-
gories of care. It shows spending broken down into three mutually exclusive and exhaustive cate-
gories: inpatient, outpatient, and SNF. MA spending is lower in all three categories. It is 20% lower
for inpatient, 27% lower for outpatient. There is a much larger difference in SNF spending, where
MA spending is 50 percent lower than in TM. However, SNF spending accounts for only a small
share (11%) of overall spending, so this large percentage difference does not contribute much to the
overall difference in spending. We return to the SNF results when we discuss potential mechanisms
for reducing healthcare use in Section 6.3 below.

Table 5 compares geographic variation in each component of spending in MA and in (unadjusted
for demographics) TM spending. All three components of spending exhibit greater geographic
variation in MA than in TM. But the differences are particularly pronounced for SNF spending,
where the coefficient of variation in MA is 0.34, compared to 0.18 in TM. The Institute of Medicine
(2013) recently called attention to the fact that variation in post-acute spending is a major driver of
geographic variation in TM spending. This appears to be true in MA as well, where the geographic
variation in SNF spending is even larger (relative to other types of spending) than in TM.

The bottom row of Table 4 reports hospice spending in MA and TM. As noted earlier, hospice
is covered by TM for both MA and TM enrollees. It is therefore not in our HCCI data on MA

spending and we do not include it in our baseline “total spending” measure. It is however captured
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— for both MA and TM enrollees — in the CMS data, which we use to construct spending for both
TM enrollees and enrollees in the three MA insurers in the HCCI data. Because MA insurers
do not bear the cost of hospice expenditures, they might have an incentive to steer patients to
hospice, so that some of the lower MA spending in inpatient, outpatient, and SNF could be offset
by higher spending in hospice. The bottom row of Table 4 suggests, however, that this is not the
case. Hospice spending is too low to have any potential significant offset effect; moreover, it is also

lower (rather than higher) for MA enrollees than for TM enrollees.

6 Differences in utilization, not in prices

In the last section we found a substantial difference, of 27%, between the overall spending in MA
and the overall spending of a comparable set of TM enrollees. A natural question to ask is whether
this large spending difference is driven by lower healthcare utilization in MA or by the ability of
MA insurers (at least the large ones, from which we have data) to negotiate lower prices, or both.
This is the focus of this section. One challenge throughout this section is to conceptually separate
prices from quantity or quality of care, and this challenge dictates some of the exercises we report.
To preview our results, we find that quantity differences appear responsible for the entire difference;

various measures of “prices” are all quite similar in MA and TM.

6.1 Differences in encounters and spending per encounter

Table 6 measures various components of health care utilization (Panel A) and for many of these
measures a parallel comparison of spending per encounter (Panel B). As already mentioned, en-
counters could be different — providers may be of different qualities, patients may have different
needs and diseases, etc. — so comparing “spending per encounter” is not the cleanest measure
of price. Yet, the sharp differences in the comparison is quite indicative, and the results remain
qualitatively similar when we focus below on more granular units of healthcare for which spending
can be more cleanly considered as “price.”

Specifically, in Panel A of Table 6 we present several rough units of utilization. As before,
all measures are per enrollee-month and we focus our discussion on the comparison between MA
utilization (column (3)) and the reweighted TM utilization (column (2)). Across all categories,
utilization in MA is substantially lower. Inpatient admission rates are 18% lower. Conditional on
an inpatient admission, length of stay is also slightly (6%) lower in MA, so that overall inpatient
days are lower in MA by 23%. This is quite similar to the difference in inpatient spending (of 21%)
presented earlier in Table 4. Likewise, total SNF days are more than 50 percent lower in MA, which
again is quite close to the 50% difference in SNF spending shown earlier in Table 4.

We also measure outpatient utilization. Rates of outpatient emergency room (ER) visits — that
is, ER visits that do not result in an inpatient admission — are 16.5% lower in MA, which is quite
similar to the 17.8% difference in inpatient admission rates. We see a similar difference (of 18%)

in the number of (outpatient) physician visits per month; this difference is approximately equally
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driven by the extensive and intensive margin: a 11% lower rate of MA enrollees who see physician
at least once during the month and a 8% lower average number of physician visits by MA enrollees
who visit the physician at least once.

Given the close similarity between the percentage difference in the above utilization measures
and the corresponding differences in spending, it is not surprising that “spending per encounter”
— shown in Panel B of Table 6 — is quite similar between MA and TM. Inpatient spending per
admission and inpatient spending per day are essentially the same in MA and TM, and SNF
spending per SNF day is 2 percent higher in MA. Interestingly, spending per outpatient ER visit is
10 percent higher in MA; this may reflect utilization management for MA patients that discourages
relatively less severe cases. We also note that the reweighting approach makes little difference in
Panel B; the spending per encounter are quite similar already in the raw comparison of means.

We conclude this section by briefly considering a case study: admissions for AMIs. The treat-
ment of AMIs has received considerable attention in the health economics literature in general, and
in the study of managed care in particular. Cutler et al. (2000) compared treatment for heart
attack patients in a private managed care (HMO plans) and private FFS plans in Massachusetts,
and found that spending per episode was about 30 to 40 percent lower for managed care, but that
treatments were similar, concluding that the differences in spending per episode reflect differences
in prices for similar services. The last two rows of Panel B show that spending per AMI admission

is about 2 percent higher in MA (and spending per day is about 2 percent lower).!”

6.2 (Lack of) Mean price differences for hospital admissions for specific diag-

noses

Table 6 provides a clear indication that much of the difference in spending is driven by lower
utilization in MA. However, to have a cleaner assessment of price differences it is important to
compare spending for “identical” units of care. That is, MA and TM enrollees may see different
physicians or visit different hospitals, so that comparisons of spending per visit or admission may
not reflect differences in the price for the same bundle of services. Similarly, perhaps MA enrollees
are disproportionately admitted for more severe diagnoses (DRGs) that require more care, so com-
paring per-admission spending across the two populations may confound price differences and DRG
composition (which was one motivation for looking at the AMI "case study").

We therefore hone in on “pricing” — or unit payment rates — by focusing on the payments in
MA and TM for admission to the same hospital with the same DRG. In this analysis, differences
in prices will not reflect differences in providers or in the reason for admission. We focus on the

approximately 4,000 hospitals in our baseline sample that are paid (for TM) under Medicare’s

'0This analysis of spending per admission for a given condition is similar in spirit to Baker et al.’s (2016) analysis
of spending per admission for a common basket of DRGs and geographic areas. They also use HCCI data (from 2009
and 2012) and, focusing on large DRGs and large metropolitan areas, conclude that MA spending per admission is

8 percent lower than TM spending for the same “basket” of DRGs and areas.
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prospective payment system (PPS). These represent about 95 percent of all inpatient admission
in MA and cover essentially all standard (non specialty) hospitals. In the context of TM, such
hospitals are paid by CMS based on a pre-set formula that is a product of a hospital-specific rate
and a DRG-specific rate; it is our understanding (although no such contractual data is available to
verify it) that these hospitals are predominantly paid by MA insurers in a similar way. In TM, and
presumably in MA as well, some accommodation for exceptions is allowed, resulting in payments
that may deviate from the DRG-hospital formula rates.

We compute an average price per admission for each DRG. Appendix C provides more details of
how we compute these prices. In computing DRG-specific average prices, we weight the admissions
in each DRG by the state’s share of MA admissions in all DRGs, so that any differences in average
prices across DRGs reflect price differences for a common “state basket,” and are not contaminated
by differences in the geographic distribution of admissions by DRG across states. The national
average price is computed by weighting each DRG by its (national) share of MA admissions.

We compute a parallel set of prices in MA and TM. For both, our starting unit of analysis is
an admission in MA, which is characterized by a hospital and a DRG. The MA price is simply the
observed (transacted) payments for the admission in the MA claims data. Construction of the TM
price proceeds in two steps.!! First, for each MA admission, we calculate the formula price in TM,
applying the PPS reimbursement formula, which is simply the product of a hospital-specific “base”
payment rate times a diagnosis-specific (DRG) weight; both are publicly available from CMS. As
noted, there are various exceptions that result in payments that may deviate from the formula-
based TM payment we constructed. Because we are comparing TM pricing to actual (transacted)
payments in MA, in our second step we adjust our TM formula prices to reflect average differences
between formula and actual prices. We do so by using the CMS data to estimate a proportional
DRG-specific “adjustment factor”, which is essentially the ratio of observed TM payments to the
TM formula prices we calculated. We multiply the average TM formula price in that DRG by our
DRG-specific adjustment factor, to arrive at our final, average TM price in that DRG.

Figure 4 shows the average prices in TM and MA overall, and for the top 20 DRGs (by their
share of MA admissions). Appendix Table 2 shows the underlying numbers. The national average
admission price in MA is $10,084; in TM, it is $9,927. In other words, consistent with the suggestive
evidence from Table 6, our pricing analysis finds very little difference between MA and TM average
prices. The price for an average MA admission is only 1.5 percent higher in MA relative to TM.
The largest difference among the top 20 DRGs is for a major joint replacement (DRG #470), for
which average MA price is about 4% higher than TM. For 12 of the top 20, the average price in

"Tn principle, we could follow the exact same approach as for MA prices, since in the CMS data we observe
TM payments for each admission, along with its hospital and DRG. In practice, however, we are constrained from
implementing this directly both because hospital identifiers are encrypted in the MA data, and because our DUAs
prohibit our exporting data below a minimum cell size. Fortunately, the TM hospital-specific base payment rates
(which determine the TM formula payments) are available in our MA data; we are extremely grateful to Zack Cooper

for providing us with this mapping.
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MA is within one percent of that in TM, and for the other 7 it is within 2.5%.

The close similarity of inpatient admission prices between MA and TM is interesting given that it
is frequently conjectured that because the public sector has greater bargaining power, public fee-for-
service may achieve lower prices than private insurance (e.g. Philipson et al. 2010). Consistent with
this conjecture, prior empirical work has shown that for the same service, TM tends to reimburse
at substantially lower prices than commercial (under 65) private insurance both in the outpatient
setting (Clemens and Gottlieb, forthcoming) and the inpatient setting (Cooper et al. 2015). In
contrast, we do not find that TM prices are substantially lower than privately provided Medicare

prices.!?

Geographic variation in hospital prices In addition to means, we also compared geographic
variation in inpatient prices for MA and TM. Figure 5 shows the results; Appendix Table 3 shows
the underlying numbers. We construct average state prices in MA and TM following a parallel
process to what we did for measuring DRG prices; now, we weight the admissions in each state
using the DRG’s national share of MA admissions, so that comparisons of state-level average prices
are not contaminated by differences in the mix of DRGs across states.'> Weighting by Medicare
enrollment in the state, pricing variation across states in MA is about 20 percent lower than in
TM. Specifically, the coefficient of variation across states is 0.063 in MA, compared to 0.077 in TM.
By contrast, recent work has shown evidence of substantially higher geographic pricing variation
in commercial (less than 65) private plans compared to TM (Philipson et al. 2010, Institute of
Medicine 2013, Cooper et al., 2015).

6.3 Specific aspects of utilization differences and potential channels for saving

Our results thus far strongly point to differences in utilization metrics, rather than payment rates,

that are driving the overall differences in spending between TM and MA. Here we focus on several

120f course, our MA sample is limited to three large insurers, and their bargaining power may not be representative
of smaller MA insurers; on the other hand, Cooper et al. (2015)’s analysis of commercial pricing was also limited to
the same three large insurers, and there average inpatient prices were almost twice as high than in TM.

13 Likewise the adjustment factor we apply to the TM formula average price in the state is now state-specific rather
than DRG-specific.

YT ike us, this analysis focuses on pricing variation in hospitals. The recent Cooper et al. (2015) comparison of
pricing variation in TM compared to commerical (i.e. private, under 65) plans also uses data from HCCI, specifically
2007-2011 data for commercial insurance. We confirm that using data only from 2010 and from the subset of 27 states
in our baseline analysis and our approach to measuring pricing, we replicate their finding of substantially greater
variation in pricing in commercial insurance relative to TM. Specifically, again using the MA share of admissions in
each DRG to construct average prices for each state, and estimating the coefficient of variation across states weighting
each state by the Medicare enrollment in that state (as in Figure 5), we estimate that pricing variation is over 50

percent larger in commercial insurance (coefficient of variation = 0.13) than in TM (coefficeint of variation = 0.08).
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specific, narrow metrics of quantity to try to gain a better understanding of the nature of and

potential channels for these quantity differences.

Over-used and under-used care In Table 7 we explore differences in potential low-value and
high-value care. Panel A examines utilization of diagnostic testing and imaging services,where
excessive use may be a concern (e.g. Brot-Goldberg et al. 2015, U.S. Government Accountability
Office, 2008). Panel B examines utilization of various measures of preventive care, an area where
under-use may be a concern.

The results show no evidence that one type of care exhibits greater differences between MA
and TM than another. Diagnostic tests and imaging procedures are, respectively, 27% and 20%
lower in MA, which is similar to, and not higher than, the percentage difference in total spending.
Preventive care also exhibits no obvious pattern relative to overall care.'®> Rates of most preventive
care are lower in MA, although there is variation across the measures. Flu shot rates for MA
beneficiaries are much lower (by 38%). Most other preventive tests are also lower in MA but the
differences are smaller. Interestingly, the one area where screening tests are done more frequently
in MA than TM is screening tests that are female-specific (mammograms and pap smears), for
which the rates are a little higher in MA.

Potential channels for reducing utilization Potential mechanisms by which MA plans may
reduce care utilization include: limited provider networks through which beneficiaries receive care,
coordination of care programs to more efficiently deliver appropriate services and avoid excessive
utilization, and financial incentives to physicians to influence the quality and quantity of services
delivered (e.g. Landon et al. 2012). By contrast, in TM there are virtually no restrictions on
physician clinical decisions or patient choices of care; TM provides fee-for-service reimbursement to
providers and no explicit utilization oversight or controls

We have already seen evidence of one “signature” of these mechanisms: all these mechanisms
should constrain entry into care, particularly expensive care, so that the average person using that
care in MA is in worse health, and higher cost than the average person using that care TM. In
other words, MA enrollees should have fewer encounters, but have greater spending (or utilization)
per encounter. Consistent with this, we found that spending per inpatient day, spending per SNF
day, and especially spending per outpatient ED visit were all higher in MA than in TM (Table 6,
panel B).

In Table 8 we provide additional evidence consistent with restrictions on utilization. In Panel
A we explore differences between TM and MA in the distribution of discharge destinations of
hospitalized patients. Destinations are roughly ordered in how expensive they are (from cheaper to

more expensive). The number of enrollee-months sent to different destinations are uniformly lower

'5We show rates of preventive care by enrollee-month to be consistent with the analysis in the rest of the paper.
Naturally, recommended care is not at a monthly level but typically at an annual (or bi-annual) level. The analysis

looks similar if instead we examine these measures on an annual basis (not shown).
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in MA, reflecting the lower total number of inpatient admissions in MA (see Table 6). However, the
results indicate that patients covered by MA are disproportionately discharged to less expensive
destinations. Discharges of MA enrollees directly to home is only 12% lower than TM, discharges
to a home health organization is 21% lower, and to SNF it is 37% lower; together, these three
destinations make up about 85 percent of discharges in either TM or MA. Discharges to other post
acute institutions (such as long-term care hospitals, cancer centers, or psychiatric hospitals) are
less common, but significantly more expensive; they are 50% lower in MA than TM.

Finally, we consider substitution to less expensive alternatives. In addition to limiting use of
care, MA may also constrain the type of service, encouraging use of less expensive substitutes.
Panel B of Table 8 points to some patterns that are suggestive of such channels. First, we analyze
the frequency of surgeries. We find the surgery rate to be in fact higher, not lower, in MA by a
fair amount (18%). However, inpatient surgeries are lower (by 8%) and outpatient surgeries are
much higher (by 26%), which is suggestive of MA insurers using outpatient surgeries to substitute
away from inpatient surgeries or perhaps also (given the fact that overall number of surgeries is
higher) from other type of expensive, non-surgical admissions. Second, we examine two types of
physician visits: primary care and specialist visits. We already saw in Table 6 that MA enrollees are
associated with 18% fewer physician visits. While, consequently, both types of physician visits are
lower in MA, the percentage difference in the number of specialist visits is much greater. Primary

care visits is only 6% lower, while visits to specialists are 23% lower.

7 Alternative approaches to correct for selection

The results thus far suggest that spending in MA is more than 25% lower than in TM, even after
adjusting for county and a detailed measure of predicted health spending. To the extent that county
and risk scores are the only variables that could be used in any capitation formula, this difference
is a useful summary, which may provide a guide for, say, CMS reimbursement rates.

Nonetheless, we would like to know the extent to which this lower spending reflects a treatment
effect of MA as opposed to selection into MA by individuals who — conditional on risk score and
county — have lower predicted spending due to unmeasured differences in health or preferences
for healthcare. The relative importance of selection or treatment is particularly important in the
context of assessing the cost implications of any expansion of the MA program to cover those
currently enrolled in TM.

We take several steps in this section to try to make progress on this question. We begin by
showing that our baseline comparison of mean MA and TM spending is not sensitive to alternative,
and arguably richer ways of controlling for observables. We then consider the possibility of selection
on unobservables, by using differential mortality rates (conditional on observables) in MA and TM
to proxy for unobservable spending differences. This approach yields varying results, with the most
conservative suggesting that MA spending is only 13 percent lower than what it would be under
TM.
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The rest of this section discusses the implementation and results in detail. We emphasize at the
outset that we consider these alternative approaches useful but clearly not a panacea for concerns
about selection. Our earlier evidence pointing to potential channels by which MA may reduce
spending — such as via substitution from inpatient to outpatient surgery or from specialist care
to primary care — complements our empirical exercise here in suggesting the existence of an MA
treatment effect. One would need a subtler selection story than simply selection into MA based
on predicted spending, to explain these patterns. The same is true for many of our other results,
such as the comparison of geographic variation. Overall, we view the results as pointing to a large

“treatment effect” of MA on spending, in the range of 10 to 25 percent.

7.1 (Standard) framework

A standard potential outcome framework is useful to organize our exercise. Let W; = 1 if beneficiary
1 is enrolled in a plan offered by one of the three HCCI insurers in MA, and W; = 0 if ¢ is in TM.
Let y;f M e the individual outcome of interest (e.g., healthcare spending per month, which is focus
on in this section) if she were in TM, and y4 be the individual outcome of interest if she were in
MA. We observe y; = yiT M when W; = 0, and we observe y; = ylM 4 when W; = 1 The individual
treatment effect is Ay; = y,;MA —yI'M,

We observe (e.g., in Table 1, Panel B)

D =E [y W, =1] — E [y/M|W, = 0] =T + 5, (4)

where T is the average treatment effect for the MA population'®

T =E [y =y ™MW = 1] (5)
and S represents the selection effect, given by
S=E[yMw; =1] - E [y W, =0]. (6)

A key advantage — in the context of our data — of the above representation of the selection effect
is that it is only a function of y!; this is attractive because the set of observables is significantly
richer and more granular in the CMS data than in the HCCI data, and the above representation
allows us to analyze the selection effect using CMS data alone, holding the average outcome of
interest fixed in the HCCI data.

7.2 Correcting for selection on observables

Our baseline re-weighting approach (see equation (2)) can be viewed within this framework, as

assuming that conditional on county and risk score W; is as good as random assignment. The risk

YWhile there is undoubtedly heterogeneity across MA insurers, our data do not permit analyses of separate effects

by insurer.
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score itself is generated from an underlying much richer set of observables, including very detailed
health measures as well age, gender, and dual eligibility in Medicaid. These observables are used
with a particular functional form to produce the risk score. A more flexible approach therefore
would be to condition on the individual components of the risk score.

If we want to condition on a richer set of observables, it gets more difficult to apply our baseline
re-weighting strategy as the data becomes sparse and it becomes common to observe MA benefi-
ciaries with a vector of characteristics for which there is no match in the TM sample. We therefore
instead follow a standard approach of constructing propensity scores for enrollment in MA as a
function of a rich set of observables, and then apply the reweighting strategy to the propensity
score rather than to the entire vector of observables.

Specifically, given a vector of observables x; we estimate a logit model of W; on z;. That is, we
assume that p; = Pr(W; = 1) = % and estimate S by maximum likelihood. We estimate
the logit model separately for each county, to allow the relationship between enrollment in MA and
observables to differ across counties. We then use our estimate of 5 to generate the propensity
score for individual ¢, denoted by p;. Appendix Figure 2 shows the distribution of propensity scores
under MA and TM for our baseline z}s (county and risk score).

We then apply the same reweighting procedure used earlier, in two ways. First, we simply
reweight the TM sample to match the propensity score distribution of the MA sample by binning
the propensity score to bins of size 0.01. Second, because we think that location heterogeneity
may be particularly important for healthcare spending, we also reweight on county and propensity
score, so that reweighting groups are defined as a combination of county and a 0.01 bin of propensity
score. Table 9 reports the results from both procedures, in columns (3) and (4), respectively, but
it turns out that the additional conditioning on county in the reweighting procedure makes little
difference, presumably because all our specification already include county-specific estimates in the
construction of the propensity score.

Rows 1 and 2 of Table 9 report the TM average spending when we apply no weights (row 1) and
when we reweight on risk score (row 2), as in the baseline specification, regenerating the results
from Table 2.7 Rows 3 through 6 report specifications based on the propensity score reweighting.
Row 3 shows that (not surprisingly) using county and risk score as in our baseline approach, but
through a propensity score has essentially no effect on the results. Rows 4 through 6 then use
the individual components of the risk score separately as observables x; in the propensity score;
specifically we now include increasingly flexible controls for age, gender, dual eligibility, and 70
hierarchal condition categories (HCC) indicator variables. These alternative specifications have
very little effect on the results. Our lowest estimate of TM spending is $873 per enrollee-month
(relative to the $884 in our baseline specification), which still implies a 26% lower spending in MA

(instead of 27% in our baseline specification).

'"To be parallel with the subsequent propensity analysis, column (4) of row 2 shows our baseline estimate which

re-weights on county and risk score bin, while column (3) shows the impact of re-weighting only on risk score bin.
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7.3 Using mortality to correct for selection on unobservables

Although our baseline results are not sensitive to controlling for an increasingly rich set of observ-
ables, one is naturally still concerned about the possibility that selection into MA is correlated
with unobservables that are correlated with healthcare spending. We try to address selection on
unobservables by leveraging the fact that, fortunately, we can observe mortality outcomes for indi-
viduals in both TM and MA. As we saw in Table 1, mortality is lower for MA enrollees than TM
enrollees; it is also lower conditional on county and risk score (not shown).

We therefore use mortality differences across enrollees in MA and TM to try to proxy for un-
observable differences in expected health care spending. We make the strong assumption that
mortality outcomes are unaffected by enrollment in MA. Under this assumption, we can use mor-
tality as an additional observable and control for it.

We use differences in mortality rates to create an MA-specific mapping and a TM-specific map-
ping from risk scores to a health index, captured by mortality. This approach therefore captures
differences in expected spending, conditional on risk score, arising from unobservable health dif-
ferences captured by mortality; this includes not only selection on unobserved health, but also
potential upcoding (manipulating of patient diagnoses and hence risk scores) in MA (Geruso and
Layton 2015).

Specifically, we predict mortality rate as a nonparametric function of risk score, separately for
MA and TM enrollees. We can then reweight on predicted mortality (row 7 of Table 9) or on
a propensity score that uses predicted mortality as the observable (row 8 of Table 9); here we
once again estimate the propensity score county by county. These specifications lead to the largest
estimate of selection. According to these estimates, accounting for selection, total spending in MA
is only 13% lower than in TM ($647 relative to $744), rather than 26% lower ($647 relative to $873)

using our richest set of observables.!®

Parametric Selection Model Finally, we consider a more parametric selection model as an
alternative way to adjust for observables and unobservables. It yields a less aggressive correction
for unobservables than the statistical correction shown in the last two rows of Table 9.

In this alternative approach, we continue to assume that mortality is not affected by enrollment
in MA. We also assume that there is only one dimension of unobservable heterogeneity — which we
can think of as health status — which affects both costs (under TM) and mortality. Under these
assumptions, we can essentially use mortality rate as a “control function” for unobservables.

Specifically, we assume the data generating process arise from two equations. The first is a

8By way of comparison, Geruso and Layton (2015) estimate that MA risk scores are 6 to 16 percent higher than
they would be for the same enrollee under TM. Taking their upper bound, such 16% “upcoding” alone would suggest
that comparble TM spending would be $742 per enrollee month (16% lower than our baseline estimate of $884),
which would imply that MA costs ($647) arel3 percent lower than in TM. Put differently, the upper bound of their

upcoding estimate could essentially account for all the selection on unboservables we estimate here.
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selection equation

Wi = Hu(zi,ri,n;) < 0}, (7)
where z; is a vector of observables associated with beneficiary ¢, r; is her risk score, and 7; is
unobserved. The second equation is the potential outcome equation

E(lnc!™M|z;,ri, 0;) = zhoy + o (ri + 605). (8)

We depart from the analysis thus far and consider the outcome to be log costs rather than dollars
since it seems more natural to model factors (either observable or unobservable) as affecting cost
proportionally.

Under these assumptions, the selection term (see equation (?7)) is given by
S=E ™MW, =1] - E [lne/ MW, = 0] = a,(E(0i|zi,ri, W; = 1) — E(0;|2s,7:, Wi = 0)), (9)

and the selection term is not zero when 7, and 6; are correlated.

Suppose now that mortality realization is drawn from a logistic distribution, so that

__exp (@B + By (ri + 6:))
14 exp (28, + B, (1i +60:))

E[ml‘mlv T3, 91]

where m; = 1 if beneficiary (in either TM or MA) dies during the year (2010) and m; = 0 otherwise.

We can define now the log-odds ratio

E[ml|$lv Ti, 02]
1-— E[mz|xl, Ty 91]

mi(z;, 7, 0;) = In = 238, + By (ri +0;). (10)
Equation (10) is estimable for the entire data, using the CMS data set, as we see mortality outcome
there for both TM and MA populations. We can thus obtain unbiased estimates for 3, and 3,
and back out E(0;|x;, i, W;). Equipped with this information, we can return to equation (8) and
correct for the selection. That is, we can now regress y.(x;,r;) = E(y!™|z;,r;) on z; and on
ri + E(0i|zi,mi,W; = 0) and (given our assumptions) obtain unbiased estimates for a, and a,.
We then have all the pieces to plug into the selection term, equation (9), and obtain the extent of
selection on unobservables.

This approach yields that 23% of the residual difference in total spending between AM and
(reweighted) TM is attributable to selection on unobservables. That is, we use equation (?7?),

T

substituting Inc/ ™ for yI™ (using the reweighted cost) to compute the total difference in log cost

and obtain 0.54. We then follow the above procedure to estimate S (see equation (9)), and we
obtain 0.125, which is 23% of the overall difference.

8 Conclusion

We have compared healthcare spending and utilization in public and private Medicare. This setting

provides a rare opportunity for a “side by side” comparison of public and private health insurance
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systems operating on a similar scale, for the same population, in the same markets, and with the
same providers. Novel data from the Health Care Cost Institute on the healthcare claims of MA
enrollees allowed us a rare look inside the “black box” of healthcare utilization and spending in
MA.

We find that healthcare spending for enrollees in MA is 27% lower than for enrollees in TM
in the same county and risk score. We estimate that 25-50 percent of this difference may reflect
selection into MA on unobservable characteristics correlated with healthcare spending. The rest,
presumably, reflects the “treatment effect” of MA. The lower spending by MA enrollees is entirely
due to lower healthcare utilization. Prices appear similar in MA and TM. Where we can most
directly measure this — the price of an admission for a given DRG at a given hospital — we estimate
that average prices in MA are 1.5% higher than in TM. Reductions in utilization appear similar
both for types of care where there is concern about “over use” (imaging and diagnostic tests) and
where there is concern about “under use” (preventive care).

We provide suggestive evidence for some of the potential channels by which MA may reduce
healthcare utilization for enrollees. We found that utilization is lower in MA but that, conditional
on an encounter, spending per encounter is similar or slightly higher in MA. This suggests that MA
manages to restrict utilization on the margin to sicker individuals. Relatedly, individuals discharged
from the hospital are much more likely to be sent home — and less likely to be sent to post-acute
care facility— if they are enrolled in MA rather than TM. We also find evidence consistent with
substitution to less expensive types of care in MA: declines in specialist visits are much larger
than declines in primary care visits, and while inpatient surgery rates are lower in MA, outpatient
surgery rates are higher.

Finally, in light of the widespread interest in geographic variations in healthcare spending in TM,
and recent work on geographic variations in commercial (under 65) private insurance, we explored
similar comparisons in MA. Although geographic variation in spending in TM is often viewed as a
reflection of the inefficiencies in a public health insurance system, we find similar — in fact slightly
larger — geographic variation in spending in MA compared to TM. And while recent work has
emphasized the much greater geographic pricing variation in private commercial insurance than in
TM, we find similar — in fact slightly smaller — geographic variation in pricing in MA compared to
TM.

One natural question these findings raise is their implications for MA insurers and consumers.
For insurers, our estimates from MA data indicate that their revenue exceeds their healthcare
expenditures by $180 per enrollee month. An important area for further work is to examine how this
may be dissipated through other costs, such as the administrative costs of providing the insurance
and the marketing costs of attracting enrollees. A related and important question is whether and
how competitive pressures affect the MA market.

Implications for consumers are even more difficult to assess, since the elements of their objective
function are not as straightforward to define or measure. A simple revealed preference argument
would suggest that consumers who choose MA are better off in it. Other inferences are harder to

make. Quality of the healthcare experience is difficult to assess; our measures of preventive care
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point to reductions there that are similar in magnitude to other forms of care. We can calculate the
mean financial benefit (i.e. rebate to consumers as measured in the bid data) as $53 per enrollee-
month, but, of course, financial benefits may be valued differently from their actuarial value, and
MA plans have other attributes that will affect consumer surplus, such as limited networks. Further
work on the implications of privately provided Medicare for both consumers and producers is an

important area for further work.
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Figure 1: MA penetration over time
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Figure shows the share of Medicare beneficiaries enrolled in Medicare Advantage plans, year by year. The data
source is CMS’s Medicare Managed Care Contract Plans Monthly Summary Reports. All data are from December

of the year indicated.
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Figure 2: State-by-State Comparison of TM and MA Spending

1,100

1,000

Coefficients of variation:

£ T™ -- 0.107
2 900 MA - 0.133
&
=
3
5
5 800
o
[+1+]
=
=}
g
A 700
=L
=

600

500

500 600 700 800 900 1,000 1,100

TM Spending per enrollee-month

Figure plots MA spending per enrollee-month against TM spending per enrollee-month for our baseline
sample (see Table 1, columns (8) and (6)) , for each of the 27 states in our baseline sample. The size of each

bubble is proportional to the number of total Medicare enrollees in the state.
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Figure 3: TM-MA Spending Differences across States
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Figure plots the (percentage) difference between average MA spending and (re-weighted) TM spending per
enrollee-month against average TM spending for our baseline sample (see Table 1, columns (8) and (6)), for
each of the 27 states in our baseline sample. The size of each bubble is proportional to the number of total
Medicare enrollees in the state. The y-axis compares MA spending to TM spending that is re-weighted to
match the MA population on county and risk score, using our preferred weighting (see Table 2, column (4)).

The x-axis reports average (unadjusted) TM spending in the state (see Table 2, column (1)).
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Figure 4: TM-MA price differences for inpatient admissions, across DRGs
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Figure plots the (percentage) difference between average MA prices and TM prices for a hospital admission,
overall and for the 20 most common DRGs. Averages are computed for each DRG using a common (MA)
“basket” of state admission shares. Sample is a subset of our baseline sample; it is limited to all MA inpatient
admissions to hospitals that are paid (by CMS) under prospective payment system (PPS). The figure shows
results for the top 20 DRGs and the average across all DRGs, not only the top 20. The size of each bubble
(except for the overall “Average” bubble) is proportional to the number of MA admissions with that DRG.
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Figure 5: TM-MA price differences for inpatient admissions, across states
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Figure plots the (percentage) difference between average MA prices and TM prices for a hospital admission
for each state. Averages are computed for each state using a common (MA) “basket” of DRG admission
shares. Sample is a subset of our baseline sample; it is limited to all MA inpatient admissions to hospitals
that are paid (by CMS) under prospective payment system (PPS). The size of each bubble is proportional
to the number of MA admissions in that state. Data for Alaska is omitted because it had too few inpatient
admissions for us to report. We also estimate a coefficient of variation across states in MA prices for inpatient
admissions of 0.063, compared to 0.077 in TM; each statistic is computed using total Medicare enrollees in

the state as weight.
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Table 1: Baseline sample

DataBource@Bample AllITMS® Baseline@MSs® AllHCCP? Baseline®CCI®
™ MAHall  MAZHCCI ™ MAHall  MAZHCCI MAZHCCI MAGHCCI
insurers)  insurers) insurers)  insurers) insurers) insurers)
(1) () (3) (4) (5) (6) 7 (8)
Panel®:EnrolleedevelZummary®
No.®f@nrollees§000s) 27,066 10,502 3,904 13,577 4,563 2,016 2,933 2,039
Female 0.574 0.574 0.574 0.577 0.569 0.571 0.569 0.573
Age® 75.1 743 74.2 75.1 74.2 73.9 @ @
Coarselage:™®
BS54 0.534 0.569 0.573 0.530 0.575 0.591 0.592 0.588
75284 0.320 0.318 0.315 0.323 0.319 0.307 0.306 0.309
85+ 0.146 0.113 0.111 0.147 0.107 0.103 0.102 0.103
Dualiligible® 0.141 0.122 0.110 0.131 0.074 0.071 B @
SNPnrollees® el 0.080 0.064 e 0.000 0.000 0.000 0.000
RiskBcore 1.074 1.015 1.021 1.082 1.022 1.023 @ @
Dieddn2010 0.049 0.036 0.036 0.051 0.036 0.035 @ @
PanelB:l?.pendingl@er@nrolleeﬁnonth'
No.®f@nrolleeBnonthsf000s) 306,801 117,423 43,738 154,082 51,299 22,649 32,423 22,609
TotalBpendingd$) 933 el el 924 el el 639 647
InsurerBpendingd$) 793 ] @ 783 sl @ 586 596
00PBpendingd$)® 139 i ® 141 e ® 53 52
PanelX:@Pay i ersiper@nroll h
OveraII@:MSIéxpenditureBﬁ)h [ei3] 818 818 [ei3] 778 787 6] @
Actuarial@/aIueEbﬁEncrementalE}:onsumerﬂbenefitsD]$)i [ei3] 63 53 [ei3] 58 53 6] e12]
PIanliuaymer\tsElorEbrgar\icEMABervices@S)j @ 799 805 @ 761 776 @ @

Table presents summary statistics for various sample definitions. Our baseline sample is summarized in
columns (6) and (8), highlighted in gray.

% Sample include all Medicare enrollees who are 65 or older by the end of 2010.

b Baseline sample excludes SNP enrollees, enrollees in masked (i.e. very small) zip codes, and enrollees in states in
which the number of enrollee-months in HCCT is not within 10% of that in CMS. See Appendix.

¢ These variables are defined as of the first month in which we observe the enrollee during 2010 (January in the vast
majority of cases).

4 Ty HCCT we only have information about age in three bins: 65-74, 75-84, and 85+.

€ At the enrollee-level, we define an individual as enrolled in TM if she is never enrolled in MA during the sample
year and is enrolled in TM for at least one month of the sample year; we define her as enrolled in MA if she is enrolled
in MA in any month of the year, and we assign her to an HCCI insurer if she is covered by one of them in her first
month in MA. Dual eligibility and SNP enrollment is likewise defined based on the first month in which an enrollee
is observed during the sample year.

f We count an entollee-month in TM if she is enrolled in TM that month and never enrolled in MA during the sample
year; any enrollee-months in MA (or in HCCI insurers) are counted as such.

9 Out of pocket (OOP) spending denotes amount owed by enrollee. For TM enrollees, OOP Spending may be partially
covered by supplemental (Medigap or employer-sponsored) coverage.

b This includes all payments made from CMS to the MA plans, including risk-adjusted payments and rebates.

¥ This is also known as the “rebate.”

J The variable “Plan payments for organic MA services ($)” is equal to “Overall CMS expenditure ($)” plus additional

premiums paid by the beneficiaries minus the non-cost-sharing component of the rebate.
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Table 2: Baseline reweighting

Source CMS HCCI

Sample ™ ™ ™ ™ MA
. County® County®

Reweightlby None County None

Risk@bin@.5 Risk@binD.1
(1) (2) (3) (4) (5)

No.®fEnrolleeBmonths{000s) 154,082 154,082 154,082 154,082 22,609
TotalBpendingd$/month) 924 950 889 884 647
InsurerBpendingd$/month) 783 806 753 749 596
OOPBpending@$/month)? 141 144 135 135 52

Results based on baseline sample (see Table 1, columns (8) and (6)). All statistics are at the enrollee-month

level.
% Out of pocket (OOP) spending denotes amount owed by enrollee. For TM enrollees, OOP Spending may be

partially covered by supplemental (Medigap or employer-sponsored) coverage.
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Table 3: Spending differences for different groups of enrollees

%AMARNrollees TM,Rinweighted TM,@veighted® MA Difference
(4)e3) ((4)d3))7@3)
(1) (2) 3) (4) (5) (6)
No.®f@nrolleeEmonthsf000s) 22,609 154,082 154,082 22,609
Total@pending 100% 924 884 647 @37 26.8%
PanelfA.Bpendingd$/month)by@nrolleeRharacteristics
Male 42.7% 928 887 681 206 23.2%
Female 57.3% 922 882 623 260 £29.4%
6574 56.1% 729 679 544 El34 B19.8%
75684 32.7% 1,041 1,009 737 ER72 27.0%
85+ 11.2% 1,299 1,312 904 E409 BB1.2%
Urban® 80.7% 952 918 648 ER70 B29.4%
Rural® 19.3% 861 756 646 F10 [4.6%
Panel®.Realized@istribution®fEpendingd$/month)
%@ /GhoBpending 0.37 0.38 0.46 0.08 21.6%
MedianBpending 95 90 39 b1 ?56.6%
75thipctile 338 330 224 FLO6 (B2.1%
90thpctile 1,339 1,291 859 @132 B3.4%
95thictile 3,494 3,290 2,179 Bl,112 8%
97.5thipctile 8,454 7,863 5,731 B2,132 R7.1%
99thipctile 18,759 17,830 13,693 £4,137 B23.2%

Results based on baseline sample (See Table 1, columns 8 and 6). All statistics are at the enrollee-month

level. All spending numbers are in $/month.

% Weighting based on our preferred weighting, as in column (4) in Table 2.

b Rural/urban assignment is based on enrollee zip code. A zip code is defined as rural if it does not belong to an

MSA
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Table 4: Spending differences for different components

of spending

TM,EiInweighted TM,Bveighted® MA Difference
(3)E(2) ((3)d2))zq2)
(1) (2) (3) (4) (5)

No.BfRnrolleePmonthsf000s) 154,082 154,082 22,609

Total&pending® 924 884 647 @37 726.8%
Inpatient 370 344 272 72 21.0%
Outpatient 458 450 331 BL19 B26.5%
SNF 97 91 45 45 ?50.1%
Hospice® 31 33 24 ® ®7.7%

Results based on baseline sample (See Table 1, columns 8 and 6). All statistics are at the enrollee-month

level. All spending numbers are in $/month.

% Weighting based on our preferred weighting, as in column (4) in Table 2.

b Total spending is the sum of inpatient, outpatient, and SNF spending. It doesn’t include hospice.

¢ Hospice expenditures for MA enrollees are billed directly to CMS, so for MA enrollees they are in fact observed in

the CMS data and not in the HCCI data.
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Table 5: Geographic variation across components of spending

CorrdTM,MA) Coeff.@DfV/arqTM) Coeff.@f&/arfMA)
(1) (2) (3)
TotalBpending 0.207 0.107 0.133
Outpatient@pending 0.197 0.134 0.141
SNFBpending 0.623 0.184 0.335
Inpatient@Bpending 0.724 0.111 0.140

Results based on baseline sample (See Table 1, columns 8 and 6).

Total spending and its components are defined

(at the enrollee-month level) as in Table 4. Table reports correlations and coefficients of variation in spending per

enrollee-month across states; all these statistics are weighted, using total Medicare enrollees in the state as weights.

TM spending is unadjusted for demographics (see Table 2, column 1).
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Table 6: Differences in healthcare utilization and in spending per encounter

TM,Ainweighted TM,@veighted® MA Difference
(3)2) ((3)a2))zd2)
(1) (2) (3) (4) (5)
TotalBpendingd$/month) 924 884 647 37 ®6.8%
Panel@\.Atilization@neasuresdper@nrolleeEnonth)
Inpatient@lays 0.203 0.187 0.145 @.043 22.8%
Anylnpatient@dmission 0.027 0.025 0.021 [0.0045 Bl7.8%
Days@ond'lIBnGny 7.44 7.41 6.96 .45 .1%
SNF@ays 0.336 0.308 0.132 ®.176 B67.2%
Daysond'lIBnEny 47.4 46.8 20.7 6.1 B5.8%
Outpatient@EDNisits 0.030 0.027 0.023 .005 Bl6.5%
Physician@isits 1.24 1.24 1.02 @.22 F8.1%
Anyhysicianisits 0.549 0.548 0.488 .060 BL1.0%
Numberf@isits@ond'lBnZny 2.25 2.27 2.09 .18 8.0%
Panel®.Bpending®er@ncounterd$)
SpendingBerBNF@iay 377 376 384 8 2.0%
Spending@erButpatient@E DHisit 783 773 846 74 9.6%
Inpatient:b
MBpending@er@dmission 10,223 10,201 10,148 Bb3 M.5%
M pendingier@lay 1,906 1,900 1,912 12 0.6%
fBpendingerBAMIEdmission 14,619 14,580 14,845 266 1.8%
@Bpending@erBAMI@ay 2,725 2,726 2,661 ®5 2.4%

Results based on baseline sample (See Table 1, columns 8 and 6). All statistics are at the enrollee-month
level, but all expenditures or days associated with a given encounter are attributed to the original admission
date, even if it extends beyond the month.

% Weighting based on our preferred weighting, as in column (4) in Table 2.

b Inpatient spending here includes only payments to the hospital, it does not include associated physician payments

as in prior tables.
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Table 7: Utilization differences across different types of care

TM,Einweighted TM,Bveighted® MA Difference
(3)&2) ((3)A2))d2)
(1) (2) (3) (4) (5)
A.[Testing@nd@maging:
Diagnosticltests 2.14 2.10 1.54 .56 B26.6%
Any@liagnosticitest 0.356 0.347 0.293 0.055 F15.8%
Cond'lIBnGny 6.00 6.05 5.28 .77 F12.8%
Imaging@rocedures 0.67 0.65 0.52 .13 20.3%
Anymaging®est 0.177 0.175 0.155 0.020 F1.3%
Cond'lIBnny 3.76 3.73 3.35 .38 F10.1%
B.EPreventiveli?.taremratesljberﬁtelevantﬁbopulation):b

FluBhot 0.051 0.050 0.031 .019 B8.0%
Cardiovasculari@creen 0.092 0.095 0.077 .017 F18.4%
Colorectal®ancer®creen 0.010 0.010 0.009 D.002 [15.2%
Mammogram 0.046 0.046 0.047 0.002 3.3%

PapBmear 0.012 0.012 0.013 0.001 8.6%

Prostate@ancer@creen 0.024 0.023 0.018 D.006 P4.1%
HemoglobinAlcRest 0.065 0.064 0.055 .009 F14.1%
BloodHipidsest 0.105 0.108 0.091 .017 F15.9%
EyeRxam 0.068 0.068 0.054 .014 21.1%

Results based on baseline sample (See Table 1, columns (8) and (6)). All statistics are at the enrollee-month

level.

% Weighting based on our preferred weighting, as in column (4) in Table 2.

b Rates are per the relevant population, which is: everyone for flu shot, cardiovascular screen, and colorectal cancer

screen; women for pap smear; women aged 65-74 for mammogram; men for prostate cancer screen; and enrollees aged

65-74 with a diabetes diagnosis for hemoglobin test, blood lipids test, and eye exam.
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Table 8: Potential channels for cost saving

TM,Einweighted TM,Bveighted® MA Difference
(3)72) ((3)=2))E@2)
(1) (2) (3) (4) (5)
A.Hospital@lischarge@estinations:
Home 0.0125 0.0123 0.0109 .0014 FL1.8%
HomelhealthBervicekrg. 0.0048 0.0049 0.0039 [0.0010 B21.0%
SNF 0.0060 0.0062 0.0039 .0023 B6.6%
Other@ostFacuteXare 0.0009 0.0009 0.0004 .0005 B57.3%
Otherfdincl.thospice,@leath) 0.0031 0.0030 0.0018 0.0013 B11.9%
B.Burgeries@ndBpecialists:
TotalBurgeries 0.036 0.033 0.039 0.006 18.3%
OutpatientBurgeries 0.028 0.025 0.032 0.007 26.1%
InpatientBurgeries 0.008 0.008 0.007 @.001 BB.0%
Primary@are®isits 0.381 0.376 0.352 0.024 6.3%
Specialist@isits 0.855 0.866 0.665 @.201 23.2%

Results based on baseline sample (See Table 1, columns (8) and (6)). All statistics are at the enrollee-month

level. All spending numbers are in $/month. Panel A reports (unconditional) hospital discharge destinations.

% Weighting based on our preferred weighting, as in column (4) in Table 2.
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Table 9: Alternative ways to correct for selection into MA

TM@VeanfTotalBpending

Reweight@®n Covariates (Reweighted)

Reweight Reweight@ounty®
nationally byEtounty
(1) (2) 3) (4)
1.MNone 924 924
2.RiskBcore’ e 879 884
3.®Prop.Bcore county*riskBcore® 886 887
4.Prop.Bcore county*(agelZFE,lET(-:'maIe,EHCCEFE)b 894 894
5.@rop.Bcore county*(ageE,@emale,HCCEE,@ual)" 873 874
6.®rop.Bcore county*duaI*(ageEIFE,ElTemaIe,ElHCCBFE)d 870 870
7.®Predicted@nortality® 746 744
8.Prop.Bcore county*predicted@nortality® 748 747

Results based on baseline sample (See Table 1, columns (8) and (6)). The “propensity score” approach in rows
4-6 and row 8 is based on a logistic regression (estimated separately, county by county) for being in MA, using the
covariates listed in Column (2). Rows 2 and 7 use our baseline re-weighting approach (see equation (2)) with the
re-weighting based on risk score bin (row 2) or predicted mortality bin (row 7).

@ Risk scores are mapped to 0.1 bins, and are included using indicator variables for each bin.

b The independent variables are dummies for age, gender, and the 70 hierarchical condition categories (HCCs) that
appear in the MA risk adjustment model.

¢ The independent variables are dummies for age, gender, the 70 hierarchical condition categories (HCCs) that appear
in the MA risk adjustment model, and dual eligibility for Medicare and Medicaid.

4 The independent variables are dummies for age, gender, and the 70 hierarchical condition categories (HCCs) that
appear in the MA risk adjustment model. Each of these dummies is interacted with a dummy for dual eligibility for
Medicare and Medicaid.

€ “Predicted mortality” is generated based on a regression of a annual mortality indicator on indicators for risk bins
of 0.1. The regression is run separately for MA enrollees and for TM enrollees. The resultant mortality prediction is

included in mapped to bins of 0.001, and included as indicator variables for each bin.
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Appendix A: Construction of the baseline sample

A.1 Raw data files

HCCI Files We have data from HCCI on a convenience sample of 2010 Medicare Advantage
(MA) enrollees in three insurers: Aetna, Humana, and UnitedHealthCare (hereafter, “HCCI in-
surers”). The data were provided to HCCI by the private insurers and exclude enrollees in highly
capitated plans, Special Needs Plans, plans with various data issues, and other limitations.!’

The HCCI data contain four main files. There is an enrollment file, which we use to define the
sample and obtain basic demographic information. The unit of observation is an enrollee-month.
The enrollment file contains monthly indicators for enrollment, age (in bins of 10 years), gender,
the enrollee’s state of residence, and the enrollee zip code (masked for zip codes with a 2010 census
population of less than 1,350). We observe “exit” within the year from the HCCI data but do
not directly measure mortality. The data do not contain indicators for which insurer (or plan)
the enrollee is covered by. In addition, there are three claims files — inpatient, outpatient, and
physician — which we use to measure medical spending. In these files the unit of observation is a

claim, payable by one of the HCCI insurers to a medical provider.

CMS Files We have data from CMS on the universe of individuals enrolled in Medicare at any
point in 2010. This includes both those enrolled in Traditional Medicare (TM) and those enrolled in
MA. For all enrollees — both those in TM and those in MA — we have four main files: the enrollment
data base (EDB), the common Medicare enrollment file (CME), the Health Plan Management
System (HPMS), and the Risk Adjustment Processing System (RAPS). The two enrollment files
allow us to observe for every enrollee: exact date of birth, date of death (if applicable), gender,
and zip code. They also include monthly data on whether the individual is enrolled in TM Part A,
enrolled in TM Part B, enrolled in MA, whether they are dually covered by Medicare and Medicaid,
and whether the individual died; note that dual coverage and mortality are observed in the CMS
files for both MA and TM enrollees.

For enrollee-months in MA we also observe a plan identifier. Using the HPMS plan-level data
on the parent organization, we are able to identify which plans are provided by the HCCI insurers,
and also whether the plan is a Special Needs Plan (SNP), specialized Medicare Advantage plans
for particular types of individuals (e.g. those in long term care institutions). We assign an MA
enrollee an MA plan based on the first plan in which she is enrolled in the year.

The RAPS file has a risk score and indicators for each health indicator (HCC) that goes into the
calculation of the risk score, for every enrollee. These HCCs are then integrated using a predictive
formula that combines them together to form a risk score, which is a predictor of the enrollee’s
healthcare spending in the subsequent year. We observe these indicator for MA enrollees since MA
plans must submit HCCs to CMS to determine their CMS payments. The RAPS file also contains

9The description of the exclusion critiera come from HCCI, except for the exclusion of SNPs which we determined

by looking at the type of plan codes that apopear in the HCCI enrollment file.
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indicators for the enrollees’ type — community (90%), new (9%), or long-term institutional (1%) —
and three risk scores (one for each type), and we assign each enrollee her type-specific risk score.

For TM enrollees only, the CMS data allows us to measure healthcare utilization and spending
through 6 claims files: inpatient, outpatient, SNF, home health, durable medical equipment, and
physician. A seventh claims file — the hospice claims file — contains utilization and spending for
both TM and MA enrollees (since hospice is reimbursed by CMS for MA enrollees as well as TM
enrollees); the hospice file is the only CMS file where we can observe utilization and spending for
MA enrollees.

Finally, for MA enrollees we use the Monthly Membership Detail Report and the HPMS to
construct information on revenues to MA insurers. Specifically, for each individual enrolled in an
MA plan, we observe the payment from CMS to the insurer. The payment from CMS to the insurer
consists of a part that is retained by the insurer and the rebate which is passed on by the insurer
to the enrollee. We observe, for each plan, this rebate amount, as well as the Part C premium that
is paid by the enrollee to the insurer. We define MA revenue for a given enrollee-month as the

payments from CMS to the insurer minus the rebate to consumers, plus the Part C premiums.

A.2 Sample definition

We use the HCCI data to analyze spending and healthcare utilization for individuals covered by
the HCCI insurers. We use the CMS data for two primary purposes: to construct comparison
spending and healthcare utilization estimates for “comparable” TM enrollees, and to create an
independent measure of enrollment in the HCCI insurers’ plans that we use to examine and validate
the completeness of the HCCI enrollment data. Both of these exercises require that we define a
TM and an MA enrollee in the CMS data.

Throughout this paper, in the CMS data we define an enrollee as enrolled in MA if she is
enrolled in MA for at least one month during 2010; we define someone as enrolled in TM if she
is not enrolled in MA during any month in 2010, and is enrolled in TM Part A and TM Part B
in at least one month during 2010. We count the enrollee-months in MA as the total number of
months in MA during the year. Within MA, we can further identify the subset of MA enrollees
who are in the three HCCI insurers. We restrict our analysis to enrollee-months who are 65 and
over, who reside in one of the 50 states or the District of Columbia; we do not require individuals
to be enrolled for a full year.

We can measure the completeness of the HCCI data in terms of enrollment by the HCCI insurers
by comparing enrollee-month counts in the HCCI data to enrollee-month counts for these HCCI
insurers in the CMS data, which in principle records the universe of enrollees in those same plans.
Appendix Table 1 shows enrollee-month counts for the three HCCI insurers according to the HCCI
data and the CMS data, overall, and separately by state. For this analysis we exclude enrollees in
HCCI who are in masked zip codes, and correspondingly exclude any individuals in the CMS data
who are enrolled by an HCCI insurer in a zip code that does not appear in the HCCI data. We also

exclude from the CMS enrollment counts any enrollees in SNP plans since, as discussed, these are
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also excluded from the HCCI data..The HCCI data contain about 80 percent of total MA enrollees
for the HCCI insurers; “missing” enrollees disproportionately concentrated in the Western US.
We restrict our analysis to the 27 “complete data” states, which we define as states where the
count of enrollee-months in HCCI is within 10 percent of the corresponding count in CMS data.
The 10 percent cutoff is arbitrary, but 20 of the 27 states are within 5 percent, and these 20 states
would account for more than 90% of the enrollees in the baseline sample, so the results are unlikely
to change much with more conservative sample definitions. Using CMS data, Appendix Table 1
shows, by state, the MA share of Medicare enrollment and the HCCI insurer share of MA. Overall,

the 27 states that we analyze comprise 57 percent of enrollment in HCCI insurers nation-wide.

Appendix B: Construction of specific variables

We analyze MA medical spending and utilization in the HCCI data. We benchmark it against
TM spending and utilization in the CMS data, for observably similar enrollees. We therefore
construct parallel medical spending and healthcare utilization variables in the HCCI and CMS
data. Unless explicitly noted, all MA medical spending and healthcare utilization measures are
derived from HCCI data, and all TM spending measures are derived from CMS data. All measures
are constructed at the enrollee-month level unless explicitly noted.

Total spending is defined as the sum of insurer spending plus out-of-pocket spending. Insurer
spending is defined based on the actual amount paid by the plan (either MA or TM) to the
provider. In other words, it is the transacted (as opposed to list) price. Out-of-pocket spending
is the amount owed by the enrollee (i.e. the sum of any coinsurance, copay, and deductible). For
individuals enrolled in TM, some of this “out of pocket” spending may be covered by supplemental
private insurance (Medigap), which they may purchase separately.

Medical spending is divided across claims files based on who is billed, which does not map
perfectly to our concept of “place of care.” In particular, institutional billing goes to the rele-
vant institutional file (e.g., inpatient or outpatient) while individual provider billing (regardless
of whether it is inpatient or outpatient) goes to the physician (aka carrier) file. The structure of
claims files is slightly different across the two data sources. We use three HCCI claims files: Inpa-
tient, outpatient and physician. We use seven CMS claims files: inpatient, outpatient, physician,
SNF, home health, durable medical equipment, and hospice. In HCCI, the SNF spending is in the
inpatient file; we identify SNF claims in the HCCI inpatient file based on their Place of Service
(POS) codes (POS code of 31-33 determines a SNF). In HCCI, home health and durable medical
equipment are in the outpatient and physician files. Hospice is reimbursed by TM for both TM
and MA enrollees; there is therefore no hospice spending in the HCCI data, but we can observe
hospice spending in the CMS data for both TM and MA enrollees. Finally, we note that in HCCI
the inpatient file includes all admissions in 2010, while in CMS the inpatient and SNF files include
discharges in 2010; we therefore supplement the 2010 SNF and inpatient discharge files in CMS
with the 2011 SNF and inpatient discharge files, and in both files limit the analysis to admissions
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that occur in 2010; in this way we reconstruct a 2010 admission file that is parallel to the HCCI
admission file.

Below we describe he construction of specific variables.

Total spending and components All of these measures are constructed at the enrollee-month
level unless explicitly noted otherwise. Note that for inpatient and SNF spending, we associate
the spending with the month in which the admission occurred even when the stay extends into

subsequent months.

e Total spending: the sum of inpatient, outpatient, and SNF spending.

e Inpatient spending: in the CMS data it covers all spending on the inpatient file plus
spending on the physician file associated with an inpatient hospital (POS code of 21). In the
HCCI data it covers all spending on the inpatient file minus SNF spending (as mentioned,
POS codes of 31-33) plus spending on the physician file associated with an inpatient hospital
(POS code of 21).

e Outpatient spending: in CMS data it is the sum of all spending on the outpatient file, the
home health file, and the durable medical equipment file, plus all spending on the physician
file for which POS is not 21. In HCCI data is it the sum of all spending on the outpatient file
(which, recall, includes home health and durable medical equipment), plus spending on the
physician file for which POS is not 21.

e SNF spending: in CMS data it is the sum of all spending on the SNF file, while in HCCI
file it is the sum of all spending on the inpatient file with POS codes 31-33.

e Hospice spending: hospice care is reimbursed by TM for both TM and MA enrollees. There
is therefore no hospice spending in the HCCI data, but we can observe hospice spending in
the CMS data for both TM and MA enrollees. We use the hospice file in the CMS data to

measure hospice spending in TM and in MA.

Healthcare utilization In addition to measuring spending, we also measure healthcare utiliza-
tion. We define a number of standard measures of healthcare use for each enrollee-month. We
measure inpatient utilization using the inpatient files. In the HCCI data we only count observa-
tions that are inpatient hospital admissions (i.e. we exclude SNF admissions based on POS codes
of 31-33). We measure SNF utilization using the SNF file in the CMS data and the inpatient file
in the HCCI data, only counting admissions with POS codes of 31-33.

e Inpatient days: the sum of the days associated with each inpatient admission that month;
as with our inpatient spending measure, this will include all the days for each admission in a
given month, even if those days extend beyond that month. We measure the days of a given

admission as the difference between discharge date and admission date, plus 1.
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e SNF days: is defined analogously to inpatient days. In the CMS file, discharge date is
missing for about 18 percent of the observations, which appears to reflect discharges that
extend beyond the 100-day coverage period for SNF in TM. Since we are interested in TM-

covered utilization, we impute 100 days for such discharges.
e Inpatient admissions: any inpatient admission that month.?’

e Physician visits: is measured based on claims in the physician file (excluding claims with
POS code of 21, which indicates that they occur in an inpatient setting). We define physician
visits as the sum of primary care visits and specialty care visits. We allow a maximum of
one primary care visit per patient-day, and one specialist visit per patient day. Following the
approach in Finkelstein et al. (2016), our definition of primary care physicians and specialists
follows the Dartmouth Atlas.?! Specifically, we crosswalk the primary care and specialist
definitions in the Dartmouth Atlas to the list of HCFA specialty codes in the CMS data. The
HCCI data has a separate set of provider category codes which we crosswalk to the HCFA

specialty codes.

e Outpatient ED visits. is an ED visit that does not result in an admission to the hospital.
We can only measure outpatient ED visits in the HCCI data and therefore limit our analysis
to outpatient ED visits.?? We measure an outpatient ED visit by whether there is a claim on
the outpatient file with a HCPC code corresponding to an ED visit; we allow a maximum of

one outpatient ED visit per patient-day.

e Diagnostic Tests and Imaging Procedures. Our definition of diagnostic tests and imag-
ing procedures follows Song et al. (2010), and is based on BETOS codes: codes beginning
with T are diagnostic tests, and codes beginning with I are imaging procedures. We examine

all claims files for possible diagnostic tests and imaging procedures.

e Surgery. We define surgeries as the sum of inpatient surgeries and outpatient surgeries.
We define an inpatient surgery using the inpatient claims file (excluding, in the case of the
HCCI data, POS codes of 31-33 since these indicate SNF). We classify an inpatient admission

as having an inpatient surgery if it is associated with a “surgical DRG.”?3. We count each

20We do not define an analagous “SNF admission” measure because the HCCI data are not conduicive to defining
distinct admissions; we observe many consecutive short stays in SNF's for patients, and it is unclear whether these
are distinct admissions.

2LSee http://www.dartmouthatlas.org/downloads/methods/research _methods.pdf, page 6

221f an ED visit results in an admission it appears on the inpatient file and can be identifed as an admission from
the ED based on a “source of admission” variable. This variable however is blank / missing in HCCI.

3 The primary source was https://www.cms.gov/Research-Statistics-Data-and-Systems/Statistics-
Trends-and-Reports/MedicareFeeforSvcPartsAB /downloads/DRGDesc10.pdf. Information on 6 DRGs
(14, 16, 17, 570, 571, 572), which is not present in the above source, was added from
https://www.cms.gov/Medicare/Coding/ICD10/Downloads/ICD-10-MS-DRG-v32-Definitions-Manual-Text.zip.
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unique inpatient admission with a surgical DRG as one inpatient surgery. We define an
outpatient surgery based on the HCPCS codes in the outpatient file explicitly identified
as corresponding to “outpatient surgery”; we exclude any claims classified as “emergency
room” claims from this definition. We restrict to a maximum of one outpatient surgery per

patient-date.

Spending per encounter To measure spending per SNF day we use the above definitions of
SNF spending and SNF days. To measure spending per inpatient admission or inpatient day, we
use the above definition of inpatient admissions and inpatient days above; we measure inpatient
spending however only counting spending on the inpatient file (i.e. not including physician spending
with POS code of 21 as we do when breaking down spending by category). To measure spending
per outpatient ED visit; we count all spending on the same date as the outpatient ED visit date
that is on the outpatient file or is on the physician file with a POS code of 23 (“Emergency room”).
For all of these measures, we take the average across enrollee months of the ratio of spending to

utilization for that enrollee-month..

Preventive care We analyze the set of preventive care measures in Finkelstein et al. (2016)
that we can reasonably replicate in our data. These in turn are drawn from procedures measured
in the Dartmouth Atlas and the Centers for Medicare and Medicaid (CMS). These measures are
typically defined as rates of any care receipt during an observation period (an enrollee-month in
the baseline analysis) for a denominator of “relevant” patients. In some cases, we have to modify
the denominator due to limitations of the HCCI data (e.g. coarse age bins or the inability to do a
two-year “look back” period). We highlight these modifications below, which we do in parallel for
both MA and TM measures so that they are internally comparable:

e Mammogram is defined following the Dartmouth Atlas (see http://www.dartmouthatlas.org/data/table.asy
We define the denominator as women ages 65-74; due to the coarseness of the age variable
in HCCI, this is a broader “risk set” than the Dartmouth Atlas denominator of women ages
67-69.

e Diabetes screen (“HbAlc test”), cholesterol test (“blood lipids test”), and retinal
eye exam (‘“retinal or dilated eye exam”) are defined following the Dartmouth Atlas (see
http://www.dartmouthatlas.org/data/map.aspx?ind=160). For all of them the denominator
(risk set) is defined as all enrollees aged 65-74 with a diagnosis of diabetes. Due to the coarse-
ness of the age variable in HCCI, this is a slightly different “risk set” than the Dartmouth
Atlas denominator of enrollees aged 65-75 with a diagnosis of diabetes. The definition of “a
diagnosis of diabetes” also differs because we have only one year of data while the Dartmouth
Atlas defines a diabetes diagnosis based on encounters with specific codes identifying diabetes
during the year or prior year; we are able to replicate their coding exactly, but because we

can only look during our one observation year, our definition is more stringent than theirs.

Information on DRG 15 was added after manual search on-line.
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e Seasonal influenza vaccine, cardiovascular screening blood test, colorectal cancer screen-
ing, pap smears, pelvic examinations, and prostate cancer screening are defined following
CMS'’ preventive care definitions (see https://www.cms.gov/Medicare/Prevention/PrevntionGenInfo/Downloads,/]
9codesseehttps : | /www.cms.gov/Medicare/ Prevention/PrevntionGenln fo/ Downloads/MPS — QuickRe fere

Appendix C: Analysis of inpatient prices

In this appendix we describe our analysis for inpatient prices in MA and TM. Our objective is
to compare the price of an admission at a given hospital for a given diagnosis (DRG) in MA to
what this price would have been if (counterfactually) that admission had occurred under TM. For
this analysis, we consider only spending on the inpatient file, and not spending on the physician
file associated with the inpatient admission. We also limit our analysis to the approximately 4,000
hospitals in our baseline MA sample that, for purposes of TM reimbursement, would have been
covered by Medicare’s Prospective Payment System (PPS). PPS covers virtually all standard (non-
specialty) hospitals; limiting ourselves to MA admissions in these hospitals excludes about 5 percent
of inpatient admissions, and about 7 percent of payments to inpatient hospitals. For these standard
hospitals, pricing in TM (and to the best of our understanding in MA), is based primarily on the
hospital at which the admission occurs and the DRG for which the patient was admitted.

We conduct two analyses, an analysis of average price differences by state, and an analysis
of average price differences by DRG (for common DRGs). They are conceptually the same, just

created at different units of aggregation.

State-level prices. To arrive at a state-level average price (in either MA or TM), we calculate
the average price in the state for each MA admissions in a given DRG, and then take a weighted
average of prices for each DRG in the state; we use as weights the DRG’s (national) share of admis-
sions in MA.2* As a result, any differences in average prices across states reflects price differences
for a common “DRG basket.”

Measuring the MA price for each MA admission is straightforward: we simply calculate to-
tal payments to hospitals for that admission, as measured in the inpatient file. Measuring the
(counterfactual) TM price for each MA admission proceeds in two steps. First, we calculate the
TM formula price for each MA admission. Under TM, these admissions would be reimbursed by
Medicare’s PPS; the PPS reimbursement formula is the product of a hospital-specific “base pay-
ment” rate times a diagnosis-specific (DRG) weight; both are publicly available from CMS.?> We

can therefore calculate, for each admission in MA, a TM formula price as a function of the hospital

HFor a few small states, there are a number of common (national) DRGs which, in that state, have no admissions.
To address this, we impute the national average price for that DRG in that missing state-DRG pair, corrected by a
state-specific correction factor. The state-specific correction factor is given by the ratio of the state price and average

national price for the DRGs we do observe in that state.

The DRG weights can be found here: https://www.cms.gov/Medicare/Medicare-Fee-for-Service-
Payment/AcutelnpatientPPS/Acute-Inpatient-Files-for-Download-Items/CMS1247873.html (see file
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and DRG for that admission. We compute the average, TM formula price for each DRG in the
state, and then construct the state average TM formula price by taking a weighted average of prices
across DRGs, using each DRG’s (national) share of admissions (in MA) in that DRG as weights.
The actual, transacted TM price will not always correspond exactly to the formula TM price.
For example, in certain costly cases, hospitals receive additional “outlier payments” covering 80
percent of costs beyond a threshold. In addition, if the individual is transferred to another hospital,
the actual reimbursement will be below the reimbursement formula. Since in MA we observe
transacted prices, in the second step, we adjust the TM formula prices to account for average
differences between TM actual and TM formula prices. We calculate this adjustment factor using
CMS data in which we can observe actual TM prices (i.e. payments, as we do in MA data) and
can also construct TM formula prices. We calculate a state-specific adjustment factor that is the
ratio of actual TM prices to formula TM prices in that state.? We multiply the state’s average TM
formula price by this state-specific adjustment factor to arrive at our estimate of the state-specific

average TM price. Appendix Table 3 shows the state-specific average MA and TM prices.

DRG-level prices. The DRG-level analysis proceeds in a similar manner except that we now
compute the average price for each DRG by taking a weighted-average of prices for each state in
the DRG, using as weights the state’s share of admissions (across all DRGs) in MA. As a result, any
differences in average prices across DRGs reflects price differences for a common “state basket,”
which mimics the geographic distribution of MA admission across states.

The measurement of the average TM price for each DRG proceeds in the same two steps. First,
we calculate each DRG’s average TM formula price using the same TM formula prices for each
admission that we used in the state-level analysis, but now average these across states for each
DRG, using the state’s share of admission as weights. Second, we adjust the TM formula price by
a DRG-specific adjustment factor reflecting the DRG-specific ratio of actual TM prices to formula
TM prices.?” Appendix Table 2 shows the DRG-specific average MA and TM prices for the 20

most common DRGs.

FY 2010 FR_Table 5). The hospital base payment rates can be found in the Medicare Impact File (available here:
https://www.cms.gov/Medicare/Medicare-Fee-for-Service-Payment /A cuteInpatientPPS /Historical-Impact-Files-for-
FY-1994-through-Present.html). The base payment rates for the hospital include hospital-specific adjustments for
wage index reclassifications, indirect medical education payments, and disproportionate share payments. The HCCI
data has encrypted hospital identifiers that can not be directly mapped to the publicly available data on hospital
base payment rates. We are extremely grateful to Zack Cooper for providing us with a file containing these base

payment rates linked to the encrypted hospital identifiers.

26Once again, for both actual and formula TM prices, we compute the average of admission prices by state-DRG,
and then a weighted average by state, in which the weight associated to each DRG is the national share of MA
admissions with that DRG.

2TFor both actual and formula TM prices, we compute the average admission prices for each state-DRG, and then

a weighted average by DRG, in which the weight associated with each state is the state’s share of MA admissions.
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Appendix Figure 1: Mortality-Spending Relationship in TM and MA
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Figure shows relationship between annual mortality rate and spending for each state, separately for TM (top

panel) and MA (bottom panel). In the top panel, the size of each bubble is proportional to the number of

TM enrollees in the state. In the bottom panel, the size of each bubble is proportional to the number of MA

enrollees in the state.
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Appendix Figure 2: Propensity score distributions
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Figure shows the distribution of propensity scores in the baseline sample for the TM (black) and MA (gray)
population. The figures uses row 3 of Table 9, where propensity scores are generated the predicted probability
from a logit regressions of an MA indicator on dummy variables for each risk score bin (of 0.1), which is

estimated county by county.
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Appendix Table 1: Construction of baseline sample

HCCl@nsurers cleaned cleaned %Difference
MABhare{%) shareDfMAT%) AllHCCI Heel AlITMS cMs (4)6)/(6)

(1) () 3) (4) (5) (6) (7)
All 27.7 37.2 32,422,570 31,598,737 43,738,311 39,561,941 0.1
AL 222 28.0 420,588 411,913 442,324 367,197 12.2
AK 0.8 58.6 2,593 2,485 2,804 2,464 0.9
AZ 38.4 53.8 646,563 636,491 1,736,449 1,364,479 (3.4
AR 14.4 43.2 271,505 251,796 283,165 274,613 8.3
CA 42.3 223 641,417 634,254 4,041,414 3,797,938 (83.3
co 38.0 48.0 353,918 341,145 1,028,437 915,951 2.8
CcT 214 21.0 210,138 208,868 238,213 191,344 9.2
DE 3.8 72.2 39,177 38,944 37,891 35,433 9.9
DC 13.5 12.4 6,317 6,317 10,359 5,112 23.6
FL 323 56.2 5,081,149 5,068,292 5,865,846 5,004,105 13
GA 24.2 69.3 1,737,163 1,713,318 1,818,298 1,644,688 4.2
HI 48.9 23.1 151,012 149,388 221,176 150,521 @.8
ID 32.7 37.8 244,222 231,164 265,690 250,429 .7
L 10.9 59.5 1,085,320 1,050,225 1,108,730 1,054,392 .4
IN 18.1 47.3 782,431 768,443 796,606 768,967 .1
1A 14.6 61.4 444,220 394,347 453,505 445,774 @1.5
KS 12.2 61.0 300,052 287,904 305,172 297,615 (B.3
KY 18.1 61.0 683,318 652,607 698,634 688,182 5.2
LA 27.6 56.8 929,803 914,649 934,736 891,935 25
ME 15.7 25.0 87,396 81,183 91,285 88,281 8.0
MD 9.1 27.7 180,849 178,168 177,520 149,347 19.3
MA 25.2 8.2 140,095 138,130 194,205 102,843 343
Mi 18.4 16.1 445,115 433,695 453,140 431,439 0.5
MN 49.4 9.1 320,917 298,589 334,612 333,612 (0.5
Ms 10.0 49.1 196,440 192,334 205,267 196,786 ®.3
MO 24.2 46.5 997,750 954,686 1,014,240 968,999 EL.5
MT 19.7 54.4 165,679 146,583 173,066 168,162 (2.8
NE 12.9 68.0 229,845 204,094 235,535 232,357 m2.2
NV 353 87.8 336,761 334,850 999,167 874,172 ®B1.7
NH 8.5 35.2 56,201 52,832 57,996 55,464 m.7
NJ 14.2 60.2 706,502 702,676 1,058,065 1,015,150 [(80.8
NM 29.7 20.6 141,871 125,581 168,847 127,364 @4
NY 35.7 145 538,053 520,595 1,404,184 1,254,075 8.5
NC 19.2 53.5 1,320,990 1,309,894 1,383,964 1,069,147 225
ND 8.9 59.7 54,486 39,421 56,494 53,139 [25.8
OH 39.2 57.3 3,844,872 3,784,208 3,962,057 3,835,280 B3
OK 16.3 47.1 182,964 172,268 417,959 391,756 (66.0
OR 47.1 14.9 205,317 198,336 402,259 372,172 6.7
PA 42.8 18.4 1,538,047 1,492,633 1,664,209 1,534,421 2.7
RI 43.9 44.1 302,551 300,325 305,080 278,504 7.8
SC 16.4 36.1 395,513 390,084 406,181 386,203 1.0
SD 8.9 68.9 78,318 66,606 82,038 81,057 7.8
TN 26.6 47.9 1,084,250 1,073,415 1,180,367 1,037,856 3.4
™ 213 52.5 1,473,641 1,445,579 3,057,557 2,599,812 ©44.4
ut 38.7 51.4 480,094 463,668 517,464 486,026 #.6
VT 5.2 57.6 29,213 23,997 30,122 28,767 [16.6
VA 15.2 50.4 760,935 729,157 787,156 758,468 .9

All data except from columns (3) and (4) are from CMS. Columns (1) and (2) show the MA share of total
Medicare enrollment and the HCCI insurers’ share of MA enrollment, respectively. Columns (3) through
(6) show counts of enrollee-months in different data sets. Columns (3) and (5) are based on the full sample
of data (see columns (7) and (3) of Table 1, respectively). The “cleaned” sample in columns (4) and (6)
excludes enrollees in SNP plans and masked zip codes. States that are in bold are those that are included

in our baseline sample (using our criteria of counts being within 10%), and correspond to columns (8) and

(6) of Table 1, respectively.

o1



Appendix Table 2: MA-TM prices differences for most common DRGs

DRGEode DRGMescription MARBdmissions MADrice TMbrice (MABTM)/TM

1) (2) (3) (4) (5) (6)

A IBDRGsAweightedby@ABdmissionBhares) 437,714 10,085 9,927 1.6%
470 MajorBointReplacementrReattachment®fdowerExtremity@V/OEMcc 21,077 12,440 11,958 4.0%
392 Esophagitis,@Gastroent@MisciigestMisorders@/O@Mcc 9,899 4,227 4,312 2.0%
871 Septicemia@rBevereBepsisANV/OEMvB6+Hours@VAM cc 9,153 11,268 11,532 2.3%
291 Heart@ailure®Bhock@VAEMcc 8,708 8,956 9,024 .7%
292 Heart@Failure®Bhock@VEc 8,222 5,976 6,073 FL.6%
312 SyncopeREollapse 7,467 4,452 4,478 M.6%
690 Kidney@@rinary@ ract@nfections®V/O@Mcc 7,177 4,695 4,730 0.7%
194 Simple@neumonia®@®PleurisyAVEc 6,606 6,031 6,039 0.1%
310 CardiacfArrhythmia@&onductionisorders@ /O c/Mcc 6,545 3,478 3,497 .6%
313 Chest@Pain 6,175 3,352 3,379 M.8%
247 Percardiovasc®rocBVADruglElutingBtent@V/O@Mcc 5,985 11,771 11,482 2.5%
190 Chronic@bstructive®ulmonaryiseaseBNAVIcc 5,919 7,277 7,260 0.2%
378 G.l.BHemorrhage@BVc 5,691 6,011 6,096 [1.4%
287 Circulatory@isorders@ExceptBAmi,ANVEardathBV/OMcc 5,655 6,358 6,376 .3%
641 NutritionalBmMisc@Metabolicisorders@V/OMcc 5,511 4,194 4,250 FL.3%
193 Simple@neumonia®@Pleurisy@VEMcc 5,076 8,706 8,693 0.1%
683 RenalFailureBNVEc 4,869 6,487 6,415 1.1%
192 Chronic@bstructive®Pulmonary@isease@V/ORc/Mcc 4,847 4,354 4,377 .5%
191 Chronic@bstructive@®ulmonaryiseaseBNEc 4,771 5,855 5,847 0.1%
293 HeartFailureBBhock@V/ORc/Mcc 4,621 4,254 4,285 0.7%

Table reports average prices for a hospital admission in TM and MA for the top 20 DRGs, and overall
across all DRGs(not limited to the top 20). Averages are computed for each DRG using a common (MA)
“basket” of state admission shares. Sample is a subset of our baseline sample; it is limited to all MA inpatient

admissions to hospitals that are paid (by CMS) under prospective payment system (PPS).
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Appendix Table 3: MA-TM price differences, by state

State MARdmissions MATDprice TMprice (MAEBTM)/TM
(1) (2) (3) (4) (5)
AR 4,338 9,420 9,011 4.5%
CT 2,886 11,497 12,771 FL0.0%
DE 772 10,794 11,470 #5.9%
FL 103,324 10,291 9,830 4.7%
GA 27,154 10,299 9,892 4.1%
HI 1,339 13,279 13,176 0.8%
ID 2,079 10,305 9,757 5.6%
IL 18,480 10,182 10,333 Bl.5%
IN 11,649 9,700 9,542 1.6%
KS 5,079 9,421 9,490 @.7%
KY 12,883 9,677 9,688 @.1%
LA 20,502 9,947 9,834 1.2%
ME 932 10,340 10,736 EB.7%
Ml 8,485 10,096 10,943 .7%
MO 16,814 9,631 9,541 0.9%
MS 3,865 9,716 9,458 2.7%
NH 538 10,856 10,692 1.5%
NM 1,560 10,863 11,187 2.9%
OH 87,631 9,562 9,871 #B.1%
PA 34,338 11,169 10,403 7.4%
RI 5,116 11,571 12,067 B4.1%
SC 6,663 10,007 10,283 BR.7%
TN 23,664 9,755 8,909 9.5%
uT 5,813 9,589 9,319 2.9%
VA 13,167 9,787 9,885 El.0%
Wi 18,609 10,345 10,488 Bl.4%

Table reports average prices for a hospital admission in TM and MA for each state in our baseline sample
(except Alaska which is omitted because it had too few inpatient admissions for us to report). Averages are
computed for each state using a common (MA) “basket” of DRG admission shares. Sample is a subset of
our baseline sample; it is limited to all MA inpatient admissions to hospitals that are paid (by CMS) under
prospective payment system (PPS)..
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