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Abstract

In a health care environment increasingly domi-
nated by managed care, measurements of the qual-
ity of care provided by health plans are important
tools for consumer and purchaser choice. Two im-
portant quality measurement tools are the CAHPS
survey of health plan consumer satisfaction, and the
HEDIS data set, which compiles rates at which es-
sential preventive, screening and chronic care ser-
vices are provided to health plan members. Be-
cause the health plans may select for patients with
different characteristics, comparisons between plans
should be adjusted to allow for the effects of case
mix on plan ratings. A typical approach is a regres-
sion adjustment using a linear or loglinear model.
Some issues of methodology and interpretation are
considered, with illustrations from case-mix adjust-
ment of CAHPS and HEDIS. We consider variable
selection, the implications of nonparallelism of the
case-mix regressions, the use of contextual variables
for case mix, and presentation of the magnitude of
the case-mix effects.
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1 An overview of quality measure-
ment for health plans

With the burgeoning of managed care arrangements
for health care, measurement and comparison of the
quality of health plans has become increasingly im-
portant. A number of measures of quality have been
developed and are becoming increasingly important
in the managed care market.

These measures can be broadly grouped into sat-
isfaction measures and clinical measures. Satisfac-
tion measures, are based on members’ general rat-
ings of satisfaction with different aspects of care,
and reports about experiences with care. The sur-
vey items typically deal with the patient’s interac-
tions with both the provider of care and the health
plan itself. For example, members may be asked
to rate their health plan, their doctor, or the kind
of care they get overall on a 0-10 scale. They also
may be asked about experiences with specific ser-
vices (getting appointments quickly, dealing with
problems about bills, getting needed prescriptions)
in a specific reference period such as the preceding

six months: did they never, sometimes, usually, or
always get the service in a satisfactory manner when
it was needed? Or they may be asked about prob-
lems: was getting referrals a big problem, a small
problem, or not a problem at all?

An important recent initiative in measurement of
satisfaction with health plans is the Consumer As-
sessments of Health Plans (CAHPS) initiative, sup-
ported by the Agency for Health Care Policy and
Research. This project has drawn together three
teams of experts on satisfaction surveys, centered
at Harvard Medical School, RAND, and the Re-
search Triangle Institute, to develop a standard set
of instruments for satisfaction surveys. The core
CAHPS survey has been in the field since 1997.
Version 2.0 of CAHPS, which incorporates changes
made to meet the needs of the plan accreditation
process sponsored by the National Center for Qual-
ity Assurance (NCQA), is due for release in late
1998. A number of variations of the survey have
also been developed for special populations such as
Medicare beneficiaries, Medicaid beneficiaries, pa-
tients with chronic conditions, children, and users
of mental health services.

Clinical measures are concerned with whether
particular populations of patients received specific
medical services that are regarded as appropriate
for those populations. Typically these services fall
in the area of preventive care (immunizations, well-
child visits), chronic care (medications for people
who have had heart attacks, eye examinations for di-
abetics) and screening (mammograms, cervical can-
cer screening). The relevant populations must be
well-defined, there must be a clear consensus on the
appropriateness of the target treatment for almost
everyone in the population, and it must be feasible
to identify the population and ascertain whether the
appropriate services were provided. Data collection
for these measures relies on a combination of ad-
ministrative records held by the plans and reviews
of medical charts. Since neither of this information
sources is primarily designed for quality assurance
purposes, each measure requires considerable diffi-
culty and expense for the plans.

One important set of quality measures for plans
has been developed under the aegis of the National
Center for Quality Assurance. HEDIS (Health Plan
Employer Data and Information System) includes
a set of measures of “Effectiveness of Care.” These



are voluntarily reported by health plans to NCQA,
which publishes results for participating plan in a
compendium of plan data, the Quality Compass.
Development of these measures has been a complex
and challenging process due need to develop con-
sensus across a broad range of stakeholders (medi-
cal experts, plans, health care providers, purchasers,
and consumers), to specify the measures in a precise
way, and to make sure that plan data systems are
capable of producing the required information in a
sufficiently consistent manner.

Both satisfaction measures and clinical quality
measures are of great importance to the many play-
ers in the world of health care. Many large pur-
chasers of health care (such as large employers, busi-
ness groups, and the Medicare program) already re-
quire health plans to provide satisfaction and clini-
cal quality measures; in many cases, the purchasers
sponsor the satisfaction surveys and require the
plans to cooperate. Consumers who are able to
choose among health plans are being presented with
an increasing array of comparative quality data, al-
though the impact of these data on consumer choice
has not been established. In future years (starting in
1999), these measures will be considered in accred-
itation decisions by NCQA. Another rationale for
quality measurement is the belief that plans will use
the data to guide their own quality improvement ef-
forts, motivated both by the desire to improve their
effectiveness and the competitive pressures created
by the dissemination of ratings.

I should also note that quality measurement is
widespread for units of the health care system other
than health plans, such as hospitals, medical groups,
and even individual physicians. Both satisfaction
surveys and clinical measures (such as mortality and
morbidity after surgery) are used in these quality as-
sessment systems. Although there are some differ-
ences in the kinds of information that are available
and the appropriate measures, many of the issues I
consider here (both the purely statistical and policy
issues) are relevant to these other levels as well.

2 Why do we care about case-mix?

A common concern about quality measures is that
they may be affected by characteristics of the plan’s
members that are not under the control of the plan.
Some kinds of members may generally tend to re-
port poorer experiences and express lower satisfac-
tion than others do, or to be less likely than others
to obtain the appropriate services, even within the
same plan. If there is substantial variation across
plans in the distribution of these kinds of members,
then some plans may receive poorer quality ratings

because of the kind of members they enroll (their
“case-mix”) rather than because of the quality of
the care that they provide.

A wide variety of factors have been found to affect
ratings of various kinds. Among these are

e sociodemographic characteristics (age, sex,
race/ethnicity, income, education),

e self-reported health status (physical, mental),
e functional abilities and limitations,
e diagnoses and conditions,

e reporting circumstances (e.g. use of proxy in-
formant), and

e geographical context, i.e. characteristics of the
person’s area of residence.

Each of these affects a different set of measures, and
each presents different problems of measurement.

These case-mix effects can be important for sev-
eral reasons.

1. Reports that are affected by case-mix effects
defeat an important purpose of quality mea-
surement, which is helping consumers and pur-
chasers to distinguish the plans that can pro-
vide the best care and service to the individual
consumer or a particular collection of patients
(e.g. employees of a particular employer). The
part of a plan’s ratings that are due to their
current case-mix are irrelevant to this assess-
ment.

2. Plans are often keenly aware of any special dif-
ficulties that are posed by the member popula-
tions they serve; if anything, they will overes-
timate the negative effect of these particulari-
ties. The credibility of the ratings is impugned
if these factors, whose impact might be assessed
by the plans in a subjective manner, are not
considered objectively by those who prepare
ratings.

3. If plans know that enrollment patterns affect
ratings that have a growing impact on their rep-
utations and competitive viability, they have an
incentive to avoid enrolling members who are
likely to lower their ratings. This may make it
reduce the range of options available to these
potential members, especially when these in-
centives coincide with incentives based on dif-
ferential cost and difficulty of treatment for
some classes of patients (such as chronically ill
patients or those who live in areas with few
medical facilities).



These considerations have led to widespread use
of case-mix adjustment. The basic idea of case-mix
adjustment is to use (more or less complex) statisti-
cal models to predict what the plan’s ratings would
have been if they all had the same case-mix, i.e.
plan ratings with a standard patient or population
of patients at every plan. Cas-emix adjustment po-
tentially can address the problems identified above,
to the extent that it can

1. remove effects of individual characteristics that
would affect ratings on quality measures at any
plan;

2. address effects that plans may regard as spu-
rious, to give more credibility to the adjusted
estimates; and

3. remove incentives to plans to avoid enrollment
of patients that might negatively affect their
unadjusted measures (“hard to treat”, “hard
to satisfy”).

Three conditions must be met for case-mix ad-
justment to be appropriate to these objectives: the
case-mix variables must be related (holding plan
constant, i.e. within-plan) to the measures, there
must be variation between plans on the variables,
and the variables must be appropriate for adjust-
ment because they are not themselves determined
by the plan’s actions. The last, nonstatistical, crite-
rion may be the most controversial but it is essential
to the objective of separating effects of differential
enrollment from those of the quality of care pro-
vided. The following are examples of variables that
we excluded by these criteria:

e Length of relationship with the plan. Members
who have been enrolled with a plan for a longer
time tend to be more satisfied, but the length
of the relationship is likely to be (at least in
part) a consequence rather than a cause of sat-
isfaction. It would not be useful to reduce a
plan’s satisfaction scores because it is success-
ful in retaining members.

e Utilization of medical services. Heavy users are
often less satisfied, because they have more op-
portunities to have problems that will alter the
generally positive initial assessment that most
patients have of their health care. Utilization,
however, is in part determined by the plan’s
policies on access to services. Measures of need
that are less directly affected by the plan are
more appropriate adjuster variables.

e Plan characteristics, such as type of ownership
or benefit package. These may be predictive
of satisfaction or clinical quality, but they are,
of course, part of the conditions created by the
plan, not something that members bring to the
plan when they enroll. Furthermore, they are
constant across the plan so they cannot be as-
sociated with measures within plan.

Obviously, an element of judgement is necessarily
involved in deciding whether some variables are ap-
propriate adjusters.

Case-mix adjustment is in many ways similar to
risk adjustment of costs. The motivations (particu-
larly reduction of incentives to selective enrollment),
conceptuals bases, and statistical methodologies are
very similar. The objective in case-mix adjustment,
however, is more elusive because it is a counterfac-
tual — quality as measured by an existing plan on
a hypothetical population. There is no “gold stan-
dard” for adjustment of quality measures that is
comparable to to the standard of accuracy of pre-
dicted costs. Another, practically important, differ-
ence is that mean costs are often driven by the long
right tail of the cost distribution, while the influence
of any single member on quality measures is usually
limited.

Modeling of case-mix effects also is similar in form
to theoretical assessment of the individual (member-
level) determinants of quality. In case-mix adjust-
ment, however, the individual-level effects are “nui-
sance effects” to be removed from the analysis; the
criterion for model selection is essentially predic-
tive rather than explanatory. Furthermore, case-
mix involves additional criteria, both quantitative
(between-plan variation on the case-mix variables)
and qualitative (those laid out above). Finally, for
purposes of adjustment, it is irrelevant whether the
observed associations are due to actual variations
in quality of care or measurement error. For exam-
ple, we have found (consistent with other research)
that educational levels are positively associated with
clinical quality measures and negatively with satis-
faction scores. It seems likely that the latter effect
is due to higher expectations held by more educated
patients, rather than poorer care experienced by
that group. The poorer clinical quality levels expe-
rienced by less-educated patients also could be due
in part to some differences in record-keeping where
they obtain their care, but it is likely that the health
care system is failing to get some needed services to
patients who are less demanding and may face lin-
guistic, cultural and physical barriers to access to
care.



3 Basic statistical strategies for case-
mix adjustment

A common approach to case-mix adjustment uses a
regression model to perform what is called in other
contexts a covariance adjustment. We first fit a re-
gression model with plan-specific coefficients, either
(for numerical outcomes) a linear model,

Ypj = fp + ﬁ/xm’ + €pjs (1)

or (for dichotomous outcomes) a logistic regression
model,

logit P(yp; = 1) = pip + B'wp;. (2)

Here, p represents plan, j member, y,; the corre-
sponding measure value, 3 a coefficient vector that
is fixed across plans, x,; a vector of individual-level
covariates, and €,; a random disturbance with ex-
pectation 0. (I note that in some applications, it is
useful to embed this model in a hierarchical frame-
work in which the i, are related by a common prior
distribution, but this is less important when sample
sizes by plan are large and nearly equal.)

Once we fit this model, we calculate the adjusted
plan rating, when we use a linear model, as the pre-
diction for an “average” person:

Ly + BT
The definition of Z has no effect on the differences
between plans, but we can define z as (1/1) 3 Z;,
the mean of the plan means on the covariates, so
that the mean of the adjusted plan quality means is
equal to the mean of the adjusted plan means.

With a logistic model, we can similarly calculate
an adjusted plan rating as the prediction for “aver-
age” person,

logit ™" (up + B'Z).

A possibly more interpretable alternative is the pre-
diction for an “average” population:

(1/n) Z IOgi)fl(Mp + B'zp5),

where the sum is over the combined sample of size
n. This treats the pooled sample as representative
of a standard population of members. Due to the
nonlinearity of the logit transformation, this differs
slightly from the prediction for the average person.

4 Three applications

The methodological issues that are considered here
arose in the context of three quality measurement
applications, two implementations of the CAHPS
member satisfaction survey and one involving the
HEDIS measures. I now describe these three appli-
cations.

4.1 Application I: The CAHPS Medicare
Managed Care survey

The CAHPS-MMC survey is a modified version of
the CAHPS survey designed specifically for Medi-
care beneficiaries enrolled in managed care plans.
The survey was administered to samples from all
active Medicare managed care plans in early 1998.
Results from this survey administration are due for
release in late 1998 while the second year’s round of
the survey is still in the field.

The preliminary analyses described here included
97,921 valid survey responses from a simple random
sample of enrollees in 232 Medicare managed care
plans. (The final data set differs, with some addi-
tional responses and some exclusions due to termi-
nation of some plans.) Most of the items in this sur-
vey use either a 0-10 or a 1-4 (never/sometimes/-
usually /always) rating scale. A number of sociode-
mographic and health status variables were also col-
lected on the survey instrument. Area of residence
could be approximated by zip code, although Medi-
care mailing addresses do not always correspond to
residential location. Results from this survey will
be reported back to health plans.

4.2 Application II: The CAHPS Washing-
ton State employee survey

This survey was sponsored by the Washington State
Health Care Agency. This implementation, using
the core CAHPS instrument, had a similar survey
design to the Medicare survey, although an addi-
tional stratified sample was drawn from some plans
in one county with an especially large number of
employees. A total of 8319 valid responses were an-
alyzed from 20 plans. The survey took place during
the summer of 1997 and the results were reported
to state employees as part of their benefits packet
during their open enrollment period during the fall
of that year.

4.3 Application III: HEDIS reporting set
measures

The HEDIS clinical measures are described above.
Because plans usually report these measures as ag-
gregate rates, a special data-collection effort was or-
ganized by NCQA with 10 plans that volunteered to
participate in the study after intensive recruitment
efforts by NCQA staff. In our analyses, we consid-
ered the 7 measures for which the most plans sub-
mitted data: child and adolescent immunizations,
checkup after delivery, prenatal care in the first
trimester, mammograms, cervical cancer screening
(Pap smear), and retinal exams for diabetics. These
outcomes, like the other HEDIS clinical measures,
are all dichotomous.



Over 91,000 patient-level records for quality mea-
sures in 1996 were collected altogether with 6 to 9
plans per measure. Most of this information was ex-
tracted from administrative databases at the plans.
Very limited patient-level was available: age, sex,
and zip code of residence.

5 Issue I: Selection of variables for
the case-mix model.

The general criteria for inclusion of variables in the
case-mix model are specified in Section 2: associ-
ation with outcome within plan, variation between
plans, and appropriateness as case-mix. Further-
more, it may be desirable to select a parsimonious
model, which can be easily explained to users of the
ratings. In the case of the CAHPS surveys, a large
number of variables were identified that satisfied the
criterion of appropriateness. The next criterion was
of statistical significance; if the coefficient of the
candidate variables was not significantly different
from 0, it obviously could not be estimated suffi-
ciently precisely to be useful. A substantial number
of variables met both of these criteria. Hence, a sim-
ple screening method is desirable which combines
the first two criteria.

We developed a procedure which approximates
the potential impact of a candidate variable in the
regression by combining two standard analytical
outputs. The incremental predictive power of a can-
didate added variable xpew, obtainable from a re-
gression package, is

AR ~ b2 Var znew | Ty1q, Plan

3
Vary | )4, Plan (3)

where y is the outcome variable and x4 is the vec-
tor of variables already in model.

Using this and two within-to-between variance ra-
tios (estimated using standard ANOVA or variance
components software) we estimate the impact of the
candidate variable on adjusted plan means. We mul-
tiply the numerator of (3) by

V (znew, between) /V (xnew, within)

Var Iy oy plan

~ Var Tnew | Ty)q, Plan’

the ratio of between to within variances for the
residuals of znew from the regression on z)q. Sim-
ilarly, we multiply the denominator of (3) by

Var gplan
Vary | x4, Plan’

V (y, between) /V (y, within) =

the corresponding variance ratio for the outcome
variable. We get approximately

b*>Var
Var gplan

new,plan

the variance of the adjustment relative to the vari-
ance of plan means.

In the CAHPS-MMC analysis, we calculated the
variance ratios for each of the candidate variables,
and AR? for each variable in the model for each
of the key outcomes. (We defined z}4 in the base
model as age and self-reported health status, which
were clearly important predictors in this as in many
previous studies .) The products were used to screen
the variables (Table 1). (Of course, AR? depends
on what other variables are in the model, so this
procedure is subject to the potential instability of
any stepwise procedure.)

Education (individual) is both a strong predictor
within plan and has a large between-to-within vari-
ance ratio. The same is true for health. Black and
Hispanic have large between-to-within ratios, but
are weak within-plan predictors, so their predicted
impact is small. Sex is a moderatly strong predic-
tor of individual satisfaction, but there was little
between-plan variability on the distribution of sex.
Hence, inclusion of sex in the model would have had
little impact on ratings of plans.

Interestingly, the variable for educational level
of the respondent’s zip code area had much less
predictive power than personal educational level in
the individual level model. The variance ratio (be-
tween /within), however, was much larger for the zip
area variable. Consequently, the impact of the zip
variable was comparable to that of the individually
measured variable for education. The same is true
for Black or Hispanic race/ethnicity measured con-
textually. We return to this fact in Section 7.

6 Issue II: Homogeneity of case-mix
coefficients

The assumption of models (1) and (2) is that case-
mix coefficients 3 are the same at every plan. This
assumption is empirically falsifiable. There may be
demonstrable heterogeneity, i.e. the data may sup-
port a model with different slopes 3, at the various
plans.

Heterogeneity of slopes has important conse-
quences. Technically, it means that adjusted dif-
ferences between the plans, and even the ranking
of the plans, will be affected by the choice of the
“average” covariate values Z. More important, the
interpretation of the case-mix results is considerably



complicated. Even if there is an agreed-upon stan-
dard patient, ratings adjusted to that patient do
not characterize the differences between plans for
other patients. In fact, the entire notion of a single
adjusted rating for a plan is called into question.
For example, if the coefficient of age varies by plan,
older patients may be more satisfied at Plan A than
at Plan B, while younger patients are better satis-
fied at Plan B than at Plan A. Arguably (although
not practically), distinct reports should be prepared
for each patient! Philosophically, large variation in
the case-mix effects calls into question the appro-
priateness of regarding these as beyond the control
of the plan. If some plans are able to provide equal
care to supposedly “difficult-to-treat” populations,
it might be appropriate (although difficult) to at-
tempt to measure and rate the differences in care
between populations at every plan.

We used two approaches to investigating hetero-
geneity of case-mix coefficients. One was an ex-
changeable random effects model, and the second
a model with interaction effects for prespecified
groups of plans.

6.1 Random heterogeneity of coefficients in
Washington State CAHPS

To test for heterogeneity of coefficients, we fit an
augmented model to the Washington State data in
which the coefficients of age and health status, as
well as the intercept, were allowed to vary randomly.
We estimated their variance-covariance matrix by
REML.

For each of the main outcome variables, the vari-
ance component for the intercept was large, indicat-
ing that the plans differed substantially along the
single dimension incorporated in our model. The
variance components for the age and health status
variables were very small, with SD much smaller
than the corresponding mean coefficient values. We
interpret this finding as indicating that the case-mix
effects are fairly uniform across plans.

We then considered a patient at one SD (of the
distribution of covariates to individuals) from the
mean on each of the two case-mix variables. We es-
timated the impact of between-plan variation in the
coeflicients on this patient’s predictions, compared
to variation in the intercept. The effect of variation
in the coefficients had a predictive SD of 27-32% of
the predictive SD of the mean effects u,. We con-
cluded that for patients who were moderately dif-
ferent from the mean, reporting of the general plan
rating is an adequate summary of plan rankings.

A second assessment of the impact of heterogene-
ity considered the effect of varying slopes on adjust-

ment of plan means. We considered a hypothetical
plan at one SD of the plan means from the grand
mean, and estimated the effect of variation in co-
efficients across plans on the adjustment for that
plan. The effect was very small, predictive SD less
than 0.5% of the SD of the mean effects p,. We
concluded that the impact of heterogeneity of coef-
ficients on the adjustments was negligible.

6.2 Systematic heterogeneity of coefficients
in Medicare CAHPS

Because of the tremendous geographical extent of
the CAHPS-MMC study, we were interested in as-
sessing possible heterogeneity of case-mix coeffi-
cients across regions. For these purposes, we de-
fined eight regions (standard Federal regions, merg-
ing three regions that had few plans).

Our main model had three case-mix variables —
age, health status and education — two of which
(age and education) were specified as categorical
variables with several levels. We compared, using
standard ANOVA techniques, three specifications of
the age by region interaction: no regional interac-
tions, regional interactions with a linear trend age
effect, and regional interactions with each of the cat-
egory parameters in the national age model. Simi-
lar specifications were tested for education, and the
single interaction with trend was tested for health
status. We found that the trend interactions were
significant but the categorical interactions were not.
Including these effects did not excessively compli-
cate our model.

A consequence of specifying our model in this way
is that heterogeneity of coefficients could complicate
comparisons between plans in different regions, but
not in the same regions. We decided not to case-
mix differences between regions, so each regions un-
adjusted and adjusted means were the same. Be-
sides the difficulties outlined above, case-mix ad-
justments between disjoint regions seemed too con-
jectural. The most important comparisons were be-
tween plans that competed for the same members,
and these comparisons were rarely affected by inter-
regional adjustments.

6.3 When heterogeneity is a big story: the
HEDIS measures

Our analysis of interactions in the HEDIS data was
limited by the small number of plans (6 to 9 per
measure), which limited the extent to which we
could quantify between-plan variation in case-mix
coefficients. We tested plan by predictor interac-
tions for the 27 predictor-outcome pairs that had
significant associations in models with a single case-
mix variable. Of these, 5 interactions were signifi-



cant at the .05 level, although it was hard to estab-
lish the magnitude of the interaction effects.

We also investigated whether the associations are
significant when tested against the plan by interac-
tion effects, treating the plans as a random sample
of clusters. For this we used robust variance estima-
tion procedures available in standard software for
the analysis of survey data. Here again, the results
were consistent with the standard case-mix model
but the results were inconclusive.

Interaction effects are a particularly important
part of the story for the HEDIS measures. Most of
the case-mix variables in the HEDIS analyses rep-
resent characteristics of areas (mean income, edu-
cation, race/ethnicity) that have been identified as
related to inequities in access to health care. Sig-
nificant effects in the case-mix models suggest that
these inequities persist even among patients that
have the same insurance coverage. Furthermore, the
measures are relatively objective, and arguably less
subject to bias than the self-reports of the CAHPS
surveys. Interactions between case-mix variables
and plan, if present, are an indication that some
plans are more successful than others in equalizing
care across areas while members of other plans ex-
perience greater disparities. Whether or not it will
be possible to rate each plan on this interaction, it
would be interesting in future research to assess the
general magnitude of the interaction effects.

7 Issue III: Using geographically-
based (contextual) variables

In some data sets (such as those generated for our
HEDIS project), there are few sociodemographic
variables (only age and sex) for individuals. This
lack reflects the limitations of the administrative
and clinical records on which HEDIS is based. In
that case, geographically-based (contextual) vari-
ables may be the best available source of informa-
tion on characteristics that can be used for case-
mix adjustment. Contextual variables based on zip
code statistics are often available (whenever there
is an address). If confidentiality issues are not an
obstacle, exact addresses can be geocoded to block
groups, for which census data are also available. In
our analyses, we used 6 such variables (chosen out
of a longer list of variables after a principle com-
ponents analysis), defined as the percentage of resi-
dents of the zip code who were (1) receiving public
assistance income, (2) college-educated, (3) Black,
(4) Hispanic, (5) Asian, or (6) in an urban area.
Even where individual-level variables are avail-
able, as in the CAHPS surveys, contextual variables
may provide additional information. Knowing that

a person lives in an area with a high percentage of
college educated people is different information from
knowing that the person is college educated himself,
and both may be useful predictors.

Conversely, we cannot deduce effects of individual
level characteristics from “ecological” analyses (re-
gressions on areas means) without additional strong
assumptions. Hence, these effects must be inter-
preted carefully as relating to area rather than per-
sonal characteristics. Nonetheless, contextual vari-
ables are valid predictors that can be used in a case-
mix model. While predictive power is essential, in-
terpretation of the coefficients is not important to
case-mix adjustment.

The usefulness of these variables was borne out
in our analyses. In the HEDIS analyses, percent-
age college educated was positively associated with
six of our seven measures and percentage receiving
public assistance income was negatively associated
with the same six measures. These effects are con-
sistent with previous research on medically under-
served populations.

In the CAHPS-MMC analysis, we found that con-
textual educational level (percent with college edu-
cation in zip code area) was a significant predic-
tor even after controlling for individual educational
level as reported on the survey. As noted earlier,
contextual education was a less powerful predictor
of individual satisfaction than was individual edu-
cation, but the between-to-within variance ratio is
much larger for individual education, so the over-
all impact of the contextual variable was almost as
large as that of the individual variable. This is a
typical effect that can also be seen when comparing
other pairs of related individual and contextual vari-
ables. The contextual variable loses some predictive
power by averaging over individual differences, but
because the service areas of plans tend to be geo-
graphically concentrated, much of the between-plan
variation is captured in the contextual variables.

A potential (but at this point entirely conjec-
tural) problem with use of contextual variables is
that their effects may be especially subject to re-
gional variation. For example, in one area Hispanics
may live in a downtown area close to major teaching
hospitals and in another they may live in rural areas
where even clinics are rare. In order to determine
the extent to which this happens, and whether it
happens more with contextual than with individual
variables, we need to analyze diverse samples and
test models with interactions.



8 Issue IV: Summarizing the impact
of case-mix adjustment

After case-mix adjustment has been carried out, we
want to summarize the magnitude of its effects, both
absolutely and relative to typical between-plan dif-
ferences. In particular, we would like to know how
much impact adjustment has on the ranking of the
plans. We are also interested in the sensitivity of
case-mix results to choice among alternative mod-
els. This information is important to users of the
ratings because they bear on the extent to which
they should be concerned about the adjustment in
general, and details of the specification in particu-
lar.

Table 2 shows a typical display of the type we used
in evaluating impact of case-mix adjustment in the
CAHPS-MMC implementation. (Separate columns
were displayed for each region separately, and for a
series of other measures.) Models A0, A1, ...B2 re-
fer to a series of alternative models differing in the
treatment of regional interactions and of the contex-
tual education variable; of these, A2 (regional inter-
actions and no contextual variable) was selected as
the production model and the others were alterna-
tives.

The first block of the table summarizes the mag-
nitude of the adjustments, compared to the vari-
ability among plan means. The adjustment slightly
reduces the variance of the means. Note that this
result was not a mathematical necessity, and ad-
justment could have increased that variance as well.
The magnitude of the adjustments averages about
14.4% of the magnitude of the differences among
the plan means. The next block shows the largest
adjustments up and down. Although the SD of the
adjustments is not large, the largest adjustment is
over 3/4 of the SD of the original means, certainly
enough to be important to the affected plan.

The next block shows the Kendall correlation be-
tween the unadjusted and adjusted means. An in-
terpretation of this statistic is that (1 — .891)/2 =
5.5% of the pairs of plans would switch their relative
rankings due to adjustment. Another set of mea-
sures addresses changes in the “star ratings” of the
plans. Plans were assigned one, two or three stars
as they were significantly below the mean of plan
means in their region, not significantly different, or
significantly above. Of the 232 plans, 24 changed
their star ratings due to adjustment. This measure,
although it describes effects on a display which is of
great interest to plans, nonetheless is largely a count
of plans that were near the cutoff and were moved
just across it by adjustment, so it is not very satis-

factory as a statistical measure. (A similar criticism
applies to counting the number of plans whose clin-
ical quality ratings move over or under a criterion
for plan accreditation.)

The final block of Table 2 summarizes the impact
on adjustments of the choice among models. The
typical differences between models are small com-
pared to the typical adjustments, indicating that
model sensitivity is not excessive.

A graphical display (Figure) illustrates the ef-
fect of adjustment on HEDIS data for two mea-
sures, adolescent immunizations and cervical can-
cer screening (Pap smear). These displays show
that most plans have modest adjustments but a few,
especially one whose unadjusted score is worst on
both measures, would receive very substantial ad-
justments. Examination of the data for this plan
shows that it has membership that is very concen-
trated in areas with high public assistance recipi-
ency and concentration of Hispanic residents.

9 Conclusion

Case-mix adjustment involves a series of difficult
and possibly controversial decisions. On the other
hand, it is becoming part of the expected standard
for presentation of quality ratings. The case-mix
effects themselves are of intrinsic interest as indica-
tions of differential quality of care (whether received
or perceived). It is important to remember, how-
ever, that the case-mix analysis is only partial. In
particular, it does not address the correlates and
predictors of quality at the plan level. For this,
other analyses, also challenging, are required.

Reference note

At the time of preparation of this manuscript, a
number of papers describing the projects mentioned
here are in preparation or under review. Contact
the author, zaslavsky@hcp.med.harvard.edu, for
a current bibliography.
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Table 1: Screening variables for the case-mix model
for “Overall rating of plan.”

Table 2: Display of impact of case-mix adjustment
in CAHPS-MMC for “Overall rating of plan.”

SD of plan means: unadjusted 0.401
SD of plan means: adjusted (A2) 0.395
SD of adjustments 0.058
SD(adjustment)/

SD(unadjusted means) 0.144
Mean absolute adjustment 0.043
Largest adjustment up 0.312
Largest adjustment down —0.255
Largest relative shift 0.567
Kendall correlation between adjusted
and unadjusted means 0.891
“Star” ratings (unadjusted—adjusted)

1-1 44
2-2 87
3-3 7
1-2 5
2-1 9
2-3 1
3-2 9
SD of difference of means

between models

A2-B2 0.029
A2-A0 0.010
A2-A1l 0.012




