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Objective. To develop and test risk-adjustment outcome models in publicly funded
mental health outpatient settings. We developed prospective risk models that used
demographic and diagnostic variables; client-reported functioning, satisfaction, and
quality of life; and case manager clinical ratings to predict subsequent client functional
status, health-related quality of life, and satisfaction with services.
Data Sources/Study Setting. Data collected from 289 adult clients at five- and ten-
month intervals, from six community mental health agencies in Washington state
located primarily in suburban and rural areas. Data sources included client self-report,
case manager ratings, and management information system data.
Study Design. Model specifications were tested using prospective linear regression
analyses. Models were validated in a separate sample and comparative agency per-
formance examined.
Principal Findings. Presence of severe diagnoses, substance abuse, client age, and
baseline functional status and quality of life were predictive of mental health out-
comes. Unadjusted versus risk-adjusted scores resulted in differently ranked agency
performance.
Conclusions. Risk-adjusted functional status and patient satisfaction outcome models
can be developed for public mental health outpatient programs. Research is needed to
improve the predictive accuracy ofthe outcome models developed in this study, and to
develop techniques for use in applied settings. The finding that risk adjustment changes
comparative agency performance has important consequences for quality monitoring
and improvement. Issues in public mental health risk adjustment are discussed,
including static versus dynamic risk models, utilization versus outcome models, choice
and timing of measures, and access and quality improvement incentives.
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The purpose of this article is to develop and test outcomes risk-adjustment
models for public mental health outpatient treatment programs. "Outcomes
risk" refers to the probability of a poor outcome that clients bring to a
treatment episode: the higher a client's pre-intervention risk status, the lower
the expected outcome to the episode of care, all other things being equal.
The reason for developing risk-adjustment models where treatment outcomes
are the dependent variables is to enable public treatment agencies and state
mental health authorities to improve the quality of care. Risk-adjustment
models can contribute to quality improvement by enabling outcomes to
be compared fairly across agencies, by providing outcome data for state
mental health authorities (SMHAs) to use in imposing performance-based
financial consequences on provider agencies, and by providing agencies
with incentives to improve access for patients at the highest severity levels.
SMHAs are responsible for making providers accountable for outcomes of
care delivered to publicly supported consumers. Such accountability is fair
only if it can be defined in risk-adjusted terms.

We address the statistical qualities ofrisk-adjustment models in a sample
of mental health outpatients treated in public agencies in Washington state.
The results demonstrate that regression techniques developed to conduct
risk-adjustment in other health areas (e.g., Iezzoni 1994; Hombrook and
Goodman 1996) can be applied to public mental health outpatient settings.
The results suggest the types of variables to be included in mental health
outpatient risk-adjustment outcome models. The results also offer preliminary
evidence that using adjusted versus unadjusted outcomes will lead to different
conclusions about the comparative performance of mental health treatment
agencies. The Discussion section of the article develops the applications of
these models for quality improvement purposes and outlines risk-adjustment
issues in public mental health.

BACKGROUND

Providing medical care services is an expensive responsibility of state and
county governments. In 1990, state governments funded or operated 2,859
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specialty mental health organizations (Lutterman 1994) and controlled an
estimated $14 billion in expenditures in the specialty mental health sector
(Frank and McGuire 1996). In Washington state these expenditures totaled
over $106 million (Lutterman and Hollen 1992). In response to high costs and
limited federal support, states are implementing capitated payment contracts,
global budgets, and other managed care strategies for publicly funded (largely
Medicaid) mental health care (Anderson et al. 1996; Brach 1995; Essock
and Goldman 1995; Masland et al. 1996). In Washington state, outpatient
services are funded via capitated contracts between the state and 14 regional
support networks. At the time of this study inpatient care had not yet been
incorporated into these contracts; such incorporation is now taking place.
The state public mental health system provided treatment to over 90,000
outpatients in 1997.

State mental health authorities (SMHAs) have the responsibility to en-
sure that publicly funded treatment agencies deliver appropriate and effective
services and that clients with complex needs have access to services. States are
rapidly developing outcomes measuring systems for outpatient mental health
treatrnent, and are using outcomes to establish standards, disseminate perfor-
mance reports, and reward best performers (National Association of State
Mental Health Program Directors [NASMHPD] 1998). However, SMHAs
cannot rely on unadjusted outcome indicators that are affected by variables
outside of the mental health system. To establish an outcome standard that
does not take into account differences in prior severity might encourage
agencies to select less ill clients and to underserve clients who are more
ill. From a consumer protection perspective, risk adjustment is needed to
improve access and quality of care for those persons with greater healthcare
needs. From a treatment agency perspective, risk-adjustment models can be
used to identify and evaluate quality improvement efforts.

Risk-adjustment techniques have been relatively well developed in
certain areas of medical care, such as inpatient ICU care (Knaus, Wagner,
Draper, et al. 1991), and predicting Medicare costs (Gruenberg, Kaganova,
and Hornbrook 1996; Hornbrook and Goodman 1996). Studies have also
been conducted to predict inpatient psychiatric or substance abuse readmis-
sion (e.g., Peterson, Swindle, Phibbs, et al. 1994) and to predict utilization in
order to set risk-adjusted capitation rates in the public mental health sector
(Brach 1995; Masland et al. 1996). Predicting utilization to set payment rates
is problematic to the extent that rates provide an incentive to maintain the
severity levels ofmental health clients who are receiving long-term treatment,
because a healthier client population would reduce payment levels in the next
payment cycle. This is one reason why incentives for quality improvement
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must also be incorporated into payment rates. This issue will be reexamined
in the Discussion section of the article. SMHAs are beginning to incorporate
risk-adjustment of outcomes: Massachusetts tracks functional status and well-
being stratified by baseline scores in its Medicaid reporting requirements
(Brach 1995), and Indiana reports 90-day and one-year improvement rates
stratified by three baseline functioning groups. However, regression-based
risk-adjustment models that predict outcomes have not been addressed for
public outpatient programs that treat persons with serious and persistent
mental illness.

RISK-ADJUSTMENT MODEL
DEVELOPMENT AND CRITERIA

As noted by Hombrook and Goodman (1996), risk-adjustment models should
possess a number of attributes. They should incorporate client characteristics
that are related to health status and other relevant outcomes, including pre-
intervention health status; they should explain sufficient variance to reduce
incentives for adverse selection of patients who are not as ill; and they should
use available and inexpensive data. Risk-adjustment models should be stable
and not take advantage of chance variation in data; this may be accomplished
by developing prospective models that predict outcomes at time t from
variables at time t -1 (Newhouse, Beeuwkes, and Chapman 1997), and by
developing models based on multiple runs on different samples (Hombrook
and Goodman 1996). Models derived from a particular sample should also
be validated in new samples.

In addition, data sources should be sufficiently robust so that the vari-
ables cannot be deliberately manipulated. Although the collection of client
self-report data has been criticized for this reason (Newhouse, Beeuwkes, and
Chapman 1997), reliance on data reported by treatment providers is also
open to this possibility. Our approach is to rely, therefore, on data reported
from multiple sources, including clients, treatment providers, and on agency
management information system (MIS) data collected by treatment providers
for other purposes.

Selection ofrelevant outcomes for public mental health outpatients, and
selection of the appropriate candidate predictors, is an important but difficult
issue. Stakeholder groups, including mental health consumers, providers,
and administrators, often debate what constitutes service goals and outcome
priorities (Nelson 1994). Our selection of outcomes for the care of persons
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with serious mental illness was based on the conceptual model of Rosenblatt
and Attkisson (1993) and on input from a multi-stakeholder advisory com-
mittee composed of consumers, family members, providers, and regional and
state administrators. Rosenblatt and Attkisson (1993) proposed four outcome
domains: clinical status (psychopathology and symptomatology), functional
status (the ability to fulfill social and role functions), life satisfaction (including
satisfaction with services but also indicators of well-being or happiness), and
welfare and safety (which has also been termed quality of life and concerns
basic and fundamental needs). There was general agreement among the
stakeholders that each ofthese domains needed to be included. Consequently,
our choice of survey tools, as described under Methods, was intended to
capture these domains. Appropriate predictors are those variables that relate
to the outcome domains. These variables might include age, gender, race,
and diagnosis to the extent that they are demographic proxy measures for
physiological health, population cohort, social roles, stress, discrimination,
gender-related genetic factors, or other influences. Health status is a candidate
predictor (Hombrook and Goodman 1995). Because our focus is on a popula-
tion that often receives ongoing care for serious and persistent mental illness,
taking into account the baseline or prior level of an outcome domain may also
be important; such measures may capture some of the predictable individual
differences in outcomes. Finally, if the outcome domains themselves are
interrelated, a baseline score in one domain might be predictive ofan outcome
in another domain. As hypothetical examples, if service satisfaction influences
treatment motivation and compliance, satisfaction might be a predictor of
later functional outcomes; and a better functional capacity might improve
one's chances for a better subsequent quality of life.

We employed risk-adjustment methods as developed and recom-
mended by others, especially Hombrook and Goodman (1996); Gruenberg,
Kaganova, and Hombrook (1996); Newhouse, Beeuwkes, and Chapman
(1997); and Iezzoni and colleagues (Iezzoni 1994), and extended these meth-
ods to multiple relevant outcomes in the public sector outpatient mental
health field. For confidence in developing accurate risk-adjustment models
for mental health outpatient programs, we needed to ensure that the models
satisfy a number of criteria:

1. Original models should account for significant portions of outcome
variance; model content validity is improved by capturing more of
the predictable outcome variance.

2. Validation models should be accurate; average prediction errors
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found when the models are applied to a new sample should be small
and nonsignificant.

3. The variance of predicted values should approximate the observed
variance in a validation sample, indicating that the models predict
different outcomes for different individuals.

4. The predicted values should provide a good fit to the observed distri-
bution in a validation sample, measured by the size and significance
of adjusted R2s and by intercepts close to zero.

5. Prediction errors should be uncorrelated with policy-relevant groups
in a validation sample, including groups defined by age, gender, and
race, indicating that the models are not biased in terms of these
variables.

6. Models should have a practical effect as measured by the relative
performance ofagencies using unadjusted versus adjusted outcomes.

7. Models should satisfy these criteria independently for each relevant
outcome.

METHODS

STUDY POPULATION AND SETTING

The data for this study come from adult (18 years ofage and older) outpatients
treated in one of six publicly funded community mental health agencies in
Washington state in 1995-1997. The original purpose of the study was to
evaluate the possible impact on outcome and efficiency variables of a new
state law that eliminated some procedural rules in place of developing an
outcomes system. The mental health agencies are located in primarily rural
and suburban areas. Two cohorts of clients were followed over time. The
cohorts were constructed by attempting to survey all clients who entered a
given treatment agency for a scheduled appointment over a selected period
of time; the period of data collection at each agency reflected the agency's
total caseload. Clients were approached by other clients hired and trained
for the study and were asked to complete the survey instrument, and about
60 percent of clients thus approached agreed to participate. The two cohorts
entered the study at different times: Cohort 1 during May-August 1995 and
Cohort 2 during March-June 1996. Each cohort was measured at three time
points approximately five months apart. Models are developed from Cohort
1 and validated in Cohort 2; validation results presented later in this article
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are thus based on a different sample and a different time period than those
on which the models were constructed.

The initial sample sizes were 229 for Cohort 1 and 218 for Cohort
2, or 447 total. Complete cases numbered 289 at the first follow-up (Time
2) and 260 at the second follow-up (Time 3), representing 65 percent of
the original sample size at first follow-up and 58 percent at second follow-
up. Cases were lost to follow-up primarily because subjects dropped out of
treatment or terminated treatment, but in some instances (about 23 percent
of the lost cases) subjects were dropped because the case manager failed to
complete clinical status ratings. The final samples thus included only those in
treatment through each of the follow-up periods, and are less representative
of short-term clients. Most analyses are based on the sample with completed
baseline and first follow-up measures, where loss to follow-up was less severe
than when the second follow-up sample was included; therefore, descriptive
characteristics of the sample are based on this Time 1-Time 2 group.

The average age of the sample was 45.1 years, and 58 percent were
women. Eighty-nine percent were white; because of small numbers of clients
in specific ethnic categories we were forced to code the race category as white
or nonwhite. MIS data indicated that 49 percent had a primary diagnosis that
we classified as severe: schizophrenia, major depression, or bipolar disorder.
The sample was dominated by long-term clients; 79 percent ofthem had been
receiving services in the state public mental health system for at least three
to four years, and 41 percent had received some form of treatment services
in each of the prior 14 calendar quarters.

We analyzed the representativeness of the completed sample at Time
2 relative to cases lost to follow-up. Complete cases did not differ from cases
lost to follow-up on gender, race (white or nonwhite), prevalence of the three
diagnosis groups, or baseline scores on the outcome domains. One group
difference was significant: the average age of completed cases was younger
(mean 45.1), relative to that of lost cases (mean 48.6; t = -2.07, df = 446,
p < .04). We also compared the sample to the entire treatment population
at these agencies along demographic and diagnostic variables. The sample
was not significantly different from the population of mental health clients at
the treatment agencies in terms of gender, race, or most diagnostic groups.
However, the sample relative to the population was older (the population
mean was 34.9, t = -4.00, df= 4360, p < .0001), and was more likely to have
a schizophrenia diagnosis (27 percent of the sample versus 13 percent of the
population had this diagnosis, x2 = 39.02, df= 1, p < .00 1).
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MEASURES

The intent in selecting the measures was to produce a brief yet sound and
comprehensive survey packet. As noted in the introductory sections of this ar-
ticle, the measures were selected with input from a study advisory committee
that included providers, administrators, and consumers. The measures were
also pilot-tested by members of a consumer advisory committee. We wanted
the measures to reflect multiple outcome domains important to mental health
clients (Rosenblatt and Attkisson 1993; McGlynn 1996): satisfaction with ser-
vices, quality of life, functional capacities, and clinical status. The self-report
and clinician-rated measures have been found to be psychometrically reliable
and valid, and clients and treatment staffcould complete them in briefperiods
of time (Srebnik, Hendryx, Stevenson, et al. 1997). (The client and case
manager survey instruments are available from the authors upon request.)

The survey relied primarily on previously developed and psychome-
trically tested instruments. The survey included the eight-item Client Sat-
isfaction Questionnaire (CSQ) (Nguyen, Attkisson, and Stegner 1983) and
the SF-12 (McHomey, Ware, and Raczek 1993). Consistent with published
guidelines (McGee et al. 1996), we used SF-12 items to create a three-item
Activities of Daily Living (ADL) scale, and a three-item Role scale. The Role
scale was formed to represent the extent to which physical or emotional
problems interfered with work, daily, or social behaviors. A four-item Mental
Health Status scale was also formed from the items in the Mental Health and
the Energy SF-12 scales. Seven items were drawn from the Lehman Quality
of Life Interview (Lehman 1991) to measure social functioning and safety.
Items from a California public mental health survey (Veit 1995) measured
goals in four areas: work, school, training, and volunteering; we computed the
difference between actual and desired activity in each area, resulting in four
items we labeled goal satisfaction. We developed two items to assess client
involvement in treatment. We also developed two items to assess whether
treatment was appropriate to the client's age and ethnic/cultural background.
One item asked clients to rate their perceived safety at the mental health
center. Four items assessed client skills in managing their own stress and
symptoms. Two items assessed whether clients had been victimized by violent
or nonviolent crime. Two items assessed living conditions (whether the client
had enough food and money and whether he or she wanted to move from a
current residence or remain there).

Case managers completed the 4-D Classification Scale (Comtois, Ries,
and Armstrong 1994), which includes four seven-point scales (scored 0
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through 6) that assess symptomatology, functioning, substance abuse, and
treatment compliance. Based on the intercorrelations among the items, we
calculated a mean from three items that was used as our indicator of clinical
status (we labeled this three-item indicator the 3-D) and used the remaining
item, on degree of substance abuse, as a separate predictor.

We performed a maximum likelihood factor analysis with oblique rota-
tion to examine the composition of the survey items relative to the conceptual
outcome domains of Rosenblatt and Attkisson (1993). We used an oblique
rotation because the outcome domains were significantly intercorrelated. The
factor analysis results suggested three outcome domains consistent with the
conceptual framework: satisfaction, functioning, and quality of life. The factor
eigenvalues were 7.76, 3.30, and 1.11, respectively. When we tried to force
a four-factor solution, the analysis failed due to commonalities greater than
one. Particular scales used to represent each factor are listed by bullet further
on. The clinical domain, which we had hoped to capture with the 4-D, was
not present. In order to represent each domain with one variable, scale scores
(e.g., the CSQ) were standardized to mean= 10 and standard deviation= 1. A
domain score was then calculated as the mean ofthe standardized scores, with
higher scores being favorable. The resulting outcome scores were normally
distributed, with small standard deviations and little skewness. Each domain
was used as one of our outcome indicators. From the MIS data we used client
gender, age, race, and primary diagnosis.

The following lists summarize the dependent and independent variables
used in the risk-adjustment models.

Dependent Variables

* Functional Status domain (role, ADLs, mental health, skills, and social
functioning)

* Quality of Life domain (crime, safety, living conditions, and the 3-D)
* Satisfaction with Services domain (CSQ involvement, appropriate-
ness, and safety at the mental health center)

Independent Variables

* Sex
* Race
* Age
* Presence of severe primary diagnosis: major depression, schizophre-

nia, or bipolar disorder
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* Baseline levels of substance abuse as rated by case managers
* Baseline functional status
* Baseline quality of life
* Baseline satisfaction with services

ANALYSES

Estimation Techniques

The first steps involved the use of linear regression (Schwartz and Ash 1994)
to identify models for each outcome variable, using Time 1 data to predict
outcomes measured at Time 2. Using data from Cohort 1, we conducted a
series of regression analyses for each dependent variable. The first regression
analysis included only demographic variables as predictors, the second added
diagnosis and substance abuse to demographics, the third used only the
baseline rating of the matching outcome domain, and the fourth used all
predictors. The purpose of this approach was to examine the ability of the
various models to contribute explained outcome variance as measured by
adjusted R2, as used in other risk-adjustment studies (Gruenberg, Kaganova,
and Hombrook 1996).

However, a risk in model identification lies in overfitting the model by
taking advantage of chance variation in the data. To address this risk, we
conducted a fifth regression analysis based on results of a stability analysis.
The stability analysis was conducted by drawing 25 independent repeated
samples with replacement (Gruenburg, Kaganova, and Hornbrook 1996).
Each sample consisted of a randomly selected 50 percent of the entire two-
cohort sample. There is no objective rule for retaining stable predictors; we
retained only predictors that were significant at p < .20 in at least 10 of the
25 test samples. We refer to this specification as the reduced set model. The
size of the adjusted R2 values of the five model formulations is our test of
Criterion 1.

Model Performance Tests

After examining the model identification results, the strongest models for
each dependent variable were validated on a separate sample. This was done
by using the intercepts and coefficients obtained from the Cohort 1 models to
predict Cohort 2, Time 2 outcomes. The validity of the models was examined
by testing the degree of average prediction error (Criterion 2), and by testing
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the variance of predicted values relative to the variance of observed values
(Criterion 3). Validity was also tested by regressing the predicted outcomes
on actual outcomes; the adjusted R2s should be significant and intercepts
should be close to zero (Criterion 4). We also tested the models by examining
the correlation between predicted errors and demographic categories that
included age, gender, and race (correlations should be nonsignificant to meet
Criterion 5). Finally, we computed at the agency level a mean predicted to
observed ratio for each Cohort 2-Time 2 outcome domain, and compared
the relative ranks of the agencies when using these ratios versus using the
unadjusted observed outcome scores (Criterion 6). Criterion 7 means that the
foregoing tests should be satisfied independently for each outcome, indicating
that multiple relevant outcomes can be successfully represented by outcome-
specific risk-adjustment models.

As a final test of the time stability of the models, we used the intercept
and coefficient terms identified in the Cohort 1 reduced set model to predict
second follow-up or Time 3 outcomes in Cohort 2. This is the only use of
the Time 3 data and is used as an exploratory test of the degree to which
predictive strength may decrease over time.

RESULTS

MODEL IDENTIFICATION

Tables 1-3 show the results of the regression analyses conducted on the
Cohort 1 sample, one table per outcome. The first model, which includes
only demographics, failed to account for significant variance in two of three
outcomes; only greater age predicted better ratings of quality of life. Although
this finding appears counterintuitive for physical health outcomes, it reflects
the well-known observation that positive symptoms associated with men-
tal illnesses such as schizophrenia frequently abate with age. The addition
of diagnosis and substance abuse in the second model made a significant
improvement only to the functioning outcome. The third model included
only the baseline indicator of each respective outcome and shows a strong
relationship between baseline and follow-up score in all three outcomes. Al-
though the improvements were modest, the comprehensive and/or reduced
set models increased the adjusted R2 for all three outcomes. Because the
baseline, comprehensive, and reduced set models were the only ones to satisfy
Criterion 1 (that models should account for significant portions of outcome
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variance) consistently across the three outcomes, only these three models
were carried forward to the model validation analysis.

The particular independent variables that predicted an outcome varied
across dependent variables. The three demographic indicators were rarely
stable predictors, although age was retained in two of the three reduced set
models. Specifically, age was positively associated with higher satisfaction
with services and higher quality of life. The presence of a schizophrenia
diagnosis was retained in one model. Ratings of baseline status were retained
in every model; better prior scores predicted better outcomes. The baseline
measure of functioning was also retained in the satisfaction and quality of
life models, and the baseline measure of quality of life was retained in the
functioning model.

TIME 3 PREDICTION

Using a 10-month follow-up period still resulted in significant adjusted R2s
in the reduced set models (.31, .28, and .23 for functioning, satisfaction,
and quality of life, respectively). Although significant, the strength of the
prediction was reduced as time elapsed.

MODEL VALIDATION

We validated the models by using the regression intercepts and coefficients
derived from Cohort 1 data to predict Cohort 2-Time 2 outcomes. This
was done for the baseline, comprehensive, and reduced set models. Results
are summarized in Table 4. In all cases the predicted mean fell within the
95 percent confidence interval of the observed mean. This result satisfied
Criterion 2 (that differences between observed and predicted means should be
nonsignificant). Predicted variances were significantly smaller than observed,
but the extent to which these differences could be reduced is unclear; our
conclusion is that Criterion 3 was partially met but that the models require
additional refinement to increase their prediction accuracy.

Criterion 4 was met, in that adjusted R2s were significant in all nine
models, and intercepts were usually not different from zero. Criterion 5
was largely met as only one statistically significant correlation was found
between prediction errors and client age, gender, and nonwhite race. (A
correlation between gender and residual errors in the comprehensive model
of functioning was the exception.)

In the prediction offunctioning, the adjusted R2 ofthe reduced set model
was the same as the baseline model, and the absolute magnitude of average
prediction error was also the same. However, the intercept was smaller in the
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reduced set model compared to the intercept in the baseline model. In the
prediction of satisfaction, both the comprehensive and reduced set models
were slightly superior to the baseline model; the comprehensive model had
the highest adjusted R2, the smallest F-ratio, and the smallest intercept. In
the prediction of quality of life, the reduced set model was slightly superior
to the other two, as evidenced by a higher adjusted R2, and smaller intercept
and F-ratio.

COMPARING AGENCY PERFORMANCE

As a preliminary test of Criterion 6, the impact of the risk-adjustment models,
we calculated for each agency an observed to expected ratio for each outcome.
In this ratio, the observed score was the actual mean outcome domain score
for Cohort 2 at Time 2, and the expected score was the corresponding
predicted mean at Time 2 based on the regression equations. We then ranked
the six agencies first using the observed unadjusted outcome scores and then
using the observed to expected ratios, and we visually compared the ranks.
This was done for the baseline, comprehensive, and reduced set models.
The results, summarized in Table 5, show that different ranks result when
using adjusted versus unadjusted performance scores. In a few instances,
the difference in ranks was large; for example, from the reduced set model,
agency D ranked second on unadjusted quality of life but fifth on adjusted
quality of life, and agency C ranked sixth on unadjusted functioning but
second on adjusted functioning. Differences in ranks between adjusted and
unadjusted outcomes existed in all three model specifications, although they
were not always the same differences. Finally, by comparing the ranked
observed to expected ratios across outcomes, Table 5 demonstrates that an
agency's ranked risk-adjusted performance on one outcome did not agree
with its ranks on other outcomes. Note also that Criterion 7 is met to the
extent that outcome-specific risk-adjusted models satisfied Criteria 1 through
6 consistently for all three outcome domains.

DISCUSSION

Our conclusion is that the models offer a promising start in risk-adjusting
mental health outpatient outcomes in public treatment agencies. Each of
the seven model criteria was satisfied partially or wholly. The presence of
a severe diagnosis or of substance abuse, prior scores in the same domain,
prior scores in other domains, and client age were significant predictors ofone
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Table 5: Unadjusted Cohort 2, Time 2 Outcome Ranks Compared
to Ranked Observed-to-Expected (O/E) Ratios

Ageny Baseline Reduced Set Comprehensive
Unadjusted rank OIE rank OIE rank OIE rank

Functioning
A 1 1 1 1
B 3 4 4 3
C 6 5 2 5
D 2 2 3 4
E 5 6 6 6
F 4 2 5 2

Satisfaction
A 1 1 1 1
B 4 5 3 4
C 6 4 4 3
D 3 3 5 5
E 2 2 2 2
F 5 6 6 6

Quality ofLife
A 3 2 3 2
B 5 4 4 4
C 6 5 6 6
D 2 6 5 5
E 4 3 2 3
F 1 1 1 1

or more behavioral health outcomes. Although significant outcome variance
is strongly predicted by prior levels of the same variable (e.g., baseline
functioning predicts follow-up functioning), other variables contribute to
prediction as well, albeit modestly, and improve the overall strength of the
models. There is nothing undesirable about the fact that different predictors
are significant for different outcomes; research on inpatient medical care
outcomes is consistent with this (DesHarnais, McMahon, and Wroblewski
1991) and confirms the importance of developing outcome-specific risk-
adjustment models.

The reduction in prediction associated with a longer time interval
between the collection ofpredictors and outcomes indicates that shorter times
(five months in this study) may be preferable in forecasting outcomes. There
are, however, cost trade-offs that must be considered, as well as judgments
about the appropriate time frames for particular treatments or illnesses. More
frequent measurements are more expensive and reduce the time period in
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which treatment agencies have the opportunity to affect client status. The
benefits ofincreased statistical prediction, higher follow-up rates, and quicker
outcome data mustbe weighed against these costs. The timing and the number
of repeated measurements taken on mentally ill treatment populations is an
important topic to consider as risk-adjustment methods are developed.

The results have practical implications in efforts to develop contracts
between governments and mental health treatment agencies, and in efforts
to improve quality. The finding that unadjusted and adjusted ranks lead to
different conclusions regarding comparative agency performance suggests
that SMHAs should consider implementing risk-adjustment models as they
develop performance contracts that incorporate information from outcomes
monitoring systems. We recommend that SMHAs first examine the impact
of unadjusted versus adjusted comparative performance, using their own
outcomes systems, to confirm whether adjusted outcomes make a difference.
To the extent that risk-adjusted outcomes do change comparative agency per-
formance, failure to risk-adjust might lead to serious mistakes by SMHAs in
their decisions regarding the agencies with which to contract, which agencies
to reward or punish with performance bonuses, the agencies on which to
expend audit resources, and other uses of outcomes performance data.

Using risk-adjustment models requires that the models be fair with
respect to the age, gender, and race distributions of treatment agencies.
Models developed in one setting should not be biased against a particular
group of clients if they are applied in new settings that have different age,
gender, or race distributions. This is the purpose of testing the models by
comparing the correlations of these groups to model errors. In this study,
correlated errors were rarely present even when the only predictor was
the baseline domain score. However, these variables should continue to
be included in risk models as a safeguard to protect agencies that serve
vulnerable groups from models that do not reflect their performance fairly.
Initial development of models should also attend to adequate representation
of all groups to which models will ultimately be applied.

Limitations and Next Steps

The finding that the model specification (baseline versus comprehensive
versus reduced set) results in differently ranked performance indicates that the
form of the model that is used for applications is important. Unfortunately,
the question of which model specification to use has not been definitively
answered by this study. However, work can proceed to improve the range
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and quality ofpredictor variables. This may be investigated by including diag-
nostic and functional status measures with greater sensitivity and specificity,
and by using a stronger instrument to capture clinical status. Eventually, a
reduced set approach can identify the most efficient set of predictors from
a larger pool. As validation models are improved, the intercept terms will
approach zero and the slopes will approach one, indicating that the outcomes
are more accurately predicted at the low and high ends of the distribution.

Efforts can also be made to capture more fully the Rosenblatt and
Attkisson (1993) outcome domains. Functional outcomes that include the
ability to work and maintain independent residential status would be im-
portant to include, for example, as would life satisfaction indicators that go
beyond satisfaction with services. Because this study was limited to persons
in treatment through the follow-up periods, future research may investigate
successful or unsuccessful termination of treatment as an outcome, including
incarcerations, hospitalizations, or loss to follow-up, as well as successful
resolution. The models should also be tested and confirmed, and comparative
ranks examined, in larger, urban, and more ethnically diverse samples. In ad-
dition, our results are limited to adult clients, and risk-adjustment models for
children will likely have different predictors and different relevant outcome
measures.

CONCLUSIONS: ISSUES IN PUBLIC
MENTAL HEALTH RISK-ADJUSTED
OUTCOME MODELS

Static Condition or Dynamic Change

In using risk-adjusted models an important distinction exists between mod-
els that represent risk at a static point in time and models that represent
change or improvement over time. Both types of models have a particular
advantage, and both must be combined in a comprehensive risk-adjustment
approach. The static model, which addresses risk at a baseline period, may
be used to help set fair capitated reimbursement rates. Such models have
the potential to encourage access for the most severely ill if rates provide
appropriate financial compensation for doing so. It may even be possible to
set rates that will encourage providers actively to seek out the most severely
ill people and so to reduce the probability of adverse selection. However, in
a population of seriously mentally ill clients, where ongoing and long-term
treatment is common, a "baseline" measure may be an arbitrary point in
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time that represents clients at various lengths of time in treatment. If static
models alone are used, agencies have no incentive to improve outcomes if
such improvement will make the agency appear to have a less severely ill
population at the next payment cycle. Therefore, incentives must also exist
to improve the quality of care by tracking the outcome status of a sample
relative to the earlier profile of that same sample: individual clients must be
tracked over time. The tools to accomplish the static and dynamic functions of
risk adjustment are, respectively, the expected outcome score for the agency
at a baseline period (i.e., the denominator of the observed to expected ratio),
and the observed to expected ratio itself at the follow-up, to capture favorable
treatment progress. If it is clear to agency providers and administration that an
SMHA has enacted both incentives, they may conclude that the most logical
strategy is to improve access for the most severely ill clients and engage in
their best efforts to improve outcomes.

Measurement: Choice ofOutcomes, Predictors, and Timing
The study reported here was only partially successful in representing the
Rosenblatt and Attkisson (1993) domains. Although baseline measures of the
outcomes of interest are relevant to include given the ongoing nature of treat-
ment in this population, work remains to be done to improve the predictive
strength further over that afforded simply by prior measures of the same vari-
able. As suggested, both conceptually and by our model results, a single global
outcome measure for mental health may not be appropriate: predictors and
agency performance both vary by outcome. Setting appropriate incentives
then becomes complicated by the number of different outcomes and by the
importance that various stakeholders attach to the various domains. We made
no attempt to weight the relative importance of the domains; such an attempt
would have introduced an additional level of complexity and was premature.
However, assigning weight to the domains remains an important problem for
future research on risk adjustment for mental health outcomes.

The timing and number of repeated measures is also a multifaceted
issue. Collecting initial measures of predictors as a client begins a treatment
episode would provide a true baseline and an assessment unconfounded with
earlier treatment. As anSMHA implements a comprehensive risk-adjustment
approach, it may wish to conduct such measures as new clients enter services
over time, and indeed, some SMHAs routinely collect baseline functioning
and clinical measures on all new clients. However, limiting data collection
to only new clients ignores the many clients with long-term psychiatric
disabilities who have received ongoing care from the agency. It may be
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necessary to form a baseline observation period from all (or a sample of) new
clients that began treatment over a given interval plus a sample of already
enrolled clients. As the model matures and all ongoing clients have been
assessed, it may be possible to convert to baselines of only new clients. Of
course, such an approach would need to be coordinated so that the various
agencies could conduct the data collection in a comparable way. From each
baseline sample, follow-up measures could be done on the same individuals
at a later point in time (e.g., at six months or at several six-month intervals)
and at the time of discharge or termination of treatment.

Using Models to Create Access and Quality
Improvement Incentives

It was suggested earlier that risk-adjustment can be used for improving access
and quality of care. An important task for agencies and SMHAs will be
to adopt risk-adjustment models that can accomplish both objectives. For
example, nontechnical reports can be generated to provide comparative static
risk assessments, using the expected outcome scores, and to provide dynamic
assessments using observed to expected ratios. Observed to expected ratios
are easy to interpret, as numbers greater than one are favorable and numbers
less than one are unfavorable. The next step would be to convert these
multiple outcome indicators to actual payment figures and performance
bonuses or sanctions. Setting performance bonuses or sanctions based on
dynamic results might be done by an SMHA in collaboration with providers,
family members, and consumer advocates, who collectively would decide
on an amount (such as a percentage of the capitation rate) and a trigger
for the bonus (such as the number of required outcome indicators in which
performance exceeds expected results, based on their consensual weighting
of the various outcomes).

Predicting Utilization and Predicting Outcomes

Static models may be particularly relevant for the prediction of utilization,
with capitation rates set according to baseline predictions of future use. To
the extent that predictions of worse outcomes and the prediction of heavy
utilization identify the same clients, such models can achieve their inherent
potential for improving access. The contribution of outcome prediction to
the static model may be to refine payments to the extent that heavy users
of the services do not coincide with the most severely ill clients. The most
severely ill clients may not always be the heaviest users because they may
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be more likely to leave treatment prematurely, more likely to die via suicide
(Flechtner, Wolf, and Preibe 1997), and more likely to be in poor adherence
in keeping scheduled services appointments.
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