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ABSTRACT
Objective When planning a clinical study, evidence on the treatment effect is often available from previous studies. However, this evidence is
mostly ignored for the analysis of the new study. This is unfortunate, since using it could lead to a smaller study without compromising power. We
describe a design that addresses this issue.
Methods We use a Bayesian meta-analytic model to incorporate the available evidence in the analysis of the new study. The shrinkage estimate
for the new study integrates the evidence from the other studies. At the planning phase of the study, it allows a statistically justiﬁed reduction of
the sample size.
Results The design is illustrated using data from an Food and Drug Administration (FDA) review of lurasidone for the treatment of schizophrenia.
Three studies inform the meta-analysis before the new study is conducted. Results from an additional phase III study, which were not available at
the time of the FDA review, are then used for the actual analysis.
Conclusions In the presence of reliable and relevant evidence, the design offers a way to conduct a smaller study without compromising power. It
therefore ﬁlls a gap between the assessment of evidence and its actual use in the design and analysis of studies.
INTRODUCTION
Clinical trials are a cornerstone of evidence-based medicine. The
impressive number of more than 220 000 registered trials in the electronic database http://www.clinicaltrials.gov supports this statement,
and further growth at an accelerated rate is likely. While this number
shows the importance of clinical research, it also reveals that typically
more than one clinical study investigating the same treatment (or interventions) is conducted. When designing a clinical study, it is therefore
good practice to review the literature1 and assess the body of evidence.
This will provide information on the previous experience in the ﬁeld and
relevant topics such as commonly used end points, challenges with
missing data and expected patient enrolment. It may also undermine
the need for a new study.1 2 The latter is speciﬁcally important since
resources to fund studies are limited and competition is high, whether
in academia or industry. While all of the preceding reasons justify the
need to conduct a systematic review before starting a new study, this
is even more critical for statistical reasons. Deﬁning end points, analysis
sets, primary and secondary analyses and, most importantly, the
sample size calculation critically depends on realistic and reliable
assumptions. However, for all of these tasks, the information (data)
from the review is used only indirectly in the new study. For example,
an estimated treatment effect from a meta-analysis can serve as the
base for the sample size calculation, yet it will not contribute to the
actual analysis of the study. This is unfortunate, since it means that in
the actual analysis, we ignore what we know already. Using the information in the analysis, too, could lead to a smaller study or to higher
power. The question therefore is the following: is there an approach
that would allow this information to be used in the actual analysis? This
question is not new and has attracted interest already more than
40 years ago,3–5 and numerous contributions have been made since
then.6–10 Most of the work considered the use of historical information
to reduce (or even completely replace11) the control group in the actual
study. Such designs have been implemented successfully,12 13 including
new drug approvals in epilepsy.14 Here, however, we are not interested
in the control group alone: we aim to use the available evidence on the
relative treatment effect in the analysis of our actual trial. In order to do
so, we will use a Bayesian evidence synthesis design that relies on
random-effects meta-analysis.15 16 In the following sections, we
provide a primer on Bayesian meta-analysis for evidence synthesis, illustrate the approach describing the design and analysis of a study, and
end with some conclusions.
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A PRIMER ON BAYESIAN META-ANALYSIS FOR EVIDENCE
SYNTHESIS AND SHRINKAGE ESTIMATES
Bayesian meta-analysis
Most readers may be familiar with meta-analysis conducted in the classical (frequentist) framework. However, we will use the Bayesian
approach, which has an important role in evidence synthesis,16 including network meta-analysis17 and health technology assessment.18
While we cannot discuss Bayesian statistics in detail here, we refer the
interested reader to an excellent introduction by Spiegelhalter et al.16
There are two main reasons behind our choice of the Bayesian
approach: it is simpler to derive some of the quantities (estimates) we
are interested in, and it is straightforward to account for uncertainty in
the between-trial heterogeneity. The latter is particularly important
when only few studies are included in the meta-analysis,19 which is not
an uncommon case for systematic reviews.20
When conducting a Bayesian meta-analysis, we undertake the same
steps as for a classical one, with one exception: the actual analysis
differs. For a classical meta-analysis, we use one of the many available
frequentist methods.21 For a Bayesian meta-analysis, we simply perform
a Bayesian analysis. Yet now, we have to specify what is known as
prior distributions for the model parameters. Prior distributions reﬂect
our knowledge about the parameters (the overall effect and the
between-trial heterogeneity) before we have observed the data. For the
overall effect, since we do not know anything about it, we choose a
non-informative prior, meaning it does not favour any particular value.
On the other hand, we know that the between-trial heterogeneity is
usually small to substantial, and our prior reﬂects this accordingly.16 19
However, what is small or large between-trial heterogeneity?
This question cannot be answered without knowing the outcome scale.
For a general deﬁnition, we therefore need an approach that connects
the between-trial heterogeneity to the outcome scale in order to make
it scale invariant (note that I222 has the same property). The key is to
use a quantity known as the outcome standard deviation (SD), which is
the SD describing the variation between participants within a study.
The ratio of the between-trial heterogeneity to the outcome SD allows
us to quantify the heterogeneity independently of the outcome scale; a
classiﬁcation is given in table 1. An advantage of this approach is that
we are able to communicate the typical (median) between-trial heterogeneity, as well as the uncertainty associated with it. For example, our
analysis may reveal typical between-trial heterogeneity of moderate
size, yet the 95% interval may cover very small to very large values.
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Table 1 Heterogeneity of a meta-analysis classified according to the
ratio of the between-trial heterogeneity to the outcome SD
Heterogeneity

Ratio of the between-trial
heterogeneity to the outcome SD

Small
Moderate
Substantial
Large
Very large

0.0625
0.125
0.25
0.50
1.00
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CASE STUDY: EVIDENCE-BASED DECISION-MAKING FOR A
SCHIZOPHRENIA DRUG
In this section, we provide a hypothetical design and analysis example
of schizophrenia to illustrate the evidence synthesis design. We use
data from the Food and Drug Administration (FDA) review of lurasidone
(lurasidone hydrochloride) for the treatment of schizophrenia.26 For simplicity, we restrict our considerations to the comparison between the
lurasidone 80 mg dose and placebo, based on data from two phase 2
(D1050049,26 27 D105019626 28) and one phase 3 (D105022926 29)
study. The purpose of this example is only to illustrate the evidence
synthesis design. Speciﬁcally, we do not intend to make any clinical or
regulatory interpretation of the data or results; for these, we refer the
interested reader to the respective regulatory documents26 and
the medical literature, for example, a recent review by Leucht et al.30
The code to reproduce the example is given in web appendix 1.
An important end point to assess clinical beneﬁt for patients with
schizophrenia is the change from baseline in the Clinical Global
Impressions—Severity Scale (CGI-S).31 The CGI-S captures mental
illness of patients on a seven-point scale (1=normal to 7=among the
most extremely ill patients). A negative value for change from baseline
in the CGI-S score therefore implies that the patient’s condition has
improved over time. The change from baseline in the CGI-S at 6-weeks
was the key secondary end point for all three trials; the results are summarised in table 2. Statistically signiﬁcant effects in favour of lurasidone
were found in studies D1050196 and D1050229, whereas no statistically signiﬁcant effect was seen in study D1050049. Overall, the results
of these trials appear to be homogeneous for the treatment effect,
despite some variation in the placebo response. The latter, however, is
not uncommon for longitudinal studies and seems to have no inﬂuence
on the treatment effect, at least as far as the data in table 2 are
considered.
Design of the next study
When we want to incorporate the existing information in the analysis of
our next study, we need to assume similarity between all studies. It is
therefore important to assess that no relevant differences with regard
to factors such as patient inclusion/exclusion criteria, experience of
investigators, study location, etc, exist between the available studies
and the new one. When we would be willing to include the results of
the new study, once available, in an updated meta-analysis, this gives
us reassurance that we consider the similarity assumption as plausible.
Here, we will assume that this is the case.
Table 2 Change from Baseline in CGI-S for three clinical studies of
lurasidone in schizophrenia
CGI-S 6-week change from baseline

Study

Number of
patients
Placebo
lurasidone/placebo mean (SE)

D1050049 71/72
D1050196 90/90
D1050229 121/127

−0.70 (0.11)
−0.20 (0.11)
−1.00 (0.10)

Difference between
lurasidone and placebo
mean (SE)

p
Value*

−0.09 (0.15)
−0.41 (0.15)
−0.40 (0.10)

0.5950
0.0072†
0.0340†

*Original p values from the FDA review.
†Statistically significant.
FDA, Food and Drug Administration; CGI-S, Clinical Global Impressions—Severity
Scale.
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Shrinkage estimate and effective sample size (ESS)
We now discuss a feature of a Bayesian meta-analysis that constitutes
the key ingredient of the evidence synthesis design for clinical trials. In
a meta-analysis, we typically summarise the results presenting the
overall effect ( point estimate and corresponding 95% interval). This is
relevant information, yet not the only one we can retrieve from a
random-effects meta-analysis. Since a random-effects meta-analysis is
a hierarchical model,23 there are additional estimates that are useful,
one of which is the shrinkage estimate.16 It corresponds to the estimate of the treatment effect for a speciﬁc study in our meta-analysis,
while accounting for the data from the other studies. This point is
important, since it makes it clear that the shrinkage estimate will not
be the same as the study-speciﬁc estimate (the study-speciﬁc estimate
corresponds to the analysis of the speciﬁc study alone, shown beside
each study in the forest plot). In fact, the shrinkage estimate is a
weighted average of the study-speciﬁc estimate and the overall mean,
with weights depending on the size of the study and the between-trial
heterogeneity. Therefore, it is shrunken towards the overall mean and
the 95% interval is narrower as compared with the study-speciﬁc estimate. The latter is particularly useful, showing that it borrows (incorporates) information from the other studies. If we aim at incorporating the
available evidence in the analysis of our actual study, we therefore
perform a meta-analysis of all studies and base our inferential statements on the shrinkage estimate for our actual study. This is exactly
the approach that we use in the application.
However, even though we now have the desired estimate at hand, we
still face a problem: when designing the study, we do not have its data
yet, and cannot calculate the shrinkage estimate. How could we therefore derive, for example, our sample size for which the standard error
(SE) of our estimate is crucial?
There is a surprisingly simple answer to that, which lies at the heart of
Bayesian statistics. We perform a meta-analysis as planned, but include
the actual study with missing data. With this approach, we obtain a shrinkage estimate for the actual study that represents the amount of information borrowed from the other studies. Interestingly, it corresponds exactly
to the predicted effect for a new study,10 a quantity which has been
recommended to be reported in addition to the overall effect for any
meta-analysis.23–25 A useful property of the predicted effect is that it
accounts for the uncertainty in the between-trial heterogeneity. Large heterogeneity between the available studies thus leads to a wide prediction
interval, meaning that we can only borrow little information. Therefore, it
protects against overly optimistic use of the available evidence.
Finally, we can now also quantify the amount of information that we
will borrow from the other studies when using the shrinkage estimate.
For that, we use the ESS. Conceptually, the ESS provides the answer to
the following question: what is the equivalent number of patients that
we would need to enroll in the new study in order to get the same
amount of information that we now borrow from the other studies?

Technically, there are different ways to derive the ESS, and we will use
a simple approximation here.8 When designing the actual study, we can
then derive the sample size as for a frequentist design and simply subtract the ESS from it. This highlights that incorporating existing data
will, as expected, lead to a reduction in the sample size for the new
study.
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This indicates that we are quite unsure about the true between-trial
heterogeneity, which we need to keep in mind when discussing our
results. This is a difference to the commonly used I2 measure,22 which
does not quantify the uncertainty of the between-trial heterogeneity.

Figure 1 Meta-analysis of the 6 weeks change from baseline in
Clinical Global Impressions—Severity Scale (CGI-S), lurasidone versus
placebo. Shown is the difference in the 6 weeks CGI-S change from
baseline (lurasidone vs placebo) with negative values favouring
lurasidone. No effect corresponds to a value of zero, which is indicated
by the dotted line. The straight lines with the squares are the
study-speciﬁc results. The diamonds represent the overall and the
predicted effect. The predicted effect (results in bold) corresponds to
the effect that we would expect in a next study. For the between-trial
heterogeneity, the typical (median) value and the 95% interval are
given. The 0.13 indicates moderate heterogeneity, and the interval
ranges from very small to substantial-to-large heterogeneity.
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appears that there is substantial information on the treatment effect in
the new study available. When we calculate the ESS, it turns out to be
around 53 patients, which is approximately equivalent to 26 patients
randomised to each arm in the new study. Therefore, we will reduce
the sample size accordingly, from the original 128 patients per arm to
102 now, expecting the other studies to contribute this amount of information in the actual analysis.
Analysis of the next study
In the previous section, we have designed a hypothetical next study
incorporating the available evidence. However, at the time when the
FDA review of lurasidone was happening, there was actually another
relevant phase III study (D1050233)26 33 ongoing, which had four arms,
including the 80 mg lurasidone (n=125) and placebo (n=120) arms.
Here, we will therefore use these data to illustrate the actual analysis.
On completion, the trial showed a strong treatment effect of lurasidone
80 mg as compared with placebo (change from baseline in CGI-S for
treatment vs placebo: −0.60 (−0.87 to −0.33)). This is clearly a more
pronounced effect than was observed in the other three studies, and
therefore we expect the corresponding shrinkage estimate to have a
less extreme point estimate, since it shrinks the study-speciﬁc estimate
towards the overall mean (see section ‘Shrinkage estimate and effective
sample size (ESS)’). Indeed, the shrinkage estimate has a median of
−0.48 and a 95% interval (−0.74 to −0.26), as shown in ﬁgure 2. It
still excludes a null effect, but the treatment effect is less pronounced,
which we may ﬁnd more reasonable given the evidence from the other
studies. The interval is also narrower than the stratiﬁed one, and
reveals a ∼25% information gain, approximately what we expected.
This, however, is only the case since the analysis still indicates small

Figure 2 Meta-analysis of the 6 weeks change from baseline in
Clinical Global Impressions—Severity Scale (CGI-S), lurasidone versus
placebo, including studies D1050049, D1050196, D1050229 and
D1050233. Shown is the difference in the 6 weeks CGI-S change from
baseline (lurasidone vs placebo) with negative values favouring
lurasidone. No effect corresponds to a value of zero, which is indicated
by the dotted line. The straight lines with the squares are the
study-speciﬁc results. The dotted grey lines with the rotated squares
represent the shrinkage estimates. These correspond to the estimates
for each study incorporating the data from the other studies. The
diamond represents the overall effect. For the between-trial
heterogeneity, the typical (median) value and the 95% interval are
given. The 0.14 indicates moderate heterogeneity, and the interval
ranges from very small to substantial-to-large heterogeneity.
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In a ﬁrst step, we calculate the required sample size for the new 1:1
randomised study under a classical (frequentist) design, assuming that
CGI-S would be the primary outcome. Using approximate normality of
the change from baseline in CGI-S at 6 weeks, we can use sample size
formulas for testing a difference in means, available in standard textbooks.32 Four quantities are required: the outcome SD, the signiﬁcance
level, the power and the assumed true treatment effect (the alternative
to power the study). From study D1050229, we ﬁnd the outcome SD
to be 0.787, and for the other quantities, we use a signiﬁcance level of
5%, power equal to 90%, and an assumed true treatment effect of
−0.32. We then ﬁnd the sample size to be 128 patients per arm;
again, all calculations can be found in web appendix 1.
Since we want to incorporate the available information on the treatment
effect in order to reduce the sample size, we now need to perform a
meta-analysis using the data from the three available studies (table 2).
As mentioned in section 2, we will use a non-informative prior for the
overall effect. Additionally, the prior for the between-trial heterogeneity
has a median of 0.17 and a 95% interval (0.01 to 0.56), corresponding
to typical between-trial heterogeneity of moderate size, but allowing for
very small to substantial values (95% interval). This appears plausible
given the similarity of the included studies.
Figure 1 displays the forest plot of the meta-analysis. The analysis indicates small between-trial heterogeneity; the median is now 0.13 with a
corresponding 95% interval (0.00 to 0.38). The results of the three
existing studies thus appear indeed to be quite homogeneous, and we
expect that this will translate into a reasonable amount of information
incorporated in the new study.
As discussed before, the quantity of interest is the predicted treatment
effect. In ﬁgure 1, it is presented below the overall effect. The predicted
effect has the same median as the overall effect (−0.32), but a wider
95% interval (−0.81 to 0.20), because it accounts for the uncertainty
in the between-trial heterogeneity. However, already graphically, it
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CONCLUSIONS
Evidence-based medicine has shifted the way we evaluate new treatments and interventions. It has emphasised the need for high-quality
clinical studies, as well as helped to put studies into context, by considering their results in the light of other clinical evidence.34 This is a
remarkable paradigm shift and the success of networks such as the
Cochrane Collaboration (http://www.cochrane.org) show the value that
this approach brings to decision-makers. Additionally, evidence-based
medicine has an important role before treatment policy decisions are
made. Nowadays, a systematic review should precede any clinical trial,
since this allows one to assess the available evidence, justify the need
for the actual study1 2 and support important design speciﬁcations.35 36
However, the next logical step, which is using the actual evidence in
the analysis of a new study, is still often missing. As we have outlined,
this is unfortunate, since the inclusion of evidence would result in a
reduction of the sample size, which means that promising treatments
(or interventions) may reach patients quicker. Importantly, the main
assumption for this approach is the same as for any meta-analysis: the
similarity of the studies, in our case the existing ones and the new
study. If this assumption is questionable, one should carefully decide
whether the proposed design is really appropriate. Additionally, more
sophisticated statistical models,10 37 which automatically adapt to the
situation when there is a substantial difference between the results of
the actual study and the available evidence, may then be needed.
Since we use the Bayesian approach, the choice of the prior distributions is critical, especially for the between-trial heterogeneity. Its prior
distribution needs to reﬂect a plausible range of values; alternatively, it
could be based on evidence, see, for example, the work by Rhodes
et al.38 Typically, one would also explore the operating characteristics
(type I error, power) more extensively, using different assumed true
scenarios for the treatment effect in the new study.
Finally, we also note that there are situations where the discussed
design may not be used. Whenever strict type I error control is essential, we need to consider other designs, because the type I error can
be inﬂated (but it could equally be deﬂated). Similarly, whenever
Bayesian approaches are excluded a priori, the design will not be
accepted. It is therefore important to get clarity on these points ﬁrst,
before implementing the design in practice.
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between-trial heterogeneity. Finally, even though not relevant for the
analysis of the actual study, for completeness we also show the shrinkage estimates of the other studies in ﬁgure 2.

