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Abstract

Nesting of patients within care providersin trials of physical and talking therapies creates an
additional level within the design. The statistical implications of this are analogous to those
of cluster-randomised trials, except that the clustering effect may interact with treatment and
can be restricted to one or more of the arms. The statistical model that is recommended at the
trial-level includes arandom effect for the care provider, but allows the provider and patient
level variances to differ across arms. Evidence suggests that, while potentially important,
such within-trial clustering effects have rarely been taken into account in trials and do not

appear to have been considered in meta-analyses of these trials.

This paper describes summary measures and individual -patient-data (IPD) methods for meta-
analysing absolute mean differences from randomised trials with two-level nested clustering
effects, contrasting fixed and random effects meta-analysis models. It extends methods for
incorporating trials with unequal variances and homogeneous clustering to allow for
between-arm and between-trial heterogeneity in |CC estimates. The work is motivated by a
meta-analysis of trials of counselling in primary care, where the control is no counselling and
the outcome is the Beck Depression Inventory (BDI). Assuming equal counsellor ICCs across
trials, the recommended random-effects heteroscedastic model gave a pooled absolute mean
difference of -2.53 (95% CI -5.33 to 0.27) using summary measures and -2.51 (95% CI -5.35
to 0.33) with the IPD. Pooled estimates were consistently below a minimally important
clinical difference of 4 to 5 points on the BDI.



1. INTRODUCTION

Where the treatment a patient receivesis delivered by a health professional, such asin talking
or physical therapies or surgery, patient outcomes may vary systematically by care provider.
Variation between clusters, or, in this case, care providers, leads to correl ation among patient
outcomes within clusters, thereby violating the assumption of independence on which
standard methods of analysis are based. Such correlation arises when care providers differ in
characteristics related to outcome, such as training, skill, experience or empathy. The usua
situation in psychotherapy is that treatment is provided by different samples of clustersin
each arm in what will be referred to as a nested therapist design (patients are allocated to care
providers within treatments). Asthisis a specia case of the more generic fully-nested design
(where clusters formed at recruitment, treatment or outcome assessment are nested within
treatments), the statistical implications of provider clustering in nested therapist designs are
analogous to the implications of recruitment-related clustering in standard cluster randomised
trials, in which clusters are randomly alocated to treatments. The latter are now widely
recognised [1]. Ignoring provider clustering can also result in treatment estimates that are too
precise and standard errors that are too small. There are also crossed designsin which al
treatments are provided in each cluster so that the clusters and treatments are crossed. This
covers a cluster randomised crossover design [2-4] in which sequences of treatments are
randomised to clusters as well as a crossed therapist design in which patients are allocated to
treatments within care providers (see Walwyn and Roberts [5] for further details).

Cluster randomised trials often assume that the clustering effect is homogeneous across
treatment arms, so a random intercept model is appropriate and a single intra-class correlation
coefficient (ICC) is estimated. Care provider clustering may be treatment-specific, however,
in that provider characteristics may differ across arms, for instance with greater skill or
different training being required for one therapy compared to another. There may also be
greater standardisation of one therapy, or one may be more established so that there is greater
experience associated with it. Between-arm heterogeneity in the clustering effect, or
treatment-related clustering, complicates matters so methods outlined for cluster randomised
trials need to be extended for therapist designs. The statistical model that is recommended for
nested therapist designs [6] includes arandom effect for the care provider but allows the
provider and patient level variancesto differ across arms. We refer to this as atwo-level
heteroscedastic model [5]. As such, aseparate ICC is estimated in each treatment arm. For



crossed therapist designs, the recommended model [5] is arandom coefficient model, which
includes arandom intercept for the care provider but also allows the treatment effect to vary
across care providers. In this case, between-provider variation in outcome increases precision
of the treatment effect while between-provider variation in treatment effects decreasesit. In
the situation where clustering is absent from one arm, for example where the control isa
walitlist or no treatment, the design isreferred to as partially-nested or partially-crossed [5].
In this case, the between-cluster variance is constrained to zero in the no clustering arm.
Incorporating crossed designs into meta-anal yses raises different issues. These are beyond the

scope of this paper and so will not be considered further here.

Care provider variation has widespread implications for the design and analysis of trials with
nested designs. It affects not only the precision of treatment effect estimates [5-8] but also
their internal and external validity [5, 6, 8]. It is how accepted that it needs to be considered
in trials of non-pharmacological treatments [9]. However, a yet unpublished systematic
methodological review of Cochrane reviews of comparative studies involving psychotherapy
found that, while potentially important, such within-trial variation has rarely been taken into
account in psychotherapy trials and does not appear to have been considered in meta-analyses
of these trials[10]. Statistical pooling or meta-analysis of summary-data across trials can be
viewed as a two-stage process in which summary statistics are first extracted from each trial
and then aweighted average is calculated of them [11-12]. Where outcomes are normally
distributed, the summary statistic for the treatment effect may be an absolute or standardised
mean difference. Our methodological review included 101 Cochrane reviews and 1816
unique studies, 1345 of which involved psychotherapy given by care providers. Similar issues
would apply to meta-analyses of surgical or educational interventions, physiotherapy,
occupational therapy or speech therapy, where nested trial designs have been used. Where a
published trial analysis has adequately allowed for the care provider, there would be no need
to make further allowance in a summary-data meta-analysis. Problems only arise where no
allowance has been made at the trial-level or where an inappropriate model has been used. In
the current context it is likely that no allowance will have been made at the trial-level. As

such, the problems outlined in this paper are expected to be quite common in practice.

The past decade has seen growing interest in the specific methodological challenges faced in
the meta-analysis of randomised trials with correlated data. Methods have been proposed for
pooling trials with repeated-measures [13-16], for crossover trials[17-20], and for cluster-



randomised designs [21-26]. What is common across this literature is a consideration of the
impact of within-trial clustering when combining data from trials with complex data
structures, particularly where this has been ignored in published trial analyses. Drawing on
this literature, the Cochrane Handbook [27] cites methods for the meta-analysis of cluster-
randomised and crossover trials. It briefly mentions clustering in individually randomised
trials arising from health professional's but gives no specific guidance beyond stating that the
issues are similar to those in cluster randomised trials, citing Lee and Thompson [7]. It makes
no mention of treatment-related clustering effects, which may arise in individually-, or indeed

in cluster-, randomised trials where interventions are delivered by care providers.

The presence of between-trial heterogeneity in ICCsfor care providers raises further issues
not previously considered in the literature. This heterogeneity might arise from disparitiesin
the cluster or patient level variances across trials. Possible causes could be differencesin the
level of treatment standardisation or patient eligibility criteria between trials. One option
would be to estimate separate ICCsin each trial for each arm. An alternative might be to
estimate asingle ICC across trials for each arm. Here, treatment-specific ICCs are pooled
acrosstrials. A further option would be to adopt a middle road and investigate the use of
meta-regression models for the variance parameters. This paper considers methods for meta-
analysing absolute mean differences from individually-randomised trials with two-level
nested designs and treatment-related clustering. Both fixed- and random-effects meta-analysis
models are considered, along with both summary-data and individual -patient-data (1PD)
approaches. As with any meta-analysis of absolute mean differences using a summary-data
approach, the sample means, variances and sizes are needed in each trial arm. To implement
the methods described here, the ICC and average cluster size are also required for each trial
by arm. The IPD approach assumes researchers have collected cluster identifiers, linking

clusters to participants. The feasibility of obtaining theseis commented on in the discussion.

We begin in section 2 by outlining the example that motivated this work. In section 3 we go
on to review the recommended mode at the trial level for fully and partially nested therapist
designs. We then extend standard summary-data and IPD approaches to the meta-analysis of
absolute mean differencesin sections 4 and 5, respectively, outlining meta-regression models
in section 6 and illustrating the proposed methods with our example in section 7. Section 8
contains a discussion, including limitations. Focusing initially on absolute mean differences

has severa advantages. Firstly, their large-sample estimates are unbiased, their sampling



variances are independent of the population parameter, and their sampling distribution is
normally distributed [28]. Asthisis not the case for standardised mean differences, this
avoids some of the added complications encountered when pooling the latter, allowing the
genera implications to be considered first. A separate paper, drawing on earlier work [10], is
currently in preparation focusing on problems associated with pooling standardised mean

differencesin this context.

2. MOTIVATING EXAMPLE

The main point of contact for patients presenting in primary care in the UK istheir genera
practitioner (GP) and associated primary care team. One in three is estimated to be affected
by mental health problems[29]. The case for providing psychological therapies, including
counselling, within the NHS has been made, with arapid rise in counselling in primary care
seen since 1990. Half the general practices in England were estimated to have a counsellor
attached by 2000 [30]. The background of counsellors working in this setting is variable [31].
Counselling istypically brief, usualy involving 6 to 10 sessions, each of 50 minutes[32].
The counselling process is characterised by three stages, operating by means of the
relationship between the counsellor and the patient [31]. The focusisinitially on building
trust. The counsellor encourages the patient to describe the situation that is affecting them
and makes a systematic assessment. The emphasis then turns to creating changes which give
the patient additional resources they can subsequently draw upon. The way thisis done
depends on the theoretical model the counsellor is applying. Finally, aternative means of
using the resources are considered, put into action and reflected upon. It is usual for
counsellors to apply eclectic therapeutic approaches for awide range of socia and clinical

problems.

Bower and Rowland [33] published a systematic review and meta-analysis of the clinical and
cost-effectiveness of counselling in primary care, including eight trials. The largest meta-
analysis compared counselling plus GP care to GP care alone, using the short-term outcomes
measuring the extent of mental health symptoms. Each trial could be viewed as having a
partially nested therapist design, with counsellors in the intervention but not the control arm.
There was a single counsellor per patient. This meta-analysis gave a standardised mean
difference (SMD) of -0.24 (95% CI -0.38 to -0.10). The primary meta-analysis assumed a

common underlying treatment effect acrosstrials (i.e. afixed-effects meta-analysis model)



while a sensitivity analysis assumed the population treatment effects were normally
distributed (i.e. arandom-effects meta-analysis model). Neither made allowance for within-
tria clustering due to counsellors or for between-arm heteroscedasticity. Asfour of thetrials
[34-37] reported the Beck Depression Inventory (BDI) [38], alowing a meta-analysis of the

absolute mean differences, this subset will serve to illustrate the methods outlined below.

The BDI is one of the most widely used instruments for measuring the severity of depression.
Itisa21-item self-report questionnaire, with total scores ranging from O to 63. Higher scores
indicate more severe depressive symptoms. While aminimally important clinical difference
for the BDI in this population has not been defined, a change of 4 to 5 points, corresponding
to 0.5 standard deviations, is generally regarded to be minimally important. Although the
trials all had partially nested designs, Friedli et al [35] and King et al [36] used a treatment
manual, training or monitoring to standardise the delivery of counselling. Chilvers et al [34]
and Simpson et al [37], instead, took a pragmatic approach. Patient eligibility was restricted
to depression, or comorbid depression and anxiety, in Chilvers et al [34], King et al [36] and
Simpson et al [37]. Friedli et al [35], in contrast, accepted a broad set of referrals. As such,
this subset of trials also servesto illustrate meta-regression models for the variance

parameters.

3. STATISTICAL MODELLING OF TWO-LEVEL NESTED TRIALS

First consider a cluster-randomised trial in which J clusters are randomly allocated to one of

two treatments, with the only source of clustering in afully nested design being recruitment-
related. Suppose ¥: is a continuous outcome for the i" patient, where i =1.., N, fisthe
treatment effect, % and £ are matrices signifying fixed patient or cluster level baseline
covariates and their coefficients and K; isan indicator variable for the intervention versus

control. For simplicity of presentation let @ equal @+ 8% where @ isthe constant. Using

Goldstein’s [39] notation, between-cluster variation can be represented by a random effect
Uy with distribution N[O, ol ]; e¥is N[O, o: ] the patient level error term. A random-

intercept model for the outcome for the i™ patient in the k™ treatment is therefore appropriate

given by

yeerdZaF 62 ()



In this notation, the bracketed superscript refersto the level of the random effect and
clustefi) in the subscri pt is the mapping of patients to clusters. Intra-cluster variability is

measured by a single intraclass correlation coefficient £ defined using a variance

components model by /7’:@(65‘—%\%

Consider now any randomised trial in which care providers are allocated to patients within
two treatments (k=0, 1) in afully nested design. In the context of an individually randomised
trial, Roberts and Roberts [6] suggest the following two-level heteroscedastic model

Model (2) would aso be appropriate for a cluster randomised trial in which care providers are

randomly allocated to two treatments, because one source of clustering is treatment provision
and therefore treatment-related. In this parameterisation, Ut(ﬁérapig)oand ut(r12;‘api$i)1 are random
intercepts for the control and intervention arms respectively, distributed N[Q Gfo] and

N[O, Ofl] with covariance zero, as they relate to independent samples. Note there are also

separate patient level error terms for the control and intervention arms rather than just one
across arms, given respectively by e}y and €Y, and distributed N[Q O_ezo] and N[O, G(fl]
included to prevent bias in the estimation of & % and o [6]. Separate intraclass correlation

N
coefficients under a variance components model are then 2o = %/ (Cfo—FC%, and

=<3 (F+ZF.

Where an individually-randomised trial has a partially-nested design, the random intercept for
the control arm is constrained to equal zero so Lﬁer@ﬁ&h@ is dropped from the model
giving

Each patient in the treatment arm without clustering is assumed to be a cluster of size one.



4. SUMMARY-DATA META-ANALYSISMETHODS

4.1 Fixed- and Random-Effects Meta-Analysis M odels without Clustering
In the simplest meta-analysis model, an underlying treatment effect ¢ common to al H trials

is assumed, such that E=G— -=€2, The fixed-effects model [40] implies
ea = = £ = E )

where éh is the treatment effect observed intrial h, @ isthe population value, and €, arethe
sampling errors, with € ""*3&@_. Heterogeneity in the treatment effects acrosstrialsis
ascribed to sampling error. The arguably more realistic random-effects model permitsthe

population treatment effects to vary acrosstrias, with &, =6+, and & ~|\[¢97§J, where

4 gzh is the between-tria variance and € is now the mean of the population treatment effects.
Thus [40]

PR (5

and Aﬁ‘l\lﬁg,ﬂ?—'—é_ The total variance of 6, is therefore _lz :&@ 27, the sum of the

within and between trial variances. The random-effects model reduces to a fixed-effects

meta-analysis model when 7 gh , the between tria variance, is zero.

The uniformly minimum-variance unbiased estimate of a pooled treatment effect € is given
by [41-42]

1
where\%h = T2 isthe weight assigned to trial h under a random-effects meta-analysis model.
X

Its standard error is given by

o — 1
Y sw @



SO an approximate two-sided 10@-—0!)% confidence interval for éw isgiven by
RAZ % (8)
It isusual for 6; and ngh to simply be replaced by their respective esti mators<5§h and fgzh ,

although Sidik and Jonkman [43] suggest an alternative approach that is robust to sampling

errors in the estimated weights.

A commonly used estimator of 7 §h is DerSimonian-Laird’s (D-L) [44] methods of moments

Laal e ST

H

The Q-statistic is estimated by 237(@;’1—:?)2 where éh is the mean of éh. Variation in the
=1

L Sty

estimator

h=

precision of the trial estimates between trialsisindexed by 7A7=§G;H—
h=
emi

In order to obtain the standard error of the absolute mean difference from each trial, © ,§h ,

(used in calculating trial weights and the standard error of the pooled treatment effect), one

needs to first derive the sampling distribution of the absolute mean difference. Where

outcomes are statistically independent within and across arms, suppose #in and Hon arethe

true mean outcomes in the intervention and control arm of trial N respectively. The
population mean differenceisthen

Rus—t—74 (10

The outcome of patient | inthe K™ arm of the h™" study is denoted by Yix. Assuming the

population variances are homogeneous ( = Zé\:CE) and the sample means ( Y and

10



Yon), variances (St and Son) and sizes (M and Non) available, the trial estimate and its

sampling distribution are given by [45]

where %‘D ———t— and

'd g —

If the outcome variances are heterogeneous across arms (i.e. o # Ggh) with unknown ratio,

thetria estimate éMD,h is unaffected but its variance becomes

Z %
= cr)

A2
The variances are replaced by s, and Sop to give the estimator 9, , , ascenario that is

classically referred to as the Behrens-Fisher problem [46].

4.2 Sampling Distribution of the Summary Statistic for Two-L evel Nested Designs
Suppose now that the outcome of patient i is nested within the | ™" cluster of arm K and is

denoted by Yixn. For the sake of generality, assume that model (2) applies. Then assume, for
each of h trials, that asample of Ji clusters of size My isassigned to each arm under a

fully nested design. Thetria estimate %.BZSL—S& remains an unbiased estimator of

Ouo.n but the sample means are now given by

Jnn LA %N

<, _Aia jkh_j=1i=1 = : _Edef
M= 3., . , with sample variances ngh—? (13)
j=a

where the design effect d@ﬁ”ﬁ% in the clustered arms when the cluster sizes

are equal within each arm of each trial.

11



For this scenario, Kwong and Higgins [unpublished] gave the sampling distribution of éMD,h

1
)

. The sampling variance simplifiesto

A

e ALk L — N

M e T m

(15)

(1 1
in the case of partial nesting and to q%jﬁ’rfi_—'» for cluster randomised trials where
2 3,

the only source of clustering is recruitment-rel ated.

5. INDIVIDUAL-PATIENT-DATA META-ANALYSISMETHODS

Going back to Goldstein’s [39] notation, where i denotes a continuous outcome for the i™

patient, a standard fixed-effects meta-analysis model [40, 47] is

Yt (16)

where @, represents the mean outcome in the control arm of trial h and® the fixed treatment

effect. It is commonly assumed that patient residuals € areiid N[O, ol ] although relaxing
this has been discussed [40, 47]. It isaso possible to et the patient variance vary across
arms, in which case the model becomes

Nl IR, (17)

with the €% iid N[O, Gﬁk] This model can be extended to give the fixed-effects meta-
analysis corresponding to atwo-level heteroscedastic model by combining model (16) with
that given by equation (2),

12



with the random effectsiid N[Q Ofk] If all thetrials are partialy nested, ut(ri)arapiﬂ)o, can be
omitted from the model, corresponding to equation (3).

A standard random-effects meta-analysisis onein which the trial effects are fixed but the
treatment effect is permitted to vary randomly acrosstrials[40, 47]. That is, the term

Tt(r?lu(i) K; isadded to mode (16), wheretheft(r?;](i) areiid N[O, T 2] and the random effects are
mutually independent. The random-effects meta-anaysis corresponding to atwo-level
heteroscedastic model for the trialsis given by

As before, ut(ri)erapigt)ois constrained to zero, and the term omitted from the model, if al trials

are partially nested.

Models (18) and (19) constrain the therapist variance to be equal acrosstrials for each
treatment. An alternative would be a saturated model in which all trials are allowed to have

their own therapist variance. Suppose Hniaqy isan indicator variable equal to 1 when

trial) =h and 0 otherwise, the saturated model can be defined as follows:

With 4H variance parameters in ameta-analysis of fully-nested trialsand 3H variance
parameters in ameta-analysis of partialy-nested trials, Model (20) islikely to be difficult to
fit. It was not possible in our motivating example. One option isto add constraints to the
saturated model that can be motivated by the characteristics of the trials, a possibility we now

consider.

13



6. META-REGRESSION MODELSUSING INDIVIDUAL-PATIENT-DATA

Meta-regression models have been described that allow the pooled treatment effect to vary
according to trial characteristics [47-49], such as whether the trial intervention was
manualised or the trial quality. These models explore explanations for between-trial variation
and require large numbers of trials. Incorporation of a categorical trial-level covariate into
model (19) gives

where £ isafixed treatment-by-covariate interaction effect and %, isan indicator variable

for the fixed trial-level covariate.

Further covariates could be added. Where data are available on therapist-level characteristics
such astraining or experience, one might be interested in exploring whether the treatment
effect varies according to these. Here, the covariate varies within trials, but is the same for
every patient seen by atherapist. Asthe number of therapists per trial isusualy small, it may
only begin to be feasible to address such questions in a meta-regression. As with other IPD
meta-regressions, patient-level covariates, such as severity, can aso be investigated [47]. In

this case, the covariate varies between patients within therapists and trials.

Up to this point, the meta-regressions considered are of fixed effects, and in particular of the
treatment effect. Meta-regressions of random parameters may also be of interest. A complex
random structure may be redlistic if the trial designs vary. Under these circumstances, there is
reason to expect between-trial variation in therapist or patient level random effects even if
thereisinsufficient statistical power available to detect it. It isrealistic to suppose that patient
and therapist level variances are affected by standardising patient or therapist characteristics
and behaviour viathe use of selection criteria and therapist training, certification, monitoring

and supervision. If the trial designs are comparablein all other respects, a categorical trial-

level covariate can be incorporated for the therapist random intercept in model (19). T isan
indicator variable that is equal to 1 if therapist characteristics or behaviour are standardised

and O otherwise, for example, as follows,

14



where the four Lﬁ)erapi@)kt are random intercepts for the control and intervention arms (k=0,1)

in the unstandardised and standardised trials (t=0,1) respectively, distributed N[Q dfkt], with

covariance zero, as they relate to independent samples.

This might be considered if some of the trials used treatment manuals, while others did not,
or if therapists were selected for their expertise, given training, accreditation, monitoring or
supervision in some trials but not others. It is assumed that these design features do not have
asimultaneous effect at the patient level in Model (22), as this leads to the saturated model
(20) in our motivating example. One could instead incorporate a categorical trial-level

covariate for the patient-level residual error. For example, P is 1 for trials where patient

characteristics are standardised and O otherwise,

where the four e|(kl; are patient residuas for the control and intervention arms (k=0,1) in the

unstandardised and standardised trials (p=0,1) respectively, distributed N[Q Gzekp], with
covariance zero, as they again relate to independent samples. This might be considered if
trials adopt a mix of explanatory and pragmatic approaches to patient eligibility. Models (22)
and (23) may be considered parsimonious or constrained versions of the saturated model (20).
The potential complexity increases with the variability in the trial designs. If the number of
trialsis small, as we have seen, there may be atrade-off between arealistic model for the
random effects and computational feasibility. In theory, these models could be extended to
include therapist- and patient-level predictors of the random effects.

Asan aside, Model (20) can aso be smplified to allow inclusion of fully and partially nested
trials and inclusion of trials with and without clustering effects. In the case of a mixture of

fully and partially nested designs, where X; is an indicator variable equal to 1 when the trial
has afully nested design and O if it is partially nested,

15



Here, the residual error in the control arm is allowed to differ across trial designs, ensuring
the therapist ICC in the control arm is based on the subset of trials with fully nested designs.
Asbefore, it is assumed that the therapist ICC in the control arm is homogeneous for all fully
nested trials. If the independence assumption is reasonable in some of thetrials, Model (24)
can be extended, with C; an indicator variable equal to 1 if atrial has any clustering effects

and O otherwise, to give

(25)

Each random intercept applies only to the clustered arms. The residual error again varies by
trial design. For non-clustered tridls, it is €aI=4IA=<_in the control arm and

€2K@—C) in the intervention arm. The latter term can be omitted if the patient-level

variance is assumed to be homogeneous across arms.

An, dbeit rather contrived, example in which fully-, partially-nested and non-clustered trials
might be pooled is a comparison between counselling and cognitive-behavioural therapy
where both have web-based and face-to-face versions. Some trials might compare web-based
versions, thereby incorporating no therapist involvement, and so be non-clustered. Others
might compare face-to-face versions to web-based versions and be partially- nested. Others
might compare the face-to-face versions and be fully-nested. Another situation in which one
might be justified in considering Model (25) is when the number of therapists cannot be

identified in one or more of thetrials. In this case they may be included as non-clustered.

7. APPLICATIONTO THE MOTIVATING EXAMPLE

Short-term outcomes relating to the Beck Depression Inventory (BDI) were available for 460
patients from four [34-37] of the counselling in primary caretrials. Of these, 224 (49%) were

alocated counselling with one of 39 counsellors. Overal, the cluster sizes ranged from 1 to

16



33, with amedian of 3 and an IQR of 1 to 8. Datawere available for 5 or more patients for 18
of the counsellors. Table 1 gives descriptive statistics for the four included trials. It can be
seen that the trials with the largest treatment effects a'so had the smallest counsellor ICCs.
The ANOVA estimates of the counsellor ICC are negative for two of the four trials. Thisis
possible because ANOV A estimation is consistent with a common correlation model rather
than a variance components model [50]. By definition, the lower bound on the ICC is zero for
avariance components model since a between-cluster variance cannot be negative. It isthe
design effect rather than the ICC that cannot be negativein ANOV A estimation. If clusters
are of sizetwo, therange of the ICC is £1, but as the cluster size increases the minimum
approaches zero. One ICC acrosstrials was initially assumed for the counselling arm.

[Insert Table 1 about here]

7.1 Summary-Data versus | ndividual-Patient-Data M eta-Analyses
To reflect acommon lack of knowledge about the cluster size distribution, equal cluster sizes

within trials were assumed for all summary-data meta-analyses. A pooled ICC of 0.033 was
used, based on aweighted average of the trial-specific ICCs[10], regardless of the model.
IPD models were implemented in MLwiN using RIGLS, due to its flexibility in modelling
random effects. RIGLS is comparable to REML [39] implemented in mixed in Stata Version
13. The preceding command xtmixed was updated in Version 11 to permit inclusion of one
covariate for the patient level error. The mixed command uses the same syntax but seemsto be
faster, with a more stable algorithm. Details of the programming for both packages are given

as supporting web materials.

Tables 2 and 3 summarise, respectively, the summary-data and IPD estimates and standard
errors for the fixed- and random-effects meta-analyses, progressively relaxing independence
and common variance assumptions within the trias. Asal of the trials have partially nested
designs, the Leve 2 variance, where it applies, is heterogeneousin all analyses. The common
variance assumptions therefore relate only to the Level 1 variance. As can be seen, the pooled
mean difference and its standard error for ausua summary-data fixed-effects analysis are -
2.43 and 0.89 (95% CI -4.17 to -0.69), indicating that counselling reduces short term
symptoms of depression by an average of 2.4 points and that this reduction is statistically
significant at the 5% level. A mean difference of 2.5 points corresponds to a standardised
effect size of about 0.25. According to Cohen [51] this represents a small effect. Based on
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results with similar effects, the authors of the Cochrane review concluded that “counselling is
associated with modest improvement in short-term outcome™ and that it “may be a useful
addition to mental health services in primary care” [52]. The equivalent IPD estimate and its
standard error are -2.47 and 0.90 with the two-sided 95% CI -4.23 to -0.71. The similarity of
these results implies that bias and sampling error in the summary-data within-trial variance
estimates is not important here. The pooled mean difference and its standard error in the
analogous summary-data random-effects analysis are -2.50 and 1.40 (95% CI -5.24 to 0.24).
Theincrease in standard error arises from between-trial heterogeneity in the mean
differences. Thereduction in BDI isno longer statistically significant. If an IPD approach had
been used, the estimate and its standard error would be -2.47 and 1.42 (95% CI -5.25 to 0.31).
The dlight disparity in standard errorsis explained by that of the between-trial variance
estimates, which isin turn due to bias arising from sampling error or heterogeneity in the
within-trial variances. Even so, the evidence in favour of counselling in primary careis less

clear if between-trial heterogeneity is taken into consideration.

[Insert Tables 2 and 3 about here]

The impact of between-arm heteroscedasticity and within-trial clustering is minimal if pooled
treatment effects and their standard errors are compared across random-effects summary-data
or IPD models (see Figure 1 below). The effect is alittle more pronounced for both
summary-data and IPD fixed-effects models, however. The disparity between the summary-
data and IPD results enlarges as the model becomes more realistic. It is of note that the
DerSimonian-Laird (D-L) and IPD between-tria variance estimates differ (see Table 3), with
both estimates being larger, assuming independence, where patient-level variances are
allowed to differ between arms. The IPD estimate, in contrast to the D-L estimate, is not only
smaller for both clustered models but also smaller for the clustered model where patient-level
variances are allowed to differ between arms. IPD estimates of the counsellor ICC are larger
than the summary-data estimate of 0.033, varying from model to model. These differences
arise, in part, because the variances are estimated simultaneously in an IPD model, making
appropriate allowance for all other effectsin the model. In this example, the results continue
to be dominated by between-trial heterogeneity in the treatment effects. The most realistic
IPD pooled mean difference and standard error are -2.51 and 1.45 (95% ClI -5.35 t0 0.33).
The summary-data equivalent is-2.53 and 1.43 (95% CI -5.33t0 0.27). Both are very similar.
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In the IPD case, the confidence interval is marginally wider than the standard random effects

one. The conclusion remains unchanged.

[Insert Figure 1 about here]

7.2 Sensitivity of the Summary-Data Approach to the Choice of Population ICC
The sensitivity of the mean difference and its standard error to the choice of population ICC

was explored for ICCs between zero and one. The trial estimates are unaffected as the ICC
increases but the pooled estimates become dlightly more extreme. Thisis because King et al
[36] has more weight as the ICC increases, in part due to its mean cluster size. This effect is
dlightly more pronounced for the fixed-effects estimate. The slope of the pooled standard
error, when plotted against the population ICC, is not steep, indicating the results are not
sensitive to the ICC in the anticipated range (i.e. for ICCs between zero and 0.20). The D-L

estimate of 7. 02h decreases as the ICC increases, implying heterogeneity in mean differences

acrosstrias contributes to, rather than simply explaining, heterogeneity between counsellors.

7.3 Meta-Regression of the Random Effects
Table 4 gives results of two meta-regression models, one for the therapist random effect

(Model 22) and the other for the patient residual (Model 23). Both explore trial-level sources
of heterogeneity in the counsellor ICC, the first treatment standardisation (yes, no) and the
second patient eligibility (mixed diagnosis, depression). There were insufficient trials
available to fit random-effects meta-regression models in this instance so the results are
compared to model (18). Asall the trials have partially nested designs, the random intercept

for the control arm, ut(ﬁ;'api#)o, isomitted from all models.

[Insert Table 4 about here]

A reduction of 8.7 was seen in the log likelihood by including separate residual terms for
trials with mixed and depression patient referrals. The pooled treatment effect reduced very
dightly, as did its standard error. The counsellor ICC was higher when patients were more
homogeneous as the patient residual was smaller relative to the counsellor variance. If
distinct therapist-level terms were included for trials standardising counselling and those that
did not, the log likelihood reduced by 12.6. The pooled treatment effect increased
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appreciably, reflecting an association between the trial estimate and counsellor ICC. That is,
the trials with the largest estimates (i.e. Friedli [35] and King [36]) also had the smallest
counsellor ICCs, so carried more weight in the meta-regression analysis. The standard error
was similar to that for Model (18). Since the pooled counsellor ICC is negative for trials
standardising counselling, a different parameterisation of the model was used, including a
covariance term rather than an explicitly negative estimate, to allow the model to converge. A
covariance, in contrast to a variance, can be negative. Including the covariance between the
therapist level random effects in place of the negative variance therefore indirectly enabled a
negative variance to be estimated within a variance components model. The counsellor ICC
was lower when counselling was standardised as the counsellor variance was smaller relative
to the patient residual. This corresponds to the ANOV A estimates of the ICC in Table 1. The
standard errors for the variance estimates are large due to the number of trials and
counsellors. It was not computationally possible to simultaneously allow for heterogeneity
from both sources (i.e. Models 22 and 23 combined) or to fit the model of choice (i.e. a
random-effects meta-regression). The potential to do so when the number of trials availableis
larger is clear however. The facility to disentangle the predictors of the components of an

ICC is aso attractive as the predictors may differ between the components.

8. DISCUSSION

While potentially important, treatment-related clustering effects in individually-randomised
psychotherapy trials have rarely been taken into account in trial reports and do not appear to
have been considered in meta-analyses [10]. Fitting fixed- and random-effects meta-analysis
modelsto trials of counselling in primary care, adopting summary-data and IPD approaches
and allowing for these effects, had minimal impact on the pooled estimate and its standard
error. Thisis not surprising for two reasons. Firstly, the cluster sizes were small in the
example so the design effect was also. Secondly, assuming acommon ICC acrosstrialsin the
counselling arm meant that the contribution of each trial to the pooled treatment estimate
remained essentially the same, despite some variability in the mean cluster size. Although
hardly noticeable in the example, the impact was instead on the precision of the pooled
treatment effect. Nevertheless, as we have seen in Tables 2 and 3, failure to take account of
therapist variation will give an overly precise pooled estimate in afixed effects meta-analysis
because the effect of failing to include atherapist random effect in the analysis of asingle

trial generaly resultsin the variance of the treatment effect being underestimated. The picture
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ismore complex for arandom-effects meta-analysis. If the variance of singletrialsis
underestimated, the between trial variance may be overestimated, as was seen in Tables 2 and
3. The combined effect of areduction in the variance between trials and an increased variance
of each trial can result in either areduction or an increase in the standard error of the random-
effects pooled estimate. Whilst in our example this estimate had a marginally larger variance
when therapist clustering had been taken in to account, a different set of cluster sizes or trial

variances could have led to areduction.

By contrast, an appreciable impact of treatment-rel ated clustering was observed on the pooled
treatment effect in the meta-regression models. Here, between-trial heterogeneity in the
counsellor ICC had a greater impact on the weight given to particular trials and in so doing
affected the pooled estimate and its standard error. Collection of the IPD is made attractive by
the potential of meta-regression analyses for exploring trial-, therapist- and patient-level
predictors of the treatment effect and of the random effects. Increased sample sizes open up
opportunities not usually present at atrial-level but computational problems may still arise
largely due to the presence of negative estimates. Allowing the ICCsto vary by trial as well
as by treatment arm is particularly likely to lead to problems, as many of thetrial-level ICC
estimates involve very small numbers of clusters. The middle road suggested here is one way

of circumventing these problems while maintaining a more realistic model.

An advantage of the proposed methods is their generality. A two-level heteroscedastic model
relaxes common variance and independence assumptions, being appropriate for al fully
nested designs. It simplifies to the models recommended for unequal patient-level variances
across arms and for partially-nested, cluster-randomised and non-clustered designs. In each of
these specia cases, additional assumptions may be made so constraints can be added to the
model at thetrial level. It is possible to envisage scenarios where one might want to allow the
ICC to vary by treatment arm in a cluster randomised trial. Here, the source of clustering is
traditionally conceptualised as recruitment-related. For example, if at baseline GP practices,
rather than patients, are randomised to treatments, patients within a GP practice are likely to
be more similar to one another than to other patientsin thetrial. As a consequence, clustering
arises from use of atwo-stage or clustered sample in a cluster-randomised trial but not in an
individually-randomised trial. Such clustering is expected to be maintained at follow-up.
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The unit of randomisation may not be the only source of clustering in a cluster randomised
trial however, particularly where the intervention is directed at the cluster (e.g. GP practice)
rather than at the patient-level. If thereis also treatment-related clustering then, aslong as the
unit of randomisation and the clusters relating to treatment are the same (e.g. GPs are the unit
of randomisation and the care providers), atwo-level heteroscedastic model, outlined here for
afully-nested therapist design, may be appropriate in a cluster-randomised trial even if the
treatment-related clustering is restricted to one or more armsin the trial. Consider atria in
which groups of patients are cluster-randomised to intervention or control, where the
intervention is some kind of group therapy and the control is no therapy as an example.
Clustering related to recruitment would still apply in the control arm, where in an
individually-randomised trial it may be constrained to zero, but you might not expect the
clustering effect to be equal in both arms as you might in atraditional cluster-randomised
trial. Where there isinterest in comparing group therapy to no therapy, one might want to
consider pooling trials using an individually- and a cluster-randomised design with meta-
regression models similar in principle to those described here. The genera principle we have
adopted is that the cluster and patient-level components of an ICC should be allowed to differ

by trial design, at a minimum.

In the motivating example there was also the potential for clustering by the GP. GP care was
generally a co-intervention delivered by the same sample of GPs. As such, GPs were crossed
with treatment arms. Asthey were not blinded to whether patients were allocated counselling
or no counselling, an interaction between GPs and treatment arm is plausible. Information on
GP involvement in the motivating example was very limited however. GP identifiers were
not recorded for the majority of the trials so it was not straightforward to include GPsin IPD
analyses nor was it often possible for researchers to report the level of between-GP variability
in the treatment effect. The number of GPs treating trial patients was also often unavailable
so there was very limited information on cluster size distributions. As such, while aliterature
is starting to develop on the statistical implications of multiple therapist-per-patient designs
[53], itislikely to be generally the case that details of multiple therapists treating particular
participants are unavailable in this setting. Thisislikely to be true of multiple therapists of
the same type (e.g. if more than one counsellor had treated patients) or of different types (e.g.
in the case of a counsellor and a GP, as was the case here), even though both multiple
therapist-per-patient trial designs are common in psychotherapy [10]. That is, trialsin which

the relationship between therapists and patients can be described as “multiple-membership”
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or “cross-classified” [5]. Extensions are needed to the methods proposed here for these more
complex data structures, aswell asfor crossed designs and trials with further levels (e.g.

centres) or repeated measurements over time.

An important consideration when implementing the summary data methods proposed hereis
the feasibility of obtaining, by trial arm, the ICC and average cluster size when researchers
have made no allowance for clustering by care providers. To our knowledge, ICC estimates
are currently only very rarely reported in the principal reports of psychotherapy trials [e.g.
56]. Subsequent papers may be published focusing on therapist effects, such as a series of
papers relating to the NIMH Treatment for Depression Collaborative Research Program trial
[55-58], or for the purpose of generating a database of therapist effects [59-60]. The number
of therapists involved in a psychotherapy trial is commonly reported though and tends to be
no greater than ten per arm. It is therefore likely to be possible to calculate average cluster
sizes. The distribution of the cluster sizes may however be skewed and highly variable, with
only afew therapists treating the majority of participants, as was the case in Chilvers et al
[34] and King et al [36]. Asthisisnot likely to be clear from the principa paper, no
allowance was made for it in the methods described here. More generaly, variability in
cluster sizeswithin trialsislikely to be common, and while it is difficult to make appropriate
allowance for thisif the cluster size distribution is unknown, the assumption of equal cluster
sizesisalimitation of our methods. For these reasons, the IPD approach is preferred, but this

assumes researchers are able to link clusters to participants.

From experience of collecting the therapist data for this meta-analysis, it islikely that cluster
identifiers are collected in the paper records of psychotherapy trials and it is common for
them to be somewhere in the el ectronic dataset. Although time consuming, it was possible to
get hold of IPD for al thetrials of counselling in primary care. Contact started with the lead
author of the Cochrane review and progressed to the lead author (and statistician where
appropriate) for each trial. In two of seven trials, data was re-entered from the paper case
report forms. This was the entire dataset for one but for the other it was just the counsellor
identifiers. Every tria recorded the counsellor who provided treatment. The age of thetria is
likely to be afactor in how accessible data is more generally. Establishing a collaborative
group and making use of personal contacts both helped to facilitate permissions to use data.
In other meta-analyses, it is possible that only the summary-data will be available in one or

more eligible trials. Where this is the case, assumptions could be made about the size of the
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clustering effect and sensitivity analyses carried out using a summary data approach. Further
work is needed to extend formal methods for pooling a mixture of IPD and summary-datain
this context [61-62]. As psychotherapy researchers have been interested in therapist effects
for anumber of decades, the availability of ICCs, cluster sizes and cluster identifiersislikely
to be greater in this context than in nested trials of occupational therapy, surgery or
physiotherapy for example. Where this data is unavailable, as may often be the case in some

areas, assumptions could be made and sensitivity analyses carried out.

The focus of this paper has been on meta-analyses of absolute mean differences in the context
of athree-level model (patients are nested within clusters, nested within trials) appropriate for
trials with nested designs. In the situation where a normally-distributed outcome is measured
with different questionnaires or scales acrosstrials, say depression on the BDI, HADS-D and
PHQ-9, a standardised mean difference would be the appropriate measure of treatment effect.
The methods described in this paper do extend but there are a number of added complications
that must be taken into account relating to small-sample bias in the treatment effect estimate,
estimates having a non-central t-distribution and dependence of the sampling variance on the
population parameter. A separate paper isin preparation focusing on the specific issues with
pooling standardised mean differencesin this context. It isimportant that specific issues
arising in the context of standardised mean differences, odds ratios, relative risks, and hazard
ratios are fully considered, since allowing for treatment-related clustering is more complex
for these summary statistics. (It would be easier for estimates of risk difference as one would
simply multiply the standard error by a design effect term here). One of these specific issues
isthat population-averaged or marginal estimates will be required if a summary-data
approach is adopted, rather than cluster-specific or conditional ones[63]. The 95% Cls
presented here all used the z-statistic from equation (8). Where small samples of trials or
therapists are pooled, it will be more appropriate to use at-statistic [43, 64]. The degrees of
freedom relating to this statistic for a random-effects meta-analysis are based on the number
of trials. In the case of afixed-effects meta-analysis, they are more complex, being based on a
Satterthwaite approximation [65] required for meta-analysing standardised mean differences
[10].

In conclusion, specific guidance is needed in the Cochrane Handbook [27] on methods for
handling treatment-related clustering associated with care providers in either individually- or

cluster-randomised trials. We have shown that while the issues may have similarities to those
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for standard cluster-randomised trias, the methods themselves need to be more general.

While we have focused on implications for precision, this guidance should consider the

implications for internal and externa validity of pooled treatment effect estimates [10], as

well as those for precision, as these affect interpretation and the validity issues are just as

important.
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Table 1 Descriptive Statistics for the Short-Term Beck Depression Inventory for Counselling vs. Control

Counsdlling No Counsdlling
Trial N Mean (SD) N Mean (SD) Mean Cluster Sizein Counsdlor ICC
Counsdling Arm (ANOVA Estimate)
Chilvers2001 39 152 (11.6) 44 148 (101 2.79 0.290
Friedli 1997 59 11.7 (7.7) 51 156 (10.5) 14.75 -0.023
King 2000 62 115 (7.7) 62 172 (119 4.23 -0.140
Simpson 2000 82 16.0 (9.3 79 160 (81) 8.88 0.045

Note: SD = standard deviation; Cl = confidence interval; ICC = intraclass correlation coefficient; A weighted average of the four ICCs gave a

pooled ICC of 0.033 (see [10])
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Table 2 Fixed- and Random-Effects Summary-Data M eta-Analyses of the Absolute M ean Differencein BDI between Counselling
and Control where All Trials have Partially Nested Designs

Fixed-Effects . . o . .
Meta-Analysis Assuming | ndependence Allowing for Within-Trial Clustering
Level 1 Variance Equal Unequal Equal Unequal
(Model 4 with Variance 11) (Model 4with Variance 12) (Model 4) (Model 4 with Variance 15)
Trial % M ean Difference % M ean Difference % M ean Difference % M ean Difference
Weights (Standard Error) Weights (Standard Error) Weights (Standard Error) Weights (Standard Error)
Chilvers 2001 13.9 0.4 (2.38) 13.7 0.4 (2.40) 15.1 0.4 (2.41) 14.6 0.4 (2.44)
Friedli 1997 25.7 -3.9 (1.75) 24.8 -3.9 (1.79) 23.8 -3.9(1.92) 239 -3.9(1.91)
King 2000 229 -5.8 (1.85) 24.3 -5.8(1.80) 24.2 -5.8(1.90) 26.0 -5.8 (1.83)
Simpson 2000 37.6 -0.5(1.45) 37.2 -0.5(1.46) 37.0 -0.5(1.54) 355 -0.5(1.57)
Pooled
Treatment Effect -2.43 (0.89) -2.48 (0.89) -2.42 (0.94) -2.53 (0.93)
D-L %4 - - - -
Counsdllor ICC - - 0.033 0.033
Random-Effects . . o . :
Meta-Analysis Assuming | ndependence Allowing for Within-Trial Clustering
Level 1 Variance Equal Unequal Equal Unequal
(Model 5with Variance 11) (Model 5with Variance 12) (Model 4) (Model 5with Variance 15)
Trial % M ean Difference % M ean Difference % (gmzlgfgﬁoﬁ % M ean Difference
Weights (Standard Error) Weights (Standard Error) Weights Weights (Standard Error)
Chilvers 2001 19.4 0.4 (2.38) 19.3 0.4 (2.40) 19.8 0.4 (2.41) 195 0.4 (2.44)
Friedli 1997 26.0 -3.9 (1.75) 25.6 -3.9 (1.79) 25.0 -3.9(1.92) 25.1 -3.9(1.91)
King 2000 24.8 -5.8 (1.85) 254 -5.8 (1.80) 252 -5.8 (1.90) 26.0 -5.8 (1.83)
Simpson 2000 29.8 -0.5 (1.45) 29.7 -0.5 (1.46) 29.9 -0.5 (1.54) 294 -0.5(1.57)
Pooled
Treatment Effect -2.50 (1.40) -2.52 (1.42) -2.48 (1.42) -2.53(1.43)
D-L %a 450 4.63 4.34 4.48
Counsellor ICC - - 0.033 0.033
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Table 3 Fixed- and Random-Effects I ndividual-Patient-Data M eta-Analyses of the Absolute M ean Differencein BDI between
Counsdlling and Control where All Trials have Partially Nested Designs

I\'th)a(ti_AErgle;;?s Assuming | ndependence Allowing for Within-Trial Clustering
Level 1 Variance Equal Unequal Equal Unequal
M odel (Model 16) (Modd 17) (Model 18)*
Intercept 16.2 (1.14) 16.3 (1.15) 15.7 (1.19) 15.8 (1.25)
Friedli 1997 -1.3(1.40) -1.5 (1.39) -0.5 (1.58) -0.5 (1.66)
King 2000 -0.6 (1.38) -1.0(1.38) 0.3 (1.49) 0.1 (1.54)
Simpson 2000 0.8(1.32) 0.7 (1.31) 0.9 (1.42) 0.9 (1.48)
Pooled
Treatment Effect -2.47 (0.90) -2.47 (0.90) -2.43 (1.08) -2.46 (1.12)
G2 9.66 (6.04) 12.53 (6.41)
65 92.77 (6.12) 102.91 (9.47) 89.10 (6.07) 102.20 (9.41)
6 82.11 (7.76) 73.20 (7.45)
Counsdllor ICC - - 0.098 0.146
-2 Log Likelihood 3384 3381 3382 3377

R“?r:;rxhi}‘;ﬁs Assuming | ndependence Allowing for Within-Trial Clustering
Level 1 Variance Equal Unequal Equal Unequal
M odel (Model 19)*
Intercept 155 (1.31) 155 (1.37) 15.4 (1.29) 15.4 (1.36)
Friedli 1997 -0.2 (1.74) -0.3(1.80) 0.0 (L.73) -0.1(1.82)
King 2000 1.0 (1.68) 0.9 (1.74) 1.1 (1.66) 1.0 (1.74)
Simpson 2000 0.8(1.61) 0.8 (1.68) 0.9 (1.59) 0.9 (1.67)
Pooled
Treatment Effect -2.47 (1.42) -2.47 (1.42) -2.49 (1.45) -2.51 (1.45)
72 4.80 (4.58) 4.83 (4.46) 3.85(4.89) 3.56 (4.76)
G2 8.06 (6.09) 11.20 (6.54)
6% 91.88 (6.09) 101.88 (9.38) 88.98 (6.06) 101.87 (9.38)
64 81.33(7.75) 73.24 (7.46)
Counsdllor ICC - - 0.083 0.133
-2 Log Likelihood 3385 3383 3383 3378
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Table 4 M eta-Regression Analyses of the M ean Differencein BDI

Sour ce of Heterogeneity in ICCs

Treatment Patient
Model Standardisation Eligibility
(Model 22) (Model 23)
I ntercept 15.8 (1.27) 15.7 (1.16)
Friedli 1997 -0.6(1.38) -0.6 (1.54)
King 2000 -0.2 (1.45) -0.5(1.51)
Simpson 2000 0.9 (1.59) 0.9 (1.39)
Counselling -3.58 (0.91) -2.37 (1.05)
6L 8.62 (5.22)
Ga (Mixed) 80.71 (9.31)
G a (Depression) 53.32 (10.92)
G (Mixed) 86.91(9.32)
G e (Depression) 142.06 (25.52)
67 (Not Standardised) 28.19 (14.07)
67 (Covariance) -15.14 (7.03)
6 71.71(7.12)
6% 102.13 (9.40)
Counsdllor ICC (Mixed) 0.097
Counsellor ICC (Depression) 0.139
Counsdllor ICC (Not Standardised) 0.282
Counsellor ICC (Standardised) -0.030
-2 Log Likelihood 3364 3368

Note: Model 22 has been re-parameterised to allow for a negative counsellor ICC for the standardised
treatment trials. Model 23 has been adapted to alow for different ICCs for trials with mixed and depression
patient eligibility where al trials have partially nested designs.



