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ABSTRACT

BACKGROUND

Wide geographic variation in health care spending has generated both concern about
inefficiency and policy debate about geographic-based payment reform. Evidence
regarding variation has focused on hospital referral regions (HRRs), which incor-
porate numerous local hospital service areas (HSAs). If there is substantial variation
across local areas within HRRs, then policies focusing on HRRs may be poorly
targeted.

METHODS
Using prescription drug and medical claims data from a 5% random sample of
Medicare beneficiaries from 2006 through 2009, we compared variation in health
care spending and utilization among 306 HRRs and 3436 HSAs. We adjusted for
beneficiary-level demographic characteristics, insurance status, and clinical char-
acteristics.

RESULTS

There was substantial local variation in health care (drug and nondrug) utilization
and spending. Furthermore, many of the low-spending HSAs were located in high-
spending HRRs, and many of the high-spending HSAs were in low-spending HRRs.
For drug spending, only 50.7% of the HSAs located within the borders of the
highest-spending quintile of HRRs were in the highest-spending quintile of HSAs;
conversely, only 51.5% of the highest-spending HSAs were located within the bor-
ders of the highest-spending HRRs. Similar patterns were observed for nondrug
spending.

CONCLUSIONS
The effectiveness of payment reforms in reducing overutilization while maintaining
access to high-quality care depends on the effectiveness of targeting. Our analysis
suggests that HRR-based policies may be too crudely targeted to promote the best
use of health care resources. (Funded by the Institute of Medicine and others.)
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LOCAL AND REGIONAL VARIATION IN HEALTH CARE SPENDING

SUBSTANTIAL BODY OF EVIDENCE HAS

emerged highlighting wide geographic

variation in health care spending that is
not driven by patient characteristics and is not
associated with the quality of care or patient out-
comes.*” In light of this evidence, many policy
proposals suggest targeting high-spending areas
for lower Medicare payments or other coverage
constraints, with a focus on areas such as the
hospital referral regions (HRRs) described in the
Dartmouth Atlas of Health Care.* These policies
are predicated on the idea that there is a system-
level component driving some areas to have high
utilization and others low. The effectiveness of
these policies in reducing overutilization while
maintaining access to high-quality care depends
on the effectiveness of targeting: if there is sub-
stantial variation across local areas within HRRs,
then focusing on high-cost HRRs may leave many
high-spending locales untouched while inadver-
tently penalizing some low-spending locales.

We compared variation in medical spending
and prescribing patterns at the broader market
level — the 306 HRRs that have been defined in
the United States — with variation at the local
level — the 3436 hospital service areas (HSAs)
that compose the HRRs.! HRRs are the areas
served by large tertiary care hospitals, where pa-
tients are referred for major cardiovascular surgi-
cal procedures and for neurosurgery. HSAs, located
within HRRs, are local areas where the residents
primarily use the hospitals located within the area.
Thus, HSAs better capture the local health care
markets, where Medicare beneficiaries receive
most of their care.

We compared HSAs and HRRs with respect to
variation in spending and use of prescription drugs
and medical care, and we examined the degree to
which high-spending HSAs are clustered together
within high-spending HRRs. This analysis can
help evaluate the effectiveness of policies targeted
at different levels of aggregation. If the intention
of such policies is to capture variation in local
marKets, it is important to understand the local-
market heterogeneity that larger units may mask.

METHODS

DATA SOURCE AND STUDY SAMPLE
We obtained data on enrollment, pharmacy claims,
and medical claims from 2006 through 2009 from

the Centers for Medicare and Medicaid Services
(CMS) for a 5% random sample of Medicare ben-
eficiaries. For each year from 2007 through 2009,
we identified all beneficiaries who had been en-
rolled for at least 1 month in Part A, Part B, and a
stand-alone Part D prescription-drug plan (PDP),
because CMS has both medical and drug data
only for those enrolled in PDPs. (Data from 2006
were used for the calculation of prospective risk
scores, as described below.) The resulting sample
consisted of 1,013,477 beneficiaries in 2007, as well
as 1,024,183 in 2008 and 1,022,662 in 2009, for a
total of 3,060,322 beneficiary-year observations. On
the basis of the beneficiary’s ZIP Code of resi-
dence, we assigned each beneficiary to 1 of the
3436 HSAs, and hence to 1 of the 306 HRRs?;
HSAs are nested within HRRs.

We conducted sensitivity analyses for two sub-
populations: beneficiaries who were 65 years of
age or older and those who were enrolled for the
full year or until they died, to ensure that our
results were not substantially affected by a small
proportion of disabled beneficiaries or by those
who switched plans during the year (see Table S1
in the Supplementary Appendix, available with the
full text of this article at NEJM.org). Coefficients
of variation and ratios of the 75th to the 25th per-
centile were virtually unchanged.

The study was approved by the institutional re-
view board at the University of Pittsburgh. Consent
from participants was not required because we
used deidentified secondary data.

The study outcomes were use of and spending
for medical services and prescription drugs. All
outcome measures were calculated in per-person-
per-year units (with the spending by part-year en-
rollees annualized). For medication use, we de-
fined two outcomes: total gross drug spending,
including Part D plan payment before rebates,
beneficiary out-of-pocket spending, and subsidy
amount; and the number of monthly prescription
drugs (1 if the supply was for <30 days, or the
number of days divided by 30 if the supply was for
>30 days). For medical services, we defined four
outcomes: total nondrug medical spending, the
number of inpatient admissions, the number of
outpatient office visits, and the number of visits
to the emergency department. Total nondrug
medical spending included Medicare and benefi-
ciary payments for all medical services (including
inpatient care, outpatient care, physician visits,
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home health care, hospice care, skilled nursing
home care, and medical devices) and was adjust-
ed for local price-level differences with the use
of county-level factor prices provided by the
Medicare Payment Advisory Commission.”® We
did not adjust drug spending for regional price
differences because the variation in drug prices
among regions was negligible.*

ADJUSTMENT VARIABLES
To account for differences in population charac-
teristics across regions, we adjusted for three ma-
jor categories of beneficiary-level variables: de-
mographic characteristics, income and insurance
status, and clinical characteristics. Demographic
characteristics included age in 5-year increments
(from <34 years of age, 35 to 39, 40 to 44, and so
on through 90 to 94, and >95), sex, and race or
ethnic group (non-Hispanic white, non-Hispanic
black, Hispanic, Asian, and other). Part D data have
an enhanced race code from the Research Trian-
gle Institute that is verified by first and last name
algorithms, with much-improved sensitivity (>77%;
k coefficient, 0.79).°

We adjusted for individual-level insurance status
and a proxy for income. We used variables indicat-
ing Medicaid coverage (available to beneficiaries
with an income that is less than approximately
75% of the federal poverty level, but with some
state variation) and Part D federal low-income
subsidies (which vary on the basis of cutoff points
in relation to the federal poverty level) to create
income categories (<75% of the federal poverty
level, 75 to 135%, >135 to 150%, and >150%). We
also included two indicators for supplemental drug
coverage, using Part D data: generic drug cover-
age in the “doughnut hole” gap, and coverage of
both generic and brand-name drugs in the gap.
We also controlled for share of the year that the
beneficiary was enrolled. In addition, we adjusted
for an indicator of disability for beneficiaries who
were eligible for Medicare because of disability.
Last, we controlled for income on the basis of the
ZIP Code (logarithm of the median household
income within the ZIP Code in which the benefi-
ciary lived) and educational level (percentages of
residents in the ZIP Code who had not com-
pleted high school, had completed high school
only, and had attended or completed college).

Clinical characteristics included risk scores, in-
dicators for institutionalization (defined as 90 days
of care in a nursing home), and death during the

year. We calculated the two prospective risk scores
using the diagnoses and spending in the prior
year: the CMS Hierarchical Condition Category
(CMS-HCC) scores for nondrug medical care ser-
vices, and the analogous scores for prescription
drugs (CMS-RxHCC).*® Risk scores are a proxy
for health status, with higher scores indicating
more severe illness and higher expected utiliza-
tion of health care services (in our study sample,
the CMS-RxHCC score ranged from 0 to 6.6 and
the CMS-HCC score ranged from 0.1 to 12.4). We
used prior-year instead of current-year diagnosis
and spending to calculate the risk score (except
for the 4% of beneficiaries in the sample who
were new enrollees, for whom we used concurrent
risk scores based on age and sex). Even with the
use of the prior-year risk score, physician coding
may be endogenous; that is, physicians in higher-
spending regions may code patients as more se-
verely ill than physicians in lower-spending regions
code similar patients.** The results of a sensitiv-
ity analysis that excluded risk scores were quite
similar (Tables S1, S2, and S3 and Fig. S1 in the
Supplementary Appendix).

STATISTICAL ANALYSIS
We used these data to generate an adjusted aver-
age value for each outcome in each HSA or HRR.
We pooled three years of data (2007, 2008, and
2009) and conducted an individual-level linear
regression for each outcome.? Each regression
included HSA or HRR indicator variables, year
indicators, and the adjustment variables described
above. Regressions were weighted by the percent
of the year enrolled, so those data for beneficia-
ries who were enrolled for only part of the year
would contribute less to the model. We then cal-
culated the predicted value for each HSA or HRR
using the estimating equation evaluated at nation-
al averages for the covariates, thus capturing vari-
ation at the HSA or HRR level that was purged of
variation in population characteristics that we were
able to control for with our observed covariates.
We used these adjusted HSA or HRR outcomes
to perform two sets of analyses. First, we deter-
mined the degree of variation among HSAs and
among HRRs, calculating statistics such as the
ratio of the 75th to the 25th percentile and the
coefficient of variation. The coefficient of varia-
tion, defined as the ratio of the standard devia-
tion to the mean, is a normalized measure of
dispersion. We included HSAs with 50 or more
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enrollees (only 2908 of the 3436 HSAs met this
requirement) to avoid the introduction of noise
driven by small cell sizes, and we used the same
sample to conduct the HRR-level analysis.

Second, we evaluated the degree to which
HSAs with similar spending levels clustered to-
gether within HRRs. Although there would be a
correlation between spending at the HSA level
and spending at the HRR level — HRRs are just
an aggregation of HSAs — we assessed the de-
gree of dispersion of HSA spending within and
between HRRs. Specifically, we divided HRRs
into quintiles on the basis of their adjusted
spending and also divided HSAs into quintiles
on the basis of their adjusted spending. We then
tabulated the share of high-spending and low-
spending HSAs located within the borders of
high-spending and low-spending HRRs to gauge
the variation in spending by HSAs within and
between HRRs.

RESULTS

REGIONAL VARIATIONS IN ADJUSTED OUTCOMES
Table 1 presents the variation in drug and non-
drug medical spending, counts of monthly pre-
scriptions filled, inpatient admissions, outpatient
office visits, and visits to the emergency depart-
ment per person per year among different regions.
Beneficiaries in the median HSA filled an aver-
age of 53 monthly prescription drugs per year, or
4.4 prescriptions per month, corresponding to
$2,912 in annual gross drug spending. Medical
spending and drug spending were similarly vari-
able, with coefficients of variation of 0.15. The
ratio of drug spending at the 75th percentile to
that at the 25th percentile was 1.21, whereas the
corresponding ratio for the number of filled pre-
scriptions was only 1.13. This suggests that the
variation in the mix of drugs prescribed was larger
than the variation in the number of drugs pre-
scribed. Of course, part of this variation may be
due to the severity of illness or other unmeasured
patient characteristics.

For the analogous variation across HRRs, the
pattern of variation across categories was quite
similar, although the overall degree of variation
was somewhat lower.

VARIATION ACROSS HSAs WITHIN HRRs
We gauged the degree to which HSAs with high
spending were concentrated together in HRRs with

high spending. A formal test of whether there
was variation across HSAs nested within HRRs
can reject the null hypothesis of no systematic
HSA variation within HRRs (joint F=4.86,
P<0.01). About 41% of the variation in adjusted
HSA drug spending was between HRRs, and 59%
was within HRRs. About 43% of the variation in
adjusted HSA nondrug medical spending was be-
tween HRRs, with 57% within HRRs. (These re-
sults were virtually unchanged when we excluded
the top and bottom 1% of the HSA values.)

There was substantial variation among HSAs
within HRRs. For example, we found Manhattan
to be one of the HRRs with the highest adjusted
drug spending and Albuquerque, New Mexico, to
be one of the lowest — but there was substantial
dispersion in spending across the HSAs within
those HRRs: the lowest-spending HSA in Man-
hattan had lower spending than about 25% of
the HSAs within Albuquerque. For comparison,
approximately 66% of the variation in HSA-level
income was between HRRs, whereas 34% was
within HRRs; approximately 55% of the varia-
tion in HSA-level education was between HRRs,
and 45% was within; approximately 70% of the
variation in HSA-level proportion of whites was
between HRRs, and 30% was within; and ap-
proximately 66% of the variation in HSA-level
CMS-HCC risk score was between HRRs, and
34% was within. Analysis at the HRR level thus
masks more local variation in health care spend-
ing within the HRR than it does variation in
several (although not all) covariates.

Figures 1A and 1B show the degree of cluster-
ing of high-spending HSAs within high-spending
HRRSs (see Table S2 in the Supplementary Appen-
dix for a complete set of conditional probabili-
ties). For HRRs in each quintile of adjusted HRR
spending, Figure 1A shows the share of the HSAs
within that HRR that were high-spending or low-
spending HSAs. For example, for adjusted drug
spending, 50.7% of the HSAs located within the
highest-spending HRR quintile were in the high-
est-spending quintile of HSAs; 50.3% of the HSAs
in the lowest-spending HRR quintile were in the
lowest-spending HSA quintile. Similar patterns
were observed for adjusted medical spending:
57.4% of the HSAs in the highest-spending HRR
quintile were in the highest-spending quintile of
HSAs; 54.0% of the HSAs in the lowest-spending
HRR quintile were in the lowest-spending HSA
quintile.
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LOCAL AND REGIONAL VARIATION IN HEALTH CARE SPENDING

A Spending Levels of HSAs Located within High- and Low-Spending HRRs

Adjusted Drug Spending Adjusted Nondrug Medical Spending
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B Spending Levels of HRRs in Which High- and Low-Spending HSAs Are Located
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Figure 1. Quintile Analysis of Adjusted Drug Spending and Nondrug Medical Spending among Hospital Referral
Regions (HRRs) and Hospital Service Areas (HSAs).

For each quintile of HRR spending, Panel A shows the distribution of spending quintiles of HSAs located within the
HRRs. For example, with respect to adjusted drug spending, 50.7% of the HSAs located within HRRs in the highest-
spending quintile of HRRs are in the highest-spending quintile of HSAs, and 50.3% of the HSAs located within HRRs
in the lowest-spending quintile of HRRs are in the lowest-spending quintile of HSAs. For each quintile of HSA spend-

ing, Panel B shows the distribution of HRR spending quintiles. For adjusted drug spending, 51.5% of the HSAs in
the highest-spending quintile are located within HRRs in the highest-spending quintile of HRRs, and 49.6% of the
lowest-spending HSAs are located within HRRs in the lowest-spending quintile of HRRs.

For HSAs in each quintile of HSA spending,
Figure 1B shows the distribution of HSAs accord-
ing to the quintile of HRR spending. For adjusted
drug spending, 51.5% of the HSAs in the highest-
spending quintile were located within the highest-
spending quintile of HRRs; 49.6% of the HSAs in
the lowest-spending quintile were located within
the lowest-spending quintile of HRRs. For adjusted
medical spending, 52.0% of the highest-spending

HSAs were located within the highest-spending
HRRs, and 46.0% of the lowest-spending HSAs
were located within the lowest-spending HRRs.

In sum, there is substantial misalignment of
high-spending HSAs and HRRs. Many low-
spending HSAs are located within the borders of
high-spending HRRs, and many high-spending
HSAs are located within the borders of low-
spending HRRs.
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DISCUSSION

Much policy attention has been drawn to the
large and persistent geographic variation in health
care spending — for good reason. The presence of
such variation (in the absence of commensurate
variation in patient needs or even in health out-
comes) suggests that high-intensity practice pat-
terns in some areas signal an inefficient use of
resources. This has led to discussion of policy le-
vers that would rein in spending in high-utilization,
high-cost areas, such as the lowering of Medicare
payments to providers in those areas. Such policy
levers are meant to focus on a level of aggregation
that captures the local health care delivery system
— too low a level (e.g., a lever aimed at individu-
al physicians) could miss the system-level factors
that account for high utilization in some areas,
whereas too high a level (a lever aimed at multiple
systems and markets) could reward or punish uti-
lization that is well beyond the control of provid-
ers and could mask substantial heterogeneity.

Analyses have primarily been focused on varia-
tion among HRRs — areas that are defined on
the basis of large tertiary care facilities and that
incorporate numerous HSAs. There are advantages
to looking at such large areas (e.g., they may be
large enough to capture relatively homogeneous
patient pools), but the disadvantage of such an
exclusive focus is that it can mask substantial het-
erogeneity at the more local level. This is particu-
larly important in considering the effects of policy
levers that aim to influence local practice pat-
terns for primary care or reduce avoidable hos-
pitalizations, for example.

We examined the degree of heterogeneity with-
in HRRs. We found that there was substantial
local variation in utilization and spending for
pharmaceutical and medical services and that
there was substantial dispersion with respect to
the level of local spending within HRRs.

These findings are, of course, subject to several
limitations. First, our analysis is based on the
Medicare population. Patterns among the commer-
cially insured may differ. Medicare does, however,
account for 20% of all national health care spend-
ing as of 2010,* and many of the policy levers
that have been under discussion apply to Medi-
care payment rates. Second, our risk-adjustment

variables are imperfect, and we did not capture
patient preferences.'* To the extent that these pref-
erences vary across local areas, they could drive
some of the observed patterns of heterogeneity.
It is somewhat reassuring, however, that the pat-
terns of unadjusted outcomes were quite similar
to the patterns of adjusted outcomes. Third, causal
connections are inherently difficult to draw from
ecologic data. Although the variation described
here (and elsewhere in the literature) is strongly
suggestive of the inefficient use of resources, it
is difficult to use these data to forecast the effect
of different policy levers on spending patterns.

Nevertheless, these findings do have policy
implications. Policies that aim to reduce spending
in high-cost areas by targeting high-spending
HRRs may fail with respect to both sensitivity
and specificity: about half the HSAs located in
the highest-spending HRRs are not the highest-
spending HSAs, and about half the HSAs located
in the lowest-spending HRRs are not the lowest-
spending HSAs. That said, higher-spending HSAs
are generally in higher-spending HRRs. Whether
this degree of concordance is sufficient to achiev-
ing policy goals depends on the tolerance of
policymakers for the ramifications of imperfect
targeting.

These findings do not tell us what the “right”
level of aggregation for policy is. There is clearly
variation in spending even within HSAs — should
policy focus on an even more local level? The
movement toward accountable care organizations
aims to tie payments to the care delivered by pro-
vider groups that are large enough to pool risk
and average out individual-level variation in needs
and idiosyncratic outcomes but small enough to
hold the group accountable for the use of re-
sources. In the absence of formal accountable care
organizations, payments tied to the practice pat-
terns in local areas are intended to accomplish
similar goals. This analysis suggests that policies
focused exclusively on the HRR may be too blunt
to promote the best use of health care resources.
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