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Abstract

In meta-analyses, where a continuous outcome is measured with different scales or
standards, the summary statistic is the mean difference standardised to a common
metric with a common variance. Where trial treatment is delivered by a person,
nesting of patients within care providers leads to clustering that may interact with, or
be limited to, one or more of the arms. Assurmamgmmon standardising varianise

less tenable and options for scaling the mean difference become numerous. Metrics
suggested for cluster-randomised trials are within, between and total variasces. F
unequal variances, the control arm or pooled variaMieconsider summary

measures and individual-patient-data (IPD) methods for meta-analysing standardised
mean differences (SMDs) from trials with two-level nested clustering, relaxing
independence and common variance assumptions, allowing sample sizes to differ
across arms. A general metric is proposed with comparable interpretation across
designs. The relationship between the method of standardisation and choice of model
is explored, allowing for bias in the estimator and imprecision in the standardising
metric. A meta-analysis of trials of counselling in primary care motivated this work.
Assuming equal clustering effects across trials, the proposed random-effects meta-
analysis model gave a pooled SMD of -0.27 (95% CI -0.45 to -0.08) using summary
measures and -0.26 (95% CI -0.45 to -0.09) with the IPD. While treatment-related
clustering has rarely been taken into account in trials, it is now recommendgdsthat
considered in trials and meta-analyses. This paper contriioutes uptake of this

guidance.



1. INTRODUCTION

Summary measures approaches to statistical pooling or ‘meta-analysis’ of randomised

trials first involve extracting a summary statistic, representing a treatment effect, from
each trial and then calculating a weighted average of [1, 2te\ieeoutcome

is normally-distributed, for example the severity of depression, the summary statistic
is often an absolute mean difference. If the outcome is measured with different scales
or standards across trials, for instance with the HADEiD [3], PI-E}-Q [4] and the BDI
, then the relevant summary statistiche absolute mean difference, standardised

to a common metric. That is, the standardised mean difference (SMD) or effect size.
Outcomes are then assumed to be linearly equitable across trials, regardless of the
measurement tool used, ane summary statistic is interpreted as a mean difference
given in units of a standard deviation (SEI) [6]. Where outcomes can be assumed to be
independent and the8D homogeneous, the population SMD is defined as the

difference in means across arms, divided by the con®bof the outcome.

Independence and common variance assumptions are less tenable when the treatment
a patient receives is delivered by a health professional, such as in talking or physical
therapies or surgery. Systematic variatonclustering’ in patient outcomes by care
provider arises when providers differ in characteristics related to outcome, such as
training, skill, experience or empathy. As with cluster-randomised trials, the resulting
correlation among outcomes within clusters vieddlhe assumption of independence.
However, treatment-related clustering also violates the common variance assumption.
Provider characteristics may also differ across arms, for instance with greater skill or
different training being required for one treatment than another. There may also be
greater standardisation of one treatment, or one may be more established so that there
IS greater experience associated with it. The consequence of violations to the standard
assumptions is that there is no longer a single common metric; the options available
for scaling the mean difference being numerous. In general, each one is associated

with a different population parameter and requires a different interpretation.



In cluster-randomised trials, typically, treatments are randomly allocated to entire
clustergn afully-nested, parallel-group desi [7]. It is generally assumed that the
clustering effect is homogeneous across treatment arms so the between- and within-
cluster variances, which make up the total variance, are the same in both aems and
random intercept model appropriate for the analysis of each trial. Under this
assumption, both White and Thonﬁs [8] and Het@es [9] have sedgepulation

SMDs based on the between, within and total SDs respectively. A between-8Dister
camot be defined if there is only one cluster per arm in a trial. Similarly, where
cluster-level analyses are reported, the within-clUsE2may not be. In both casis

would be possible to make assumptions about the intra-cluster correlation (ICC) and
report and interpret the SMD in units of the t&&l While the choice of metric

should depend on the inference of interest to a meta-arlﬁlyst [9], SMDs based on the
total and within SDs reduce to the standard SMD when outcomes are independent. If
clusteringis ignored in the published analyses, estimates of the between, within, and
total SDs are unlikely to be readily available. Therefore, their population values may
be difficult to estimate directly. To circumvent this problem, White and Thﬂ\as [8]
and HedgeﬂQ] suggest replacing the total SD fma&ve SD, given by the total

mean squares, in estimating the total SD SMD, and correcting for a bias that arises in

doing so.

The simple situation, in which independence and normality assumptions hold but the
variances differ across two treatment arms, is classically referred to as the Behrens-
Fisher proble]. Glal] argued that between-trial heterogeneity in the
treatment arms obscures interpretation when pooling trials in this situation and
recommenddthe control arnED be used as the metric of choice if the comparator is
no treatment. It is arguable that this advantage is lost if control content also varies
from trial to trial. As an alternative, Huyr'h_[12] suggested pooling the SDs across

arms, using the effect size proposed by Cdghen [13] p.44]. In contrast to the standard

SD, sample SDs in this metric estimate different population SDs. While it has been
argued thathe resulting distribution is rather contrived, and rezgcareful
interpretatio], this SMD has the advantage of reducing to the standard SMD

when the outcom8Ds are homogeneous across arms, utilialhgvailable outcome



data, and minimessthe small-sample bias in the trial SMDs identified by He(@es [6,
. Huynh] assumed the sample size is the same in each arm.iW\dikéees, as

is often the case, we propose a more general pooled outcome SD that could be used,
weighting the SDs by the sample size in each arm. A further option might be to use

the associated baseli&®, a metric more commonly recommended for standardised

mean change scores [16:20]. This may appeal particularlgevehigibility criteria are

similar across studies.

Use of individual-patient-data (IPD) in meta-analyses of SMDs appears to be limited,
but seq [21-23] for examples. Goldstein eEI [24] described an IPD approach with the

level-1 or within-clusteSD as the common metric. This was illustrated using ssudie

of class size where students were nested within classes, schools and atddiesl|

versus large class size represented the treatment arms. The inclusion of a further level
in the meta-analysis makes their approach especially relevant but, in contrast, schools
are crossed with arms in their example. And, while they allude to models that allow

for between-arm or trial heteroscedasticity, they do not consider nested study designs,
the rationale or implications of the choice of metric, imprecision in the standardising
SD, or the relationship between the method for standardising outcome data and the

choice of model for the meta-analysis.

This paper proposes summary measures and IPD appraathemeta-analysis of
standardised mean differences from randomised trials with uniform two-level nested
designs and treatment-related clustering. It builds on earlier@rk [25], addressing the
simpler situation in which absolute mean differences are to be pooled, but due to the
additional complexities here, between-trial homogeneity in the within-trial clustering
effects is assumed throughout. In both papers, the nested designs considered assume
there is a single therapist-per-patient. In a fully nested design different care providers
deliver every treatment, while at least one treatmees ot require care providers in

a partially nested design (see Walwyn and Ros [26] for further description of the
full range of therapist designs). The statistical model recommended at the trial-level
for both nested designs is a two-level heteroscedastic r@iel [27]. Thieselud

random effect for the care provider but allows the provider and patient level variances



to differ across arms, constraining the provider variance to zero in arms with no care

providers for partially nested designs.

We begin in section 2 by outlining the example that mogig#tis work. In section 3

we set out the summary measures approach proposed by Iﬁs [6, 15], highlighting
the steps involved a standard meta-analysis of SMDs and how it differs from a meta-
analysis of absolute mean differences. In section 4 we extend this approach, and those
suggested by White and Thonﬁs [8], Het@s [9] and Hh [12], proposing a general
metric that simultaneously relegindependence and between-arm common variance
assumptions, also allowing the number of patients to differ across arms. In section 5
we first outline the steps suggested by Goldstein I [24] for a standard IPD meta-
analysis of SMDs, highlighting how these could be modified to allow for imprecision

in the standardising metric. &then extend thm, initially relaxing the between-arm
homoscedasticity assumption for the Behrens-Fisher case, and then simultaneously
relaxing the independence and between-arm homoscedasticity assumptions necessary
to pool trials with treatment-related clustering. In section 6 we illustrate our methods
using our motivating example, concluding in sectionitha discussion and

limitations.

2. MOTIVATING EXAMPLE

As in our previous paper on the meta-analysis of absolute mean diffe@ces [25], we
were motivated bBower and Rowland’s systematic review of the clinical and
cost-effectiveness of counsellingliK primary care, which included 8 trials. As it is
usual for counsellors to apply eclectic therapeutic approdotzegery wide range of

social and clinical problems, the implications of therapist varieﬁr [26] are especially

pertinentin this setting. The largest meta-analysis involved 7 tfials [29-35] comparing

counselling plus care from a general practitioner (GP) to just GP care using short term

outcomes measuring the level of mental health symptoms.

Four of theetrials 5] reported the Beck Depression Inventory (@)I) [5],

allowing a meta-analysis of the absolute mean differes [25]; the other three trials



] repoedthe General Health Questionnaire (G, the depression

subscale of the Hospital Anxiety and Depression Scale (HQ[D and a short

Symptom Index, respectively. All are commonly used self-report questionnaires: the
BDI and the HADS-D measure severity of depression while the GHQ and Symptom
Index are global measures of wellbeing. The BDI has 21 ittota $cores 0 to §3

and the HADS has 7 items relating to depression (subscale scores 0 to 21) with higher
scores indicating greater severity. The GHQ had 28 items (total scores 0 to 28) with
score above 4 indicating the presence of distress. The Symptom Index had 18 items
(mean scores 0 to 4) with a norm of 0.61. Across these scales, a change of 0.5 SDs is
generally regarded minimally important.

To pool all 7 trials, it was necessary to first transform the data on all four scales to a
common metric. The published meta-anal [28] gave an SMD of -0.24 SDs (95%
CI1-0.38 to -0.10)sq according to Cohen’s Iassification, the pooled treatment
effect can be regarded as clinically small but statistically significant. Authors of the
Cochrane review concluded ‘counselling is associated with modest improvement in
shortterm outcome’ and that it ‘may be a useful addition to mental health servicesn
primarycare’ . Ignoring the co-intervention of GP care, each trial can be viewed
as having a partially nested design, with counsellors delivering treatment in the
intervention but not in the control arm. Across trials, there was a single counsellor per
patient. The published meta-analysis used a standard summary measures approach,
assuming independence of patient outcomes within trialg aachmon variance

across arms, fitting a fixed-effects meta-analysis model assuming a common

underlying SMD across trials.

3. THE STANDARD SUMMARY MEASURES APPROACH

Any summary measures meta-analysis of SMDs, or absolute mean differences for that

matter, requires the systematic reviewer to assume outcomes are normally-distributed
and to extract the sample meayg,§, SDs (S,,) and sizes I, ) for each arm
(k=01) of every trial h=1,...,H ). Assuming theeare all available from

published or unpublished trial reports or direct correspondence with authors, the first



step is to choosanappropriate metric or SD for scaling the absolute mean difference.
The SMD is thus a ratio, where the absolute mean difference is not. In the standard
but also simplest scenario, where independence and homoscedasticity is assumed

within and across each trial to be pooled, there is only one option for such a metric,
the common Sl . The population SMD is therefore defin as]

H — Ho
1
. 1)

QSMD =

with the difference in population means of the treatment and ¢@mtrorespectively

in the numerator and a common standardising metric in the denominator. The second
step specific to meta-analyses of SMDs is to choose an estimator for the denominator.
Usually the population metri@o beedimated, within each triahy the sample SD in

the treatment or control arrs,,, s,, or by the sample SD pooled across arg)s, A

third step is then to determine the sampling distribution for the chosen estimator of
the denominator of the SMD, obtaining the relevant degrees of freedom. This tends to

be the pooled sample S§), because it maximises the degrees of freedom available,
utilising all of the available data. As in the standard case the pooled sample variance

is simply the mean squares error, thasjjs= MSE, , it follows thatits sampling
distribution is exactly proportional to a chi-square with+ n,, —2 degrees of
freedomdf, . Sinces,, is a direct estimator of in the standard case, a fourth step of

calculating a bias, relating to the choice of estimator for the metric, is avoided. Once
one has a sampling distribution for the standardising metiiith &tep, which is

common to all meta-analyses, is to obtain the sampling distribution of the sample
estimate of the population parameter so as to select an unbiased summary statistic and
determine its standard error. There are two sample estimates of the population SMD.

In the standard case, the first is commonly referred @ohsn’s d , the second
asHedges’ g . Cohen’s dis the large-sample estimate of the population SMD and

is givenby simply replacing the population parameters by their sample equivalents in

each trial as follows,

éCohet‘sd,h = yl—hs_ Yon (2)
oh



This makes no allowance for imprecision in the standardising SD, instead assuming

that all the trial sample sizes are large so alldheare also largetd sampling

distribution is given asymptoticall"j)b/

- 2
GCOhef'Sd,h - N(M , (i + i} + &J (3)
Oh Ny Ny ) 200y, +1y,)

As Cohen’s d is a ratio of a mean difference to a standardiSiDgits standard error

is equalto the standard error of the absolute mean difference plus a term that relates to
the SD, the latter depending on the population parameter. As such, in contrast to a
meta-analysis of absolute mean differences, in a meta-analysis of SMDs, the sample
estimate and its standard error can be seen to depend on the variance of the outcome.

If any of the trial sample sizes\( ) are small, and particularly dif, <10, Hedges

showed that Cohen’s d is biased foé,,,,, and derived an alternative estimator,

to correct for this,

A Y1 — Yho Hu — Hno C(dfh )2 dfy, (1+ ﬁh‘9§MD) 2
o =c\df | 2229 |~ N , — -0 4

1
where A, = (ni + nij and c(df, )= F(d;“j / ( dzﬂ‘l"((ﬂhz_lﬁ ~1- 4df3 1
hi ho h ™

Hedges’ gis the unbiased estimate of the population SMD, appropriate regardless of

the degrees of freedondf, , available for estimating the standardising megfic, It is
thereforepreferred over Cohen’s d . Hedges’ g converges to Cohen’s d as the trial
sample sizes increabet is uniformly smaller than Cohen’s d otherwise]. Since

Hedge] originally suggested substitut'@fgdgesg’h for 62, when estimating

the standard error, this is widely done in software. White and Thpmas [8] p.150]

showedthat this introduces bias because the expectation of a squared estimate is equal

to the squared parameter plus the variance of the estimate, not simply the squared



parameter (that iE(éz)z 6? + 7). So they proposed a refined estimator for the exact

sampling variance, given by

R 1 1 A df. -2
GU?H daes.h = (_ + _j + eﬁedgeSQ,h[l_ h—zj (5)
coee. Ny Ny C(dfh) dfh

The first term clearly relates to the variance of the numerator of the trial SMD and the
second to the variance of its denominator. This was originally derived by HEdges [38

p.391].

Again common to all meta-analyses, once one has an unbiased summary statistic (e.g.
Equation (4)) and an unbiased estimate of its standard error (e.g. Equation (5)) a sixth
step is to pool summary statistics using fixed or random-effects meta-analysis model
. The choice between a fixed or random-effects meta-analysis is based on whether
it is reasonable to assume there is an underlying SMD common across trials.df it is,
fixed effects model may be fitted. In the more likely scenario where population SMDs
vary across trials, a random-effects model should be fitted. Where there is substantial
heterogeneity in SMDs across trials, it is important to explore possible explanations
for this, perhaps in the context of a meta—regres [40], or give a tolerance interval
for the effect in a new studl]. Methods to allow for between-trial heterogeneity
are beyond the scope of this paper, however. The uniformly minimum variance

unbiased estimate (UMVUE) ofng pooled treatment effecf is given by the
following weighted averag 'A 3]

H ~
. zwheh
=12
D W

h=1
where the trial weightsy, , are the inverse of the sampling variance of the summary

(6)

statistic. In a random-effects meta-analysis model, the weights are the inverse of the

total sampling variance, given by the sum of the With?i@, , and betweens?_,

Hedgesg,h
trial variances, where the latter is often estimated using DerSimbaiatis (D-L)
methods of moments estimator. In a fixed-effects meta-analysis the between trial

10



. . . . 2 . .
variance is simply zero. It is usual f8g, and T§h to be replaced by their respective

estimator§§h and fgzh here, although Sidik and Jonkm[45] suggest an alternative

approach that is robust to sampling errors in the estimated weights.

A seventh step, recommended for summary measures SMD meta—aﬁlyses [6] but
unnecessary when the summary statistic is an absolute mean difference, is to plug the
pooled estimate of the population SMD from Equation (6) back into the estimate of

the within trial variance given in Equation (5), which is used in estimating the tria
weightsw, , and to continue iterating until convergence. While this step is not always

implemented in software, and it may not be desirable where there is any suspicion of
heterogeneity in the SMD across trials, it is important because the initial weights
depend on the trial estimate of the SMD. As the size of the weights increase as a
function of SMD, particularly if the degrees of freedom available for estimating the
standardisingD are low, omitting this step may lead to the pooled treatment effect
being unduly affected by a single trial with an extreme SMD. He@;es [6] argued that
when the degrees of freedom relating to the standardsédraye all large this step

can be ignored.

Once you hee converged estimates of the trial weights the eighth step is common

to all meta-analyses. It is to calculate the standard eftbe estimated parameter

simply by

7,~(3m) )

so that an approximate two-sidd®@—)% confidence interval foé is given by
0+ Z, 4120, (8)

4. A MORE GENERAL SUMMARY MEASURES APPROACH

The eight steps outlined above, hold specifically for the situation in which
independence, normality and homoscedasticity can be assumed. When the

11



assumptions of independence and homoscedasticity no longer hold, the first five steps
need to be modified. That is, (i) an appropri@izfor scaling the absolute mean
difference must be chosen, (ii) an estimator for 8iifound, (iii) the sampling

distribution for this SD estimate determined, in order to obtain the relevant degrees of
freedom, (iv) a bias relating to the choice of SD estimadioulated, and (v) the

sampling distribution of the SMD estimate determined in order to obtain an unbiased
summary statistic and its exact standard error. The final three steps (six to eight) are

the same as in any meta-analysis of SMDs.

4.1 Choice of SD for Scaling the Absolute Mean Difference
A general population SMD can be defined as

QSMD = Lo b} (9)
den

with the form ofo,,depending on the choice of standardistiyy As we have seen,
in relation toCohen’s d and Helges’ g, 0., = o for the standard SMD. For Glass’
SMD, the standardising metric is the control 8™ (o, = o,, Wheres, = o). For

Huynh’s \ SMD, the standardising metric is a simple average of the treatment and

control armSDs (o, = /(6 +2)/2). And for White and Thoma or Hedges

E] SMDs, the standardising metrics are the total, within or between cluster SDs

respectively 6,.,= 07,0, Of o). The issue faced when pooling SMDs from trials

with treatment-related clustering is the presence of between-arm heteroscedasticity.
Here, the need for a common metric across arms results in two options. The first is a
metric that has a direct interpretati@ne option is Glass’ SMD, another is a SMD

based on the baseline SD. Here, the standardising metric has a clear interpretation but
only where trial designs are comparable. The second is a metric that requires pooling
potentially different population SDs. This could be the within, between or total SDs.
We argue that the most general standardiSibgs what we will refer to as the pooled

total SD. The population SMD based on this is gilgn

12



H— Hy
0,0 = (10)
o (nl _1)‘7T21 + (no _1)‘7T20
n+n,—2

It applies to fully-nested trials with treatment-related clustering but reduces to a range

of other SMDs in more restrictive scenarios. For partially-nested trials, the total SD in

the control arms the standard control arm S0o-;, = o, in Equation (10). If the

sample size is unequal across arms in the Behrens-Fisher,gase, ando,, = o,

in Equation (10)If the sample sizis equal in this case then Equation ) i€duesto
Huynh’s \ SMD. If the sample sizes, within and between cluSg are all equal
across the armshen Equation (10) reduces to White and Tho’@sand Hedge’s@

SMD based os. . Consequently, all these metrics can be viewed as special cases of

the more general metric proposed here, making the pooled total SMD an appealing
option, compared to @ooled ‘within’ or pooled ‘between’ SMD. We will return to

this issue in the discussion.

4.2 Choice of Estimator for the Standardising SD
White and ThomaﬂS] and Hedgﬁ; [9] both give two options for estimating the total

SD. Either it is estimated directly using the total S Xin every trial h=1...,H ),
or if clusteringis ignored in published analyses, and estimates of the total SDs are not
readily available, it is estimated indirectly using the naive §D,(given, as with the

standard casg@quations (2) and (4)), by the total mean squares. Sample estimates of

the pooled total SD for the fully nested case are therefore given by

Srun = \/(nlh _1)S$1h + (nOh _1)812'0h (11)
Ny, + Ny, —2
or

SSW, + SSB, + SSW,, + SSB,,
n, + nOh -2

Sn =MST,, = \/ (12)

13



respectively, wher8SW, andSSE, are sums of squares within- and between-clusters

in each arm k= 01) of every trial (h=1,...,H ), assuming cluster sizes are equal

within trial arms. The sample SD in both Equations (11) and (12) is now a linear
combination of mean squares terms rather than simply a single mean squares term (i.e.
the mean square error) as it was assuming independence and homoscedasticity.
Estimators of the pooled total and naB/@ are given in Table I, in terms of the sums

of squares (SS), for the fully nested case and under the more restrictive scenarios.
Note that the term for the total mean squares is biased for the pooled total variance,

where clustering is present (see Section 4.4 for details of the implications of this).

[Insert Table | about here]

4.3 Sampling Distributionsfor Estimators of the Standardising SD
One consequence of the sample SDs in Equations (11) and (12) now being linear

combinations of mean squares terms is that anpling distributions are also no
longer exactly proportional to chi-squares with+ n,, —2 degrees of freedordf, .
Instead, they have sampling distributions approximately proportional to chi-squares
with degrees of freedom given, using a Satterthwaite approxin [46] by

df. ~ ((n1h ~1)Pon — 87 + (Non —2NA1 ~ LS )2 (13)
(ﬁm1)2(/3%1){2[(%21)2(%&(“(%1)@ )J%N

k=0 Mg, Cin (Ckh - 1)(15kh - 1)2

and

respectively, wherg,, andp,, are estimated control and treatment ICCs respectively,

S, €stimated within-cluster variances, the cluster sizeC,, the number of clusters

14



and s, the naive variances in akms 0,1 of trial h=1,..., H . Derivations are given

in Appendix A and B respectively as supporting web materials.

It is possible to rewrite Equation (13) in terms of total variances by replaging

aTzkh(l—pkh). The degrees of freedom given in Equations (13) and (14) simplify under

more restrictive scenarios to those summarised in Table Il. Under independence the

degrees of freedom are equal for the pooled total and naive variances.{Huynh [12

p.21] gave the degrees of freedom for his pooled SD. We give the degrees of freedom

for the more general Behrens-Fisher situation but also those valid under a random-
intercept model for the pooled total SD, correcting typographical errors in White and

Thomas|[8 p.191] and Hedggs [9 p.B64], and for the pooled naive SD as given by

Hedgesd| [9 p.196], thereby correcting a further typographical error in White and
Thomas|[8 p.151].

[Insert Tablell about here]

4.4 Bias Relating to the Choice of SD Estimator
The expectation of the pooled naive variance under a two-level heteroscedastic model

IS given by

—1)p fog +(mO —l)p o
S.Z — thZ. — (l_ (nﬂ!lh 1-'T1 h 0~'TO 0_2. (15)
E[ h] i (nlh _1)UT21 + (nOh _1)O'T20 !

with p,, = 0 ando?,, = o, where trials are partially-nested (see Appendix C under
supporting web materials for the derivation). Under independence, pheye, =0,
it can be seen thigt=1 and the naive SD is unbiased. Hed@es [9] gave the bias under

a random intercept modas

_[(,_(m-Dp,
bh—[l o ] (16)

h

As before, the bias in Equation (16) is a special case of that given in Equation (15). In
all cases, the naive variance underestimates the total variance by a factor linked to the

design effect.

15



4.5 Sampling Distributions of the SMD Estimates
Huynh [12 p.4-6] and Hedges [9 p.36D-2] have derived sampling distributions for

large-sampléextending Cohen’sd ) and unbiased (extending #es’ g) estimators

of SMDs based on pooled and total SDs, respectively. These have a similar form and
can be extended to give yet more general sampling distributions for the pooled total
SMD. Suppose that, for each bftrials, the absolute mean difference in outcome

observed between the treatment and control &istributed as

[1+ (my, —1)/91]0'12 n [1"' (M, _1)100]0_5) (17)

Yin = Yon ~ N(/ulh — Hon» N, N,

where the expectatior‘E{ylh — yOh]) and sampling variance;ﬁh_%h) of the absolute
mean difference are unknown but tag, =1+ (m,, —1)p,, denote known constants.
If 05 o1 = HsZ...] /b, . wheres,,, is given by Equation (11) or (12) aty, given in

Equation (15, also a known consfartite large-sample estimator 8f,..., is given by

(ylh B yOh )\/E ~t %m’yoh (18)

dfth)h 2

QLS, ptotalh =
Sder}h denh

wheret,, , is a non-central t-distribution with degrees of freeddiin given in Table

[l and non-centrality parameter equapfo= éptotal/ N is;h%h / Shenh ) A derivation for

Equation (18) is given in Appendix D as supporting web materials.

Again Equation (18) simplifies. In the standard case, Equation (18) is Siiajsy’s

2

d(p=p,=0,8,, =1, b, =1, 012 :0'51 %1h7y0h/sgenh :]/nlh+]/n0h)- It is Huynh’s

12 p.4]gwhereay, =1, b, =1, ands; _, /si.,, is equal to Huynh’s k. It is White

2
Y1h—Yon

andThomas’ [8 p.15Q] g,,,if b, =1,0%, =05y, On, = CweaNds;, ; /Sie, =Var[G],

i.e.deff, (I/n, +1/n,) or deff, /n, +deff. /n, . Finally, Equation (18js Hedges’ E

p.36Q] D wherea = ay,,, 05, = 0%, Ouy = Oup ANAS . /S5, is equal to hisa/N .

Yih—Yon
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It follows from the definition of a non-central t-distribution (see Huynh [12 p.4] and
White and Thomas [8 p.150]) that, whedg, > 2,

Elf.s|= Osuo/cldf,) and

df Sghfioh A
f’éf( - iz}( - +9§MDJ—E[9Ls,h]Z (19)
h

2
Sdenh

with the asymptotic standard erroerS’h given by

Oish

2 A 2 A
— \/Sylzh—yw + eszMD — \/Sy];_YOh + Cheszgm (20)
Sdenh 2dfh Sdenh 2bn

correcting typographical errors in Huynh [12|p.5] and Hedges [9 p.361]. Note that, in

Hedge],dfh =’ / ¢, due to hisuse of Box’s [47] generalisation of Satterthwaite’s

approximatio] for the degrees of freedom. The result in Equation (19) implies

that the unbiased estimator @f,,,,, is

A {MJ with

Sdenh S
denh

2 A S)zllh_yoh N2 dfsse =2
Eleptotathzeptotal and O-épmalh ~ ?enh—i_eptotalh 1- dfsz Cdfss (21)

Note that the adjustment White and Thoﬂs [8] recommend fiyekiey (Equation

(5)) has been made to the estimated standard error in Equation (21).

Wheredf, > 2, the expectation and sampling variance for the general unbiased SMD

estimate are given by Huynh [12 p.6] and White and Thgmas [8|p.143] respectively as
Oso and|c(df, V(dif, /df, — 2)(s2

1l

5o/ Shenn + HSZMD)J— 02%,,- Given that the degrees of

freedom are approximate so is the estimated standard error. It is worth noting that the
accuracy of Satterthwai6] approximations may depend on the imprecision of the

estimateccomponent parameters. Equation (21) again simplifies Hedges’ g in
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the standard cask.is Huynh’s [12 p.G]h in his case. It i¥Vhite and Thomas’ |8

p.150] g,4in their case and it Hedges’ [9 p.362]DJ(b2/c) in his.

The sampling distributions of the SMD estimators considered further in this paper are
given in Tabldll. It can be seen that clustering and heteroscedasticity affect the trial
SMD estimate and its standard error via the degrees of freedom, the trial SMD

estimate via the denominator and its associated bias (where applicable), and finally,

the standard error vig} . /s%, .

[Insert Tabldll about here]

5. META-ANALYSISMETHODSUSING THE IPD

Any IPD meta-analysis will require the systematic reviewer to obtain the trial datasets
in which patients are linked to trials, interventions and outcomes. If clustering by care
provider is also to be considered, provider identifiers linking patients to providers will
additionally be required. Assuming all necessary data are available, the first step is to
prepare the data for analysis and the second step is to fit the associated meta-analysis

model.

5.1 Data Preparation
In preparing the data, Goldstein e[24] suggest that it is necessary to standardise

the outcome, giving it a common origin and metric. Firstly, by subtracting the mean in
the control arm from observed patient-level outcomes, the outcomes within trials are
given a common origin, transforming them to differences from this origin. This is
important when trials use different measurement scales since standardised means, like
absolute means, are expected to vary from trial toI [24]; it is differences between
standardised means that are assumed to be comparable. If measurement scales are the
same across trials, the outcomes would already have a common origin, making this
unnecessar4]. Secondly, by dividing the differences by a common SD, outcomes

are given a common metric. If the interpretation of an SMD is to be meaningful its

metric should not be confounded with the mean differences within the trials (see

Greenlan] for a similar argument regarding standardised regression coefficients).
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For this reason, the standardising metric must be common to all arms of a trial. In the
standard case, where independence and common variance assumptions hold, the data

would therefore be transformed, prior to analysis, as follows

yiir?hemd — yikh — VOh (22)

oh

wherey,, is the outcome for patiembf treatment arnk of studyh, y,, is the mean

in the control arm and,;, the standardising metric from Equation (12).

Goldstein et a] assumed that the population value of the SD is known, and equal
to the sample estimate, thereby igngHedges’ small-sample biadt all trials

have large effective sample sizes, as in their example, this will have little impact, but
as previously discussed it will lead to bias otherwise, even where the total sample size

is large. This can be avoided by first dividing the metric by its correction fdti)

using Equation (4) as follows
Hedgesg _ Yikn = yoh 23
Yie Sy, /cldfﬁzh ’ (23)

A similar transformation would be appropriate in the simple Behrens-Fisher situation.

The difference here is that the divisgy is now a linear combination of mean square
terms so the degrees of freedom are not simply n,, —2 as they are for Equation

(23) but are taken from Table

In their example of studies of small versus large class size, where students are nested
within classes, schools and studies, with schools crossed with interventions, Goldstein

et al ] suggested the following transformation,

yijCkLossed: yijkh - ijh (24)

where y,,, is the outcome for patiemtin schoolj of treatment arnk of studyh,
Yion IS the cluster-level mean in the control arm apdthe standardising metric. By

standardising at the cluster-level, Goldstein I [24] adopted a cluster-specific or
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conditional approach. This is only possible because their studies had a crossed design
(whereby schools had small and large class sizes) so absolute mean differences could
be calculated at either the school or study level. Summary measures meta-analyses
adopt a population-average or marginal approach, defining the origin at the trial-level.
Defining the origin at the trial-level is necessary for nested designs as well since
clusters relate only to one treatment arm. In line with their cluster-specific approach,
Goldstein et a] used the within-cluster or level-1 SD as the metric within trials.
They therefore implicitly assumed a random-intercept or random-coefficient model

for the trials.

Where clusters are nested within interventions, as in our example, we suggest

subtracting the marginal megg, rather than the conditional megg, from vy, . To

be consistent with a two-level heteroscedastic model for the trials, we suggest as
previously the relevant common metric is the pooled total SD within trials. Again, the
small-sample bias can be avoided by dividing this metric by its correction

factorc(dfh) using Equatiorg4), with respect to the degrees of freedom in Tablk
the total SDs are used the transformation we suggest is simply,

Mﬁ(ﬁoled‘l’otal _ C(dfs$,h I yijkhST_ Yon j (25)

eh

If the total mean squares are used, then it becomes,

yiﬁ(ﬁoledNaive _ C(dfsfh )\/H( (yiikhs_ Yon )] (26)

oh
5.2 Meta-Analysis Models
Once the outcome data have been transformed, the next step is to fit the appropriate
model. Supposg, is the transformed outcome for ti&patient, where=1,...,N ,
and that it is normally-distributed. Suppose also thatepresents the standardised

mean outcome in the control arm of tha(a fixed effect), and is a fixed treatment

effect withK, being an indicator variable for the intervention versus control arm.

Using Goldstein’s notation for random effects, the standard fixed-effects meta-

analysis model would be
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Yi =a, +K; +Q(1) (27)

where ande® represents the level-1 random effect for patientsethe: N(0,1). We

suggest that in the standard case (see Equations (22) and (23)), the following random-
effects meta-analysis model should be fitted,

Vi =a, +K; + Tt(r?;I(i) Ki + q(l) (28)

where rtﬁgl(i, represents the level-2 random effect mapping patients to trials and

rtfgl(i) ~ N(O, 12). Here, the trial effect is fixed but the treatment effect randomly

varies across trials. In contrast to a fixed-effects meta-analysis model, Equaltion (28
respects the method by which data were standardised (accounting for the dependence
induced by the data-driven transformation), defining the origin and meticialt

level. A fixed-effects meta-analysis model would be appropriate if outcomes were
standardised across trials usigigas the origin and, asthe metric. However,

defining the origin and metric at a meta-analysis level would only be apprdpriate
outcomes are standardised but measured with the same scales and standards across

trials. This is relatively uncommon and not the case in our motivating example.

When the pooled within-treatment standard deviaggns used in the context of the

Behrens-Fisher problem, one possible parameterisation of the appropriate random-

effects meta-analysis modsl

Yy, =a, + K, + z't(r?e)ll(i) Ki + Q((l)) (1_ K; )+ q(ll) Ki (29)

whereeg, are patient-level random errors for the control and treatment respectively

ande® ~ N(0,62) and & ~ N(0, 5% ) with (n, —1)o? +(n,—L)o2 /Ny +n, —2=1.
Model (29) is appropriate because it respects the fact that the data were standardised

with a pooled patient-lev&D.
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If, as described in Equations (25) and (26), the pooledsgfair the pooled naive

s., SDs are used for meta-analysing fully-nested designs, we suggest extending

Model (29) to allow for clustering within the trials under a common two-level

heteroscedastic model for the trials, as follows

Vi =a, + K + Tt(r?gll(i) K + Ut(hze):rapis(i)o(l_ K, )+ ut(h2grapis(i)1Ki + Q%) (1_ Ki )+ q(ll) K (30)

whereu .0 @A Ui . are random intercepts for therapjsin the control

and intervention arms, respectively, Wilff).,. i) ~ N(O, crfo), Ui apiat) ™~ N(O, ajl)
and o, =0. Here, the level-2 and level-1 variances are allowed to differ between
arms. It is the average of the total variances(riye- 1o, + 62 )+ (n, —~1)o2 + ojl)

Iny+n, —2, that is equal to 1 now. It is important to note that Model (30) assumes

the therapist ICC is equal across trials within arms. As we showed in our paper on the
meta-analysis of absolute mean diﬁerer@ [25], this may be a strong assumption.

The assumption of between-trial homogeneity in the therapist ICC is more clearly
respected when the data are standardised using the pooled naive SD because the ICC
used in the degrees of freedom and bias correction in Equation (26) can be taken from
the pooled estimate across trials. When the pooled total SD is used directly (Equation
(25)), an unstructured random structure is implicitly assumed. More complex models
could be fitted, in theory, such as meta-regressions of the random parameters (see
), but for simplicity they were not considered here. If all trials are partially nested,

utfgrapis(ﬁ)ois constrained to zero, and the term omitted from Modgl (30

Where it is appropriate to assume a common random intercept model across trials, as

may be the case for cluster randomised trials, Model (30) simplifies to

— (©) (2 ()]
Vi =, + K, + 70, Ki + Ugisieqy + € (31)
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6. APPLICATIONTO THE MOTIVATING EXAMPLE

Short-term outcomes relating to the BH [5], the G@ [36]HA®S-D [3] and the
Symptom Index were available for 850 patients from se¢ven [29-35] counselling in

primary care trials. Of these, 494 (58%) were allocated counselling with one of 56
counsellors. Overall, the cluster sizes ranged from 1 to 47, with a median of 4.5 and
aninterquartile range of 2-10.5. Data were available for five or more patients for 33 of
the counsellors. Table 1V gives descriptive statistics for the seven included trials. The
total mean squares (i.e. the pooled naive variance) and the pooled total variance
estimates are similar indicating the bias arising from using the pooled naive SD to
estimate the pooled total SD is likely to be minimal here. The published meta-analysis
used a slightly different subset of patients as we excluded 18 patients with missing

counsellor identifiers from all analyses.

[Insert Table IV about here]

6.1 Summary-Data M eta-Analyses
Sample estimates of parameters used in estimating the SMDs are given in Table V.

ANOVA estimates of the counsellor ICC range from -0.14 to 0.29. The possibility of
negative ICC estimates arisssANOVA estimationis consistent with a common
correlation model rather than a variance components n@el [50]. By definition, the
lower bound on the ICC is zero for a variance components model because a between-
cluster variance cannot be negative. It is the design effect that cannot be negative in
ANOVA estimation. Design effects based on the raw ICCs range from 0.20 for
Hemmings] to 1.73 for Harv2]. The negative ICCs found here are likely to be
a consequence of sampling error arising from limited counsellors per trial and a small
population ICC. As no evidence of heterogeneity was found in the ICCs between
trials ], to simplify our summary-data meta-analyses, we assumed a common
counsellor ICC of 0.022, using a weighted average of these throughout, regardless of
the model. We will return to this assumption in the discussion. Using this assumed
fixed ICC, design effects vary from 1.04 for ChiIv[SO] to 1.80 for Hems [33].

To reflectageneral lack of knowledge about cluster size distributimesassumed
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equal cluster sizes as well. This assumption is questionable, as a few counsellors were
responsible for the majority of counselling in Chilv [30] and [34].

[Insert Table V about here]

Table V gives sample estimates for Satterthwaite degrees of freedom, Hedges small-
sample bias and the bias associated with the choice of estimator for the standardising
metric for each case and for each included trial. The degrees of freedom drop for the
Behrens-Fisher, pooled total and pooled naive cases compared to the standard Hedges
g. However this has limited impact, with the correction factor for the small-sample

bias, c(df), being close to one and generally unaffected by the choice of model. As we
expected, comparing the total mean squares and pooled total variance, the correction

factor for using the naive SD is also close to one: it is precisely one in all other cases.

Table VI gives summary-data estimates and associated standard errors for fixed- and
random-effects meta-analyses of SMDs based on four standardising metrics: ¢ledges
is the standard case against which the Behrens-Fisher, pooled total and pooled naive
cases are compared. We also present the impact ofriteeatimates of the standard
errors for the weights, giving the estimates and associated standard errors from both
the initial (i.e. not iterated) and iteeatmodels. Using the reduced dataset and fixed-
effects meta-analysis, the initial standard pooled SMD was estimated to be -0.24 (SE
=0.013; 95% CI -0.27 to -0.22) while the iterated equivalent was -0.26 (SE = 0.072;
95% CI -0.40 to -0.12 similar to the published result (SMD= -0.24, 95% CI -0.38 to
-0.10). Ths highlights the importance of iterating here, as the standard error of the
pooled SMD is underestimated initially, leading to over-precise confidence intervals.

[Insert Table VI about here]

The pooled SMD and its associated standard error are similar for the fixed-effects
models for all four SMDs, increasing only slightly for the Behrens-Fisher, pooled

total and pooled naive cases congpdo the standard case. The recommended model

in each case is a random-effects meta-analysis model. Initial and iterated estimates are

much more similar here. The pooled SMD and its associated standard error are also
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almost identical across the four cases as well. This is because the between-trial
variance dominates. A possible explanation for this is differences in the counselling

provided and in the patients included across trials.

One reason for the limited impact of accounting for treatment-related clustering in the
summary-data meta-analyses could be the size of the ICC assumed. So we performed
a sensitivity analysis, increasing the assumed ICC in analyses reported in Table VI.
The conclusions remain unchanged. However, as expected andyctmtral

estimates of absolute mean diﬁeren@ [25], trial estimates of SMDs were pulled
towards the pooled treatment effect estimate as the ICC incredtbedgh not

perceptibly in the range of the ICC expected here. Random-effects meta-analysis
edimates remaied more stable than their fixed-effects counterparts, providing further
support for the conclusion that treatment-related clustering has more impact on fixed-
effects than on random-effects meta-analyses. The DerSimonian-Laird estimate of the
between-trial variance increased until the & in mid-range, decreasing again up

to its maximum, illustrating that the total and naive SMDs are a function of the ICC.
The cluster sizes were known in our example. If the cluster sizes had been assumed,
further analyses would be recommended to assess the sensitivity of the conclusions to

these assumptions.

6.2 1PD Meta-Analyses
In contrast to summary-data meta-analyses, those based on IPD make it practical to

relax assumptions relating to the cluster size distribution. They also make it clearer
what is being assumed. Data were prepared separately for each case using the relevant
degrees of freedom and correction factors for (i) the small-sample bias and (ii) bias
associated with the choice of estimator for the standardising metric using Eguation

(25) and (26). IPD models were implemented using Restricted Maximum Likelihood
(REML) with themixed command in Stata 13 (see Table VII) and with Restricted
Iterative Generalised Least Squares (RIG [ANLwiN. Both gave comparable

results. Details of programming code for Stata are given as supporting web materials.

[Insert Table W about here]
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Table VII gives IPD estimates and associated standard errors for fixed- and random-
effects meta-analyses of SMDs based on the four standardising metrics as before. The
IPD counterparts to the summary-data estimates reported in Table VI are very similar
(Table VIII gives a summary of the summary-data and IPD results), with the standard
pooled SMD from the fixed-effects meta-analysis being -0.261 (SE =;@6%4.CI -

0.40 to -0.12). This indicasthatlittle is gained by using a full-likelihood approach

and accounting for variability in cluster sizes here. The patient-level variance estimate
is 0.992. To interpret the SMD in SD units, this should be precisely equal to one. That
it is not suggests the SMD is slightly under estimated, as -0.261/0.992 = -0.263. The
same can be said for the standard random-effects estimate, where Model (28) applies
here -0.263/0.987 = -0.266.

[Insert Table WI about here]

In the Behrens-Fisher case, the appropriate model explicitly allows for between-arm
heteroscedasticity at the patient-level. The relevant SMD isxthesion of Huynh’s

SMD that allows for a ratio of sample sizes between arms other than one. Boot et
al El Harvey et a] and Hemmin33] all had unequal sample sizes favouring
the counselling arm, making this issue pertinterthis example. Under the random-
effects model given in Model (29), the pooled SMD was estimated to be -0.263 (SE =
0.093) with the IPD. In this case, it is the average of the patient-level variances i.e.
((494-1)*0.867+(356-1)*1.153)/(850-2)=0.987 that defines the metric. This again
implies that the SMD is slightly under-estimated, as -0.263/0.987=-0.266.

In the pooled total and pooled naive cases, the appropriate model explicitly allows for
betweenam heteroscedasticity at the counsellor- and at the patient-levels. Estimates
from the random-effects meta-analysis model given in Model (30) are identical, with

the pooled SMD estimated to be -0.264 (SE = 0.092). Under this model, the metric is
((494-1)*(0.842+0.035)+(356-1)*1.154)/(850-2)=0.993 for the pooled total case and

((494-1)*(0.841+0.037)+(356-1)*1.151)/(850-2)=0.992 for the pooled naive case. It is
therefore close to one, with the final SMD estimated to be -0.264/0.993=-0.266 (SE =
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0.092; 95% CI -0.45 to -0.09) in favour of the counselling arm. This indicates that
counselling reduces short-term mental health symptoms by an average of 0.266 SDs
compared to no counselling and that this reduction remains statistically significant at
the 5% level. According to Cohﬂl?,], an effect size of 0.2 equates to a small effect.
The confidence interval is wide including moderate effect sizes as well as trivial ones.
Heterogeneity in the size of effects between counsellors and trials suggests that more

could be done to optimise counselling in primary care.

7. DISCUSSION

As we have highlighted, the meta-analysis of SMDs is more complicated than that of
absolute mean differences ( [25]), especially where clustering associated with care
providers is probable. This is partly because an SMD is a ratio and partly because its
denominator is also estimated. This leads to the data-driven transformations seen in
the IPD case. So, in contrast to the meta-analysis of absolute mean differences, use of
a fixed effects meta-analysis model is less defenshhemary statistics are biased in
small sampleﬂBS], their sampling variance depends on the population parameter
(see Equation (4)) and tinesampling distribution follows a non-central t-distribution
(Equation (18)). These are true of all meta-analyses of SMDs. Where there is
between-arm heteroscedasticity in provider and patient level variances, the size of the
SMD, its small-sample bias, its sampling variance and interpretation additionally

depend on the choice of standardising metric.

A general approach has been described which allows for treatment-related clustering
in the meta-analysis of normally-distributed outcomes from randomised trials with
two-level nested designs. Building on the work of Hec@ss [9], Hh [12], Goldstein
et al ] and White and Thomﬁ [8], we have recommeadgooled total SD as the
standardising metric, using the pooled naive SD to estimate this where a pooled total
SD is not available in trial reports. The advantages of the pooled total SMD are that i)
it is general, in the sense that it encompalsédges’, Huynh’s and White and

Thomas’ estimators as special cases, allowing the assumptions of independence and

common variance to simultaneously be relaxed within trials but also their sample
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sizes to differ across arms, ii) it can be estimated using the pooled naive SD where
published data is limited and iii) its interpretation is comparable across trial designs,

allowing extensions for pooling mixed trial designs.

In our example, all trials had partially-nested designs, so that the counsellor variance
was equal to zero in the control arm. Some of the trials also had unequal sample sizes
across arms. As a result, the methods described by White and Tﬁmas [8] and Hedges
@ could not be applied. In the context of the IPD, a random-intercept model could
have been assumed for the trials, but a choice would have had to be made between

including patients in the control arm as clusters of size one or as clusters f size

If clusters of size one were used, the within-cluS@mould not be defined for the
control arm and would be estimated solely within the treatment arm; the between-
clusterSD would be available in both arms, butvould unlikely be equal. If clusters

of size n,, were used, the between-clusE would not be defined in the control arm

and would be estimated solely from the treatment arm. Also while the within-cluster
SDis available in both arms, the number of clusters is unequal, giving greater weight

to the treatment arm. In neither case is a random-intercept model appropriate.

We could have extended Glass’ SMD , using the control arm SD as the metric of
choice. This optionvas initially quite appealing for our example as the point estimate
would be independent of treatment-related clustering, minimising impact of between-
trial heterogeneity in the ICC. The drawback became clear when the corresponding
IPD meta-analysis model was considered. If the control arm SD is used as the metric
then the denominator of the IG€the patient SD in the control, not treatment, arm.
This mis-specifies the variance-covariance structure of the two-level heteroscedastic
model assumed for the trials and makes interpretation of random effects less straight-
forward. The proposed SMD based on the pooled total SD addresses these limitations.

Using our proposed metric for our example of counselling in primary care, we found

that the impact of treatment-related clustering on the pooled SMD estimate and its

standard error was not important. Our sensitivity analyses for the meta-analysis
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published by Bower and Rowlar@ZS] did not change their conclusions. In hindsight,
the reasons for this are obvious: (i) the ICC and the cluster sizes were both small, so
the variance inflation factors were small, (ii) a larger number of patients were
allocated to counselling compared to no counselling, and (iii) the between-trial
heterogeneity in the treatment effect was dominant. It is therefore unsurprising that
the conclusions of the published meta-analysis remain unchanged.

However, on top of this, in our summary-data meta-analyses, we assumed the
population counsellor ICCs were the same across trials, and equal to our pooled
estimate. Making this assumption simplified our analyses but it is clearly a limitation
of our approach. It was motivated by separately finding no evidence of heterogeneity
. Further work is needed to explore the implications of allowing the ICCs to vary
across trials, and of using (truncated) ICC estimates in such analyses, where this
assumption is not reasonable. Although it is unlikely that the conclusions of the meta-
analysis would change if a more complex summary-data model had beentfigted,
possible that this contributed to the limited impact of treatment-related clustering
observed here. Impact may not be limited in general, however. While treatment-
related clustering has historically rarely been taken into account in trials, it is now
recommended thdttis considered in trials of non-pharmacological treatm . [52].
Similar broad guidance is made by Cochr [53] with regard to meta-analyses,
although the methods are just becoming available. This paper coggitibtite

literature supporting the uptake of this guidance.

A key assumption made in all meta-analyses of SMDs is that patient outcomes are
normally-distributed within trials. This assumption allows the standardising metric to

be distributed proportionally to a chi-square with known degrees of freedom in the
standard case, and with degrees of freedom given using a Satterthwaite approximation
otherwise. Further work is needed to explore the impact of departures from normality.
Alternative approaches might also be investigated, such as the use of robust estimates
of the variance of the standardising metric, particularly for small samples. Another
assumption is that Hedges’ small-sample bias should be corrected for using Hedges’ g

instead of Cohen’s d. In moderate to large samples this will be unimportant, but it is
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the effective sample size rather than the number of observations that determines the
impact of this bias so where the ICC or cluster size is large, Hedges’ correction may

still be important.

Our IPD meta-analyses start to show how the model chosen dependschoicheof

metric. Specifically ve explored the relationship between the choice of metric and the
model that preserves the interpretation of that metric. We found the metric implied by
each model was not precisely what we expected, which implies that there is a further
bias not identified here. In the standard case, we suggest that a random-effects meta-
analysis modeis appropriate since the SD estimate tends to be trial-specific. For the
Behrens-Fisher casee suggest the metric and model should reflect heterogeneity in
the patient SD across arms. For nested designs with treatment-related clustering, we
propose that the patient and cluster-level SDs should be allowed to vary across arms.
Where this wasao we expected the relevant SD estimated from the modedual

one, so the SMD can simply be interpreted as a mean difference given in SD units and
the counsellor variance directly estimates the counsellor ICC. Two explanations for
this disparity could be explored further. The first relates to the relative weighting of
data by the standardising SD and REML, the second to between-trial heterogeneity in
counsellor ICCs affecting the standardising metric. Secondly, it also became clear that
the model depends on the level at which data is standardised when contrasting our
models with those proposed by Goldst [24]. A population-average model is
arguably more appropriate for meta-analysing nested designs. More work is needed to
investigate the implications of this in meta-analyses incorporating treatment-related
clustering, generalising the methods proposed by Bohningal [54] and Viechtbauer
. Thirdly, it may not always be safe to assume a common origin across trials. If a
random trial intercept asincluded in an IPD model, correlation can be estimated
between heterogeneity in a SMD and its origin. While this is regarded as a nuisance in
summary-data metaralyses, it may be worth considering in IPD meta-analyses.
Further work is needed to understand these issues more, and the potential biases

associated with them.
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The focus of this paper has been on meta-analyses of SMDs where all included trials
are not only addressing the same research question, but also have comparable designs.
In our motivating example, all seven trials hegdartially nested design. It would be
straightforward to extend the methods outlined here to situations where all the trials
have fully nested designs. In both cases, the assumption of between-trial homogeneity
in the random effects is arguably tenable. We have previously a@ed [25] that this is
not the case for meta-analyses of mixed clustered trial designs. There, we argue ICCs
vary not only between trial arms but also between trial designs. An implication of this
for meta-analyses of SMDs is that the metric would vary systematically betwesen trial
with different designs. It becomes crucial that a metric has comparable interpretations
across trial designs so variation in the size of the standardising metric is a reflection
only of the use of different trial designs to address a common research question. It is
important that these issues are considered if mixed trial designs are to be included in a
meta-analysis: the general metric we have proposed is only half the story. Models that
preserve the interpretation of that metric in different situations are also needed.

In our motivating example, there was the potential for clustering by the GP. GP care
tended to be a co-intervention, with GPs crossed with treatment arms. As GPs were
not blinded, an interaction between GPs and treatment arm is plausible. Information
on GP involvement was limited, however, with GP identifiers only recorded in one or
two of the trials. We recommend future trials record identifiers for all significant care
providers, whether they are delivering the trial intervention or not. This will enable
meta-analysts to incorporate, or explore incorporating, trials with multiple therapist-
per-patient designs extendi@SB]. Our motivating example also included additional
levels, in that repeated measures were available over Aignhe follow-up periods
includedas “short-term outcomes” ranged from 6 weeks to 6 months, and most of the
trials included more than one outcome visit, further work is planned to fit realistic

meta-analysis models to the IPD available, building on this methodological work and

that of others (e.7] a8]), aimed more at a clinical audience.

None of the seven trials we included had accounted for treatment-related clustering in
their published analyses. This made it important to take account of treatment-related

clustering in our meta-analysi$.they had done so appropriately, then we would not
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have needed to take additional account of it in our summary-data meta-analyses as the
trial estimates and their standard errors could be pooled directly. IPD meta-analyses
would remain as outlined however. As we had access to all of the relevant IPD, we

had maximum flexibility. As we have shown here, the pooled treatment effect and its
95% confidence interval are very similar for summary-data and IPD meta-analyses.
Beyond standard access to sample sizes, means and SDs by trial arm, we assumed
access to average cluster sizes and a range of realistic ICCs by trial arm. Based on our
experience with our motivating example, these are likely to be readily available from
trial reports and the more general literature (E.)[Ewie of the total mean squares

(or naive SD) typically reported is possible in place of the pooled total SD as we have

described.

In conclusion, in the presence of treatment-related clustering, meta-analysis of SMDs
is more complicated than that of absolute mean differences, and hence more difficult
to interpret, but it is possible if sufficient care is taken using the methods described
here and extensions to these. Specific guidance is needed in the Cochrane Handbook
to facilitate the uptake of these methods. The code used to program them in Stata is

available from the first author on request.
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