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Abstract
Aim The aim of this paper is to compare single-level and multilevel regression analysis to obtain risk-adjusted outcomes from
mental health care providers.
Subject and methods The study population consisted of adult patients receiving treatment for common mental health disorders.
The outcome was self-reported symptom level at post-test. Risk adjustment models were developed using single- and multilevel
regression analysis. In the multilevel approach, a random intercept for each provider was included. The intraclass correlation
coefficient was used to estimate the proportion of variability in treatment outcome between providers. Spearman correlation
coefficient of ranks was used to compare results between the two approaches.
Results The effects of most casemix variables on outcomes were similar for the two models. The ranking of providers in both
methods was also quite similar (ρ = .99). The multilevel model estimated that 5.4% of total variability in adjusted post-test scores
was explained by the provider factor.
Conclusions The findings of risk adjustment of mental health outcomes are quite robust for the use of single-level or multilevel
regression analysis in the current study. However, given the small but significant amount of variation in outcomes that is
attributable to providers, the multilevel approach is recommended for dealing with outcomes when patients are clustered within
providers.
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Introduction

Over recent years, worldwide interest in using outcome stud-
ies to evaluate performance of mental health services has been
increasing (Hermann et al. 2007; Moran and Jacobs 2015;
Rosen et al. 2009). To ensure a fair comparison between men-
tal health care providers with regard to their treatment

outcomes (e.g., number of deaths or % recovery), risk adjust-
ment needs to be applied. Risk adjustment is a statistical pro-
cedure to control for differences in casemix when comparing
groups on outcomes of interest (Iezzoni 2013).

Traditionally, there are two methods for adjusting outcome
results; direct and indirect standardization. Both direct and
indirect standardization involves the calculation of expected
outcomes, which are compared to the number of observed
outcomes (Israels 2013). Direct and indirect standardization
are both techniques which require many observations.
Accordingly, parametric approaches have been developed,
such as regression analyses. Regression modeling is the most
commonly used method for risk-adjusting outcomes. It’s a
powerful tool for making fairer comparisons among providers
with different types of patients. Comparison of observed to
expected outcomes is central to performance profiling
(Iezzoni 2013). The existing single-level regression models,
most often used in outcome studies, treat all patients as inde-
pendent observations and ignore the fact that these patients are
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grouped within providers. However, patients receiving thera-
py within the same provider may be correlated, violating one
of the basic assumptions of traditional regression analysis.

Multilevel models account for the correlations among ob-
servations from the same provider and give an estimate of that
correlation. Multilevel models consider the providers in-
volved in a study as a random sample from the population
of all providers, and divide the random variability of data into
variability between patients within providers and between
providers. The use of multilevel modeling is recommended
when observations are clustered within more than one level;
e.g., individual patients (level 1) are clusteredwithin providers
(level 2) (Burgess et al. 2000; Goldstein and Spiegelhalter
1996). One of the advantages of multilevel modeling is that
it allows the use of covariates measured at any of the levels. It
enables one to explore the extent to which differences in out-
comes between providers are the result of factors such as
organizational structure, particular therapies, or possibly some
patient characteristics.

The use of multilevel models to estimate provider out-
comes represents a statistical approach which is still relatively
new but is becoming more common. The field of risk adjust-
ment in mental health care is also relatively new, and testing
this approach in this field deserves attention. In a previous
paper, we described a casemix model using single-level re-
gression analysis. We demonstrated that for the majority of
providers, risk adjustment did not markedly change their rank-
ing on clinical outcomes compared to unadjusted outcomes
(Warmerdam et al. 2017). The goal of this study is to evaluate
single-level and multilevel regression analysis for risk adjust-
ment when comparing clinical outcomes of mental health care
providers.

Methods

Data

Since 2010, the Dutch foundation for benchmarking mental
health care (Stichting Benchmark GGZ, SBG) has gathered
outcome data on a nationwide basis. SBG provides informa-
tion regarding treatment outcomes for their stakeholders (pro-
viders, patients, and financiers) with the goal of monitoring,
comparing and, ultimately, improving the quality of mental
health care. At this moment, almost 90% of the providers are
submitting data to SBG. Since 2010, the number of treatments
with pre- and post-test outcome data are on the rise, ranging
from about 10% in 2010 to almost 50% of all completed
treatments in 2016. The data for the current study stem from
an adult population aged 18 years and older with a variety of
common mental health diagnoses. The goal of treatment was
to recover from the disorder primarily by reducing symptoms.
Patients with severe mental disorders were excluded.

Between June 2014 and May 2015, data of 143,128 com-
pleted treatment trajectories were submitted to SBG. For
37,191 treatments (26%), pre- and post-test scores were avail-
able to calculate treatment outcome. Information of demo-
graphic and clinical variables of patients is also collected to
enable casemix correction. To be included in this study, the
following two criteria were applied to providers; 1) informa-
tion of all casemix variables is present in at least 80% of the
pre–post measured treatments, and 2) the provider has at least
N = 30 measured treatments with information about casemix
variables. This resulted in a final dataset consisting of N =
31, 849 measured treatments from 85 different providers, with
complete pre- and post-test data and complete casemix
variables.

Measurement of outcome

The following self-report questionnaires for psychopathology
are used to assess treatment outcome in this study: The
Symptom Checklist-90 (SCL-90; Arrindell and Ettema
2003; Derogatis 1975a), the Brief Symptom Inventory (BSI;
de Beurs 2008; Derogatis 1975b), the Outcome Questionnaire
(OQ-symptomatic distress subscale; de Jong et al. 2007;
Lambert et al. 2004), the Depression Anxiety Stress Scales
(DASS; Lovibond and Lovibond 1995), the Clinical
Outcomes in Routine Evaluation (CORE-problems subscale;
Barkham et al. 2005), and the Short Symptoms List (Korte
Klachten Lijst; KKL; Lange and Appelo 2007). All these
questionnaires are valid and reliable generic instruments for
the assessment of severity of psychopathology. To bring
scores on the various questionnaires to a common metric,
pre- and post-test scores have been normalized into T-scores
with a mean of 50 and a standard deviation of 10 (de Beurs
2010) and transformed in order to have a normal distribution
of scores. Higher T-scores correspond to more self-reported
symptoms. The outcome in this study is the T-score on the
post-test.

Patient characteristics

Information about the following demographic and clinical
variables were gathered by providers during the intake phase
of the treatment and used in the development of the casemix
model: year of birth (used for estimating age), gender, social
economic status (SES), and urbanization level. SES and ur-
banization have five levels, with higher levels representing
higher social economic status and lower urbanization. Age,
urbanization, and SES were treated as continuous variables
in all analyses. Clinical variables were: the pre-test T-score
on the outcome measure, the score on the Global
Assessment of Functioning (GAF; Hall 1995), and primary
diagnosis according to DSM-IV axis I and axis II (American
Psychiatric Association 1994).
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The GAF represents axis V in the DSM-IV (American
Psychiatric Association 1994); this is a single item rating scale
for the severity of illness and functional impairment in psy-
chiatry, with acceptable psychometrics (Hall 1995).
Theoretically, the score on the GAF varies between 0 (dead)
and 100 (perfect health). Scores on the GAFwere recoded into
three categories (severe problems: 1—50, moderate problems:
51–60, some problems: 61–100). The primary diagnoses were
grouped into 26 main categories of the DSM-IV and dummy
recoded.

Statistical analyses

The development of the risk adjustment model is described
elsewheremore elaborately (Warmerdam et al. 2017). In short,
simple and multiple regression analyses were used to select
casemix variables that best predicted post-test level of symp-
toms. Split sample validation was applied to validate the mod-
el. The coefficients of the casemix variables in the final risk
adjustment model are displayed in Table 2. Based on the re-
gression coefficients of single-level multiple regression anal-
ysis, a predicted post-test score for each observation was cal-
culated. A relative performance factor (RPF) was determined
for each patient as the ratio between the actual post-test score
and the predicted post-test score. RPFs were aggregated to the
provider level to get a mean RPF for each provider. To obtain
the risk-adjusted post-test scores for each provider, the mean
RPF was multiplied by the observed post-test score across all
providers (Nuttall et al. 2013). Providers with scores signifi-
cantly higher (worse) or lower (better) than the national mean
were identified as high outliers or low outliers respectively.
Finally, risk-adjusted post-test scores were ordered to obtain
providers’ ranking based on the single-level regressionmodel.

The same analyses were performed with multilevel analy-
sis. The difference between the prediction based on a multi-
level analysis and a single-level analysis is that each provider
has its own specific intercept, while in a single-level regres-
sion one intercept is used for all providers. In addition, the
regression coefficients can slightly differ between the two
methods, due to the adjustment for the correlated observations
within the provider. To estimate the variability in post-test
scores between providers, the intraclass correlation coefficient
(ICC) was calculated, adjusted for casemix variables. The ICC
represents the percentage of variance explained by the cluster-
ing of patients within providers. The ICC is calculated as the
estimated between-provider variance divided by the sum of
the estimated between-provider and within-provider variance
(Snijders and Bosker 1999).

In contrast to classical single-level regression, the multilev-
el model estimates ‘provider effects’ using different intercepts
for each provider. These provider effects (also known as
second-level residuals) represent the distance between esti-
mated post-test scores and the overall estimated post-test

score. In order to compare providers post-test outcome with
the overall mean, provider effects were ordered from the
smallest to the largest and graphically presented with their
95% confidence intervals (CI). Providers with effects signifi-
cantly less than zero performed better than the overall mean,
whereas providers with effects significantly higher than zero
performed worse (Goldstein and Healy 1995). To compare the
ranking of the providers based on a single–level regression
analysis and a multilevel regression analysis, a Spearman’s
rank correlation coefficient (ρ) was calculated. All analyses
were performed using SPSS version 19.

Results

Sample characteristics

Differences between the sample (n = 31, 849) and the excluded
patients (n = 111,279) on casemix variables were tested with
effect sizes (Eta squared for continuous variables and
Cramer’s V for nominal variables). The highest value found
was V = 0.05 for the primary diagnoses, with an overrepresen-
tation of eating disorders in the included group. All other
effect sizes were below 0.05.

Table 1 reports descriptive information of the sample.
Patients were mostly female (62.8%), and the mean age was
38.7 (± 13.0) years. Most patients suffered from a mood dis-
order (33.9%) or an anxiety disorder (25.2%). According to
scores on the GAF, half of the patients had a moderate level of
functioning in daily life. The sample as a whole scored T =
50.4 (SD = 9.5) at the pre-test; at post-test, the mean symptom
level was T = 41.4 (SD = 10.7). On average, patients improved
almost a standard deviation (Cohen’s d = .90).

Estimation results

According to the single-level regression model, the following
variables were most strongly related with the post-test score:
T-score at pre-test, level of functioning (GAF), age, SES, and
the presence of a personality disorder or somatoform disorder
(see Table 2). These variables accounted for 28% of the var-
iance in post-test scores, of which the T-score at pre-test ex-
plained by far the largest part of this variance (partial R2 =
22.9%). Most variables that were significantly related to the
post-test scores in the single-level regression model are also
significant predictors in the multilevel model. There is one
exception; according to the multilevel model, the presence
of a somatoform disorder is no longer significantly related to
symptom level at post-test (Table 2). The ICC (adjusted for
casemix variables) in the multilevel model was 5.4%
(p < .001) which means that 5.4% of the variance in post-test
outcomes is due to differences between providers.
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Comparison of the models

Provider effects acquired by the multilevel model are present-
ed in Fig. 1, with their 95% confidence interval. The figure
shows that 21 providers (25%) had an effect significantly low-
er (better) than zero. Their effects ranged from −5.97 to −0.98.

Another 21 providers (25%) had effects significantly higher
(worse) than zero (ranging from 1.08 to 3.49). The remaining
providers (n = 43, 51%) scored not significantly different from
zero.

Using the classical single-level approach, risk-adjusted
post-test score were found to be significantly lower (better)

Table 2 Regression coefficients
casemix variables in the final risk
adjustment model

Single-level regression analysis Multilevel analysis

B SE B SE

Intercept 12.08* .34 12.78* .42

Pre-test score 0.53* .01 0.53* .01

GAF < 51 3.37* .15 3.31* .17

GAF = 51–60 1.61* .13 2.01* .14

GAF > 60 REF REF

Somatoform disorder −1.36* .19 −0.30 .20

Personality disorder type B 2.00* .28 1.42* .27

Personality disorder type (not otherwise specified) 2.00* .23 1.19* .23

Age 0.03* .00 0.03* .00

SES −0.26* .04 −0.24* .04

* < .001; REF = reference group

Table 1 Descriptive statistics
(n = 31,849) Variable Level % Variable %

Gender Male 37.2 Other mood disorder 3.7

Age (M, SD) 38.7
(13.0)

Panic disorder 4.7

SES Low 1 24.0 Social phobia 2.8

2 20.1 Obsessive–compulsive disorder 2.0

3 18.1 Posttraumatic stress disorder 7.2

4 18.9 Acute stress disorder 0.2

High 5 19.0 Generalized anxiety disorder 3.2

Urbanization Urban
1

25.2 Other anxiety disorder 4.7

2 25.9 Developmental disorder 11.3

3 23.0 Substance dependency/abuse 0.5

4 16.2 Psychotic disorder 0.8

Rural 5 9.6 Sexual disorder 0.6

Score on pre-test (M, SD) 50.4 (9.5) Sleeping disorder 0.2

Score on post-test (M, SD) 41.4
(10.7)

Somatoform disorder 8.4

Change score 9.1 (10.1) Impulse control disorder 1.2

GAF < 51 28.2 Dissociative disorder 0.1

51-60 49.1 Eating disorder 4.1

> 60) 22.6 Personality disorder type A 0.1

Depressive disorder first
episode

14.3 Personality disorder type B 3.5

Depressive disorder recurrent 12.2 Personality disorder type C 4.1

Dysthymic disorder 2.9 Personality disorder (not otherwise
specified)

5.3

Bipolar disorder 0.8 Other disorders 0.5

M = median, SD = standard deviation

J Public Health: From Theory to Practice (2019) 27:29 3532 –



than the mean for 16 providers (19%) and significantly higher
(worse) for 29 providers (34%). Forty providers (47%) did not
deviate from the mean. The multilevel model confirmed that
the 16 providers identified by the single-level approach as
positive outliers performed better than the mean. However,
another five providers were identified as positive outliers in
the multilevel model. From the 29 providers among the neg-
ative outliers identified by the single-level model, eight were
found to perform not differently from the mean using the
multilevel model.

The rankings of providers according to the single-level and
the multilevel approach correlated with r = 0.99 (Fig. 2).

Discussion

The present study showed similar findings for the two risk-
adjustment methods (single-level regression and multilevel

regression) in ranking of mental health care providers on
self-reported clinical outcomes (Spearman’s ρ = 0.99). The
current study showed further that the effects of most
casemix variables on outcomes are comparable between
the single and the multilevel model. The multilevel model
showed that 5.4% (ICC) of the differences in the adjusted
post-test scores were attributable to differences between
providers. In the study of Moran and Jacobs (2015), where
a clinician rating scale (HoNOS) was used to measure
functional level of patients, the ICC lies between 2% and
11% (respectively, linear and ordered probit model). As far
as we know, no other studies using multilevel analysis in
the field of risk adjustment on mental health outcomes
have been published. The low ICC in this study demon-
strates the low degree of correlation among observations
within a provider. When observations are more highly cor-
related, the difference of standard errors between single-
level and multilevel regression becomes greater. In our
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study, differences of standard errors between the two
models are minimal, consistent with the low ICC.

Based on the analysis of provider effects (group-level re-
siduals), providers were divided into three performance
groups: better than average, equal, and worse than average.
Identification of outliers resulted in fewer negative outliers
using the multilevel model compared to the single-level mod-
el. On the other hand, the multilevel model identified more
positive outliers, and more providers scoring not different
from the mean.

In general, multilevel models including random effects are
slightly more conservative in identifying outliers compared
with traditional approaches such as standard regression.
Provider-specific estimates of providers with few observations
are shrunk towards the mean of the population (Arling et al.
2007). This guards against extreme outcomes from providers
with a small number of cases. On the other hand, single-level
regression does not allow individual providers to be influ-
enced by the group as a whole, and might be preferable if
the purpose of a model is to determine which providers per-
form significantly better or worse. Therefore, it is important to
consider the purpose of using a certain method.

A limitation of this study is that no variables relating to
provider characteristics such as resources, providers’ choice
of therapeutic approach, or any other variables that might
influence outcomes, were examined. These provider-level fac-
tors might have an effect (either positive or negative) on out-
comes that could not be detected in this study, which included
only variables associated with outcome at the patient level.

The goal of risk adjustment is to make outcomes more
comparable and to find explanations for the differences in
outcomes between providers. It is argued that differences in
the quality of care within providers (e.g., locations, teams of
therapists) may be greater than differences between providers
(Lovaglio 2012). In this case, multilevel analysis is highly
suited to unravel these outcomes at the various levels. In the
Netherlands, the diversity among providers is substantial,
ranging from large integrated mental health care providers to
smaller specialized mental health institutions. Both types of
mental health institutes may be subdivided in various loca-
tions, and within these locations various departments or teams
may exist. This study is limited by including two levels (the
patient level and the provider level) in the analysis, while
including more levels could provide more insight into sources
of variation in outcomes at these different levels.

This study contributes to the current knowledge about risk
adjustment of mental health outcomes by comparing a single-
level with a multilevel approach. By using the hierarchical
structure of this dataset, we can make inferences about the
influence of different levels on outcomes. Given the signifi-
cant (albeit small) amount of variation attributable to pro-
viders, the multilevel approach is the most appropriate method
for dealing with outcomes when patients are clustered within

providers. In this study, the two approaches reveal little differ-
ence in predictive validity. Furthermore, the use of multilevel
modeling does not lead to a very different ranking of pro-
viders. This means that the findings of risk adjustment of
mental health outcomes in the current study are quite robust
for the used methodologies.
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