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Determining the sample size
for a cluster-randomised trial using
knowledge elicitation: Bayesian
hierarchical modelling of the
intracluster correlation coefficient

Svetlana V Tishkovskaya1 , Chris J Sutton2, Lois H Thomas3

and Caroline L Watkins1

Abstract
Background: The intracluster correlation coefficient is a key input parameter for sample size determination in cluster-
randomised trials. Sample size is very sensitive to small differences in the intracluster correlation coefficient, so it is vital
to have a robust intracluster correlation coefficient estimate. This is often problematic because either a relevant
intracluster correlation coefficient estimate is not available or the available estimate is imprecise due to being based on
small-scale studies with low numbers of clusters. Misspecification may lead to an underpowered or inefficiently large and
potentially unethical trial.
Methods: We apply a Bayesian approach to produce an intracluster correlation coefficient estimate and hence propose
sample size for a planned cluster-randomised trial of the effectiveness of a systematic voiding programme for post-stroke
incontinence. A Bayesian hierarchical model is used to combine intracluster correlation coefficient estimates from other
relevant trials making use of the wealth of intracluster correlation coefficient information available in published research.
We employ knowledge elicitation process to assess the relevance of each intracluster correlation coefficient estimate to
the planned trial setting. The team of expert reviewers assigned relevance weights to each study, and each outcome
within the study, hence informing parameters of Bayesian modelling. To measure the performance of experts, agreement
and reliability methods were applied.
Results: The 34 intracluster correlation coefficient estimates extracted from 16 previously published trials were com-
bined in the Bayesian hierarchical model using aggregated relevance weights elicited from the experts. The intracluster
correlation coefficients available from external sources were used to construct a posterior distribution of the targeted
intracluster correlation coefficient which was summarised as a posterior median with a 95% credible interval informing
researchers about the range of plausible sample size values. The estimated intracluster correlation coefficient deter-
mined a sample size of between 450 (25 clusters) and 480 (20 clusters), compared to 500–600 from a classical approach.
The use of quantiles, and other parameters, from the estimated posterior distribution is illustrated and the impact on
sample size described.
Conclusion: Accounting for uncertainty in an unknown intracluster correlation coefficient, trials can be designed with a
more robust sample size. The approach presented provides the possibility of incorporating intracluster correlation coef-
ficients from various cluster-randomised trial settings which can differ from the planned study, with the difference being
accounted for in the modelling. By using expert knowledge to elicit relevance weights and synthesising the externally
available intracluster correlation coefficient estimates, information is used more efficiently than in a classical approach,
where the intracluster correlation coefficient estimates tend to be less robust and overly conservative. The intracluster
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correlation coefficient estimate constructed is likely to produce a smaller sample size on average than the conventional
strategy of choosing a conservative intracluster correlation coefficient estimate. This may therefore result in substantial
time and resources savings.

Keywords
Bayesian hierarchical model, cluster-randomised trial, intracluster correlation coefficient, knowledge elicitation, post-
stroke incontinence, sample size determination

Background

Health interventions are often evaluated using cluster-
randomised trials where clusters of individuals are ran-
domly allocated to trial arms.1 Typically, subjects
within the same cluster have similar outcomes, not just
because they are similar, but as they may share unmea-
sured cluster-level effects on outcome. The correlation
of outcome measurements within a cluster, called the
intracluster correlation coefficient (ICC or r),2,3 must
be utilised in trial design and analysis. The ICC is a
most commonly used measure of the similarity of clus-
tered data.3 It compares within-group variance s2

w with
between-group variance s2

b and for a continuous out-
come is defined as

r =
s2

b

s2
b +s2

w

Similarities among individuals within clusters cause
a loss of statistical power to detect a between-group dif-
ference. To maintain power, the target sample size must
be inflated to allow for clustering: the sample size of an
individually randomised trial is multiplied by the design
effect DEff = 1 + (m 2 1)3 r, where m is the aver-
age cluster size. If m is large, the inflation factor may
substantially increase the sample size, even when r is
small (as it often is in cluster-randomised trials).

As sample size is highly sensitive to the ICC, robust
ICC estimates are required. Currently, obtaining a
robust estimate of the ICC is a challenge in planning a
cluster-randomised trial.1,3,4 An underestimated ICC
will produce an underpowered study, whereas an
inflated ICC will require more clusters and/or partici-
pants than necessary, leading to wasted resources and a
potentially unethical trial.

The usual, and easiest, way of obtaining an ICC is
using a single estimate from an existing source, such as
a published similar study, published lists or databases
of ICC estimates, or a pilot for the proposed study.
Use of a single ICC value is not robust (often resulting
in a trial being underpowered or overpowered causing
wasted resources) and a sufficiently relevant value is
seldom available.1,4–6

An advanced approach might use multiple-estimate
methods, combining different ICC estimates for the

particular outcome and cluster type. However, finding
multiple sources highly relevant to the target outcome,
population and cluster type is quite difficult. It is likely
that available studies with ICCs will have only partial
relevance to the planned trial. Furthermore, there is no
recommended method of combining ICCs and simple
approaches, such as using their mean, median or maxi-
mum, do not account for the specific characteristics of
the studies, the degree of relevance or the uncertainty
in each ICC estimate.

Imprecision in the ICC is usually expressed in terms
of variance of the estimate, with different ways of cal-
culating ICC variance proposed.1 Power calculations
for cluster-randomised trials typically use ICC esti-
mates without taking their uncertainty into account.7

Accounting for imprecision in the ICC would improve
the estimation of the required sample size and protect
against trials having inadequate power due to a higher
than expected ICC.

In this study, we adopted and extended the method
of combining ICC values in the Bayesian framework8

suggested by Turner et al.9 who applied the Bayesian
hierarchical approach to combine multiple relevant
ICC estimates in a single model. The method can be
applied to ICCs of varying relevance, thus relaxing the
limitations of other approaches which require a high
level of similarity across studies. Using this method, the
input of each study is differentiated according to its
degree of relevance. Relevance to target setting is
expressed as weights for each study and for each study
outcome. Turner et al.9 assigned categorised weights to
studies and outcomes according to their relevance.
Thus, the method allows incorporation of all available
information, including less relevant data sources, into
the model, allowing the latter to have less influence
when combining ICC estimates.

We extended the approach suggested in Turner et al.9

by incorporating expert knowledge elicitation process into
the Bayesian modelling to assist in assessing the relevance
weights and deciding how much strength can be bor-
rowed from each study. The motivation for developing
the methodology presented here was a proposed cluster-
randomised trial of the effectiveness of a systematic void-
ing programme for people on National Health Service
(NHS) stroke units with stroke and urinary incontinence.
The primary outcome measure was the International
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Consultation on Incontinence Questionnaire–Urinary
Incontinence Short Form (ICIQ-UI-SF) score, assessing
incontinence symptom severity.10

A robust ICC estimate was not available to inform
the proposed trial, although a feasibility trial, Identifying
Continence OptioNs after Stroke (ICONS),11 had been
conducted. ICONS produced an imprecise ICC estimate
due to having only 12 clusters with 413 participants and
could therefore not be used as a reliable single source for
the sample size calculation.

We applied a Bayesian approach to modelling and
estimation of the ICC for determination of the sample
size using multiple ICC estimates from previously pub-
lished studies. The modelling automatically accounted
for uncertainty in the synthesised ICCs and produced
an informative posterior ICC distribution which we
used to determine the sample size. We describe here the
process used and provide a how-to guide on the pro-
posed framework to assist researchers in exploring the
utility of this approach for their own trials.

Methods

Model

To specify the model for the ICC, we assume, similar to
Turner et al.,9 that each estimate r̂m (m = 1,.,s) fol-
lows a Normal distribution around its true value rm

r̂m;N rm, Var(r̂m)ð Þ

For the distribution variance, we make use of Swiger
et al.’s12 formula for estimating the asymptotic variance
of the ICC estimate

Var½r̂m�=V (rm,Nm, km)

=
2(Nm � 1) 1� r̂mð Þ2 1+ Nm

km
� 1

� �
r̂m

� �2

Nm

km

� �2

(Nm � km)(km � 1)

where Nm is the total number of participants in the
trial, and km is the number of clusters. Swiger’s formula
requires minimal information for calculating the ICC
variance estimate and has been used in a number of
methodological papers.1 Turner et al.9 have also fol-
lowed this method. Moreover, Swiger’s formula has
been compared with other methods for calculating var-
iance, and it was concluded that all approaches lead to
similar practical conclusions.7

Eliciting information for Bayesian hierarchical ICC
modelling

Although a single robust ICC estimate was not avail-
able for the planned cluster-randomised trial, there were
a number of studies available with ICC estimates that
had varying degrees of relevance, both to the planned

trial population and its primary outcome. To identify a
set of ICC estimates relevant to our setting, we con-
ducted a structured literature search. To identify the
studies, the trial team utilised the search strategy imple-
mented in a paper by Sutton et al.13 reviewing the use
and reporting of cluster-randomised trials in stroke. We
conducted an electronic search of titles and abstracts in
the PUBMED database, and titles, abstracts or key-
words in the CENTRAL (Cochrane Trials) database to
June 2014 using the search terms ‘trial’ AND ‘stroke’
AND (cluster-randomised OR group-randomised OR
cluster randomised OR group randomised), to identify
full papers reporting cluster-randomised trials of
stroke-related interventions. Studies were included only
if they reported estimated ICCs. Through the search, 16
studies relevant to the planned trial were identified,
including the ICONS feasibility trial and 8 trials from
the review by Sutton et al.13 Most of the selected trials
evaluated interventions designed to reduce stroke inci-
dence or improve stroke care; two of the trials were
concerned with incontinence problems. A total of 34
ICC estimates were extracted, with some studies provid-
ing multiple ICCs. A summary of the data extracted
from the selected studies is presented by Table 1.
Supplemental Table 2 shows characteristics of the stud-
ies and ICCs.

To combine all 34 ICCs, we used the following
model suggested by Turner et al.9

r̂ml;N rml,V rml,Nml, kmlð Þð Þ

log it rmlð Þ;N mm,
s2

w

wml

� �

mm;N m,
s2

b

wm

� �

here, rml is ICC for lth outcome within the mth study,
Nml and kml are the corresponding number of partici-
pants and the number of clusters, s2

w and s2
b are the

within- and between-study variances, wm and wml are
the study and outcome weights, m = 1,., r; l =
s1,.,sm. In this model, the exchangeability is implied
for both between and within studies so that the para-
meters may be considered as independently drawn from
a common distribution.8 In the context of our model,
exchangeability within each of the separate studies
means that the estimates r̂ml are distributed around an
underlying value rml, with the rml assumed exchange-
able within studies and Normally distributed on the
logit-transformed scale around a study-specific mean
mm. Logit transformation accounts for the permissible
range of values [0, 1] for the rml. Exchangeability
between studies means that the mm are assumed to be
independently drawn from a common Normal
distribution.

Similar to Turner et al.,9 we adjust for the varying
relevance of the estimates by assigning weights to each

Tishkovskaya et al. 3
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study and to each outcome with an ICC. Study weights
represent the degree of relevance to the study popula-
tion and intervention; outcome weights reflect the
degree of relevance to the planned trial’s primary out-
come. By assigning a lower weight, we decrease the
influence that the corresponding estimate has on the
constructed posterior ICC distribution.

In practice, however, it is unclear how to assign these
weights. Guidance9 suggests that relevance weights
should express a proportion of the total nonsampling
variance that is not due to bias. This advice is difficult
to implement in practice, and the authors emphasise
that these weights are likely to be subjective.

To minimise subjectivity in defining weights, we con-
sidered using a knowledge elicitation process to derive

study and outcome weights from expert prior opinion

or beliefs. We performed a ranking exercise where eight

members of the trial team, with relevant expertise,

assigned weights for each trial and for each outcome.

The expert team included investigators with the follow-

ing expertise: health-service and stroke researchers,

nurses, methodologists and a stroke-survivor (member

of ICONS Patient and Public Involvement group).
To aid elicitation, we produced an information leaf-

let (see Supplemental Material) explaining the metho-
dology. An Excel spreadsheet (Supplemental Table 1)
was developed summarising the 16 relevant studies. It
was carefully designed to focus the expert elicitation
process on the key parameters required for comparing
studies and assigning weights, and to avoid creating a
burdensome exercise for the reviewers.

The eight experts were tasked with assigning study
and outcome weights. The ranking exercise was set up
in two stages. The first stage comprised a group exer-
cise and was conducted face-to-face, in line with metho-
dological developments suggesting that elicitation
within group meetings is an efficient way of collecting
expert opinion.30 Reviewers were provided with an
explanation of the method. Each expert was given an
Excel spreadsheet with a summary of the extracted
studies. The group was given an opportunity to work
together on reviewing a few studies, with some interac-
tion between experts. With the assistance of a project
statistician facilitating the meeting, the experts dis-
cussed their initial estimates with the others to clarify
the ranking exercise and establish a shared understand-
ing of how to measure a relevance of outcome and
study to the target setting. It has been shown that this
first discussion round with interaction between experts
is beneficial for the knowledge elicitation process as it
generates sharing of knowledge and leads to improve-
ments in response accuracy.31 At the second stage, the
reviewers were asked to revise their ratings in light of
the first round, rank all studies in their own time and
return the individual judgements to a facilitator by
email.

The implemented knowledge elicitation process is a
version of the probabilistic Delphi protocol32 recom-
mended by the European Food Safety Authority33 for
work with multiple experts. It requires aggregation
across the experts’ final estimates; this is described in
the following section.

Synthesising expert opinion

There was considerable diversity across the experts in
the weights provided, with some reviewers having a ten-
dency to assign much higher or much lower weights
than others (Figure 1). The reviewers tended to be in
better agreement for studies of lower relevance to the
target study: the spread of responses was narrower for
these studies when compared to the studies of higher
relevance.

Before putting weights into the model, we assessed
the reviewers’ performance in a series of steps described
in the Supplemental Material, by checking agreement
and reliability of the responses focussing on study
weights. We measured inter-rater agreement between
eight reviewers Ri, i = 1, ., 8, and employed
Reliability Analysis tools calculating Cronbach’s alpha
coefficient and inter-item correlations matrix. This
analysis suggested that two reviewers (R4 and R5) had
poor performance-related characteristics and therefore
should be treated differently to other raters.

To produce a collective study weight and outcome
weight to put into the Bayesian model, we followed the
approach of mathematical aggregation32 where separate
judgements elicited from the experts are combined into
the aggregate estimate using a pooling rule. We used
linear opinion pooling. To reflect differences in their
reliability, each reviewer was assigned a certain weight,

Figure 1. Boxplots showing the spread of reviewer responses
about each study’s weight. Study numbers are in same order as
in Table 1. The narrowest boxplot relates to the ICONS
feasibility trial.
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called an importance weight, which controlled the input
of each reviewer into the pooled opinion. We employed
the Rank Sum weight method.34 In this approach, the
weights are calculated as the individual ranks divided
by the sum of the ranks:

pj =
(8�Rankj +1)

Sum(8�Rankj + 1)

where Rankj is the rank of the jth reviewer, j = 1,.,
8, producing normalised weights summing to one. The
elicitation evaluation process and sensitivity analysis
described below and in the Supplemental Materials
suggested that downgrading the input of R4 and R5

would improve quality of the elicited weights. We
therefore assigned R4 and R5 the lowest rank 8, with all
others assigned rank 1. This calibration process pro-
duced lower importance weights p4 = p5 = 0.02 to
reduce the impact of reviewers R4 and R5 on the pooled
study and outcome weights, and pj = 0.16 for all other
reviewers. These importance weights were used in the
modelling.

Bayesian hierarchical ICC modelling

All 34 ICC estimates from Table 1 were combined in
the Bayesian hierarchical model (Table 2).

Studies included in the modelling had considerable
variation in sample sizes, and consequently in ICC pre-
cision. In Figure 2, all 34 ICCs are plotted together with
their 95% confidence intervals calculated using Swiger’s
formula.35 Characteristics of the extracted weights are
also shown in Supplemental Table 2.

The models were fitted within WinBUGS.36

Results of Bayesian ICC modelling

Posterior ICC distribution

The constructed ICC distribution is summarised in
Table 3. For the purpose of the sample size estimation,
the ICC point estimate can be chosen by summarising
the posterior distribution. The posterior median is the
summary of location commonly used in practice.8 The

95% credible interval provides guidance regarding the
probability of actually observing this particular ICC
value and the adequacy of the planned sample size. For
comparison, in a classical framework, the ICC estimate
derived using the 34 ICCs from the identified studies
could be calculated using one of the most commonly
used approaches: median 0.05, mean 0.098, weighted
mean 0.103 (using our outcome weights), maximum
0.4. These simple approaches do not take into account
any differences between studies and their varying rele-
vance to our target trial. Note that the maximum (0.4)
is outside the 95% credible interval (0.00131–0.330)
and is also likely to be overly conservative.

Sample size estimation

Modelling the ICC within a Bayesian framework pro-
vides the researcher with a full posterior distribution
which can be summarised in a number of ways to pro-
vide the estimate for sample size calculation. We used
the posterior median, although a range of posterior
quantiles can be considered when designing a trial. For
the post-stroke incontinence cluster-randomised trial,
the sample size was chosen to provide at least 80%
power with a 5% significance level to detect a mini-
mally important between-group difference of 2.52
points37 in mean ICIQ-UI-SF 3-month score, using an
independent-samples t-test and a common standard
deviation 8.32 computed from data collected for the
ICONS feasibility trial.11 An ICC was assumed to be
less than or equal to the posterior median r̂= 0:0296.
The sample size was determined using PASS-16 sample
size software.38 It was assessed as realistic to recruit
between 40 and 50 stroke units which requires the total
sample size of N = 480 and N = 450 for k = 20 and
k = 25 clusters per arm, with an average sample size
per cluster m = 12 and m = 9, respectively. The power
was 82%.

The advantage of using a Bayesian approach to
determine sample size is that it provides a method
which allows for imprecision in the ICC estimate, and
informs researchers designing trials about the range of
plausible sample size values, as opposed to the standard
approach where sample size is calculated as a single
number using a point ICC estimate. With a constructed
posterior distribution of ICC, trials can be designed
using a range of plausible ICC values, such as quantiles
within the 95% credible interval; using values from the
upper range of the credible interval would, however,
probably be too conservative.

To incorporate the uncertainty about ICC into the
sample size calculation, we used the posterior inter-
quartile range of ICC to evaluate the range of plausible
values of sample sizes which could be anticipated for
the planned trial (Figure 3). The figure also shows sam-
ple sizes which would be obtained under the classical
approach.

Table 2. Bayesian hierarchical model specification.

Parameter Proposal

r̂ml N (rml, V(rml, Nml, kml))
logit (rml) N (mm, s2

w/wml)
mm N (m, s2

b/wm)
m N (0, 10 000)
sw U [0, 5]
sb U [0, 5]

Nml and kml are the cluster size and number of clusters; vague priors N

(0, 10 000) were assigned to mean m for each model throughout; U

[0, 5] is a uniform distribution.
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Figure 3 demonstrates that in this study the advan-
tages of applying Bayesian modelling for ICC estima-
tion are less apparent with large numbers of clusters.
At k = 60, the sample sizes provided by the classical
approach are the same as the sample size corresponding
to the posterior median ICC (N = 480) due to the

small number of subjects per cluster. Figure 3 also illus-
trates the problem with low and moderate numbers of
clusters in randomised controlled trials (RCTs): sample
size becomes acceptable for practical purposes and rea-
sonably stable only when the number of clusters is
around 25 or greater.

Figure 2. ICC estimates included in the modelling plotted together with 95% confidence intervals and average study and outcome
weights. Box sizes are inversely proportional to variances. The studies are ordered by decreasing relevance to the planned study,
based on estimated average study weight. The largest weights were from the ICONS feasibility trial.

Table 3. Summaries of posterior distributions constructed for the ICC and the model standard deviations, between-study Sb and
within-study Sw.

Variable Posterior
mean (SD)

MC
error

2.5%
percentile

25%
percentile

Posterior
median

75%
percentile

97.5%
percentile

ICC 0.0607 (0.0937) 0.000145 0.00131 0.012 0.0296 0.0682 0.330
Sb 1.224 (0.409) 0.00369 0.633 0.940 1.156 1.43 2.217
Sw 0.345 (0.0874) 0.000413 0.206 0.284 0.335 0.395 0.546

ICC: intracluster correlation coefficient; SD: standard deviation; MC: Monte Carlo.
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Sensitivity analysis

To evaluate the sensitivity of the estimated ICC and
sample size estimates to the model inputs and assump-
tions, we investigated sensitivity to (1) the choice of
reviewers (and subsequently weights included in the
modelling) by comparing three alternative versions of
importance weights; (2) the choice of studies to be
included into the modelling by investigating how
focussing on most relevant studies (top 25%, 50% and
75%) would affect the results. Further details are in the
Supplemental Material.

Sensitivity analysis demonstrated that the findings
presented, and posterior ICC distribution in particular,
showed limited sensitivity to the choice of the impor-
tance weights pj and that the model fit is worse in sce-
narios where only the most relevant trials were included
in the model (see Supplemental Table 3) suggesting that
it is better to be overinclusive in terms of potential rele-
vance. The model implemented with two-category
Rank Sum importance weights and all 16 studies
included demonstrated better fit.

Discussion

In this study, we employed a Bayesian framework that
provides a flexible and informative way to handle ICC
uncertainty and uses previously published or external

ICC estimates. We have presented an extension to the
approach proposed by Turner et al.9 and described the
implementation of a method to construct posterior dis-
tribution of the ICC using external information from
available ICCs and expert knowledge.

The method suggested by Turner et al.9 has been
used in several studies and practical applications,39,40

and has been extended to count data.41 However, it has
not yet been adopted widely. The approach does
require knowledge of a relatively advanced Bayesian
technique, but another obstacle is the uncertainty in
choosing study and outcome weights. The methodology
we have proposed helps to overcome this problem.
Using expert knowledge reduces subjectivity in choos-
ing weights and improves informativity and robustness
of the ICC estimate.

With the conventional approach, when an ICC esti-
mate is imprecise or unreliable, researchers tend to
choose a conservative ICC for their sample size calcula-
tion.1,42,43 This often leads to an unnecessarily ineffi-
cient trial, with more clusters than strictly necessary
and hence greater overall trial costs. The strength of
the suggested approach is that it provides justification
for a robust and typically smaller ICC compared to the
conventional approach, leading to sample size reduc-
tions and thus resulting in substantial efficiency savings
for the proposed trial.

Figure 3. Range of sample sizes derived for different ICC values from posterior interquartile range of ICC estimate for the varying
number of clusters at fixed levels (k from 10 to 60), for cluster-randomised trial with k equal size clusters per arm. The bullets are
sample sizes calculated using posterior median ICC. The whiskers correspond to 25% and 75% posterior ICC quantiles. Median,
mean and weighted mean columns show sample sizes calculated using a classical multi-estimate method.
All numbers correspond to at least 80% power achieved; *: 80% power is not achievable for ICC 75% quantile; **: sample size corresponding to ICC

75% quantile is 1440; na: 80% power is not achievable for this number of clusters.
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Using complex Bayesian models may require a
greater investment of time and expertise. However, the
benefit of using a Bayesian model to estimate the trial
ICC is that it offers greater flexibility for combining
available ICC estimates while incorporating uncer-
tainty and information about the relevance of these
estimates into the model.

As practical guidance, researchers wishing to explore
the utility of the proposed approach would need to con-
sider the following steps:

1. Identify and select ICCs for relevant outcome mea-
sures from previous relevant studies, through sys-
tematic review and exploring existing databases.
The recommendation is to be highly inclusive in
terms of potential relevance.

2. Summarise the selected studies with existing ICCs in
a Summary Table similar to Supplemental Table 1.

3. Identify and invite experts in the topic relevant to
the project, agree on elicitation technique, conduct
training and task them with a ranking exercise to
assign weights wm to each study and wml to each
outcome within the study using the Summary
Table.

4. As an optional step, we recommend considering
evaluation of the expert elicitation and agreement,
and differentiate expert input into the model by
introducing importance weights pj, if required.

5. Aggregate the elicited weights and embed them
into the Bayesian modelling of the targeted ICC.

6. Examine the sensitivity of the conclusions to the
chosen model.

7. Choose an appropriate ICC estimate using the
Bayesian posterior distribution of the ICC, and
then use that to provide one or more estimates of
the sample size.

The main strength of this study is that we have pro-
posed a practical method of implementing the synthesis
of externally available ICCs within a Bayesian frame-
work using expert opinion.

The limitation of our approach is the validity and
consistency of the reviewers’ ratings. This can be miti-
gated by increasing the number of reviewers, conduct-
ing more targeted training prior to the ranking exercise,
and applying different knowledge elicitation techniques.
As an extension, strategies for evaluating the elicitation
exercise (including ranking reviewers, agreement and
coherence checks, calibration)30 can be embedded
within the elicitation process, together with examining
sensitivity of the conclusions to the used models.44 A
more advanced approach would be to set up calibration
questions, where experts are asked questions where the
truth is known.45 The choice of the reviewers in this
study was a convenience purposive expert sample, and
it could be improved in further practical implementa-
tion of the method.

Evaluating the elicited beliefs can be affected by a
range of biases.30,46 Johnson et al.46 developed a con-
ceptual framework outlining the belief-elicitation pro-
cess. They emphasised that elicitation methods should
be evaluated in respect to such measurement properties
as validity, reliability, responsiveness and feasibility,
with validity and reliability being a prerequisite for
meeting methodological standards. For this study, eva-
luation of validity was limited as there was no gold
standard for the elicitation of the required probability
weights. Reliability, and inter-rater reliability in partic-
ular, was evaluated using appropriate measures of asso-
ciation. The responsiveness was not applicable in this
study and the property of feasibility was not directly
evaluated, although the elicitation process was designed
to minimise required time, costs and need for equip-
ment. Further research on developing methodological
strategies to evaluate measurement properties would
help to reduce the influence of potential biases on the
weight elicitation in the proposed framework.

The methodology described in this article is pro-
posed in the context of continuous outcome data, as
was Swiger’s approach. However, Swiger’s formula can
easily be extended to construct interval estimates for
the ICC in the setting of binary outcome clustering by
replacing the appropriate quantities in the formula with
the binary outcome equivalents,7 expanding the practi-
cal applicability of the method.

The proposed methodology reduces the impact of
uncertainty in the ICC on the design. A next step
towards more robust study design could be calculating
a mean power (assurance)47–49 using the ICC distribu-
tion produced by our method. Choosing a sample size
to achieve a desired assurance, rather than to achieve a
desired power, conditional on an assumed point esti-
mate of the ICC, would help to protect further against
loss of power, although the produced sample size
would be typically larger.50

There are a range of knowledge elicitation tools and
techniques which can influence effectiveness of the elici-
tation. Using online graphical elicitation tool can pro-
vide an accessible and intuitive framework for eliciting
the information and would naturally produce prior dis-
tributions for statistical models.44 Applying leading eli-
citation protocols – such as Cooke, SHELF or
probabilistic Delphi – can minimise bias and improve
accuracy in multiple expert judgements.32,33 Future
implementation of the method could be expanded to
use elicitation software, such as the Sheffield Elicitation
Framework and associated web-based version,51,52 to
gather expert knowledge in the form of probability dis-
tributions for unknown quantities.
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