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Propensity Score Matching

An lllustrative Analysis of Dose Response

E. MicHAEL FosTER, PHD

BAckGROUND. Health services researchers are
often interested in the effect of a treatment or a
service in situations in which randomization is
difficult or impossible. One useful alternative
involves propensity score methods, a means
for matching members of different groups
based on a range of characteristics. Under
certain assumptions, comparisons of the
matched groups reveal the impact of the treat-
ment of interest.

OsjecTIvES. This article reviews propensity
score methods and illustrates their use in an
analysis of dose response, the relationship
between the volume of services received, and
treatment outcomes. In mental health policy,
this question is central to key issues such as
parity.

ResearcH DEsIGN. Data for the illustrative
analysis are taken from a well-known study of
children’s mental health services. This analy-
sis estimates the impact of outpatient therapy
based on comparisons of individuals receiving
different treatment doses. Those comparisons
are adjusted for preexisting observed differ-

For many questions of interest to health services
researchers, randomization is difficult or impossi-
ble. For example, one might be interested in
whether physician adherence to treatment guide-
lines improves patient satisfaction or in comparing
individuals who receive psychotropic medications
from family physicians with those under the care
of psychiatrists. In those situations, randomizing
individuals to different levels or types of care is

ences among the groups using propensity
score methods.

Susjects. The study includes 301 partici-
pants aged 5 to 18 years treated at the study
sites.

MEASURES. The analyses are based on family
characteristics and the mental health status of
children and adolescents reported in inter-
views with parents as well as administrative
data on service use.

ResuLTs. Analyses using propensity score
matching suggest that added services improve
treatment outcomes, especially child function-
ing. However, at least for the services and
outcomes considered, the marginal benefits to
high levels of treatment are limited.

ConcLusions. These analyses illustrate the
potential value of propensity score methods to
health services researchers.

Key words: Econometrics; mental health;
children’s health; propensity score; dose; dose
response; mental health services. (Med Care
2003;41:1183-1192)

difficult. As a result, researchers must rely on
naturalistic studies in which they infer the impact
of different types or levels of treatment from
differences among individuals receiving different
care.

Inferring causality in studies of this type is
difficult. Simple comparisons of individuals receiv-
ing different treatments are potentially misleading
or biased in that they do not reveal the effect of
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treatment per se. (More specifically, these compar-
isons are biased in small samples and inconsistent
in statistical terms. The latter refers to the fact that
the bias does not disappear as sample size increas-
es.’) In many cases, these comparisons confound
the effect of the treatment with that of the factors
that lead individuals to select different treatments.

Health services researchers encounter this
problem frequently. In mental health services, for
example, researchers are often interested in ques-
tions of “dose response” or the link between the
volume of services received and treatment out-
comes. This question is central to a series of policy
issues such as parity.>® Insurance coverage for
mental health services traditionally has been less
generous than that for physical health. For exam-
ple, the number of outpatient visits covered in a
given year could be lower for mental health.
Various forms of parity legislation such as the
Mental Health Equitable Treatment Act have been
proposed that would eliminate or reduce this
disparity. The implications for patient well-being
depend on dose response.

Randomizing individuals to different levels of
treatment is difficult. One might assign individuals
into different regimes in which treatment is more
or less available or encouraged. This might be
accomplished by subsidizing the use of treatment
by or providing free transportation for one group.
However, one cannot compel individuals to re-
ceive more treatment than they desire. Also, no
one can generally prevent individuals from receiv-
ing additional services above and beyond those
provided in a study. If, as seems likely, some
individuals in the targeted group do not take
advantage of the increased availability of treat-
ment or pursue treatment outside the study, the
comparison of the intervention and control groups
still provides rather weak evidence of the effect of
received treatment per se.

For that reason, the best evidence of how
dosage affects outcomes is likely to come from
naturalistic studies of individuals actually using
different amounts of services. As discussed previ-
ously, however, interpreting the results of such
studies is difficult. Fortunately, this area of research
is an active one in which new and better methods
are being developed. These methods include pro-
pensity score matching, which is increasingly
common.*-8 Under certain assumptions, this set
of methods produces estimates of the impact of
treatment by matching individuals receiving alter-
native levels or types of treatment.
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Until recently, propensity score matching meth-
ods were limited to situations in which individuals
either receive a treatment of interest or do not.
Recently, however, these methods have been ex-
tended to multivariate treatments in which indi-
viduals could receive one of several treatments.”
This extension makes the methods much more
useful for examining dose-response questions in
which a simple dichotomy is harder to define.

This article describes the propensity score
methodology and applies it to data from the field
of children’s mental health services. The data are
derived from a well-known study, the Fort Bragg
Demonstration. That study was recently high-
lighted in the U.S. Surgeon General’s report on
mental health services.'© We use these data to
consider the question of whether increased out-
patient visits improve mental health outcomes
(symptomatology and functioning).

Prior Research

Two areas of prior research serve as background
for the subsequent analyses. The first involves
propensity score methods. The second concerns
the analysis of dose response in the area of
children’s mental health services.

Propensity Score Methods

As noted previously, the central methodologic
challenge in examining dose response involves
distilling the effect of dose per se from that of the
factors that lead individuals to use different
amounts of services. This section discusses the
means we used for doing so, propensity score
matching. In this section, we outline the limita-
tions of a regression approach, explain propensity
score matching as an alternative, and discuss its
strengths and weaknesses. Although we illustrate
this discussion by referring to dose response, the
method could be applied to a wide range of
problems.

One means for adjusting between-group com-
parisons for preexisting differences involves ordi-
nary regression. The various predictors of dose and
outcomes could be included as regressors. Al-
though common, such an approach has some
limitations.” The first is that regression generally
assumes a set of linear relationships between the
covariates and the outcome of interest (in this
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case, mental health status). Although this assump-
tion can be relaxed (using interactions or polyno-
mials), the models are fundamentally linear. A
second, more subtle problem involves the so-
called “support” or distribution of the covariates.
Not only might the high- and low-dose groups
differ in terms of the means of those variables, but
the distribution of those variables could overlap
relatively little. In that case, regression essentially
projects the behavior of individuals in one group
outside the observed range to form a comparison
for the other at common values of the covariate.
Such projections can be highly sensitive to func-
tional form.

An alternative to regression involves statistical
matching. These methods generally specify a func-
tion measuring the proximity of one case to an-
other based on one or many characteristics.®”
Cases are then grouped to minimize the distance
between matched cases. Unlike regression, the
various forms of matching do not presume linear-
ity. This approach also identifies problems with the
support of the covariates. One could identify indi-
viduals in one group that are a poor match to
anyone in the other group(s). One then might
exclude those individuals from the analysis.

One challenge in matching is that the process is
quite complex when many characteristics are in-
volved. To address this problem, recent research
has explored the use of the propensity score, the
predicted probability that an individual receives
the treatment of interest. Rosenbaum and Rubin”
demonstrate that the propensity score captures all
of the variance in the covariates relevant for ad-
justing between-group comparisons. As a result,
one can simply match the 2 (or more) groups
based on this single variable. As discussed subse-
quently, propensity score matching can be imple-
mented in the form of probability weights for use
in analyses of treatment and outcomes.

The principal benefit of propensity score match-
ing, therefore, lies in convenience. In terms of
statistical efficiency (or precision of estimation),
these methods do not dominate conditioning on
the covariates in all situations. In some instances,
controlling or adjusting for all covariates produces
more precise estimates!! (eg, in which the proba-
bility of treatment is close to 0 or 1).

It is important to note that both ordinary re-
gression and propensity score matching still rest
on a critical assumption, “strong ignorability.”® In
behavioral terms, this assumption means that for
common values of covariates, the choice of treat-

PROPENSITY SCORE MATCHING

ment is not based on the benefits of alternative
treatments. In other words, among individuals
with the same characteristics used for matching,
the model assumes that these individuals are
sorted into different treatments as if randomly
assigned. This assumption is rather strong; its
plausibility depends on the particular treatment
involved and on the range of covariates included
in the analysis.

Building on the basic framework, the literature
on propensity score matching has flourished in the
last 20 years. It even has been applied to dose-
related questions. In looking at the impact of an
intervention, the Comprehensive Child Develop-
ment Project, Hill et al. examined the impact of the
intervention for individuals who participated be-
yond a minimal level. Although the intervention
showed no overall long-term effects, propensity
score matching revealed benefits for the highly
engaged subgroup.’?

Until recently, propensity score methods have
been limited to 2-group situations such as a single
treatment and a comparison group. This limitation
has stunted the widespread adoption of the
method. Imbens, however, extends the method to
multigroup situations. His work builds on the fact
that propensity score matching essentially in-
volves a weighting scheme.® The weights are
formed as the inverse of the predicted probability
that an individual would make the choice he or
she actually made. In instances in which 3 or more
groups are of interest, one can use a polytomous
choice model (such as multinomial or ordered
logit) to estimate the probability that an individual
selects one of the available treatments. The result-
ing predicted probabilities are then used to create
weights that are used in subsequent analyses.”

Prior Research on Dose Response in
Children’s Mental Health Services

Dose response has been an ongoing area of
research within mental health services. Our review
focuses on 4 recent studies.''3-17 Using data from
the Fort Bragg study, Salzer et al.’® examined the
relationship between the number of outpatient
visits and mental health outcomes, including
symptomatology and functioning. Based on ordi-
nary regression methods, their analyses included
only baseline measures of the outcomes as covari-
ates. Salzer and colleagues generally found no
impact of dose; their findings were robust across a
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range of outcomes and methods. (In a related
paper, Andrade and colleagues found no relation-
ship between outcomes and a series of dichoto-
mous treatment categories.”)

Angold examined the impact of dose using data
from a community study of children and youth in
North Carolina.’ That study gauged the impact of
visits on symptoms and functioning. Data were
available for 2 interviews before the period for
which dose was measured. These data revealed
that the conditions of individuals receiving higher
doses were deteriorating before the period for
which dose was defined. These results suggest that
analyses that control only for level of mental
health status could underestimate the impact of
dose. Like earlier studies, the author found some
variation in the effect of dose across outcomes:
dose affected symptoms only. In addition, the
effect of dose was nonlinear. In fact, clients who
had only 1 or 2 sessions actually fared worse than
the untreated. Real improvement required at least
8 sessions.

Foster provides a second analyses of outpatient
use and client outcomes in the Fort Bragg data.!®
That article applied instrumental variables estima-
tion to the problem of dose response. That method
does not require ignorability and adjusts for un-
observed or unmeasured characteristics that might
be confounded with dose. The use of this method
depends on finding an “instrumental variable,” a
characteristic that affects the outcome of interest
(mental health status) only through its effect on the
regressor of interest (dose)."18 Foster used study site
and date of entry into the study as instrumental
variables. Uncovering a relationship hidden in
ordinary regression, instrumental variables esti-
mation revealed that dose substantially improved
functioning. Ordinary regression analyses seri-
ously underestimated the impact of dose because
of a sizable correlation between unobserved indi-
vidual characteristics and dose. These results,
however, depend on the validity of the instrumen-
tal variables themselves.

Bickman and colleagues also use instrumental
variables estimation. They examined data from
another prominent study in the field, the evalua-
tion of a system of care in Stark County, Ohio."”
Using instrumental variables estimation, the au-
thors found no link between mental health out-
comes and treatment dosage, which they mea-
sured as the total costs of services. These findings
illustrate the potential limitations of instrumental
variables estimation: the results are only as strong
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as the instrumental variables are valid. In this case,
the underlying assumptions were implausible; the
authors assumed that a long list of characteristics,
including a child’s diagnosis or characteristics of
his or her parents such as problems with sub-
stance abuse affected mental health outcomes
only through dose. If this assumption is incorrect,
the resulting estimates have poor statistical prop-
erties and are misleading.

Data

This article examines data from the Fort Bragg
Demonstration. In this section, we briefly describe
the demonstration and discuss the sample ana-
lyzed and measures used.

The Fort Bragg Demonstration

Initiated in 1990, the Fort Bragg Demonstration
provided a test of the “Continuum of Care” phi-
losophy of providing children with mental health
services. (For an overview of the Fort Bragg Dem-
onstration and Evaluation [FBEP], see Bickman et
al.%) The FBEP evaluated the impact of the Dem-
onstration on service use, costs, and mental health
outcomes. It compared children and adolescents
treated between 1990 and 1993 at Fort Bragg with
similar individuals at 2 comparison sites.

Sample

The focus of the FBEP was on the experiences of
a sample of 984 children and adolescents aged 5 to
18 years who received services at the comparison
and demonstration sites.’” The analyses were lim-
ited to individuals receiving only outpatient ser-
vices and for whom follow-up data were available.
In particular, a total of 431 observations used only
outpatient services in the 12 months after study
entry. Of these observations, 130 were dropped
from the analysis because 12-month follow-up
data were unavailable. (To improve the precision of
the parameter estimates involved (and of the
resulting propensity scores), the full sample was
used in the multinomial logit analysis presented
subsequently. Also dropped from that analysis
were 14 cases with missing data for the covariates.

The information used to identify individuals
who received only outpatient services and to de-
termine the number of outpatient visits received
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within a year of entry into the study was derived
from 2 sources. The primary source of utilization
data for the comparison site was claims from the
military’s insurer (the payor at the comparison
site). At the demonstration, a central clinic either
arranged or provided all services and maintained a
management information system tracking service
use. (Based on a substudy involving a review of
medical records for a sample of individuals at each
site, the 2 sources appear fairly comparable in
terms of their accuracy and completeness.'%20)

Because both sources were available from 1988
forward, these data also could be used to identify
individuals who received mental health services
before the start of the study.

Measures

Interviews were conducted with children and
their parents at entry into the study and at
6-month intervals thereafter. That information in-
cluded client and family demographics such as
age, gender, race (dummy coded for black vs.
white), and parent education. Key mental health
outcomes include symptomatology (measured by
the Child Behavior Checklist [CBCL]2') and func-
tioning (measured by the Child and Adolescent
Functioning Assessment Scale [CAFAS]).2223
These measures provide outcomes for these anal-
yses. As discussed subsequently, baseline scores
on these measures also were used in calculating
the propensity score as were prior service use and
the demographic variables described previously.

Results

As noted, individuals receiving different
amounts of services might differ systematically,
and one strategy is to adjust for various individual
characteristics that potentially influence both dose
and outcomes. The data provide a rich source of
such information, and Table 1 describes the sam-
ple in terms of characteristics used in the analyses
reported here.

For the purposes of the analyses here, we
characterized dose with 7 categories to capture any
nonlinearities between service use and outcomes
(see Table 2). The boundaries were somewhat
arbitrary, but provided a fairly even distribution of
the sample across the resulting categories and
captured nearly all the variance in dose (88%).

PROPENSITY SCORE MATCHING

In the first stage of our analyses, we estimated a
multinomial logit regression predicting dosage us-
ing the characteristics in Table 1 as explanatory
variables. Table 3 presents the results of those
analyses. The resulting coefficient estimates were
used to calculate propensity scores for each dosage
category. As discussed previously, the inverse of
that probability was used to create a weight. The
propensity score-adjusted estimates presented
here incorporated these weights.

Table 4 describes levels of improvement over
time using the 7 groups described previously.
Improvement was measured as the change over
time in the outcome measures. (Because the mea-
sures were scored so that higher scores indicated
worse mental health, the actual scores generally
decreased over time.) We assessed statistical sig-
nificance for the overall relationship using ordi-
nary regression that included 6 dummy variables
(with the first, lowest-dose category serving as the
omitted group). For the CBCL, we found no
relationship between dose and symptomatology
(P = 0.28). The relationship between dose and
functioning (CAFAS) was significant (P = 0.02)

As discussed previously, the relationship be-
tween dose and functioning (or the lack of one
between symptomatology and dose) could be ex-
plained by systematic differences among individ-
uals receiving different doses. Table 4, therefore,
also presents the findings based on propensity
score matching (ie, using the probability weights
described previously). Like in the raw compari-
sons, dosage was unrelated to symptomatology
(CBCL) in the propensity score analysis. The rela-
tionship between dose and the CAFAS, however,
remained significant in the propensity score anal-
ysis (P = 0.02). The striking difference between the
adjusted and unadjusted figures involved the sec-
ond group, individuals receiving between 3 and 6
visits. When one accounts for the other covariates,
this group’s situation actually deferiorated during
the 12-month follow-up period. One can see the
relative position of this group most clearly in
Figure 1, which plots the unadjusted and propen-
sity score-adjusted figures.

This finding was consistent across a variety of
alternative model specifications. The dip re-
mained, for example, when we used an ordered
logit to generate the predicted probabilities and
the corresponding weights. In additional analyses,
we increased the range of characteristics used to
generate the propensity scores including, for ex-
ample, clinical diagnosis and other demographics
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TasLE 1. Sample Characteristics (n = 301)

Standard
Characteristic Mean Deviation
Demonstration 66% 0.47
Female 41% 0.49
Age 10.15 3.51
Race (nonwhite = 1; 23% 0.42
white = 0)
Parental Education
College graduate 26% 0.44
High school graduate only* 15% 0.36
Previous service use 16% 0.36
Baseline functioning (CAFAS) 36.71 21.51
Baseline symptomatology (CBCL) ~ 63.50  10.18

*Omitted or baseline category: caretaker has some
postsecondary education.

Information on the number of outpatient visits taken
from CHAMPUS claims and management information
system data from the Fort Bragg Demonstration. Other
data collected as part of interviews conducted as part of
the Fort Bragg Evaluation.

CAFAS = Child and Adolescent Functioning
Assessment Scale; CBCL = Child Behavior Checklist.

such as family income. The resulting analyses were
similar to those presented here. (See the third
series in Fig. 1.) We also examined the sensitivity
of our findings to the boundaries used to define
dose categories. In supplemental analyses, we
divided the second category into 2 groups (3 or 4
visits and 5 or 6 visits). The dip at 3 to 6 visits was
clearly driven by the 3- or 4-visit group.

Conclusions

In many circumstances, the best source of in-
formation on the effect of a treatment or service

TaBLE 2. Dose Categories (n = 301)

Percentage

1 or 2 Visits 12
3-6 13
7-11 16
12-18 16
19-24 12
25-35 14
37+ 17

100
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involves comparisons of individuals who choose
alternative treatments. Propensity score methods
represent a promising means for improving such
comparisons by providing a flexible and conve-
nient way to adjust for preexisting between-group
differences. These methods, however, adjust only
for between-group differences in measured char-
acteristics and are no panacea. In any particular
application, the range of available measures
largely determines the strength of the method.
The “strong ignorability” assumption on which
propensity score methods rest remains a relatively
strong one, but analysts can make it more palat-
able by incorporating a wider array of individual
characteristics in their analyses.

This discussion leaves open the question of how
many covariates to actually include in developing
propensity scores. One standard for judging the
adequacy of the covariates is provided by prior
research on the treatment of interest itself. In that
light, the model used to determine propensity
scores should incorporate the predisposing, en-
abling, and need factors prior research has identi-
fied as shaping service use. To the extent system-
atic determinants are omitted, and those
characteristics affect or are correlated with the
outcomes of interest, the analysis is subject to
omitted variable bias. For this reason, the analyst
should err on the side of caution in determining
which covariates to include in adjusting between-
group comparisons.

Propensity score methods recently have been
extended to situations involving more than 2
groups. In this form, propensity score matching
involves a form of weighting, and this article
illustrates that approach using data from a prom-
inent study in the field of children’s mental health
services. Our findings suggest that increases in the
number of outpatient visits, after a point, improve
functioning. Our findings also reveal some dimin-
ishing returns to additional visits at higher levels
of use. This level is well below that at which visit
maximums are typically set by insurance compa-
nies. Although subject to some imprecision in this
analysis (as a result of sample size), the returns
beyond 12 to 18 visits are uncertain at best, at least
for these data and the outcomes considered here.
Whether this finding would hold in larger, more
representative datasets is an important question
for future research. If the finding does replicate, it
suggests the emphasis on parity could be a bit
misplaced.
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TasLE 3. Multinomial Logit Analysis of Dose (n = 417)

Dose Category (no. of visits)

Covariate 1-2 3-6 7-11 12-18  19-24  25-35 37+
Site (1 = demonstration; Marginal effect —0.216 —0.214 0.051 0.068 0.092 0.093 0.127
0 = comparison) SE 0.041 0.044 0.037 0.038 0.031 0.034 0.032

P value 0.00 0.00 0.17 0.08 0.00 0.01 0.00
Gender (1 = male; Marginal effect 0.003  —0.058 0.097 0.043 —0.034 —0.001 —0.051
0 = female) SE 0.026 0.033 0.044 0.044 0.035 0.039 0.036

P value 0.91 0.08 0.03 0.33 0.34 0.99 0.15
Age Marginal effect 0.000  —0.006 0.008 0.003 0.001 —0.001  —0.005
SE 0.004 0.005 0.006 0.006 0.005 0.005 0.005

P value 0.94 0.22 0.17 0.65 0.82 0.93 0.35
Race (nonwhite = 1; Marginal effect 0.086 —0.024 —0.009 0.043 0.001  —0.067 —0.029
0 = white) SE 0.038 0.036 0.043 0.048 0.038 0.039 0.039

P value 0.02 0.50 0.83 0.37 0.98 0.09 0.46

Parental education (Omitted or baseline category: caretaker has some postsecondary education)

College graduate Marginal effect  —0.001 0.038 —0.038 —0.030 0.088 —0.027 —0.029
SE 0.032 0.049 0.053 0.056 0.059 0.051 0.051

P value 0.96 0.45 0.47 0.59 0.14 0.60 0.57
High school graduate Marginal effect  —0.062 —0.060 —0.008 0.019  —0.045 0.034 0.122
only SE 0.024 0.036 0.045 0.049 0.038 0.047 0.052

P value 0.01 0.09 0.85 0.69 0.24 0.48 0.02
Previous service use Marginal effect 0.050 —0.078 —0.052 0.047 0.024 0.019 -0.011
SE 0.043 0.034 0.050 0.062 0.051 0.053 0.048

P value 0.24 0.02 0.30 0.45 0.63 0.72 0.83
Baseline functioning Marginal effect 0.001 0.000  —0.002 0.001  —0.002 0.001 0.000
(CAFAS) SE 0.001 0.001 0.001 0.001 0.001 0.001 0.001

P value 0.08 0.80 0.04 0.26 0.02 0.11 0.77
Baseline symptomatology =~ Marginal effect  —0.002 —0.002 —0.002 —0.004 0.001 0.002 0.007
(CBCL) SE 0.001 0.002 0.002 0.002 0.002 0.002 0.002

P value 0.08 0.23 0.46 0.11 0.52 0.47 0.00

LR chi? (54) = 168.91
Prob > chi* = 0.0000

Presented are the marginal effects derived from the multinomial logit regression coefficients.

Those P values less than 0.05 are emboldened.

SE = Standard error; CAFAS = Child and Adolescent Functioning Assessment Scale; CBCL = Child Behavior

Checklist.

The benefits of higher dose seem limited to
functioning rather than symptomatology. This di-
vergence could be either substantive or method-
ologic in nature. Such variation is common but
poorly understood. (See, for example, the literature
on dose response for adults.?4-28) This variability is
clearly an area for future research.

Like Angold, we find that individuals who
participate in treatment for a few visits and then
drop out fare poorly. The poor performance of this
group could be explained by the fact that these
children and/or their parents find the first few
therapy sessions unsettling but might not persist
long enough to experience the benefits of treat-
ment. (In addition, those sessions could sensitize

parents to the children’s problems.) Just as likely is
that this finding reflects forms of selection not
captured by the propensity score methodology.
Expanding the list of covariates does diminish the
drop-off for this group somewhat.

From a service-delivery perspective, this group
deserves special attention regardless of the expla-
nation. Clinicians could lack the resources to con-
tact these patients for follow up, but managed care
companies might use a form of low-intensity case
management to encourage these clients to con-
tinue their treatment. Given the poor outcomes for
these individuals, this practice could be cost-
effective. Extending the episode of outpatient ther-
apy could avoid costly inpatient care later.
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TaBLE 4. Impact of Dose on Key Outcomes*

Unadjusted Adjusted+

Dosage Level CAFAS CBCL CAFAS CBCL
1-2 12.42 6.73 7.59 6.28
3-6 10.57 8.98 —4.13 8.84
7-11 13.00 10.83 19.86 11.77
12-18 24.32 9.29 24.14 9.52
19-24 12.50 8.06 13.71 6.36
25-35 26.34 9.95 22.74 8.91
37+ 19.11 9.76 17.94 9.17
R-square 0.06 0.02 0.10 0.04
Observations 270 301 260 290

Significance level 0.02 0.28 0.02 0.19

*So that higher scores indicate greater improvement, we reverse coded the CAFAS and CBCL in calculating the

measure of change.

TThese estimates are propensity score-adjusted using the weighting scheme in Imbens.” The weights are based
on the propensity scores (or predicted probabilities) calculated using the results of the multnomial logit model

presented in Table 3.

iSigniﬁcance level refers to the null hypothesis that there is no variation across the dose categories.
CAFAS = Child and Adolescent Functioning Assessment Scale; CBCL = Child Behavior Checklist.

Because these analyses are based on the same
data as 2 other articles, some effort to reconcile the
different findings is instructive. These results con-
tradict those in Salzer et al.’6; one explanation is
that those authors control for only baseline differ-
ences in the key outcome measures. As Angold

demonstrates, substantial heterogeneity exists
even among those individuals with similar scores
at baseline. The apparent absence of a link be-
tween dose and outcome, therefore, could reflect
the fact that individuals receiving higher doses
were more seriously ill, masking the benefits of
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added treatment. Other explanations are possible
such as a more rigid functional form. By using 7
categories, the analyses presented here capture
substantial nonlinearities that would be masked in
ordinary regression (even one in which dose was
log-transformed).

On the other hand, the results presented here
are similar to those in the study by Foster.’® As
discussed, the instrumental variables estimation
used in that paper relaxes the strong ignorability
assumption but replaces it with other assumptions
(involving the choice of instrumental variables).
For either propensity score or instrumental vari-
ables methods, the assumptions involved are
largely untestable.

How does one choose between the 2 meth-
ods? Obviously, the presence of a plausible
instrumental variable is one criterion. If the
instrument is contrived or a poor predictor of
treatment status, then the properties of instru-
mental variables estimation are poor.'® Another
criterion involves the range of available covari-
ates on which to match groups receiving differ-
ent treatments. With a greater range of variables,
the strong ignorability assumption becomes
more plausible, and the propensity score meth-
ods become more attractive.

Another criterion involves the analyst’s knowl-
edge of the phenomenon involved. The instru-
mental variables approach does address a broader
range of potential problems, including unobserved
between-group differences.® That method corrects
for measurement error in dosage as well. (Such
error might exist in services research because of
problems with key sources of services data [eg,
data entry] or because individuals access services
not captured by available data.) Where such prob-
lems seem unlikely, the benefits of instrumental
variables estimation might be outweighed by the
costs stemming from the additional assumptions
required.
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