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Abstract

Objective: There is an ongoing debate how to interpret findings of meta-analyses
when substantial clinical heterogeneity is present among included trials. The aim
of the present study was to demonstrate various ways of dealing with clinical
heterogeneity along with underlying assumptions and interpretation. A recent
meta-analysis on long-term psychodynamic psychotherapy (LTPP) was used as
an illustrative example.
Method: Re-analysis of published data including calculation of a prediction interval,
heterogeneity tests, Bayesianmeta-analysis, meta-regression, and subgroup analysis
to explore and interpret summary estimates in clinically heterogeneous studies.
Results:Meta-analytic results and their implications varied considerably depending
on whether and how clinical heterogeneity was addressed.
Conclusions: Whether or not to trust summary estimates in meta-analysis depends
largely on the subjective relevance of clinical heterogeneity present. No single
analysis and interpretation strategy can be valid in every context or paradigm,
thus, reflection of own beliefs on the role of heterogeneity is needed. Copyright ©
2013 John Wiley & Sons, Ltd.
Introduction

Evidence on effectiveness of long-term psychodynamic psy-
chotherapy (LTPP) from randomized-controlled trials is
scarce (Fonagy, 2010a). Therefore, it is of great importance
that recently Leichsenring and Rabung (2011) performed a
meta-analysis in order to summarize randomized evidence
on effectiveness of LTPP. They included randomized-
controlled trials that compared LTPP of a minimum
duration of one year or 50 sessions with other psychother-
apeutic treatments as active comparators. In their analysis
of 10 trials in 971 patients with personality disorders,
chronic disorders, or multiple mental disorders
Leichsenring and Rabung (2011) found a statistically
significant standardized between-group effect size (Hedges’ d)
of 0.54 for the overall effectiveness outcome and concluded
that LTPP was superior to less intensive methods of psycho-
therapy in complex mental disorders.

Although they clearly defined the treatment of interest
(LTPP), Leichsenring and Rabung (2011) adopted broad
inclusion criteria on the investigated patients and compar-
ator treatments. They defined their target population as
patients with “complex mental disorders”, and the investi-
gated studies included patients with personality disorders,
eating disorders, as well as depressive and anxiety
disorders. Under the term “less intensive methods of
psychotherapy”, which was used to describe comparator
treatments, cognitive (behavioural) therapy, dialectical
1



Dealing with clinical heterogeneity in meta-analysis Kriston
behavioural therapy, structured clinical management, and
treatment as usual were subsumed, among others. In sum-
mary, some may consider the analysed patient populations
and comparator treatments clinically heterogeneous. This
raises important questions: How should we interpret meta-
analytical findings in clinically heterogeneous trials? How
much clinical heterogeneity is too much? Which options
do we have to deal with this heterogeneity? In the case of
LTPP, where a practical interpretation of the authors is
largely missing: Have Leichsenring and Rabung (2011)
evidenced superiority of LTPP over all forms of less inten-
sive psychotherapy in all (or at least in the investigated)
complex mental disorders? If yes, how can we use this
finding to inform clinical practice? If not, what are the
implications of their findings?

Although questions regarding clinical heterogeneity in
meta-analysis are not new (Greenland, 1994; Thompson,
1994; Smith et al., 1997; Lau et al., 1998; Higgins et al.,
2002), a consensual answer is lacking. One of the major
dichotomies concerning this topic is that of “lumping” versus
“splitting”. “Lumpers” tend to define their questions broadly
and are rather liberal with regard to including clinically het-
erogeneous trials, for which they provide overall summary
estimates (Gøtzsche, 2000). On the contrary, “splitters”
prefer formulating narrow research questions and focus
their analyses on clinically homogeneous groups of trials
(Counsell, 1997). The Cochrane Handbook for Systematic
Reviews of Interventions lists several advantages and disad-
vantages to both broad and narrow research questions
(Higgins and Green, 2011). In the present study the terms
“lumping” and “splitting” are used in a descriptive sense;
they simply inform on how a meta-analysis was conducted.

Starting at the lumping versus splitting dichotomy the
present study aims at presenting various approaches to
dealing with clinical heterogeneity in meta-analysis. In
addition to a pure description (how clinical heterogeneity
can be handled), the role of underlying assumptions
and beliefs behind a meta-analysis (how clinical hetero-
geneity is defined and perceived) and implications for
interpretation (what the findings mean) are explored.
The earlier mentioned meta-analysis on LTPP by
Leichsenring and Rabung (2011) is used as an illustra-
tive example including partial re-analysis of data.
Lumping as literature synthesis

The rationale behind a meta-analysis is not always clearly
stated. Probably, the most frequently reported motive is
“to summarize evidence” on a particular topic. This may
be an appropriate proximal reason for a meta-analysis,
but seldom informs on why a summary is needed. This
Int. J.
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form of lumping is sometimes described as “literature
synthesis” or “summary” approach (Wachter et al., 1990;
Rubin, 1992) and “possibly reflects an emphasis through-
out medical statistics on inference rather than on decision
making” (Ades et al., 2005, p. 652).

In this context the choice of a statistical model to
summarize effects across trials is of central interest. Usu-
ally, fixed-effect or random-effects models are considered
to obtain a summary estimate with a corresponding 95%
confidence interval. A fixed-effect model assumes that all
trials estimate the same (fixed) true treatment effect,
while random-effects models assume that no single
true treatment effect exists, but each trial estimates a
trial-specific true treatment effect, with these effects
following a certain (commonly normal) distribution
(Lau et al., 1998; Higgins et al., 2009; Riley et al., 2011).
As the Cochrane Handbook states, the random-effects
model “represents our lack of knowledge about why real,
or apparent, intervention effects differ by considering the
differences as if they were random” (Higgins and Green,
2011, section 9.5.4). Based on the presented underlying
assumptions summary estimates obtained by fixed-effect
and random-effects models are conceptually different. A
fixed-effect summary estimate with its 95% confidence
interval describes the true (common) treatment effect
along with its precision. A random-effects summary
however informs about the average treatment effect and
its precision.

In psychotherapy research the literature synthesis
approach has a long tradition. Several authors were inter-
ested in the overall effectiveness of psychotherapeutic
treatments and contributed to the development of the
methodological-statistical foundations of meta-analysis
(Smith et al., 1980; Lipsey and Wilson, 1993). The meta-
analysis on LTPP by Leichsenring and Rabung (2011)
may be considered as part of this tradition of lumping psy-
chotherapy research literature synthesis. They declared
their study to be an update of a previous meta-analysis
(Leichsenring and Rabung, 2008). That first analysis
received several critical remarks (Thombs et al., 2009; Bhar
et al., 2010; Littell and Shlonsky, 2010) and the authors
attempted to improve their approach and provided a sub-
stantial update.

Leichsenring and Rabung (2011) used a random-effects
model and calculated an effect size (Hedges’ d) for the
main outcome (“overall effectiveness”, i.e. the average
effect size on psychiatric symptoms, personality functioning,
and social functioning) of 0.54 with a 95% confidence
interval of 0.26 to 0.83. This is considered a medium-sized
effect (Cohen, 1988) with a fairly convincing precision,
which several researchers are likely to translate as clinically
Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/mpr
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relevant. Accordingly, Leichsenring and Rabung (2011)
conclude that LTPP is superior to less intensive forms of
psychotherapeutic interventions. Using a more exact word-
ing one could put the results of the meta-analysis as “LTPP
has a statistically significant and medium-sized average effect
over less intensive psychotherapeutic treatments”. Note
that the emphasis on the average effect is due to the
random-effects model that was implemented. The findings
indicate not less and not more than that the mean of
the distribution of the trial-specific true treatment effects
is statistically different from zero.
Lumping in a decision-making context

Imagine that you are a leading clinician treating mainly
chronically depressed patients with short- to medium-
term behavioural therapy and consider LTPP as a new
outpatient treatment to be implemented in your department.
Would you rely on the earlier described meta-analysis by
Leichsenring and Rabung (2011) including various diagnos-
tic groups and control interventions as strong evidence that
LTPP will lead to improved outcomes in your practice? Even
if you considered the differences in treatment effect estimates
across the patient populations and comparator treatments
investigated in the meta-analysis as random (they all belong
to the broader classes of “complex mental disorders” and
“less intensive psychotherapeutic treatments”, respectively),
you would presumably still want to know how large these
differences are, i.e. whether and to which extent the effect
of LTPP varied across trials.

In meta-analysis variation in the effect estimates from a
set of studies is termed (statistical) heterogeneity. Whether
heterogeneity is present is commonly tested with
Cochran’s Q test statistic that examines the null hypothesis
that all studies estimate the same effect (Cochran, 1954). A
statistically significant result of Cochran’s test (at P< 0.05
or with more caution at P< 0.10) suggests that heteroge-
neity is present (Higgins and Green, 2011). A frequently
used descriptive measure of the percentage of statistical
heterogeneity beyond the amount expected solely due to
chance (sampling error) is the I2 statistic that is calculated
from Cochran’s Q and the corresponding degrees of free-
dom (Higgins et al., 2003). According to the Cochrane
Handbook an I2 of 0% to 40% might not be important,
30% to 60% may represent moderate heterogeneity, 50%
to 90% may represent substantial heterogeneity, and
75% to 100% may indicate considerable heterogeneity
(Higgins and Green, 2011). It should be noted that the
intervals are overlapping because various factors can influ-
ence the importance of the observed I2 value, e.g. magni-
tude and direction of trial effects.
Int. J. Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/m
Copyright © 2013 John Wiley & Sons, Ltd.
As clinical heterogeneity is a major cause of statistical
heterogeneity, it is no surprise that in the meta-analysis
by Leichsenring and Rabung (2011) statistical heterogene-
ity proved to be not only statistically significant
(Q = 24.74, df = 9, P= 0.003) but also substantial as
signalized by an I2 index of 64%. This indicates that
two-thirds of the variability in effect estimates are owing
to heterogeneity between studies rather than sampling
error. These parameters were recalculated from the effect
sizes of the included studies reported by Leichsenring
and Rabung (2011; see also the Appendix for details).
Unfortunately, in their publication Leichsenring and
Rabung (2011) reported an atypical Q statistic (11.72),
which led to an erroneous I2 estimate (23%). They are
likely to have overlooked that the Q value reported by
the software they used (MetaWin) in case of a random-
effects analysis is not Cochran’s standard Q statistic
(which is calculated from fixed-effect weights and
serves as basis for the calculation of the standard I2),
but a “generalized” variant of it based on random-effects
weights and used mostly for estimating the between-trial
variance component (DerSimonian and Kacker, 2007;
see also the Appendix for details). Considering that not
only the highly accessed and cited first meta-analysis on
LTPP by Leichsenring and Rabung (2008) used MetaWin
(and may have repeated the same error) but also
several other researchers work with this software,
special care and consulting the user’s manual is
advised when it comes to testing of heterogeneity with
MetaWin in order to keep estimates comparable to
other statistical packages.

Turning back to our decision-making example, the
substantial statistical heterogeneity identified would
probably make you sceptical about the expected effect
of LTPP when introduced in your practice. However,
you may raise the question whether the identified hetero-
geneity is large enough to nullify the medium-sized aver-
age treatment effect. You may still argue that although
heterogeneity is disturbing, it does not really matter
whether the expected effect in your department is small,
moderate, or large, as long as it exists (i.e. LTPP is supe-
rior to your current practice). In order to aid decision-
makers in similar situations, Riley et al. (2011) presented
the concept of prediction intervals. A prediction interval
describes the expected effect of a treatment when it is
applied within an individual setting (of course, only as long
as all other aspects of the individual setting are comparable
to that of the analysed trials). Correspondingly, a 95%
prediction interval provides the bounds for the expected
treatment effect in 95% of the individual study settings. A
prediction interval can easily be calculated from random-
pr
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effects models using the summary treatment effect, the
standard error of the summary treatment effect, and the
between-trial variance (Riley et al., 2011). An assumption
behind the calculation of prediction intervals is that trials
are considered more or less homogeneous entities (see expla-
nation of random-effects models earlier). In case of the LTPP
meta-analysis it would mean that included patient
populations and comparator treatments should be consid-
ered exchangeable, which is indicated if one is ready to accept
“complex mental disorders” and “less intensive forms of
psychotherapeutic interventions” as sufficiently homoge-
neous classes with regard to the effectiveness of LTPP. If it
is not the case, prediction intervals will be seen just as useless
as average effect estimates.

In the meta-analysis of Leichsenring and Rabung (2011) a
95% prediction interval can be calculated as �0.22 to 1.30
(for calculation see the Appendix). This interval contains
values below zero, therefore, although on average LTPP
seems effective, it may not always be beneficial in any
individual setting. This finding suggests that the expected
treatment effect in case of an attempted implementation of
LTPP is by far not as precise as the summary treatment
effect. In general, in a clinical decision-making context
the prediction interval should be considered as additional
information, because reliance solely on the summary effect
size and its confidence interval could be misleading.
Bayesian meta-analysis and the role of prior beliefs

Interpretation of any scientific (not only meta-analytic)
finding is always made on the basis of existing knowledge
and expectations. When a study result is judged, some
kind of cognitive integration of these prior beliefs and the
empirical data is needed. Usually, more and stronger
empirical evidence is necessary to convince a sceptic than
someone who was already confident that the tested
hypothesis was true, and sometimes only a very large amount
of unequivocal evidence can persuade an opponent.

Prior beliefs in traditional (“frequentist”) meta-analysis
are mainly reflected in the choice between a fixed-effect and
a random-effects model. If the included trials are thought to
estimate a common treatment effect, a fixed-effect model is
preferred, but if heterogeneity is expected, a random-effects
model can be used. Thus, the choice between these two
models concerns rather the between-trial variance than
the estimate of the treatment effect itself. Bayesian
meta-analysis (Smith et al., 1995; Sutton and Abrams,
2001) offers a more flexible approach, in which prior
beliefs on the treatment effect in addition to the between-
trial variance can be mathematically modelled. Conse-
quently, in addition to the presumption in traditional
Int. J.
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meta-analysis whether between-trial variance is present
or not, Bayesian meta-analysis allows a more exact speci-
fication of the prior probability distribution (e.g. mean
and precision in case of a normal distribution) of the
modelled parameters. Additionally, in Bayesian analysis
probability statements can be made directly regarding
quantities of interest, for example, the probability that
patients receiving treatment A will have a better outcome
than patients receiving treatment B.

Results of a Bayesian re-analysis of the LTPP data
published by Leichsenring and Rabung (2011) according
to various definitions of prior parameter probability
distributions are presented in Table 1. All models were com-
puted with Monte Carlo Markov chain simulation with
three independent chains in WinBUGS version 1.4.3 (Lunn
et al., 2000). In all cases a burn-in of 20,000 simulations was
discarded and presented results were obtained by a further
sample of 80,000 simulations. Several prior distributions
were defined for the treatment effect (including its preci-
sion) and the between-trial standard deviation parameter.
Vague (uninformative) parameters mean that the defined
distributions allow for a very large range of values and no
substantial prior information is present. A large effect was
defined as d=0.8. High precision was defined as a standard
error of the average treatment effect of 0.10 and indicates a
high degree of certainty about the treatment effect. Low pre-
cision was defined as a standard error of 0.32. An informative
between-trial standard deviation was modelled with a
gamma distribution Γ(1, 0.1) meaning that a value between
0.16 and 1.99 is expected with a 95% probability and a
median at 0.38. In some analyses between-trial standard
deviation was fixed at zero leading to a fixed-effect model.
Some of the prior distributions were defined somewhat
arbitrary but represent reasonable scenarios and provide a
solid basis for judging Bayesian results on LTPP (for more
details and WinBUGS code see the Appendix).

Depending on the prior assumptions on the size and
precision of the effect as well as on the within-trial
standard deviation (first three columns in Table 1),
posterior estimates show considerable variation. Using
uninformative priors (first line in Table 1), i.e. letting the
data “speak”, leads to estimates largely comparable with
that from Leichsenring and Rabung (2011). The average
treatment effect is estimated 0.54 with a 95% credible
interval (corresponds to confidence interval) of 0.28 to
0.84 and a between-trial standard deviation of 0.31. The
treatment effect in a new trial or individual setting is
expected to fall between �0.25 and 1.36 with a probability
of 95% (corresponds to the prediction interval). The prob-
ability that LTPP will perform at least as well or better
than the comparator treatment is 93.5%, while an at least
Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/mpr
Copyright © 2013 John Wiley & Sons, Ltd.



Table 1. Bayesian meta-analysis with various prior assumptions

Priors Posterior estimates

d Prec(d) sd d CrI (d) sd CrI (d.new) p1 (%) p2 (%)

vague vague vague 0.54 (0.28, 0.84) 0.31 (�0.25, 1.36) 93.5 86.1
vague vague none 0.48 (0.34, 0.61) — (0.34, 0.61) 100 100
null low vague 0.46 (0.19, 0.69) 0.31 (�0.37, 1.22) 90.7 81.6
null low none 0.46 (0.33, 0.59) — (0.33, 0.59) 100 100
null low informative 0.46 (0.19, 0.70) 0.35 (�0.36, 1.26) 89.0 77.4
null high vague 0.13 (�0.08, 0.33) 0.58 (�1.22, 1.36) 61.7 47.0
null high none 0.33 (0.22, 0.44) — (0.22, 0.44) 100 98.9
null high informative 0.14 (�0.06, 0.33) 0.51 (�1.03, 1.23) 63.0 46.7
large low vague 0.58 (0.35, 0.86) 0.31 (�0.19, 1.42) 94.6 87.9
large low none 0.49 (0.36, 0.62) — (0.36, 0.62) 100 100
large low informative 0.59 (0.34, 0.86) 0.35 (�0.19, 1.43) 93.9 85.8
large high vague 0.71 (0.55, 0.89) 0.39 (�0.17, 1.63) 95.5 90.4
large high none 0.58 (0.47, 0.69) — (0.47, 0.69) 100 100
large high informative 0.72 (0.55, 0.89) 0.39 (�0.10, 1.60) 96.0 90.8

Note: d, summary effect estimate; Prec(d), precision (1/variance) of summary effect estimate; sd, between-trial standard
deviation; CrI, 95% credible interval; d.new, expected effect estimate in an individual (new) trial; p1, probability that d.new≥0;
p2, probability that d.new≥0.2; for explanation see text and the Appendix.
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small effect size (d= 0.2) can be expected with a probabil-
ity of 86.1%. However, if prior beliefs are critical, say,
LTPP is considered no better than any comparator
psychotherapy (zero treatment effect) with high certainty
(high precision) and realistic between-trial variance
(informative standard deviation), the average treatment
effect reduces to 0.14 with a 95% credible interval �0.06
to 0.33, and LTPP is expected to reach an at least small
effect in a new trial only with a probability of 46.7%.
However, convinced representatives of LTPP may expect
a large effect with high precision and a vague prior for
the between-trial variance [for example, because they ac-
knowledge that LTPP is hard to standardize completely
and represents an “umbrella concept” (Leichsenring and
Rabung, 2011)], which leads to a Bayesian average effect
size estimate of 0.71 and a 90.4% probability that LTPP
will outperform any less intensive psychotherapy with an
at least small effect size in a new trial or individual setting.
It should also be noted that fixed-effect models that do not
model between-trial heterogeneity provide the same
narrow credible intervals for the average summary effect
and the expected effect in a new trial, both excluding zero
in all scenarios. This finding shows that ignoring heteroge-
neity is likely to lead to a high confidence with regard to
the effect to expect in an individual setting. In summary,
the presented conclusions differ to a large extent in depen-
dence of the prior beliefs, although the same data were
Int. J. Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/m
Copyright © 2013 John Wiley & Sons, Ltd.
analysed. Several other combinations of prior beliefs can
be found in Table 1, which is likely to give an impression
how they influence Bayesian estimates.
From lumping to splitting through investigation
of heterogeneity

If heterogeneity is observed, reviewers have several options
to deal with it (Higgins and Green, 2011). Besides some
less favourable options like excluding outliers or simply
ignoring heterogeneity by using a fixed-effect model
(consequences in a Bayesian framework can be seen
earlier), most experts agree that the sources of heterogene-
ity should be investigated (Thompson, 1994; Lau et al.,
1998; Thompson and Sharp, 1999; Higgins et al., 2002;
Higgins and Green, 2011). The first step in such an
investigation is the identification of possible moderator
variables, i.e. characteristics that may influence the treat-
ment effect. Two frequently used methods for further pro-
ceeding are subgroup analysis and meta-regression (both
can be adapted in a frequentist or a Bayesian framework).
Subgroup analysis is a division of the total set of trials into
groups with a subsequent meta-analysis in each group.
Comparing summary effects between groups visually or
statistically, e.g. through performing a standard test for
heterogeneity across subgroup results (Borenstein et al.,
2008), provide some information whether the variable
pr
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chosen to build groups explains a piece of heterogeneity.
Similarly to simple regression, in meta-regression the effect
size estimate in each trial (outcome) is regressed on one
or more possible effect moderators (predictors). Although
several models are available, random-effects meta-regression
with a restricted maximum-likelihood estimator may be
preferable (Thompson and Sharp, 1999). As clinical
heterogeneity is one of the possible sources of statistical
heterogeneity, it is frequently advisable to consider clinical
characteristics as possible effect moderators. It should be
mentioned that although post hoc identification of sources
of heterogeneity is sometimes helpful, potential effect mod-
erators should be defined a priori to avoid data dredging
whenever possible (Higgins and Green, 2011).

In their meta-analysis, Leichsenring and Rabung
(2011) considered the number of included trials too
small to test diagnostic classification of included patients
and comparator treatments as possible effect moderators.
However, being confronted with the wide clinical range
of investigated patients and comparator treatments
several readers may not perceive a reduction in clinical
heterogeneity solely due to the small number of trials.
That this question is considered relevant is reflected by
several reactions on the first meta-analysis on LTPP by
Leichsenring and Rabung (2008), which used similarly
broad criteria (Beck, 2009; Kriston et al., 2009; Bhar
et al., 2010). Accordingly, for at least some researchers
it is of interest to test whether clinical heterogeneity
may provide some explanation for the statistical hetero-
geneity detected. Although trustworthiness and power
of tests to explain heterogeneity in a small number of
studies is in fact limited, running two random-effects
meta-regression analyses provides informative results.
Clinical heterogeneity due to diversity regarding mental
disorders of included patients explained 32% of the
between-study variance of effect estimates (P= 0.16),
while diversity due to the different comparators
explained 70% of the between-study variance of effect
estimates (P= 0.003) (see Appendix for details). Even if
the results are statistically not strictly convincing, one
should keep in mind that “the extent of statistical
heterogeneity, which can be quantified, is more impor-
tant than the evidence of its existence” (Thompson,
1994; p. 1352). In case of investigation of heterogeneity
description should be given priority over inference, not
only because an “absence of evidence is not evidence of
absence” (Altman and Bland, 1995), but also because
heterogeneity tests frequently lack power to detect “even a
moderate degree of genuine heterogeneity” (Thompson,
1994). In summary, the diagnostic categories of the in-
cluded patients and particularly the classes of comparator
Int. J.
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treatments seem to substantially contribute to statistical
heterogeneity among trials on LTPP.
Splitting as an a priori strategy

Imagine teams developing disorder-specific clinical prac-
tice guidelines and coming to the question of reviewing
evidence on LTPP. They would probably not think of
summarizing treatment effects over diagnostic categories
but rather keep diagnostic groups separated from the be-
ginning. Even if they would be ready to accept that less in-
tensive psychotherapies may show only negligible
difference in effectiveness and be considered homogenous,
their analyses still would be divided in diagnostic groups a
priori. For another example picture a health-policy
decision-maker in psychosomatic medicine looking over
several institutions with various implemented psychother-
apeutic practices. He or she may be not interested in
diagnostic subgroups as most patients are suffering from
multiple disorders in his or her psychosomatic clinics,
but still would require evidence on LTPP in comparison
to well-defined treatments. As he or she would want to
know which of the current practices are inferior to LTPP
and thus candidates to be substituted by it, analyses
stratified for comparator treatments a priori would be
necessary.

Results for these two scenarios are presented in Table 2.
For subgroups according to patient populations, summary
effect estimates (Hedges’s d) range very broadly from 0.01
for Cluster C personality disorders (one study with a statis-
tically non-significant effect estimate) over 0.34 for eating
disorders (two studies with a pooled effect not reaching
statistical significance) and 0.40 for depressive disorders
(two studies yielding a statistically significant effect) to
0.81 for borderline personality disorder (five studies with
a statistically significant effect but substantial heterogene-
ity between studies). Subgroup analyses according to
comparator treatments yielded even more broadly varying
results. While no statistically significant effect in compari-
son to dialectic behavioural therapy was found (d= 0.17,
one study), comparisons with treatment as usual resulted
in a statistically significant (P< 0.001) pooled effect size
of 1.15 (three studies). Estimates for effectiveness of LTPP
compared to cognitive therapy, clinical management, and
mixed treatments fell between these two extremes. Thus,
pooled standardized mean differences in subgroups
according to patient populations and comparator treat-
ments have a range (defined as the difference between
the smallest and the largest estimate) of 0.80 and 0.98, re-
spectively; remember, Cohen interprets a standardized
mean difference of 0.80 as a “large” effect (Cohen, 1988).
Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/mpr
Copyright © 2013 John Wiley & Sons, Ltd.



Table 2. Results of subgroup analyses according to disorder of included patients and comparator treatment

Effect estimate Heterogeneity

n d (95% CI) p Q (df) p I 2 (%)

Disorder subgroups
Borderline personality disorder 5 0.81 (0.34 to 1.27) <0.001 15.70 (4) 0.003 75
Eating disorders 2 0.34 (�0.07 to 0.75) 0.10 0.72 (1) 0.40 0
Depressive disorders 2 0.40 (0.21 to 0.58) <0.001 0.67 (1) 0.41 0
Cluster C personality disorders 1 0.01 (�0.54 to 0.56) 0.97 n.a. n.a. n.a.

Comparator subgroups
Cognitive (behavioural) therapy 3 0.39 (0.05 to 0.73) 0.03 2.67 (2) 0.26 25
Dialectical behavioural therapy 1 0.17 (�0.26 to 0.60) 0.44 n.a. n.a. n.a.
Structured clinical management 1 0.65 (0.30 to 1.00) <0.001 n.a. n.a. n.a.
Treatment as usual 3 1.15 (0.57 to 1.73) <0.001 4.56 (2) 0.10 56
Mixed treatments 2 0.33 (0.13 to 0.53) 0.001 0.25 (1) 0.62 0

Note: n, number of studies; d, standardized mean difference (Hedges’ d ); CI, confidence interval; calculations were made
with Review Manager 5 (The Nordic Cochrane Centre, The Cochrane Collaboration, Copenhagen); n.a., not available.

Kriston Dealing with clinical heterogeneity in meta-analysis
It is of importance that although Leichsenring and
Rabung (2011) defined their goal as investigating
whether LTPP is superior to shorter or less intensive
psychotherapy, in some of the included trials the admin-
istered comparator treatment was similar in duration to
the LTPP arm. Due to this conflict between primary
aim and inclusion criteria an interesting situation
emerges, in that some of the subgroup analyses displayed
in Table 2 answer a different question than the one posed
by the higher-order meta-analysis, of which they are part
of. For example, both in the only trial performed in
Cluster C personality disorders (Svartberg et al., 2004)
and the only trial comparing LTPP with dialectic behav-
ioural therapy (Clarkin et al., 2007) the comparator treat-
ments were similar in duration to the administered
LTPP. In neither case a statistically significant difference
for the overall effectiveness outcome was found. In the
sense of the meta-analytical question they are rather neg-
ative findings, as LTPP was not superior to shorter psy-
chotherapeutic treatments. However, considering them
on their own may lead to classifying them as positive tri-
als, because they support LTPP in comparison to
established treatments of similar duration by suggesting
non-inferiority. Although in general it is not advisable
to include studies in a meta-analysis that do not contrib-
ute to answering the primary research question, this
example shows that extreme care is needed when sub-
group analyses are performed. Substantial clinical
heterogeneity may lead to an unseen modification of the
research question depending on which perspective is taken.
Int. J. Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/m
Copyright © 2013 John Wiley & Sons, Ltd.
Further splitting through cross-tabulating estimators
according to patient populations and comparator treat-
ments (i.e. considering both of them simultaneously) leads
to a conclusion that a reviewer strictly adhering to the
PICO (Participants, Interventions, Comparisons and
Outcomes) schema (Higgins and Green, 2011) may draw
from the re-analysed meta-analysis:

LTPP was more effective than treatment as usual (in
three studies) and structured clinical management
(in one study) but was not more or less effective than
dialectical behavioural therapy (in one study) in pa-
tients with borderline personality disorder. LTPP
was not more or less effective than cognitive ther-
apy (in one study) or mixed psychotherapeutic
treatments (in one study) in patients with eating
disorders. LTPP was more effective than cogni-
tive-behavioural therapy (in one study) and mixed
psychotherapeutic treatments (in one study) in
depressive disorders. LTPP was not more or less
effective than cognitive therapy (in one study) in
patients with cluster C personality disorders. For all
other mental disorders and comparators randomized
evidence on effectiveness of LTPP is missing.
Extreme splitting and doubts on meta-analysis

Following the argumentation of the presented study up to
this point a practicing clinician may raise the question,
whether we need the statistics at all. An interesting fact is
pr
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that it takes much more time to read and appraise the meta-
analytic literature and associated published correspondence
on LTPP (produced in the last few years starting with the
first meta-analysis of Leichsenring and Rabung in 2008)
than the 10 studies that were analysed. Also, the PICO-con-
form summary in the previous section comes almost
completely down to the discussion of individual studies.
As clinical heterogeneity will be inevitably present in almost
all meta-analyses (Thompson, 1994), in some cases consult-
ing the primary studies may bemore useful than relying on a
meta-analysis which summarized trials that one considers
inhomogeneous. A systematic review does not always need
to contain a meta-analysis (O’Rourke and Detsky, 1989;
Higgins and Green, 2011). As randomized studies investi-
gating effectiveness of psychotherapeutic treatments are
likely to have at least as much in common with complex
health services interventions (Craig et al., 2008) as with
pharmacological clinical trials, the so called “realist review”
methodology may also present an alternative to mechanic
meta-analysis (Pawson et al., 2005).
Conclusions

The present study aimed at highlighting the conse-
quences of following different strategies with regard to
clinical heterogeneity in meta-analysis using an illustra-
tive example. Several approaches along with their
assumptions and implications for interpretation were
described starting from a global lumping strategy and
ending up at doubts whether meta-analysis is meaningful
at all in some cases.

The main conclusion of the present study is a known
one: in case of summing up evidence “one answer is not
always enough” (Lau et al., 1998). However, while previ-
ous work mainly focused on dealing with heterogeneity,
here also underlying assumptions were explored and
some practical tools were demonstrated that may aid
the interpretation of meta-analytical findings with clinical
heterogeneity. All analyses that were performed here can
be conducted without consulting the primary studies as
long as the meta-analysis of interest is adequately
reported. Thus, readers may reflect their own assump-
tions and choose the fitting approach. It is likely that
no single approach will fit to any context, but rather
certain contexts will require certain approaches.

The lumping versus splitting dichotomy defines a
“dimension” of level of abstraction with a global perspec-
tive at the one end and specific clinical decision-
making situations on the other. The lumping “literature
synthesis” approach provides a concise average summary
effect and may be appropriate to satisfy regulatory and
Int. J.
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public-health requirements (Lau et al., 1998). Calculating
a prediction interval in addition to the summary estimate
and its precision describes the range of true treatment
effects to expect in an individual setting and may inform
decision-makers considering implementation into clini-
cal practice (Riley et al., 2011). Bayesian methods allow
the explicit modelling of prior beliefs, to be extended
to incorporate several other parameters and multiple
treatments, and thus may provide setting-specific and
clinically useful information (Lu and Ades, 2004; Ades
et al., 2005). Splitting the evidence-base into subgroups,
e.g. according to the treated disorder, may be essential
to disorder-specific clinical practice guideline developers
driven by the question “what works for whom” (Egger
et al., 2001; Fonagy, 2010b). Those seeking for advice at
the bedside may consult primary studies or rely on
non-meta-analytic reviews. It should be noted that this
“dimension” of level of abstraction can be further
extended. Further lumping is possible in the form of
overviews of reviews or so called “umbrella” reviews
(Whitlock et al., 2008; Ioannidis, 2009; Caldwell et al.,
2010; Higgins and Green, 2011). On the other hand,
one may prefer to look at certain subgroups in clinical
trials (Yusuf et al., 1991).

In the case study on LTPP clinical heterogeneity due
to variation in diagnoses of included patients and form
of administered comparator treatments was focused.
Further sources of heterogeneity, e.g. due to varying out-
comes, study design, methodological quality, and LTPP/
comparator intensity were not investigated here in detail
but partly addressed in the meta-analysis of Leichsenring
and Rabung (2011). It should be noted that the decision
to focus on patient diagnoses and comparator duration is
an arbitrary choice. Others may find exploration of
heterogeneity due to treatment duration or other issues
more important. Thus, the presented re-analyses should
be considered as illustrations rather than a comprehen-
sive assessment of the effectiveness of LTPP. For com-
pleteness it should be mentioned that an independent
meta-analysis by Smit et al. (2012) addressing a similar
(but not exactly the same) research question with fairly
comparable methods came to other conclusions than
Leichsenring and Rabung (2011). Exploring the reasons
for this inconsistency would go beyond the scope of the
present study, but it is worth highlighting that conflicting
meta-analytical findings are not uncommon in medical
and psychological research (Pladevall-Vila et al., 1996; Linde
andWillich, 2003; Vavken and Dorotka, 2009; Kriston et al.,
2011; Rouder and Morey, 2011; Goodyear-Smith et al.,
2012). In the present study it was shown that even the sole
interpretation of the same data set can be largely diverging
Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/mpr
Copyright © 2013 John Wiley & Sons, Ltd.
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according to the context of the interpreter. Therefore, if
we consider how many other decisions have to be made
during a meta-analytic study, conflicting results seem
little surprising. It is probably time to realize that meta-
analyses are complex studies including a series of
decisions to be made and thus always leaving space for
subjectivity and with it also critique. More than finding
the one and only “right” way of meta-analysis a transpar-
ent and well-documented reporting practice is needed,
as recommended for example by the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA)
Statement (Moher et al., 2009).

The presented work has several limitations. At some
points it is certainly short-sighted. However, further details
on specific issues would have only recited existing and well-
documented knowledge and would have not contributed to
the main topic considerably. Also, some of the examples
may seem awkward or unreal; they should be seen as sche-
matic and simplified illustrations rather than clear-cut case
studies. Some of the applied statistical methods are rather
complex and arguable. In order to keep the findings
transparent a detailed Appendix is attached that allows the
recalculation of every presented result.

Interpretation of meta-analytic findings has been
shown to depend on the perspective of the reader. This
perspective, the choice of the level of abstraction, can
be defined as a subjective decision on the nature and
amount of clinical heterogeneity that is considered irrel-
evant. As Lipsey and Wilson (2001) put it, “the definition
of what study findings are conceptually comparable for
purposes of meta-analysis is often fixed only in the eye
of the beholder. Findings that appear categorically differ-
ent to one analyst may seem similar to another” (p. 3).
For some aims, for example for that of the authors of
the re-analysed LTPP meta-analysis, loss of clinical
information through summarizing effects across different
populations and comparators may not be judged essen-
tial. However, if substantial clinical information
threatens to be lost, one may seek a splitting level and
avoid lumping. For this several strategies were presented.
In some situations one is more appropriate than the other,
but none is likely to fulfil every aim and sometimes more
than one may be needed.

Probably the strongest implication of the present study
is that “producers” and “consumers” of meta-analyses are
encouraged to reflect their own beliefs on the role of
clinical heterogeneity in the context of the objective they
pursue. The central question is “Do I consider clinical
differences between the summarized trials with regard to
the effectiveness of the investigated treatment as irrelevant?”
If the answer is “yes”, summary estimates can be trusted.
Int. J. Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/m
Copyright © 2013 John Wiley & Sons, Ltd.
However, if the focus lays on effectiveness in an individual
setting, additional calculations (e.g. prediction interval)
should be considered. If no clear answer can be given
to the question posed, strategies to explain heterogeneity
(e.g. subgroup analysis, meta-regression) can be applied. If
the answer is “no”, i.e. clinical heterogeneity is judged
substantial, splitting (or other control of moderators) seems
inevitable. Consequently, what can be judged is not the
appropriateness of a meta-analysis per se, but rather the fit
between the underlying assumptions, analysis strategies,
and the interpretationmade. In further consequence, several
seemingly methodological discussions on meta-analyses are
likely to be traced back to conflicting underlying assump-
tions as well.

Although statistical methods were used to empiri-
cally support the presented conclusions, the key
message, that clinical heterogeneity offers several inter-
pretations, cannot be proven by statistics alone. The
choice between a lumping or splitting approach is fre-
quently a question of the context, value system, and
beliefs of the reviewers, as well as of the higher-order
objective of a study, which we may summarize with
the term “paradigm”. Interpretation of any finding
is hardly possible without a context in which the inter-
pretation is applied. In the end we will have to accept
that methods of meta-analysis cannot be completely
unified and freedom of interpretation is always present
depending on the paradigm followed.
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Appendix
A. Data extraction from the publication by
Leichsenring and Rabung (2011)

As only analysis of the outcome “overall effectiveness” was
reported in sufficient detail for re-analysis, this outcome
was used. Effect sizes of the included primary studies were
extracted from the forest plot displayed in the article by
Leichsenring and Rabung (2011, Figure 2). Standard errors
of the effect sizes were estimated from 95% confidence
intervals, reported also in the forest plot, using the
formula se= (ub – lb)/3.92, where se refers to the standard
error and ub and lb to the upper and lower bounds of the
confidence interval, respectively.

The extracted data used for further analysis were

where es refers to the effect size and se to the standard
error of the effect size.
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Note that these effect sizes are based on available data,
i.e. intent-to-treat estimates were calculated when sufficiently
reported in the primary study, otherwise per-protocol data
were used (Leichsenring and Rabung, 2011).

B. Statistical software

Several statistical software packages were used because of
their individual strengths and in order to check for possible
differences between them. InReviewManager 5 (The Nordic
Cochrane Centre, The Cochrane Collaboration, Copenha-
gen) the Generic Inverse Variance module was used to ob-
tain summary effects and heterogeneity estimates. In SPSS/
PASW Statistics 18 (IBM Corp., Armonk, NY) summary and
heterogeneity estimates were calculated and meta-regression
was performed with theMeanEs andMetaReg macros written
by David B. Wilson (available from http://mason.gmu.edu/
~dwilsonb/ma.html). In Stata 10 (StataCorp, College
Station, TX) the metan command was used to perform
meta-analysis. InMetaWin 2 (Sinauer Associates, Sunder-
land, MA) summary estimates and heterogeneity statistics
were obtained. WinBUGS 1.4 (http://www.mrc-bsu.cam.
ac.uk/bugs/winbugs/contents.shtml) was used to perform
Bayesian meta-analysis via Monte Carlo Markov chain
simulation (code presented later). WinBUGS was run
from R (http://www.r-project.org/) with the package
R2WinBUGS (originally written by Andrew Gelman;
changes and packaged by Sibylle Sturtz and Uwe Ligges;
available from http://cran.r-project.org/web/packages/
R2WinBUGS/index.html). Some additional calculations
were made in Microsoft Excel 2000 (Microsoft Corporation,
Redmond, WA).

C. Summary estimates in random-effects
meta-analysis and heterogeneity statistics

Random-effects meta-analyses were performed using the
extracted data (DerSimonian and Laird, 1986). Estimates
with default number of decimal places are
software es 95%ci Q p var

RevMan 0.54 (0.30, 0.78) 24.74 0.003 0.09

SPSS 0.5421 (0.3017, 0.7825) 24.7350 0.0033 0.086511

Stata 0.542 (0.302, 0.782) 24.735 0.003 0.087

MetaWin 0.5422 (0.2648, 0.8195) 24.7398 0.00327 0.0865
where es refers to the summary effect size, 95%ci to the
95% confidence interval of the summary effect size, Q to
Cochran’s Q, p to the significance of the heterogeneity test,
and var to the between-trial variance estimate.
Int. J.
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Note that estimates of the summary effect size, of
Cochran’s Q, its corresponding p-value, and the between-
trial variance show agreement across software packages
(small differences are probably due to rounding).
However, MetaWin reports a marginally larger confidence
interval than the other software. This is very similar to the
interval Leichsenring and Rabung report in their publica-
tion (Table 1) as 0.26 to 0.83 (the minor difference is
probably due to rounding). Why MetaWin estimates of
the bounds of the confidence interval differ from other
software was not investigated further in the present study.
Leichsenring and Rabung report a confidence interval of
0.41 to 0.67 in their forest plot (Figure 2), which is consid-
erably narrower than the interval reported in their Table 1
and any estimate provided by other software. This discrep-
ancy could not be completely explained but this uncer-
tainty is very unlikely to have any serious effect on the
conclusions of the present study.

Note that Leichsenring and Rabung report a Q statistic
of 11.72 in their Table 1. This is in large agreement with
the recalculated estimate from a random-effects model in
MetaWin (12.1844, the small difference is likely to have
occurred due to rounding or due to different handling of
missing values). However, this value is not Cochran’s Q.
The Q statistic can be calculated from the inverse-variance
weights and effect sizes as

Q ¼
X

w � es2
� ��

X
w � esð Þ

h i2
X

w

where w refers to the inverse-variance study weight and es
to the effect size in each study. Cochran’s Q is calculated
from fixed-effect study weights: w =1/se2, where se refers
to the standard error of the effect size. This estimate can
be obtained in MetaWin using the fixed-effect option as
stated in the MetaWin user’s manual (Rosenberg et al.,
2000). This is the value reported in the earlier table show-
ing high agreement with estimates from other software.
Using the random-effects option in MetaWin determines
the study weights as w =1/(se2 + var), where var refers to
the between-trial variance component. A Q computed
Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/mpr
Copyright © 2013 John Wiley & Sons, Ltd.
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with these weights can be seen as a “generalized” Q
statistic. This is the statistic that Leichsenring and Rabung
reported in their meta-analysis and erroneously used to
calculate I2. However, this statistic does not correspond
with wide-spread heterogeneity testing standards and is
therefore of limited use.

D. Calculating the prediction interval for the
pooled estimate

Assuming normally distributed random effects Riley et al.
(2011) approximate the prediction interval of a summary
estimate as

cibounds ¼ es� tk�2 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
se2 þ var

p

where cibounds refers to the bounds of the prediction interval,
es to the summary treatment effect, se to the standard error of
the summary effect, var to the between-trial variance, and tk–2
to the 100(1 – a/2) percentile of the t distribution with k as the
number of studies in the meta-analysis and a usually chosen
as 0.05 to give a 95% prediction interval.

Using the values from Leichsenring and Rabung (2011;
Table 1) with es= 0.54 and se= 0.1454 (calculated from the
reported confidence interval), and imputing var= 0.0865
(MetaWin estimate, see earlier) yields a prediction interval
of �0.22 to 1.30. This value is reported in the main text
of the present study. Note that using the SPSS estimates
es= 0.5421, se= 0.1226, and var= 0.086511 (see earlier)
Int. J. Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/m
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provides a prediction interval of �0.19 to 1.28, which is
only marginally different.
E. Bayesian meta-analysis

Prior distribution of the treatment effect d was
defined as a normal distribution with a mean m and preci-
sion (1/variance) prec parameter as d~N(m,prec). For a
vague distribution m and prec were given the values
0 and 0.0001, respectively. A large d was defined as 0.8.
Prec was given 100 for high and 10 for low precision.
The between-trial precision was given a gamma distribu-
tion with the shape and scale parameters Γ(0.001, 0.001)
for vague priors and Γ(1, 0.1) for informative priors. In
fixed-effect models the between-trial standard deviation
was not estimated (fixed at zero).
The parameters d, sd, dnew, r1, and r2 were
monitored for the estimates reported in Table 1 of
the main text.

F. Meta-regression analyses

Information on patient populations and comparison
groups was extracted from the report by Leichsenring and
Rabung (2011; Data Supplement) using binary indicator
variables for disorders and comparators as displayed here:
pr
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study eat dep clusc bor CBT cm DBT Mixed TAU

Bachar 1999 1 0 0 0 1 0 0 0 0
Bateman 1999 0 0 0 1 0 0 0 0 1
Bateman 2009 0 0 0 1 0 1 0 0 0
Clarkin 2007 0 0 0 1 0 0 1 0 0
Dare 2001 1 0 0 0 0 0 0 1 0
Gregory 2008 0 0 0 1 0 0 0 0 1
Huber 2006 0 1 0 0 1 0 0 0 0
Knecht 2008 0 1 0 0 0 0 0 1 0
Korner 2006 0 0 0 1 0 0 0 0 1
Svartberg 2004 0 0 1 0 1 0 0 0 0
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Legend
study study ID (first author, year of publication)
eat disorder indicator: eating disorder
dep disorder indicator: depressive disorders
clusc disorder indicator: cluster C personality disorders
bor disorder indicator: borderline personality disorder

(reference category in meta-regression)
CBT comparator indicator: cognitive (behavioural) therapy
cm comparator indicator: clinical management
According to disorder

------- Descriptives -------
Mean ES R-Square k
,5223 ,3166 10,0000

------- Homogeneity Analysis -------
Q df p

Model 5,2120 3,0000 ,1569

Residual 11,2492 6,0000 ,0810

Total 16,4612 9,0000 ,0579

------- Regression Co
B SE �95% CI

Constant ,7468 ,1493 ,4541

eat -,3894 ,2951 -,9678

dep -,3236 ,2308 -,7761

clusc -,7368 ,3752 �1,4723

------- Restricted Maximum Likelihood Ra
v = ,04010

se(v) = ,04104
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DBT comparator indicator: dialectic behavioural therapy
Mixed comparator indicator: mixed treatments
TAU comparator indicator: treatment as usual

(reference category in meta-regression)

A random-effects meta-regression with a restricted-infor-
mation maximum-likelihood estimator was applied
(Thompson and Sharp, 1999). The estimates provided by
SPSS are listed here:
efficients -------
+95% CI Z P Beta
1,0395 5,0011 ,0000 ,0000
,1890 �1,3195 ,1870 -,3471
,1288 �1,4021 ,1609 -,3738

-,0014 �1,9636 ,0496 -,5050

ndom Effects Variance Component ---
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According to comparator

------- Descriptives -------
Mean ES R-Square k
,4726 ,6978 10,0000

------- Homogeneity Analysis -------
Q df p

Model 17,2599 4,0000 ,0017

Residual 7,4751 5,0000 ,1876

Total 24,7350 9,0000 ,0033

------- Regression Coefficients -------
B SE �95% CI +95% CI Z P Beta

Constant 1,1382 ,1911 ,7638 1,5127 5,9576 ,0000 ,0000

CBT -,7362 ,2389 �1,2045 -,2680 �3,0819 ,0021 -,9139

clm -,4882 ,2625 �1,0027 ,0263 �1,8599 ,0629 -,5066

DBT -,9682 ,2914 �1,5393 -,3971 �3,3229 ,0009 -,8433

Mixed -,8095 ,2163 �1,2333 -,3856 �3,7432 ,0002 �1,2097

------- Restricted Maximum Likelihood Random Effects Variance Component -------
v = ,00000

se(v) = ,01436
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Note: Categorizing studies according to mental disor-
ders and comparators may seem somewhat arbitrary,
even though the terminology reported by Leichsenring
and Rabung (2011) was used. Nevertheless, changing
any of these decisions is unlikely to influence the con-
clusions considerably. Furthermore, performing several
statistical tests (e.g. in subgroup analyses) increases
the probability of false-positive findings and fitting
Int. J. Methods Psychiatr. Res. 22(1): 1–15 (2013). DOI: 10.1002/m
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complex statistical models (e.g. multiple random-effects
meta-regression) in a limited number of studies is
challenging. Also, to support the conclusions more
strongly, disorder indicators, comparator indicators,
and their interaction terms should have been entered
in a single model. Unfortunately this would have led
to extreme problems with degrees of freedom and
multicollinearity and was therefore not feasible.
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