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Risk adjustment is increasingly recognized as crucial to refining health care reimbursement and
to comparing provider performance in terms of quality and outcomes of care. Risk adjustment
for mental and substance use conditions has lagged behind other areas of medicine, but model
development specific to these conditions has accelerated in recent years. After describing outcomes
of mental health and substance-related care and associated risk factors, we review research studies
on risk adjustment meeting the following criteria: (1) publication in a peer-reviewed journal between
1980 and 2002, (2) evaluation of one or more multivariate models used to risk-adjust comparisons
of utilization, cost, or clinical outcomes of mental or substance use conditions across providers, and
(3) quantitative assessment of the proportion of variance explained by patient characteristics in the
model (e.g., R2 or c-statistic). We identified 36 articles that included 72 models addressing utilization,
74 models of expenditures, and 15 models of clinical outcomes. Models based on diagnostic and
sociodemographic information available from administrative data sets explained an average 6.7%
of variance, whereas models using more detailed sources of data explained a more robust 22.8%.
Results are appraised in the context of the mental health care system’s needs for risk adjustment;
we assess what has been accomplished, where gaps remain, and directions for future development.
(HARV REV PSYCHIATRY 2007;15:52–69.)
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Risk adjustment is a statistical process of controlling for
patient characteristics when assessing health outcomes. In
this context, “outcomes” refers not only to traditional clin-
ical outcomes such as changes in symptoms, functioning,
or health status, but also—departing from Donabedian’s
lexicon— to such “outcomes” as quality of care and expen-
ditures for health care services.1,2 The importance of risk
adjustment has grown over the past two decades as efforts
to assess quality of care, allocate resources, and align in-
centives have expanded. Many payers and accreditors have
developed report cards to compare the performance of plans
and providers on the basis of clinical outcomes or quality
of care. For comparisons to be fair, one may need to adjust
statistically for differences among patient populations, such
as the complexity or severity of illness. Similarly, risk ad-
justment is needed to design reimbursement systems that
reward efficiency without penalizing providers who treat pa-
tients with greater treatment needs.

Risk adjustment for mental and substance use (M/SU)
conditions has lagged behind the medical mainstream.
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These conditions receive little attention in the most com-
monly used commercial risk-adjustment systems. Many
prominent initiatives comparing quality of care for mental
health and substance-related care lack risk adjustment. In
the last few years, however, there has been greater interest
and development of models specifically for M/SU conditions.

In addition to the broader needs of the health care sys-
tem, several features of mental health care contribute to
the context for risk adjustment. M/SU conditions are highly
prevalent and costly. An estimated 19% to 29% of Americans
suffer from a diagnosable mental disorder (of one kind or an-
other) in a given year,3–5 and $82 billion is spent annually
on mental health treatment.6 Much of the impetus for risk
adjustment in mental health care has come from the pub-
lic sector. Medicaid, Medicare, and state mental health and
substance abuse authorities play a major role in financing
and providing care, particularly for individuals with severe
and persistent mental illness (SPMI). Resource constraints
have led policymakers to seek more sophisticated methods
for allocating mental health services among those in need.
Public and private purchasers and managers are attempt-
ing to assess the value of care by applying measurement to
assess quality and outcomes of care. Advocacy groups press-
ing to limit program cuts, expand access, and attain parity
in insurance coverage for M/SU conditions are recognizing
that measurement, management, and comparative analyses
can strengthen their case. In response to growing interest,
the U.S. Substance Abuse and Mental Health Administra-
tion, National Institute of Mental Health, and the Agency
for Healthcare Research and Quality have provided leader-
ship and funding for development of risk-adjustment and
quality measurement for M/SU conditions.

Organizational features of mental health services deliv-
ery complicate risk adjustment. Care for individuals with
SPMI is funded at the local, state, and federal levels. Many
employers and health plans contract with organizations that
specialize in managing mental health and substance-related
care separately from medical and surgical care. Meanwhile,
more mental health care is provided in the primary care sec-
tor than the mental health specialty sector. These partitions
in financing, managing, and delivering care pose challenges
to accessing and integrating data needed to evaluate and
adjust outcomes of care.

Ettner and Frank7 and Hendryx8 have authored valu-
able introductions to risk-adjustment methodology in men-
tal health care. This report expands on their work by pro-
viding a comprehensive review of risk-adjustment models
for M/SU conditions. We assess risk adjustment in view of
the health care–system needs described above: What has
been accomplished? Where are there gaps? What directions
emerge for future development? The first section outlines
the basic components of risk-adjustment models and the
relationships among them. The next sections describe out-

comes of M/SU conditions, risk factors for these outcomes,
and sources of information about them. The fourth section
evaluates risk-adjustment models for mental health and
substance-related care in terms of their purpose, compo-
nents, and predictive ability. In addition to methodologic is-
sues, we discuss practical considerations such as tradeoffs
between a model’s predictive ability and its data-collection
burden.

COMPONENTS OF RISK-ADJUSTMENT MODELS

Basic elements of a risk-adjustment model include an out-
come, patient factors hypothesized to predict that outcome,
and a statistical equation that quantifies the degree to which
significant factors predict the outcome. Patient characteris-
tics are sometimes referred to as “risk factors” because mod-
eling seeks to determine the risk of a given outcome.2 Risk
factors can be specific to an outcome, which is to say, a risk-
adjustment model that predicts improvement in depressive
symptoms may not predict improvement in patient satisfac-
tion. Statistical equations that relate risk factors and out-
comes range from simple stratification to multivariate anal-
ysis and more sophisticated methods.

RISK ADJUSTMENT OF MENTAL HEALTH
AND SUBSTANCE-RELATED CARE

The outcome of a risk-adjustment model is determined by
the model’s purpose: what is to be compared or adjusted? In
report cards providing feedback to clinicians on the quality
of their care, clinical outcomes are typically presented. Ex-
amples include symptom reduction in response to treatment
and rates of appropriate medication dosages. Financial and
utilization outcomes are often of interest to payers and pur-
chasers of care; examples include aggregate annual costs per
patient and total number of inpatient days, respectively.

Regardless of its focus, an outcome selected for risk ad-
justment should ideally meet several criteria. It should be
valid, precisely specified, and reliably measured. The out-
come may be positive (e.g., improved functioning) or adverse
(e.g., relapse). The time period for assessment should be
clearly defined (e.g., relapse within 60 days of hospital dis-
charge). Feasibility of measurement is another important
consideration: are the data available, affordable, and secure
from gaming or manipulation?9,10

Clinical Outcomes

Mental health does not have a meaningful, frequent, and
easily collected clinical outcome measure such as mortal-
ity, a measure that has played an important role in assess-
ing outcomes of myocardial infarction and certain surgical
procedures. Objective laboratory tests cannot establish the
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severity of mental illness in the way that biophysiological
parameters characterize the severity of some medical con-
ditions. Most clinical outcome measures of M/SU conditions
assess changes in symptoms, functioning, or quality of life
in response to treatment. Individuals with a chronic condi-
tion such as schizophrenia face the risk of an exacerbation of
symptoms with associated loss of functioning or well-being.
Desired outcomes would be a delay or diminution of these
occurrences. Individuals with episodic illnesses such as ma-
jor depressive disorder risk an acute episode, with desired
outcomes including remission of symptoms, restoration of
functioning and well-being, and prevention of relapse or re-
currence.

Many outcomes in mental health and substance-related
care mirror those used elsewhere in medicine, including so-
matic symptoms, health-related quality of life, and patient
satisfaction, as well as social, occupational, and other role
functioning. Some outcomes are specific to mental health
care, such as change in depressive, manic, or psychotic
symptoms. In the evaluation of substance-related care, com-
mon behavioral outcomes include amount consumed, ab-
stinence, and involvement in the criminal justice system.
Functional domains of particular interest in mental health
and substance-related care include interpersonal and famil-
ial functioning. Social connectedness has been used as a
measure of the effectiveness of treatment for substance-use
conditions.11 Other outcomes are specific to demographically
based subpopulations. For instance, outcomes of interest in
geriatric mental health care include cognitive functioning,
self-care, and behavioral disturbances associated with de-
mentia. For children and adolescents, relevant outcomes in-
clude adaptation and adjustment, attention, school perfor-
mance, and conduct-related problems. For individuals with
SPMI, additional outcomes relate to social welfare: poverty,
exposure to disease, adequacy of food and shelter, and safety
from crime.12

A long tradition of psychometric study in mental health
has produced many instruments in varied domains of symp-
toms and functioning in mental health and illness. Most
were developed for clinical research but are increasingly
applied in the evaluation of health care services. Two re-
cent texts review these instruments and their properties in
detail;13,14 illustrative examples are provided below.

Symptom-rating scales assess clinical outcomes by eval-
uating change over time, or before and after service use.
Rating scales can be clinician- or patient-administered
and generic or disorder-specific. For example, the Hamil-
ton Rating Scale for Depression is a 24-item, clinician-
administered scale of depressive symptoms and severity.15

In contrast, the Symptom Checklist (SCL-90R) is a 90-item,
patient-administered questionnaire covering nine symp-
tom clusters.16 Both are widely used in clinical and ser-
vices research, and have been extensively tested. For some

conditions, thresholds have been established from sever-
ity scores to operationally define remission, relapse, and
recurrence.17

Instruments assessing mental health functioning and
disability vary widely in their sensitivity, specificity, and
burden. The Global Assessment of Functioning Scale (GAF)
illustrates one end of the spectrum. Clinicians assess a pa-
tient’s symptoms and social and occupational functioning
on a single-item, 1-to-100 scale.18 Strengths of the GAF in-
clude its brevity, wide use in clinical care, and moderately
good reliability in formal testing. A weakness is that the
scale attempts to assess symptoms and functioning with a
single rating, although their severity may differ. In addi-
tion, little data assess the reliability of the GAF in routine
use, where application is subject to variations in training,
assessment, and financial incentives. A more extensive in-
strument, though correspondingly more burdensome, is the
World Health Organization Disability Assessment Sched-
ule (WHODAS II), a 36-item, clinician-administered assess-
ment of six functional domains, compatible with the WHO’s
International Classification of Functioning, Disability, and
Health (ICF).19

The Addiction Severity Index (ASI) is widely used for
clinical assessment, treatment planning, and outcome eval-
uation among individuals with substance-use conditions.20

One hundred sixty-one items lead to composite scores in
seven problem areas: medical status, employment and sup-
port, drug use, alcohol use, legal status, family/social status,
and psychiatric status. Although abbreviated versions of the
ASI have been developed, administration of the full instru-
ment by a trained clinician interviewer results in superior
reliability and validity.

A number of multidimensional instruments have been
developed specifically for assessing outcomes of M/SU con-
ditions in facilities and delivery systems. Researchers at the
University of Arkansas have created a series of disorder-
specific instruments for schizophrenia, depression, alcohol
abuse/dependence, and panic disorder. The Schizophrenia
Outcomes Module assesses symptoms and functional sta-
tus over the course of treatment, along with selected pa-
tient characteristics for risk adjustment.21 Other instru-
ments can be applied across disorders. The Behavior and
Symptom Identification Scale (BASIS-32) is a patient self-
report instrument designed for heterogeneous populations
of psychiatric inpatients. Thirty-two items yield scores in
five domains: depression and anxiety, psychosis, impulsive
and addictive behavior, relation to self and others, and daily
living and role functioning.22

Clinical Processes

Quality-of-care measures are a common focus of risk
adjustment. Under Donabedian’s framework,1 one would
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describe these as process measures, though in the context
of risk-adjustment models, they are grouped broadly un-
der outcomes. Domains of process measurement include de-
tection, access, assessment, treatment, continuity, coordina-
tion, and safety.23–25 Some measures assess provider per-
formance in comparison to evidence- or consensus-based
guidelines. In areas of clinical practice where standards or
benchmarks are not defined, measures are used to iden-
tify statistical outliers (e.g., inpatient services with very
high or low rates of physical restraints). The National As-
sociation of State Mental Health Program Directors Re-
search Institute (NRI) has developed a widely used quality-
measurement system for inpatient care in the public sec-
tor. The HEDIS measures of the National Committee for
Quality Assessment (NCQA) assess the quality of various
processes of care in commercial health plans—including, for
example, adherence to antidepressant medications, rates of
aftercare following hospital discharge, and continuity of care
for children treated with medication for attention deficit
disorder.

Process measures are often said to be less in need of
risk adjustment than measures of outcome. Detailed de-
nominator specifications can sometimes define sufficiently
homogeneous populations to allow comparisons of practice
across providers. Some clinical processes are fully under
the provider’s control, making adjustment for patient char-
acteristics unnecessary. Other processes are so important
that they should always be performed, making comparisons
among providers less important than achieving 100% con-
formance. Many other process measures are intended to
compare performance across providers and require statis-
tical adjustment of results so that these comparisons can
be fair. This is particularly true for process measures that
depend on both provider and patient performance. An ex-
ample is the HEDIS measure of the proportion of patients
discharged from psychiatric hospitals who attend an outpa-
tient visit within seven days, which can be influenced by
provider practice as well as patient adherence. Although it
is the responsibility of the inpatient team to ensure that
a patient is stabilized prior to discharge, that the patient
participates in the development of a treatment plan for
postdischarge care, and that an aftercare visit is sched-
uled proximal to discharge, the inpatient service will re-
ceive “credit” on the measure only if the patient attends
the appointment. Meanwhile, no-show rates for scheduled
outpatient appointments can exceed 50% among individuals
with SPMI, and patients with certain characteristics—for
example, with a comorbid substance use disorder or greater
severity of mental illness—are less likely to attend sched-
uled follow-up care than others.26 Risk adjustment might be
considered if inpatient facilities are to be compared on this
measure.

Cost/Resource Utilization

Spurred by rising health care costs, purchasers and payers
are developing reimbursement systems to allocate health
care resources more effectively by aligning financial incen-
tives with patients’ need for care. Instead of paying for each
unit of services, fixed-fee or capitated reimbursement pays
providers on a per-patient basis calculated from average
costs adjusted for patient characteristics.27

Overall health care costs also serve as the basis for re-
imbursement systems. Case rates cover the costs of service
utilization for an acute episode of care once services have
been initiated. Capitation rates cover all service-related
costs for a population. In capitation models that integrate
medical and mental health care, risk adjustment can re-
duce incentives to avoid individuals with M/SU conditions.
In plans that set a separate capitation rate for M/SU condi-
tions, risk adjustment can diminish selection against sicker
patients.

Risk adjustment is applied to comparisons of resource use
across providers, such as length of inpatient stay or number
of outpatient visits per patient per episode of illness. These
models attempt to control for patient characteristics, lead-
ing to a better understanding of the variability in utiliza-
tion attributable to providers. Risk adjustment has also been
applied to readmission rates after hospital discharge. This
measure is a utilization-based outcome that is frequently
used as a proxy for relapse. Its use as a quality measure
is controversial. Research has studied the relationship be-
tween the quality of inpatient care and subsequent readmis-
sion rates, but has failed to find an association.28

Dimensions of Risk for Mental Illness

Potential risk factors for mental health outcomes include so-
ciodemographic information, health-status data, and other
patient characteristics. Data relating to risk should ideally
satisfy the same criteria as for outcomes: they should be re-
liable, valid, and not subject to gaming. In addition, a risk
factor’s contribution to a model must be weighed against
the cost of obtaining the data. In this section we highlight
risk factors having particular relevance to mental health
and substance-related care.

Model developers identify prospective risk factors based
on empirical evidence or clinical experience suggesting an
association with the outcome. Another consideration in se-
lecting risk factors for testing is whether they are consis-
tent with the model’s purpose. For example, minority racial
or ethnic status may be significantly associated with the
quality of care that a patient receives;29 however, adjusting
report-card results for the racial composition of clinical pop-
ulations would obscure differences in provider performance
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associated with race—a result inconsistent with the goals of
narrowing disparities in quality of care.

Diagnosis

Clinical diagnosis of M/SU conditions is based on criteria
defining threshold signs and symptoms, level of impairment,
and time course. The Diagnostic and Statistical Manual
of Mental Disorders (4th ed.) (DSM-IV)30 is used through-
out mental health and substance-related care and is cross-
indexed to the International Classification of Diseases (9th
ed.) (ICD-9) codes used in administrative claims. DSM-IV
uses a multiaxial system, with Axis I comprising clinical
disorders (such as major depression or schizophrenia); Axis
II, personality disorders and mental retardation; and Axis
III, medical conditions associated with mental illness. Axis
IV describes social and environmental problems, and Axis V
consists of the GAF rating of symptoms and functioning.

Most risk-adjustment methods for mental health incor-
porate diagnosis because the information is clinically mean-
ingful and readily available in administrative databases.
The simplest models assign patients, based on their pri-
mary diagnosis, to an aggregate category of Axis I disor-
ders (e.g., affective, psychotic, or substance-use conditions).
Finer-grained models assign patients to groups consisting of
specific Axis I diagnoses or common combinations of Axis I
and Axis II diagnoses such as a mental disorder with a co-
occurring substance-use or personality disorder. Concurrent
medical illness can be represented in a model by a simple
binary variable (present/absent) or by more sophisticated
measures of the number, complexity, and severity of medi-
cal conditions.31 In general, the expectation is that patients
with more-severe conditions and more-complex comorbidi-
ties would, on average, experience greater utilization and
costs, and worse outcomes.

Adoption of DSM criteria has led to improved diagnostic
reliability for many psychiatric disorders. However, accu-
racy and reliability varies with the clinician’s fidelity to the
DSM process, the amount of information available at the
time of diagnosis, and consistency in the patient’s presen-
tation at different times. In addition, diagnoses recorded in
administrative claims have demonstrated limited accuracy.
An analysis of Medicaid claims from six states found that
25% of individuals with a claim for schizophrenia in 1994
had at least one claim the following year for a nosologically
incompatible condition, such as bipolar disorder, psychotic
disorder NOS, or schizoaffective disorder.24 Model designers
have developed a variety of strategies to deal with inconsis-
tencies in claims-based diagnoses—for example, using al-
gorithms to assign patients to the primary diagnosis that
appears most frequently or that is generally most disabling.
Other studies have examined the validity of claims-based
diagnoses, with data from a variety of other sources serving

as a gold standard. Lurie and colleagues32 compared diag-
noses from administrative claims for schizophrenia to medi-
cal record–based assessments by psychiatrists, finding them
to have good specificity but lesser sensitivity. Geiger-Brown
and colleagues33 compared diagnoses from Medicaid claims
to those from structured clinical interviews and patients’ re-
ports, finding agreement rates to be good for schizophrenia,
fair for bipolar disorder, and fair to poor for other mental dis-
orders. Despite these limitations, administrative data are of-
ten used in risk-adjustment models because of their relative
affordability compared to other data sources.

Illness Severity

Rating scales assessing symptoms and functioning can pro-
vide detailed information about severity of illness. However,
several obstacles limit their use for report cards or reim-
bursement. Currently, only a small proportion of mental
health care systems has invested the resources necessary to
incorporate rating scales into routine practice. Among those
that have, there is limited agreement on which instruments
should be used—which restricts opportunities to compare re-
sults across health care systems for benchmarking and qual-
ity improvement.34 Alternatively, medical records contain
data relevant to severity—including symptoms, functional
impairments, and mental status exam findings—but docu-
mentation of this information is inconsistent, and abstract-
ing records is labor intensive. Administrative databases are
the least costly sources of severity data. The fifth digit of
DSM-IV diagnostic codes provides information on severity
of illness. For example, major depressive disorder can be
coded as mild, moderate, severe, severe with psychotic fea-
tures, in remission, or in partial remission. However, these
descriptors are often not completed. An analysis of 1994–95
Medicaid claims for major depression from six states found
that only 30.2% of outpatient claims and 64.5% of inpatient
claims specified a fifth-digit code describing severity level.24

Codes related to psychiatric disability from Medicaid, Medi-
care, and VA databases have also been used as severity in-
dicators.

In contrast to medical conditions, which may have objec-
tive results from diagnostic testing that establish severity,
the severity of M/SU conditions is ascertained through clin-
ical observation and interview. These subjective processes
may be more susceptible to error or gaming, particularly
when the severity assessments are used to determine reim-
bursement rates. For instance, research evidence suggests
that implementation of Medicare’s prospective payment sys-
tem was accompanied by upcoding of depressive disorders to
a more severe subtype—a practice also seen in the coding of
treatment outside of mental health care.35 In addition, men-
tal and substance-use conditions may not be documented in
the medical record or on billing claims due to clinician or
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patient concerns about stigmatization or the consequences
for employment, insurance coverage, or legal status.36

Age

Age is one of a number of sociodemographic characteristics
that may be included in risk-adjustment models. Medical
and surgical outcomes generally worsen in a linear relation-
ship with age, but the relationship between outcomes and
age is more complex with mental disorders. Whereas the
course of schizophrenia typically worsens following onset in
the early to mid-20s, “positive” symptoms, such as psychosis,
typically diminish in later years, and functional impairment
tends to plateau.37 Similarly, length of hospital stay for men-
tal disorders does not increase linearly with age; on average,
children and geriatric patients have longer hospital stays
than adults.38

Social Support

Because individuals with SPMI are often unable to care fully
for themselves, outcomes can be influenced by the amount of
social support received. Risk-adjustment models draw on a
variety of data sources to address social support, with differ-
ent levels of validity and associated burden. Administrative
databases typically record marital status. Medical records
may describe whether a patient lives alone or with others,
and if family members are involved in their care. Structured
instruments provide a more consistent assessment of living
status and social support, with commonly used categories
that include independent residence; residence with family;
group home; group home with staff; shelter; and homeless.
Other systems have evaluated the degree to which a patient
depends on clinical staff for support.39,40

Other Risk Factors

In the absence of easily obtained data on patient severity
of illness, risk-adjustment models for hospital care have
drawn on available data to serve as proxies. For example,
involuntary legal status on admission is often used to char-
acterize more severely ill patients. Although useful, such
proxies should be used cautiously. Involuntary status may
signal high acuity at admission rather than greater severity
of illness over time. Furthermore, research studies have
found that standards applied to involuntary commitment
vary widely, even among facilities regulated by the same
statutes.41,42 Other data elements that have been used as
proxies for severity include an unplanned discharge (e.g.,
eloped or against medical advice) and source of admission
(e.g., another inpatient service, emergency room, outpatient
office, home).

Prior utilization of mental health services is used in
risk-adjustment models as an indicator of the severity and
chronicity of mental illness. Several studies have found prior

utilization to be significantly associated with outcomes of
hospital or community-based care.40,43,44 Of course, prior uti-
lization reflects patient status only in part; it also incorpo-
rates provider practices and the availability of services.

Early risk-adjustment models in mental health included
current treatment as a risk factor. Electroconvulsive therapy
(ECT), physical restraints, and antipsychotic medications—
interventions recommended for severely depressed, agi-
tated, and psychotic patients, respectively—have been used
as indicators of high severity of illness. Studies found that
patients receiving one or more of these treatments had
higher costs and utilization than patients who did not.45–48

However, more-recent studies have heeded concerns that in-
corporating specific treatments into risk-adjustment models
could lead to incentives to overuse them. These concerns
may be particularly warranted for procedures that lack con-
sensus among clinicians on indications for their use. De-
spite practice guidelines and government regulations, wide
variations are seen in the use of both ECT and physical
restraints.49,50

Other risk factors are specific to the outcome of interest. A
report-card initiative to rank mental health service agencies
in Vermont in terms of client criminal-justice outcomes used
prior involvement in the criminal justice system as a risk fac-
tor in the risk-adjustment model.43 A risk-adjustment model
for workplace outcomes of depressed employees might in-
clude such risk factors as the number of days in a prior pe-
riod absent from work.

RISK-ADJUSTMENT MODELS FOR MENTAL
HEALTH AND SUBSTANCE-RELATED CARE

In general, risk-adjustment models assess the statistical as-
sociation between the outcome and risk factors in a sam-
ple of patients. Stratification is the simplest method, useful
when few risk factors are present. By dividing the sample
into categories (i.e., strata) consisting of different presen-
tations of a risk factor, stratification allows the outcome to
be assessed within more homogeneous groups. For example,
patient satisfaction is known to vary by age; hence, results
are frequently stratified by adolescents, adults, and elderly
survey respondents.

When numerous risk factors are present, multivariate re-
gression analysis is used to assess the influence of patient
characteristics (i.e., independent variables) on the outcome
(the dependent variable). Regression analysis yields a sum-
mary statistic reflecting the model’s predictive power. For
continuous outcomes this statistic is typically an R2 value,
which ranges from 0 (no predictive power) to 1 (high pre-
dictive power). A c-statistic is often used to characterize
the performance of models with a dichotomous outcome—
for example, mortality.
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In the absence of widely disseminated models for mental
health and substance-related care, groups wishing to im-
plement risk adjustment either develop a model de novo or
search the research literature for related efforts. In this sec-
tion, we review risk-adjustment models for M/SU conditions.
We conducted searches of Index Medicus and PsycLit and
examined citations to identify studies meeting the following
criteria: (1) publication in a peer-reviewed journal between
1980 and 2002; (2) evaluation of one or more multivariate
models used to risk-adjust comparisons of utilization, cost,
or clinical outcomes of mental or substance-use conditions
across providers; and (3) quantitative assessment of the pro-
portion of variance explained by patient characteristics in
the model (e.g., R2 or c-statistic).

The sample population of each model was described
in terms of its demographics (e.g., adult, children, and
elderly), diagnostic groups, and health care status (e.g.,
plan enrollees, service utilizers, and level of care). Mod-
els were then classified on the basis of risk factors. Be-
cause one aim was to compare the performance of mod-
els based on administrative data to models drawing from
more extensive data sources, we sorted risk factors into
three categories. “Basic demographic” referred only to de-
mographic data typically available in administrative health
care databases, such as age, gender, and race. “Clinical sta-
tus” included data obtained from rating scales, patient in-
terviews, and other sources beyond claims-based diagnos-
tic codes. “Other” included risk factors not classifiable un-
der prior categories (e.g., discharged against medical advice)
and sociodemographic data typically unavailable from ad-
ministrative databases, such as living status, income, and
education. Because including current treatment in risk-
adjustment models is controversial, we categorized models
containing these data separately. Under “% Variance” we
provide the range and median R2 results for models in each
subgroup.

Tables 1 through 3 (pages 59–63) report the results. A
total of 36 research articles met our review criteria, describ-
ing 72 models of utilization (Table 1), 74 models of expen-
ditures (Table 2), and 15 models of clinical outcomes (Ta-
ble 3). All but one model examined continuous outcomes; R2

values or their equivalents are reported for these studies.
One model examined a dichotomous outcome and assessed
model performance in terms of a c-statistic, a metric that
is not interpretable as a percentage of explained variance.
Comparisons of the explanatory power from individual rows
in Tables 1 through 3 should be made cautiously, as study
characteristics other than risk factors influence the variance
explained by multivariate models. Sample size and compo-
sition, setting, and the use of concurrent versus prospective
modeling may also have an impact. Examining these studies
in aggregate, however, we draw preliminary conclusions and
describe illustrative examples below. In addition, we briefly

describe risk-adjustment models that have been adopted to
address real-world needs but that have not been formally
assessed for their predictive capacity.

Risk Adjustment of Utilization

Risk-adjustment models of utilization for M/SU conditions
are summarized in Table 1. Despite decades of “deinstitu-
tionalization,” the inpatient sector continues to consume a
large proportion of the mental health care dollar,6 and as a
result, inpatient length of stay (LOS) has been the subject
of the majority of risk-adjustment efforts in mental health
care. Diagnostic-related groups (DRGs) were developed for
the prospective payment system, a fixed-fee method of pay-
ing for inpatient stays that Medicare implemented in 1983.
DRGs included 9 diagnostic categories for mental disorders
and 5 for substance-use conditions. These 14 groups ex-
plained 3.2% to 15% of the variance in LOS, with marked
clustering at the lower end of the range. The predictive abil-
ity of the M/SU DRGs was similar to the medical diagnos-
tic groups but considerably lower than the surgical DRGs.80

In mental health care, studies found that hospital type ex-
plained a significant proportion of the remaining variance,
raising the question of whether facility type (e.g., general
hospitals versus psychiatric specialty hospitals) was serving
as a proxy for unmeasured differences in patient severity.81

In part due to these concerns, DRGs were applied to psy-
chiatric hospitalizations in medical wards of general hospi-
tals, but specialty psychiatric hospitals and psychiatric units
were permitted to apply for exemption.

In an effort to increase explanatory power, subsequent in-
vestigations augmented DRGs. Disease staging is a method
that sorts diagnostic codes into subgroups of increasing
severity and comorbidity.51 Stage 1 for depressive disorders
consists of dysthymic disorder (a mild, chronic form of de-
pression), followed by dysthymia comorbid with a personal-
ity or substance-use disorder in Stage 2, and major depres-
sion in Stage 3. Clinically related groups (CRGs) separate
diagnoses into hierarchies based on clinical features and age
distribution.51 Psychotic conditions are first divided by diag-
nosis (e.g., schizophrenia and bipolar disorder) and then by
age group (under 18, 18–64, and 65 and older). Other ini-
tiatives supplemented diagnosis with data readily available
from administrative databases, such as age, sex, marital sta-
tus, comorbidity, number of previous hospitalizations, and
discharge against medical advice.47,52 While most of these ef-
forts yielded some improvement over DRGs, none explained
more than 15% of the variance in LOS.

More elaborate models have drawn on additional data col-
lected from staff, medical records, or patient report, and at-
tained a higher rate of explained variation.39,45,53,63 The Psy-
chiatric Severity of Illness Index (PSI) grouped inpatients
into four categories on the basis of signs and symptoms;
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complications; comorbid conditions; availability of, and need
for, support; and treatment response. The four PSI groups
explained 34% to 50% of the variance in LOS.39 Later ver-
sions were revised to reduce burden, eliminate circular
items, and focus on specific disorders—but at the cost of a
decrease in predictive power.45,63

Risk Adjustment of Costs

Risk-adjustment models of costs for mental health and
substance-related services are summarized in Table 2. Stud-
ies examining inpatient costs in addition to inpatient LOS
yielded results corresponding closely to those described
above, under inpatient utilization. Other studies, described
here, specifically examined costs. The System for Classifica-
tion of Inpatient Psychiatry (SCIPP) was developed by the
Ontario Joint Policy and Planning Committee to explain the
variance in nonphysician staff costs attributable to differ-
ences among psychiatric inpatients. Drawing on data col-
lected from the Resident Assessment Instrument–Mental
Health (RAI-MH),82 the SCIPP used more than 80 sociode-
mographic and clinical attributes to predict approximately
26% of variance.40,17 The Ontario Health Ministry is review-
ing this system for use in reimbursing psychiatric hospitals
for inpatient stays. The Center for Medicaid and Medicare
Services has funded U.S. investigators involved in the SCIPP
to develop a shorter, less burdensome system for inpatient
psychiatry. The resulting instrument, the Case Mix Assess-
ment Tool (CMAT), will soon be ready for field testing.

Researchers have evaluated whether risk-adjustment
systems developed for capitation of medical and surgical
care can adequately adjust for mental health costs. Adjusted
clinical groups (ACG), adjusted diagnostic groups (ADG), di-
agnostic cost groups (DCG), and hierarchical condition cat-
egories (DCG-HCC) are each based on demographic and di-
agnostic data. Ettner and colleagues71,73 found that none
of the systems explained more than 10% of the variance in
total health care costs for populations that included individ-
uals with M/SU conditions. In general, the models under-
estimated total health care costs for individuals with M/SU
conditions and overestimated costs for those without them.
Modifying the commercial systems by adding more precise
M/SU diagnoses resulted in somewhat improved predictions
of M/SU costs.83 Examining approaches to risk adjustment
for VA patients with substance-use conditions, Rosen and
colleagues68 applied DCG-HCCs to predict variance in ser-
vice days (a proxy for costs), finding them to explain a
lower proportion of variance in substance-use conditions
than has generally been found in non-M/SU populations.
Augmenting the system by creating distinct categories for
substance-use conditions and subdividing diagnostic groups
based on severity did not lead to significant improvement in
the model.

A number of states have risk-adjusted reimbursement
rates for mental health services. Maryland has used ACGs
to adjust capitation rates for mental health services un-
der Medicaid, and Rhode Island uses age, sex, and eligibil-
ity status. Indiana evaluated risk-adjusted models for case-
rate reimbursement for children and adults receiving men-
tal health services financed by the state’s Department of
Mental Health. Using hierarchical regression models, they
identified subgroups with similar service costs in the 90-
day period after initial assessment. For example, adults
with severe mental illness were subdivided into nine groups
based on three diagnostic clusters and three functional lev-
els. Applying regression results to historical costs, they es-
tablished case rates for the nine groups ranging from $1,194
to $7,981.84 The explained variance of this model has not
been evaluated.

Risk Adjustment of Clinical Outcomes

Risk-adjustment models of clinical outcomes of M/SU con-
ditions are summarized in Table 3. Several research stud-
ies demonstrate that risk adjustment influences outcome-
based ratings of mental health facilities.44,77,78 Hendryx and
colleagues44 compared and ranked six community mental
health agencies on the basis of risk-adjusted outcomes—
in particular, patient satisfaction, functioning, and health-
related quality of life. Several risk factors predicted one or
more of these outcomes: “severe diagnoses” (schizophrenia,
bipolar disorder, and major depression), substance abuse,
age, and baseline functioning and quality of life. Rankings
among agencies varied, however, depending on which out-
come measure was used.

Other models have focused on patient populations with
specific disorders. Kramer and colleagues77 used detailed de-
mographic and clinical data from the University of Arkansas
Depression Outcome Module and the Medical Outcomes
Study Short Form–36 (SF-36) to develop a risk-adjustment
model for major depression. Baseline depression severity,
income, and medical comorbidity explained 26% of the vari-
ance in depression severity at three months. The addition
of baseline functional status (SF-36 physical and mental
health summary scores) increased the R2 to 0.38.

More than half of state mental health authorities have
implemented routine outcome measurement to assess symp-
toms or functioning of individuals with SPMI,85 but few
states adjust these data for risk. Massachusetts and Indi-
ana perform stratification of outcome-measure results. The
Vermont mental health authority has employed risk adjust-
ment in comparisons of performance of community men-
tal health care programs. Outcomes assessed include con-
sumer satisfaction and pre/post differences in hospitaliza-
tion and criminal justice involvement following community-
based treatment.43,86–88
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Risk Adjustment of Clinical Processes

Our literature review found no published studies evaluating
the adequacy of risk adjustment for clinical process mea-
sures in mental health care. In addition, a national survey
of 246 process measures developed for quality assessment
and improvement in mental health found only 7% to be
risk adjusted—13 with multivariate modeling and 5 with
stratification.89 For example, the Washington Circle mea-
sure results are stratified by age, while some HEDIS results
are stratified by age, sex, and gender. The NRI performance-
measurement system, used by more than 240 psychiatric
hospitals, has developed multivariate adjustment models for
three measures: 30-day readmission rates, percentage of in-
patients restrained, and percentage secluded. In addition to
diagnostic and sociodemographic data, risk factors include
legal status, referral source, living arrangement, clinical fo-
cus, and average LOS. The VA’s Northeast Program Evalua-
tion Center risk-adjusts the results of hospital report cards
by sociodemographic and diagnostic information, receipt of
VA compensation, discharge GAF score, and the patient’s
distance from the nearest VA facility. Measures examine
timeliness, continuity, and intensity of treatment. An anal-
ysis of the model found explained variance to average 2.7%
across measures (0.3–9.7%).90

Risk Adjustment in Mental Health Services Research

Mental health services researchers frequently employ sta-
tistical adjustment in observational studies examining the
impact of organizational and financial change on qual-
ity and outcomes.91,92 Many of these studies did not com-
pare care across providers or did not provide information
about the statistical model’s predictive power. Services re-
search may nonetheless serve as an incubator of adjustment
methods that can be evaluated for applied purposes. Re-
cent studies highlight advanced approaches. Schoenbaum
and colleagues93 employed instrumental-variable analysis
to control for unmeasured differences between groups in
comparing outcomes between patients receiving appropri-
ate versus inappropriate treatment for depression. Dickey
and colleagues94 used propensity scores to compare guide-
line adherence between managed and unmanaged cohorts
in a study of the quality of care for Medicaid beneficiaries
with schizophrenia.

Comparison of Explained Variance by Data Source

We calculated both the mean rate of explained variance for
risk-adjustment models based on administrative data and
the mean for models that used clinically richer data sources
(e.g., rating scales or medical records). Models based on the
diagnostic and sociodemographic information found in ad-

ministrative claims explained, on average, only 6.7% of vari-
ance, whereas models using more-detailed data sources ex-
plained a more robust 22.8%.

DISCUSSION

Considerable progress has been made on risk adjustment for
M/SU conditions since DRGs sparked wide interest in the
subject two decades ago. Risk factors have advanced beyond
diagnosis to encompass more detailed clinical and sociode-
mographic information. Rating scales have been adapted to
assess severity of mental illness in clinical populations. Mul-
tivariate models have been developed to adjust clinical, uti-
lization, and financial outcomes of mental health care. Over
time these models have advanced in terms of methodologic
rigor and predictive ability. Public and private organizations
are beginning to apply risk adjustment to reimbursement
systems and to comparative report cards of provider perfor-
mance.

Risk adjustment for mental health and substance-related
care remains at an early stage of development. While many
models have been tested, few are in routine use. Risk ad-
justment for reimbursement of inpatient care—the most ex-
tensively studied area—has yet to produce a model that
combines adequate explanatory power with an acceptable
data-collection burden. Researchers evaluating risk adjust-
ment for capitation have concluded that current models
do not adequately diminish incentives to avoid or under-
treat individuals with mental illness. Gaining favor instead
are mixed payment systems, which provide reimbursement
partially on the basis of actual costs and partially on ad-
justed rates. These systems provide some incentive to con-
tain costs but lessen the motivation to restrict enrollment
or treatment.83,95 Report cards that rank providers on the
basis of patient outcomes also require further development,
as rankings have proven sensitive to the choice of adjust-
ment method, the diversity of the clinical population, and
the outcome selected.

Taken together, the array of outcomes (financial, utiliza-
tion, clinical, and quality) and the diversity of conditions,
treatments, and settings within the mental health care sys-
tem form a multidimensional matrix of factors requiring
risk adjustment. Only a few cells within this matrix have
been filled in thus far. For example, disorder-specific models
are currently limited to depression (five) and schizophrenia
(four). Fewer than 9% of all models focus on children and
adolescents. Further development of methods for risk ad-
justment, along with broader application and testing of mod-
els for M/SU conditions, constitutes a substantial agenda for
the years to come.

The application of more sophisticated analytic meth-
ods, such as instrumental-variable analysis and the use of
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propensity scores, may lead to models with greater accuracy.
In addition, hierarchical models can account for correlated
observations when subjects are nested within groups, such
as patients nested within clinician caseloads, which are, in
turn, within clinics and delivery systems. Decision-tree or
classification and regression-tree (CART) models can take
into account interactions that occur among risk factors.

We found that risk-adjustment models relying on admin-
istrative data alone explained less than one-third of the vari-
ance explained by models incorporating data from medical
records or clinical assessment instruments. This finding is
fairly consistent across the models in our sample; nonethe-
less, differences in sample size and in the dependent vari-
ables studied may have contributed to the differences in
variance observed. The relatively low explanatory power of
models based on administrative data suggests that risk ad-
justment for mental health care will need to tap clinically
richer sources of data.

In an era of resurgent increases in health care costs, it
is unlikely that providers, purchasers, and payers will indi-
vidually lead efforts to expand data-collection requirements
any time soon. Instead, stakeholders in the mental health
system will need to work together to improve the quality of
administrative data, to review and refocus resources dedi-
cated to chart review, and to develop consensus on clinical
assessment instruments. Use of administrative data for risk
adjustment is also complicated by rules protecting patient
confidentiality—often more strict for mental health care—
and tightened further under Health Insurance Portability
and Accountability Act of 1996.

In the long term, electronic health records (EHRs) may
provide the basis for enriching administrative data sets by
capturing key clinical variables in a consistent format. How-
ever, EHRs are unlikely to be in widespread use soon, par-
ticularly among providers with limited resources, such as
private practice clinicians, community mental health cen-
ters, and small hospitals. In the meantime, accelerated ef-
forts are needed to establish a minimal data set of clinical
information crucial to risk adjustment, reimbursement, and
assessment of quality and outcomes of M/SU conditions. The
aim of a minimal data set would be to standardize clinical in-
formation that providers obtain, thereby increasing its con-
sistency, accuracy, and usefulness.

Payers, regulators, and managed behavioral health orga-
nizations already mandate chart review for numerous in-
compatible quality-assessment activities.23 These organiza-
tions need to find common ground with other stakeholders
in mental health care on a manageable number of quality
measures.10 In order to provide crucial information on ill-
ness severity and M/SU outcomes, clinicians and methodol-
ogists need to achieve consensus on the selection of clinical
instruments for assessing mental health symptoms, func-
tioning, and general health status in clinical practice. Nearly

a dozen severity-rating scales are available for depression
alone. At a Depression Diagnosis and Severity Measure Con-
sensus Meeting in October 2002, the American College of
Physicians, American Psychiatric Association, and Ameri-
can Academy of Family Practice initiated a dialogue that
envisioned the eventual adoption of a single instrument.
Like many sources of information for risk-adjustment mod-
els, the selection of this instrument will inevitably reflect a
compromise between optimal measurement properties and
a feasible burden of use.
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