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Background: Risk adjustment is used widely in payment sys-
tems and performance assessments, but the extent to which it
distinguishes plan or provider effects from confounding due to
patient differences is typically unknown.

Objective: To assess the degree to which risk-adjusted
measures of health plan performance adequately adjust for
the variation across plans that arises because of differences
in patient characteristics (residual confounding).

Design: Comparison between plan performance estimates
based on enrollees who made plan choices (observational
population) and estimates based on enrollees assigned to
plans (randomized population).

Setting: Natural experiment in which more than two thirds of a
state's Medicaid population in 1 region was randomly assigned
to 1 of 5 plans.

Participants: 137933 enrollees in 2013 to 2014, of whom
31.1% selected a plan and 68.9% were randomly assigned to 1 of
the same 5 plans.

Measurements: Annual total spending (that is, payments to
providers), primary care use, dental care use, and avoidable
emergency department visits, all scored as plan-specific deviations
from the "average” plan performance within each population.

Results: Enrollee characteristics were appreciably imbalanced
across plans in the observational population, as expected, but
were not in the randomized population. Annual total spending

varied across plans more in the observational population (SD,
$147 per enrollee) than in the randomized population (SD, $70
per enrollee) after accounting for baseline differences in the
observational and randomized populations and for differences
across plans. On average, a plan's spending score (its deviation
from the "average” performance) in the observational popula-
tion differed from its score in the randomized population by
$67 per enrollee in absolute value (95% ClI, $38 to $123), or
4.2% of mean spending per enrollee (P= 0.009, rejecting the
null hypothesis that this difference would be expected from
sampling error). The difference was reduced modestly by risk
adjustment to $62 per enrollee (P= 0.012). Residual confound-
ing was similarly substantial for most other performance meas-
ures. Further adjustment for social factors did not materially
change estimates.

Limitation: Potential heterogeneity in plan effects between
the 2 populations.

Conclusion: Residual confounding in risk-adjusted perform-
ance assessments can be substantial and should caution policy-
makers against assuming that risk adjustment isolates real
differences in plan performance.
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uring the past 15 years, payers in the United States

have increasingly shifted accountability for health
care spending and quality to health plans and providers.
Commercial health plans have long borne risk, and more
than half of the combined Medicare and Medicaid popu-
lation is now enrolled in managed care plans that receive
a prospective per-enrollee (capitation) payment to cover
total spending (1, 2). It is common for private plans to
pass along some or all of this risk to providers, and risk
contracting between public payers and providers (for
example, accountable care organizations and episode-
based payments) has also grown. As part of these con-
tracts, payers link payments to performance on spending
and quality metrics.
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A critical element of such “value-based” payment
arrangements is accounting for underlying differences in
the patient populations served by different plans or pro-
viders when measuring performance and setting capita-
tion rates (or spending targets). Inadequate adjustment
for patient risk has several consequences. First, plans or
providers with higher-risk patients may be insufficiently
compensated or unfairly penalized, limiting resources for
the care of some groups (3-9). Second, incomplete risk
adjustment can make it profitable for plans and pro-
viders to engage in risk-selection strategies that are
wasteful and can undermine quality of care (10). Third,
when differences in performance reflect patient differen-
ces, as opposed to differences in actual quality or effi-
ciency, public reporting can misinform patients (11-14).

Prior studies have shown that adjusting for additional
clinical or social predictors of an outcome meaningfully
alters conclusions about plan or provider performance.
However, even with adjustment for additional observ-
able predictors, residual unmeasured confounding may
remain or even grow if the additional predictors are
inversely correlated with unmeasured predictors (14-17).
The extent of unmeasured confounding is unknown
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because true differences in performance are not typically
observed.

This study leverages a natural experiment in which the
Louisiana Medicaid program randomly assigned a subset
of enrollees to 1 of 5 managed care plans, whereas others
chose a plan from the same set of options. To characterize
the effectiveness of standard risk adjustment in removing
confounding from observational estimates of health plan
effects on health care spending and use, we compared
plan estimates derived from the population of enrollees
who chose a plan (observational population) with estimates
derived from the population of enrollees assigned to a
plan (randomized population), before and after adjustment
for patient characteristics.

METHODS

Study Design and Population

In 2012, Louisiana Medicaid shifted from traditional fee
for service to a Medicaid managed care (MMC) model in
which the state contracted with capitated private plans. In
primary analyses, we analyzed data from 2013 to 2014 for
Medicaid enrollees who resided in Louisiana's first region
to implement MMC in February 2012 (n=137933)
(Appendix Figure 1, available at Annals.org). Those who
did not select a plan within 30 days were randomly
assigned to 1 of 5 plans. We omit 2012 as a transition year.

To preserve enrollee-provider relationships from the
pre-MMC primary care case management program, ran-
domization was done within primary care case manage-
ment providers (n=166), ensuring that enrollees were
assigned to a plan that contracted with their provider
(Supplement Table 1, available at Annals.org). Providers
ranged from primary care practices to large organiza-
tions; the median number of enrollees per provider was
1318 (interquartile range, 567 to 2659), and most pro-
viders participated in all plans (Supplement Table 2,
available at Annals.org). Because assignment probabil-
ities to plans varied across providers, it was important to
control for the provider in our analysis (18-21). The
Supplement (available at Annals.org) provides additional
details on the state's auto-assignment process.

The objective of our analysis was to compare a plan's
risk-adjusted performance (relative to the “average” plan
performance) for patients who select a plan on their own
(observational population) with its performance for those
randomly assigned to the plan (the gold standard). The
estimated difference will reflect the degree to which cur-
rent methods of risk adjustment for comparisons across
health plans fail to adequately adjust for variation across
plans in patient characteristics that affect outcomes of in-
terest (that is, residual confounding by patient case mix).

We expected plans to have effects on spending (or
use), even for patients of the same primary care provider,
because of differences in specialist and hospital networks;
drug formularies; or utilization management tools, such as
claim denials and prior authorization (Table 1). For exam-
ple, 2 of the 5 plans used the traditional fee-for-service
specialist network (rather than their own) and had weaker
incentives to restrict use (partial rather than full-risk con-
tracts with the state). We also expected the characteristics
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of enrollees who chose a plan to differ across plans because
choices reflect their preferences and health care needs.

Estimating residual confounding required us to address
3 challenges. First, to separate plan effects from provider
effects, we controlled for enrollees' prior provider (within
which enrollees were randomized) (22, 23) and imple-
mented additional approaches to estimate and properly
account for within-provider plan differences that would
have been observed had the plan assignment probabilities
been equal across providers. Second, to separate the quan-
tity of interest (residual confounding due to incomplete
adjustment for enrollee characteristics) from heterogeneous
effects of plans on different types of enrollees (because
those who chose a plan differed from those who were
assigned a plan), we weighted the randomized population
to more closely resemble the observational population.
The weighting better approximates the ideal experiment
in which enrollees would be randomized to being either
randomly assigned or left to choose a plan. Third, to
address bias toward the null from plan switching in the
randomized population after plan assignment (akin to
crossover between treatment groups in a randomized
controlled trial), we used instrumental variables (IV) meth-
ods to rescale the intention-to-treat estimates according
to rates of adherence to plan assignment (24)—that is, to
arrive at the plan's average treatment effect for the enroll-
ees that were assigned to that plan and adhered to their
assignment (that is, stayed in the plan).

For our primary study population and analysis, we
excluded enrollees in Medicaid eligibility categories exempt
from the shift to MMC (for example, dual-eligible beneficia-
ries and persons with disabilities), auto-assigned enrollees
whose family members chose a plan (because those assign-
ments were not random), and enrollees not continuously
enrolled in Medicaid during the study period (Appendix
Figure 1).

Study Variables

Plan Exposure

From Medicaid administrative data, we determined each
enrollee's plan in each study year and whether it was
assigned or chosen. For enrollees assigned to a plan, we
used initial plan assignments in intention-to-treat and IV anal-
yses because as-treated (that is, per protocol) analyses would
introduce selection bias because of the 15.1% of randomly
assigned enrollees who switched plans (25).

Primary and Secondary Outcomes

Total (per-enrollee annual) health care spending was prespe-
cified as the primary study outcome because it relates to
capitation payments to plans (or analogous spending bench-
marks for providers in population-based payment models)
(26, 27). We truncated spending at the 99.9th percentile to
reduce the influence of outliers. For sensitivity analyses, we
price-standardized spending to remove variation due to any
differences in provider prices (Supplement). We found no
evidence of capitated payments to providers in the form of
zero or missing payment amounts, suggesting capitated
plans paid providers on a fee-for-service basis during our
study period.
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Table 1. Differences in Enrollee Characteristics Between Plans in the Randomized and Observational Populations

Characteristic All Plan 1 Plan 2 Plan 3 Plan 4 Plan 5 SD of Plan
Plans Means
Plan characteristics*
Financial risk - Full risk Full risk Full risk Shared savings Shared savings -
Plan selectively contracts with specialty network - Yes Yes Yes No No -
Primary care providers in plan, n - 1497 1530 1573 471 930 -
Enrollee characteristics
Randomized population, n - 18 384 18 871 18 358 20 507 18 852 -
Age, %
<5y 30.6 31.5 30.5 30.4 30.3 30.5 0.51
6-17y 63.5 62.5 63.6 63.6 64.1 63.4 0.61
18-64y 5.9 6.0 5.9 6.0 5.6 6.1 0.17
Female, % 52.9 52.6 53.3 52.9 525 53.3 0.41
Clinical risk group, %t
Nonusers 9.3 9.0 9.4 9.1 9.4 9.6 0.24
No acute or chronic diagnoses 63.4 63.5 63.3 63.3 63.5 63.2 0.13
Acute disease 9.6 9.9 9.4 9.5 9.6 9.6 0.18
Single chronic disease 15.6 15.5 15.8 15.8 15.7 15.5 0.16
Multiple chronic diseases 2.1 22 2.1 23 1.9 2.1 0.15
Predicted spending based on enrollee characteristics, $3 1623 1638 1628 1637 1593 1624 20
Observational population, n - 4472 8815 2838 12 041 14795 -
Age, %
<S5y 35.9 333 37.8 34.9 36.7 35.1 1.76
6-17y 59.6 61.5 58.3 54.7 59.4 60.8 2.69
18-64y 4.5 5.2 3.9 10.4 3.9 4.1 2.79
Female, % 52.5 585 52.9 55.2 51.7 52.2 1.39
Clinical risk group, %t
Nonusers 4.1 4.3 4.2 4.7 3.6 4.3 0.38
No acute or chronic diagnoses 60.5 59.9 61.5 62.0 593 60.9 1.10
Acute disease 12.6 12.1 12.4 1.3 14.2 12.0 1.07
Single chronic disease 20.1 21.0 19.5 18.6 20.4 20.1 0.93
Multiple chronic diseases 2.6 2.7 2.4 3.5 2.5 2.7 0.41
Predicted spending based on enrollee characteristics, $ 1810 1845 1770 1831 1802 1826 50

* In our setting, 2 of the 5 plans used the traditional fee-for-service specialist network (rather than selectively contract with their own providers) and
had weaker incentives to restrict use due to shared savings rather than full-risk contracts with the state.

1 Clinical risk group (i.e., health status) is calculated using the 3M Clinical Risk Groups model with claims from February 2011 through January
2012. Enrollees who did not have any claims during this period were assigned the status of “nonusers.” Clinical risk groups were aggregated into
the categories above to summarize. Risk adjustment for our primary analyses used clinical risk groups derived from the claims in prior (rather than
baseline) years (Supplement, available at Annals.org).

T The predicted spending means reflect the weighting of the randomized population to balance its distribution of characteristics with that seen in the obser-
vational population (Supplement). The weighted means do not match exactly because the weighting did not reflect all 170 risk indicators. The unweighted

mean for the randomized population was $1502 (Appendix Table 1, available at Annals.org). All other estimates in Table 1 are unweighted.

As secondary outcomes, we analyzed the following 4
measures of annual use: completion of an age-specific
well-child visit, use of 1 or more primary care office visits,
use of any dental care, and number of avoidable emer-
gency department visits (28, 29). We selected these
measures because they could be reliably constructed
from administrative claims data and were applicable to
the entire study population of children and adults or its
pediatric majority. The first 3 measures were selected
from Healthcare Effectiveness Data and Information Set
measures used to assess MMC plan performance (see
Supplement Methods and Supplement Figures 2 and 3
for additional details on measures, available at Annals.

org).

Enrollee Characteristics

From administrative data, we obtained enrollee age, sex,
and Medicaid eligibility category. For each study year, we
used claims from the prior year to categorize enrollees'
clinical risk, a common approach to risk adjustment. We
used 3M Clinical Risk Grouping software, developed for
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use in Medicaid (30, 31), to construct 170 mutually exclu-
sive clinical risk groups on the basis of diagnosis codes.
As a summary measure of enrollee risk, we also report
predicted spending as a function of these observed char-
acteristics. In a sensitivity analysis, we used claims from
the preassignment period, rather than the prior year, to
assess clinical risk, thereby removing any bias introduced
by the effect of MMC plans on claims, diagnosis, or cod-
ing (32).

Statistical Analysis

First, we examined the distribution of observed en-
rollee characteristics across plans to assess balance in
the randomized and observational populations. Second,
we used linear regression to estimate plan effects on out-
comes separately in the randomized and observational
populations. To estimate plan effects in the observational
population with and without risk adjustment, we fit a
model of each annual outcome as a function of the plan
chosen by the enrollee that year, with and without add-
ing the enrollee characteristics as covariates (age, sex,
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eligibility category, and clinical risk groups). In the random-
ized population, we estimated an analogous model but
with use of IV to address nonadherence to plan assignment
(plan switching) to arrive at the estimate of the plan's aver-
age treatment effect for the enrollees who were assigned
to that plan and adhered to their assignment (that is, stayed
in the plan) (24).

From these models, for each outcome in both of the
populations, we calculated a plan score for each plan equal
to that plan's deviation from average plan performance in
the population (that is, how much better or worse a plan
did compared with “average” performance). We compared
plan scores between the 2 populations, instead of raw plan
means, because population means differed somewhat.
Thus, we compared how a plan performed relative to other
plans in 1 population with its relative performance in the
other population.

Third, we summarized within-plan differences in scores
as derived from the observational versus randomized pop-
ulations—that is, how much observational, risk-adjusted esti-
mates of plan scores differed from gold-standard estimates
—in several ways. First, we calculated the absolute value
of the score difference for each plan as derived from the
2 populations and averaged those differences across the
5 plans. We prespecified this “mean absolute difference” in
plan scores as our primary summary measure of confound-
ing. Second, we also reported the absolute value of the
largest within-plan difference to describe the plan most
affected by confounding. Third, we took the square root of
the mean squared score difference between the observa-
tional and randomized populations (to place greater
weight on outlier score differences and account for nega-
tive differences). Fourth, we estimated the linear relation-
ship between the plan scores in the 2 populations,
expressed as the change in the randomized score associ-
ated with a 1-unit increase in the observational score (33).

To test whether score differences were greater than
expected from sampling error, we resampled from plans' ran-
domly assigned enrollees to create a distribution of score dif-
ferences expected from sampling error alone and obtained a
2-sided P value. To control the false discovery rate within
families of independent hypotheses, we used the Benjamini-
Hochberg procedure to adjust P values (Supplement).

In sensitivity analyses, we adjusted for additional enrollee
characteristics (race, ethnicity, and ZIP code of residence)
and applied various weighting approaches to equalize
proportions of enrollees assigned to each plan within each
baseline provider and to address potential treatment effect
heterogeneity (that is, differing plan effects on the 2 popu-
lations owing to differences in the populations overall and
within each plan).

The study was approved by the VYale University
Institutional Review Board. Analyses were done using Python,
version 3.8.7 (Python Software Foundation), and Stata, version
14 (StataCorp). The Supplement provides more detail on the
analytic approaches, including annotated code.

Role of the Funding Source

The funders had no role in the study design, data col-
lection and analysis, preparation of the manuscript, or
decision to publish.
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RESULTS

Study Population

After inclusion criteria (Appendix Figure 1), the study
population included 137 933 enrollees, of whom 94972
(68.9%) were randomly assigned and 42961 (31.1%)
chose a plan. The observational and randomized popula-
tions did not differ markedly in their demographic or
clinical characteristics (Table 1; Appendix Table 1, avail-
able at Annals.org; and Supplement Table 4, available at
Annals.org) and were similarly distributed across primary
care providers of record at baseline (Supplement Figure 4,
available at Annals.org). Adults accounted for 9.3% of the
enrollee-year observations and 16.0% of total spending.
Among enrollees who were randomly assigned, 84.9%
remained in their assigned plans in 2013 to 2014 (Appendix
Figure 2, available at Annals.org), suggesting plan assign-
ment was a strong instrument for plan exposure (P < 0.001)
(34).

Differences in Mean Enrollee Characteristics and
Outcomes Among Plans

Enrollees' age, sex, clinical risk, and predicted spend-
ing differed appreciably across plans in the observational
population but not in the randomized population (Table 1).
For example, plan 3 attracted older enrollees, and plan 4
attracted more enrollees with a history of acute disease
than other plans in the observational population.

In the observational population, plan scores for total
spending per enrollee and rates of primary care, dental
care, and avoidable emergency department use differed
meaningfully across plans in unadjusted analyses (Table 2;
Supplement Table 5, available at Annals.org). For example,
unadjusted plan spending scores in the observational pop-
ulation ranged from —$126 for plan 2 (that is, spending in
plan 2 was $126 per enrollee lower than the average across
all plans) to $172 for plan 5. By comparison, IV estimates
(based on the randomized population) of plan effects on
these outcomes varied less, ranging from —$56 per en-
rollee for the lowest-spending plan (plan 1) to $79 for the
highest-spending plan (plan 5)-suggesting that MMC
plans do exert influence on health care spending but to a
lesser degree than suggested by estimates derived from
the observational population. The difference between plan
spending scores (as measured by the SD of the plan scores
squared) was 4 times greater in the observational popula-
tion than in the randomized population; this difference was
not due to the smaller observational sample (Supplement
Figures 6 and 7, available at Annals.org) and persisted after
risk adjustment (Appendix Table 2, available at Annals.
org).

Residual Confounding After Risk Adjustment

On average, the unadjusted annual spending scores
derived from the observational population differed from
those derived from the randomized population by $67 per
enrollee in absolute value (P=0.009, rejecting the null hy-
pothesis that this difference would be expected from sam-
pling error alone) (Table 3). To put this average amount of
confounding in perspective, $67 per enrollee was 4.2% of
mean spending in the study population and is similar in
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Table 2. Differences in Enrollee Outcomes Between Plans in the Randomized and Observational Populations, 2013 to 2014

Outcome All Plan Plan Performance Scores (Plan Deviations From SD of Plan P Value for Test
Mean Average Plan Performance in the Population)* Scores of Difference in
Plan 1 Plan 2 Plan 3 Plan 4 Plan 5 Plan Scorest
Score* derived from randomized populationt
Total health care spending, $ 1612 —56(—95to —18) —54(—-92to —17) —43(-93to0 8) 75 (34 to 115) 79 (45 to 113) 70 <0.001 (<0.001)
HEDIS annual use of primary and
dental care, percentage
points§
Age-specific well-child visit 51.40 —2.22(-3.86to 1.37(0.17 to 0.72(-0.51to 1.61(-0.67 to —1.48 (—-2.64 to 1.74 <0.001 (<0.001)
—0.58) 2.57) 1.94) 3.90) —0.32)
>1 primary care office visit 80.07 1.22(-1.05 to —2.75(—4.61 to 0.06 (—1.56 to 0.60 (—0.27 to 0.88 (—0.02 to 1.60 0.004 (0.005)
(children and adults) 3.48) —0.89) 1.68) 1.47) 1.78)
Any dental care (childrenand  60.30  1.21(0.10to —0.37(-1.25to —0.18 (-1.44 to —0.33(-1.50 to -0.32(-1.42t0 0.68 0.32(0.32)
adults) 2.31) 0.51) 1.08) 0.84) 0.77)
Annual avoidable emergency 11.06 1.23(0.48 to —0.27 (-0.84 to 1.14 (0.39 to —1.32(-1.99to —0.78(-1.31to 1.14 <0.001 (<0.001)
department visits per 100 1.97) 0.30) 1.89) —0.66) —0.25)
enrollees, n||

Score* derived from observational population without risk adjustment

Total health care spending, $ 1835 —95(—183to —7)
HEDIS annual use of primary and
dental care, percentage
points§
Age specific well-child visit 6138 —5.30(-7.31to 279 (1.15 to
—-3.30) 4.44)
=1 primary care office visit 88.78  1.09(-0.66to —2.51(-5.08to
(children and adults) 2.83) 0.05)
Any dental care (children and  72.64 —0.44 (-2.13 to —0.04 (—1.38 to
adults) 1.25) 1.30)
Annual avoidable emergency 9.92 -0.29(-1.31to 0.48 (—0.43 to
department visits per 100 0.73) 1.39)

enrollees, n||

—126(=190to —61) —100(-238t0 37) 148 (8210 214)

172 (100 to 245) 147 <0.001 (<0.001)

—0.37(-2.82t0 4.76 (1.95to —1.89(-3.00 to 395 <0.001 (<0.001)
2.08) 7.57) —-0.77)

—1.54(-3.03to 1.21(0.17 to 1.76 (0.69 to 1.90 0.023(0.023)
—0.04) 2.25) 2.82)

—2.92(-4.94t0 2.97(1.80 to 0.43(-0.49 to 2.10 <0.001 (<0.001)
—0.90) 4.14) 1.35)

3.03(1.45t0 —1.87(-2.58to -1.36(-2.12to 1.93 <0.001 (<0.001)
4.62) -1.16) —-0.59)

HEDIS = Healthcare Effectiveness Data and Information Set.

* We calculated a plan score for each plan equal to the plan’s deviation from the average plan performance in the population (i.e., how much better
or worse a plan performed compared with “average” performance). We compared plan scores between the 2 populations, instead of raw plan
means, because population means differed somewhat. Thus, we compared how a plan performed relative to other plans in 1 population with its rel-

ative performance in the other population.

T P values in parentheses are adjusted for multiple inference using the Benjamini-Hochberg procedure (Supplement, available at Annals.org).
1 We weighted the randomized population to balance its distribution of enrollee characteristics with the observational population. For precision,
the analyses in the randomly assigned population are adjusted for age; sex; Medicaid eligibility category; and 170 clinical risk groups, defined using

the 3M Clinical Risk Grouping software (Supplement).

§ Based on HEDIS specifications for administrative claims measures of primary care and dental care use.
|| Avoidable emergency department visit measure based on the Statewide Collaborative Quality Improvement Project of the California Department

of Health Care Services (34).

magnitude to the largest effect of a plan on spending (rela-
tive to the average plan performance) noted earlier. The
largest absolute score difference between populations for
a single plan was $94 per enrollee, or 5.8% of mean spend-
ing (Table 3); this was for plan 5 (score: $172 vs. $79 in
the observational vs. randomized population, respectively)
(Table 2). The spread between the most positive and nega-
tive score differences was $170 per enrollee, or 10.5% of
overall mean spending (Figure 1).

Risk adjustment altered plan spending scores
derived from the observational population somewhat
but moved them statistically significantly closer to the
scores derived from the randomized population for only
2 of 5 plans (Figure 2; Appendix Figure 3, available at
Annals.org). On average, risk adjustment reduced the
mean absolute difference between the observational
and randomized scores from $67 per enrollee (P=0.009)
to $62 per enrollee (P=0.012), which was 3.8% of mean
spending (Table 3). This reduction in confounding was
small and not statistically significant even though the
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risk-adjustment model explained a substantially larger
proportion of the variance in enrollee-level spending,
with an increase in model R? from 2% to 29% (35).
Further adjustment for enrollee race, ethnicity, and ZIP
code of residence increased enrollee-level R? slightly and
did not meaningfully reduce confounding (Supplement
Tables 7 to 10, available at Annals.org).

Results for use of primary care, dental care, and avoid-
able emergency department visits were qualitatively similar
to those for spending (Table 2 and Table 3; Figure 1; and
Supplement Figures 9 and 10 and Supplement Table 11,
available at Annals.org). Risk adjustment reduced the
mean absolute difference between scores derived from
the 2 populations by 12.5% to 36.2% (Table 3). For the
measure of child and adult use of primary care office visits,
residual confounding after risk adjustment was small and
no longer statistically distinguishable from differences
expected from sampling error. The average residual con-
founding in plan scores for avoidable emergency depart-
ment visits also was no longer statistically significant after
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risk adjustment but remained substantial (7.1% of the study
population mean).

Plan rankings in spending scores were roughly consist-
ent in the randomized and observational populations
because higher-cost enrollees selected plans that allowed
for higher spending (Figure 1) (36). The consistency of
rankings in the randomized and observational populations
varied across measures (Figure 2).

For spending, a $1 higher observational score was
only associated on average with a $0.47 higher random-
ized score. This relationship was minimally altered by risk
adjustment (Supplement Figures 9, 11, and 12, available
at Annals.org; Supplement Table 11).

Additional Analyses

Intention-to-treat and IV estimates of plan scores
were similar, as expected from the limited plan switching
(Supplement Figure 13, available at Annals.org). Our
results were also robust to price standardization (for
spending) (Supplement Figure 14, available at Annals.
org), alternate weighting approaches, and alternative
risk-adjustment methods (Supplement Tables 8 to 10
and 12 and Supplement Figures 15 and 16, available at
Annals.org). Additional sensitivities supported our main
conclusions (Supplement Tables 13 to 16, available at
Annals.org).

Discussion
In this study of a state's Medicaid plans, estimated plan
performance on spending and use measures based on a

ORIGINAL RESEARCH

population of enrollees that chose plans differed substan-
tially from estimates of plan performance based on a
population randomly assigned to plans. Differences in per-
formance estimated on the basis of the observational popu-
lation were only modestly reduced by risk adjustment,
suggesting considerable residual confounding from varia-
tion in unmeasured enrollee characteristics. We estimated
that the $62 per enrollee average residual confounding af-
ter risk adjustment represented 3.8% of mean spending—a
large difference relative to health plan margins in Medicaid
(37)-and approximated the largest “true” plan effects on
spending, as seen in the randomized population. Despite
this residual confounding, plan rankings based on spend-
ing estimated from the observational population were
largely consistent with those derived from the randomized
population.

Our results are consistent with prior research show-
ing that the addition of otherwise omitted patient varia-
bles to risk-adjustment models would alter payments or
performance scores for plans or providers (3, 4, 9, 15,
17, 38-46). Likewise, we show that enrollees differ in
observable ways across health plans, that enrollee char-
acteristics are strongly predictive of spending, and that
adjustment for observed characteristics alters assessments
of plan performance. However, our study goes beyond
prior work to quantify the extent to which adjustment of
observational estimates better approximates true plan
effects on care and the amount of confounding that may
remain. The limited effect of adjustment on confounding is
consistent with our finding that plan variation in observed

Table 3. Differences in Plan Performance Scores Between the Randomized and Observational Populations, 2013 to 2014

Outcome Strength of Mean Absolute Difference in Plan Scores Derived From the Largest Absolute Difference in
Patient-Level Randomized and Observational Populationst Plan Scores
:\;iet:lthilsT(" Difference Without P Value§ Difference With P Value§ Difference Difference With
Adjustment, Risk Adjustment Risk Adjustment Without Risk Risk Adjustment
R (95% Ch¥ (95% Ch¥ Adjustment (95% Cht
(95% Cht
Total health care spending, $ 0.29 67 (38-123) 0.009 (0.011) 62 (39-106) 0.012(0.020) 94 (67-215) 106 (64-212)
HEDIS annual use of primary and
dental care, percentage points
Age-specific well-child visit]| 0.10 1.83(1.07-3.00) <0.001 (<0.001) 1.4591(0.76-2.61) 0.005 (0.013) 3.15(2.07-5.71) 2.529(1.47-4.88)
=1 primary care office visit 0.19 0.69 (0.41-1.59) 0.051(0.051) 0.44(0.27-1.29) 0.38(0.38) 1.60(0.74-3.39) 0.98(0.48-2.66)
(children and adults)||
Any dental care (children and 0.03 1.76 (1.00-2.94) <0.001(<0.001)  1.549(0.86-2.67) 0.003(0.013) 3.30(1.94-5.55) 3.00(1.72-5.07)
adults)||
Annual avoidable emergency 0.06 1.06 (0.52-1.67) 0.005 (0.008) 0.74(0.39-1.35) 0.080 (0.100) 1.89(0.95-3.58) 1.29(0.76-2.81)

department visits per 100
enrollees, n

HEDIS = Healthcare Effectiveness Data and Information Set.

* The adjusters in the risk-adjustment model include age; sex; Medicaid eligibility category; and 170 clinical risk groups, defined using the 3M Clinical Risk
Grouping software. The R? represents the share of the variation in the outcome for the observational population that is explained by the risk-adjustment model.
T We calculated a plan score for each plan equal to the plan’s deviation from the average plan performance in the population (i.e., how much better
or worse a plan performed compared with “average” performance). We compared plan scores between the 2 populations, instead of raw plan
means, because population means differed somewhat. Thus, we compared how a plan performed relative to other plans in 1 population with its rel-
ative performance in the other population.

1 The 95% Cls are constructed based on a clustered bootstrap procedure (Supplement, available at Annals.org).

§ P values are from a test of how extreme the observed difference in plan scores between randomized and observational populations is relative to their
expected differences due to sampling error; the null hypothesis is that the observed difference is only due to sampling error (Supplement Figure 10,
available at Annals.org). P values in parentheses are adjusted for multiple inference using the Benjamini-Hochberg procedure (Supplement).

|| Based on HEDIS specifications for administrative claims measures of primary care and dental care use.

9 Risk-adjusted difference differs statistically significantly from difference without risk adjustment (P < 0.050) based on a clustered bootstrap proce-
dure (Supplement).
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Figure 1. Differences in plan total health care spending scores derived from the observational and randomized populations.
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Each bar corresponds to 1 of the 5 plans. The blue area of the bar corresponds to a plan's randomized spending score (relative to the “average” plan
mean) based on the randomly assigned population. The orange bar corresponds to a plan's spending score based on the observational population
before risk adjustment. The grey unhatched portion indicates the difference between the 2 scores, or the extent of residual confounding in the observa-
tional scores. For these 5 Medicaid plans, higher-cost enrollees selected plans that control spending to a lesser extent. We calculated a plan score for
each plan equal to the plan's deviation from the population-specific plan mean. We compared plan scores between the 2 populations, instead of raw
plan means, because population means differed somewhat. Thus, we compared how a plan performed relative to other plans in 1 population with its

relative performance in the other population.

enrollee characteristics caused by nonrandom sorting in
the observational population was weakly related to the vari-
ation in unobserved predictors of spending.

Our results should caution policymakers against assum-
ing that current risk-adjustment models adequately isolate
effects directly attributable to plans (or providers). Additional
strategies to promote the goals of risk adjustment merit con-
sideration. First, risk adjustment may be improved by adding
predictors or using advanced statistical techniques (for
example, matching or machine learning) (47). Improving pre-
diction, however, can weaken incentives to reduce use or
improve care. For example, adjustment for a history of stroke
increases the costs to plans or providers of preventing
strokes (they are penalized with lower payments). In addition,
predictors that can be manipulated (for example, diagnoses)
create incentives for wasteful practices such as upcoding (32,
48, 49). Although further adjustment for social risk factors
has been shown to affect performance assessments (9, 14,
17, 41, 50, 51), our results suggest substantial confounding
may remain. As efforts to improve risk adjustment proceed,
our findings underscore the pitfalls of focusing on patient-
level prediction (52, 53). Despite a high patient-level R? of
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29% for health care spending, indicating that the enrollee
variables included in our risk-adjustment approach captured
more than a quarter of the variation in the outcome, risk
adjustment did not meaningfully reduce confounding at the
plan level for spending in our studly.

Second, rather than rely entirely on predictive models
to correct under- or overpredictions (54), reinsurance
mechanisms—that is, policies that limit an organization's
liability for individual enrollees by covering costs that
exceed a certain threshold—can be used to improve model
fit and mitigate incentives to avoid high-risk patients or
attract favorable risks (48, 55-57). This approach could also
foster a shift in focus from narrow high-risk case manage-
ment to systemic changes in care delivery (58-61).

Third, public payers could reconsider pay-for-per-
formance strategies that penalize providers who neither
perform well nor improve to maintain budget neutrality.
Instead, pay-for-improvement programs that offer rewards
for improvement, perhaps targeted to poor performers at
baseline (those with poor quality or unobservably high-risk
patients), could direct resources for improvement where
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they are needed most and obviate the need for risk
adjustment.

Fourth, our analysis focused on how completely risk
adjustment predicted differences in plan spending due to
differences in plan enrollees, but prediction should not be
the only goal of risk adjustment. For example, risk adjustment
that accurately predicts lower spending for underserved
groups would result in lower risk-adjusted prospective pay-
ments for those groups, thereby entrenching underspending
for patients with unmet needs (62). Instead, it may be socially
desirable to purposefully adjust payments to plans or pro-
viders for underserved groups to levels above current spend-
ing for those groups; such a system would be less predictive
but more equitable (63, 64).

ORIGINAL RESEARCH

This study has limitations. First, it is based on a single
Medicaid program, a predominantly pediatric population,
and a limited set of spending and use measures. Therefore,
the findings may not generalize to all Medicaid programs or
other settings where risk adjustment is used (for example,
Medicare Advantage). Second, health plan scores based
on observational and randomized populations may differ
because of heterogeneity in plan effects on different popu-
lations; hence, we may be under- or overstating problems
with risk adjustment. However, weighting to balance char-
acteristics between randomized and observational popula-
tions did not meaningfully affect our estimates (65). Third,
although commonly used (66), IV methods rely on assump-
tions that cannot be fully verified—for example, the plan effect

Figure 2. Plan performance scores in the observational versus randomized populations.
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These figures plot plan scores based on the observational and randomly assigned populations for each outcome. For each outcome, we plot the unad-
justed observational plan score, the risk-adjusted observational plan score, and the plan score in the randomized population. Each set of connected
points corresponds to 1 of the plans in our sample. We calculated a plan score for each plan equal to the plan's deviation from the population-specific
plan mean. We compared plan scores between the 2 populations, instead of raw plan means, because population means differed somewhat. Thus, we
compared how a plan performed relative to other plans in 1 population with its relative performance in the other population.
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on enrollees who comply with assignment are similar to those
who do not (24). Fourth, we rely on linear models to measure
plan performance—including for binary or skewed outcomes—
a common approach when using IV (67) and broadly consist-
ent with how risk adjustment is implemented in practice (32).
However, potential model misspecification may lead us to
misstate the extent of residual confounding.

In conclusion, we found evidence of substantial con-
founding in observational estimates of Medicaid plan per-
formance that was reduced only modestly by standard risk
adjustment methods. Our results should caution policy-
makers against presuming that current risk-adjustment
approaches achieve the goal of isolating plan effects on care
and encourage the development of improved methods and
additional policies to improve payment system performance.
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Appendix Table 1. Study Population Characteristics, Including Weighted Randomized Population

Characteristic All Enrollees Randomly Assigned Randomly Assigned Enrollees Who Made Active
(n =137 933) Enrollees (n = 94 972) Enrollees Weighted by Plan Choices (n = 42 961)
Health Status (n = 94 972)

Age, percentage points

<5y 2.3 30.6 30.7 35.9

6-17y 62.2 63.5 62.8 59.6

18-64y 5.5 5.9 6.5 4.5
Female, percentage points 52.8 52.9 52.6 52.5

Clinical risk groups based on prior
claims, percentage points*

Nonuserst 7.7 9.3 8.3 4.1
No acute/chronic diagnosest 62.5 63.4 56.4 60.5
Acute disease 10.5 9.6 12.6 12.6
Single minor chronic disease 8.5 7.9 9.8 9.8
Single dominant or moderate 8.6 7.8 10.3 10.3
chronic disease
Predicted health care spending, $ 1598 1502 1623 1810

* We only display rows for clinical risk groups that contain >1% of each population’s enrollees (5 clinical risk groups are suppressed).
T For purposes of weighting, these categories are combined into a single category: "healthy/nonuser.”
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Appendix Figure 1. Flow diagram illustrating sample exclusions to arrive at the study populations.

| Transitioned to managed care on 1 February 2012 (n =250 196) |

Excluded (n =46 210)

Aged 265 y during study period: 267
> Eligibility categories other than families and
children or low-income families and
children: 45943

(
| Auto-assigned (n =146 713) |

4
Active choice (n=57273) |

Excluded because linked to
family member who made
a plan choice (n =5490)

Plan 1 (n =27 805)
Plan 2 (n=28181)
Plan 3 (n=27797)
Plan 4 (n =29718)
Plan 5 (n =27722)

Plan 1 (n =6302)
Plan 2 (n =11607)
Plan 3 (n =4421)
Plan 4 (n =15 368)
Plan 5 (n =19575)

Excluded because required
continuous enrollment through
December 2014 (n =46 251)

Excluded because required
continuous enrollment through
December 2014 (n =14 312)

Plan 1 (n=18384)
Plan 2 (n=18871)
Plan 3 (n=18358)
Plan 4 (n=20507)
Plan 5 (n =18 852)

Plan 1 (n =4472)
Plan 2 (n =8815)
Plan 3 (n =2838)
Plan 4 (n =12 041)
Plan 5 (n =14795)

This figure details the sample restrictions we made to arrive at our final analysis population. We obtained claims and enrollment data for 100% of the
Medicaid enrollees in our sample state for the period from 2010 to 2016. From these data, we identified 250 196 enrollees who resided in the state's
first region to adopt Medicaid managed care and then made the additional exclusions detailed above.

Appendix Figure 2. The effect of plan assignment on plan
enrollment: the share of years enrollees remain in their
assigned plans, 2013 to 2014.
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Adherence refers to the share of enrollees who remain in their randomly
assigned plan each calendar year for the plurality of months in 2013 and
2014.
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Appendix Table 2. Plan Variation in Performance for the Randomized Versus Observational Population of Enrollees, With

Adjustment for Observed Enrollee Characteristics, 2013 to 2014

Outcome Population Enrollees Randomly Enrollees Who Made Risk-Adjusted Enrollees
Mean Assigned to Different Active Plan Choices Who Made Active Plan
Plans (n = 94 972)* (n=42961) Choices (n =42 961)
Variation in Plan P Value for Variation in Plan P Value for Variation in Plan P Value for Test
Means (SD)t Test of Plan Means (SD)t Test of Plan Means (SD)t of Plan
Variationt Variationt Variationt
Total health care spending, $ 1682 70.09 <0.001 146.98 <0.001 144.89 <0.001
Annual use of primary and dental
care, percentage points
Age-specific well-child visitt 54 1.74 <0.001 3.95 <0.001 3.49 <0.001
>1 primary care office visit 83 1.60 0.004 1.90 0.023 1.71 0.101
(children and adults)}
Any dental caret 64 0.68 0.32 2.10 <0.001 1.83 <0.001
Annual avoidable emergency 10.70 1.14 <0.001 1.93 <0.001 1.42 <0.001

department visits per 100
enrollees, n§

HEDIS = Healthcare Effectiveness Data and Information Set.

* We weighted the randomly assigned population to balance its distribution of enrollee characteristics with the observational population. For preci-
sion, the analyses in the randomized population are adjusted for age; sex; Medicaid eligibility category; and 170 clinical risk groups, defined using

the 3M Clinical Risk Grouping software (Supplement Methods V, available at Annals.org).

T The SDs are not corrected for sampling error. The P values reflect F tests of the joint significance of the plan indicators in a regression model for
each outcome within each population (Supplement Methods IX, available at Annals.org). When equalizing the population sizes of the randomized
and observational populations, SDs for the observational population remained similarly larger and thus would not be expected from greater sam-

pling error due to the smaller population (Supplement Figure 7, available at Annals.org).
f Based on HEDIS specifications for administrative claims measures of primary care and dental care use.

§ Avoidable emergency department visit measure based on the Statewide Collaborative Quality Improvement Project of the California Department

of Health Care Services (10).
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Appendix Figure 3. Comparison of risk-adjusted observational plan spending scores with those based on the randomly assigned
population.
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Each bar corresponds to 1 of the 5 plans. The blue area of the bar corresponds to a plan's randomized spending score (relative to the plan mean) based
on the randomly assigned population. The orange bar corresponds to a plan's spending score based on the observational population with risk adjust-
ment. The grey unhatched portion indicates the difference between the 2 scores or the extent of residual confounding in the observational scores. For
these 5 Medicaid plans, higher-cost enrollees selected plans that control spending to a lesser extent. We calculated a plan score for each plan equal to
the plan's deviation from the population-specific plan mean. We compared plan scores between the 2 populations, instead of raw plan means, because
population means differed somewhat. Thus, we compared how a plan performed relative to other plans in 1 population with its relative performance in
the other population.
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