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Historical studies provide a valuable source of information for the motivation and design of
later trials. Bayesian techniques offer possibilities for the quantitative inclusion of prior
knowledge within the analysis of current trial data. Combining information from previous
studies into an informative prior distribution is, however, a delicate case. The power prior
distribution is a tool to estimate the effect of an intervention in a current study sample, while
accounting for the information provided by previous research. In this study we evaluate the use
of the power prior distribution, illustrated with data from a large randomized clinical trial on
the effect of ST-wave analysis in intrapartum fetal monitoring. We advocate the use of a power
prior distribution with pre-specified fixed study weights based on differences in study
characteristics. We propose obtaining a ranking of the historical studies via expert elicitation,
based on relevance for the current study, and specify study weights accordingly.
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1. Introduction

In the process of designing a clinical trial to examine the
occurrence relation between determinant and disease-out-
come, the design and results from previous studies form a
valuable source of information. Quantitative incorporation of
results from prior studies into the actual analysis of current
trial data would exploit the benefit of the presence of
historical studies to an even larger extent. Bayesian tech-
niques offer possibilities for inclusion of prior knowledge
within the analysis of the current trial data.1 The a priori state
of belief about the effect of an intervention based on results
from previous studies (or other sources) is represented by an
informative prior distribution. Updating the prior distribution
with the current data results in a posterior distribution, that is
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summarized to obtain an estimate of the intervention effect.
Combining information from previous studies into an
informative prior is, however, a delicate case. Ibrahim and
Chen [8] present the power prior distribution that enables the
historical data to be weighted relative to the current data.
This technique allows the researcher to specify either a fixed
weight parameter, or a prior distribution for the weight
parameter, that determines the amount of historical data to
be included in the analysis of the current data.

A first objective of this paper is to give a motivation for the
use of the power prior distribution in the analysis of current
trial data. Illustrated with data from a gynecological random-
ized clinical trial (RCT) by Westerhuis [17], that builds on
cumulative knowledge obtained from several comparable
studies, we construct a conceptual framework for the
comparison of the power prior with a meta-analytic and full
Bayesian approach.

The technical aspects of power prior specification are a
second concern of this paper, and are discussed for the
situation in which data from a single historical study is to be
included in the analysis of the current study by Westerhuis.

http://dx.doi.org/10.1016/j.cct.2011.06.002
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As the posterior distribution for the treatment effect might be
sensitive to changes in the weight parameter in the power
prior, careful selection of the weight parameter is demanded.
To circumvent the subjectivity associated with the selection
of the study weight, a prior distribution for the weight can be
specified in a hierarchical power prior distribution. A short
review of the current discussion regarding the hierarchical
power prior is given later in this paper. The importance of
careful specification of study weights increases as data from
more historical studies is included in the prior distribution.
However, the power prior for multiple historical studies, and
in particular the hierarchical power prior distribution, re-
mains under exposed in current literature. The third object of
this study is, therefore, to explore and evaluate the process of
power prior specification for the case of multiple historical
data sets using fixed study-specific weights. Often multiple
historical data sets with varying degrees of informativeness
for the current trial are at the researchers' disposal. We
propose consulting experts within the field of interest to
come to a ranking of the historical studies based on relevance
each historical study has for the current trial. The power
parameters of the power prior distribution are then specified
according to this ranking. The amount of influence the choice
of weights has on the posterior distribution for the treatment
effect is evaluated by means of a sensitivity analysis.

A description of the current and historical data is given in
Subsection 2.1. In Subsection 2.2 the conceptual framework
for the use of the power prior is constructed. The full process
of power prior specification is described and illustrated in
Section 3. Section 4 is dedicated to the process of power prior
specification and weight elicitation for multiple historical
studies. A discussion is given in Section 5.

2. Conceptual framework

2.1. Short description of the data

Themain object of the RCT byWesterhuis [17]was to assess
whether fetal monitoring using cardiotocography (CTG)
combined with ECG ST-segment analysis (ST) was associated
with a reduced risk of metabolic acidosis and instrumental
delivery, compared to CTG alone. The relative risk (RR) and
some of the study-characteristics are shown in the first row of
Table 1. Four previous RCTs with a comparable theoretical and
study design were conducted between 1991 and 2006 ([16];
[14]; [1]; [18]). Characteristics and findings of those historical
studies are displayed in the last four rows of Table 1.

As displayed in the table, the direction and strength of the
estimated treatment effect vary from study to study. In only
one of the studies a statistically significant effect (pb .05) was
Table 1
Relevant study characteristics by first author (Study); last year of inclusion (Year),
conditions under study (Experimental vs. Control). Results: Maximum Likelihood e

Study Year Size Country

Current Westerhuis 2007 5667 NL (EU)

Historical Vayssière 2006 799 FR (EU)

Ojala 2004 1436 FI (EU)

Amer-Wåhlin 2000 4238 SE (EU)

Westgate 1991 2434 UK (EU)
found. Furthermore, the table reveals some important
differences between the study characteristics, for example,
the evaluated interventions and year and country of com-
mission. These differences will play a role in the specification
of the power prior distribution (see Section 4).

2.2. The value of historical data

The differences between the studies in Table 1 can be
explained from the perspective that each study sample is a
random draw from a study-specific subpopulation. This
subpopulation, itself, can be seen as drawn from an encom-
passing population, that is infinite over time. For the two
historical studies by Amer-Wåhlin and Vayssière, and for the
current study by Westerhuis this concept is illustrated in
Fig. 1. The resulting treatment effect in each of the studies is
an estimate of the treatment effect in each study-specific
subpopulation. Pooling the treatment effects in all possible
subpopulations in the past, present and future would result in
a distribution of the treatment effect in the encompassing
population. In a meta-analysis, the distribution of the
treatment effect in the encompassing population is approx-
imated by pooling the treatment effects estimated in the
available study samples. When the focus of interest of a
researcher is on the treatment effect in the encompassing
population, this would be a natural tool to obtain an effect
estimate.

When a researcher is interested in the treatment effect
valid for a specific subpopulation (e.g., WH in Fig. 1), a current
data analysis is the common approach. To benefit from the
historical data, one could perform a full Bayesian analysis to
combine the data from the historical studies (sample A and V
in Fig. 1) into an informative prior distribution. However,
updating this prior distribution with the data from the study
byWesterhuis rather gives an estimate of the treatment effect
for the encompassing population. Conceptually this is equal
to performing a meta-analysis. Hence, when a researcher is
interested in the effect for the study-specific subpopulation,
the historical data would receive too much weight.

The power-prior distribution as described by Ibrahim and
Chen [8] allows the researcher to assign different weights to
the historical data relative to the current data. This way the
researcher decides on the amount of information obtained in
a previous study to be included in the analysis of the current
data. In the situation of the trial by Westerhuis we deal with
multiple historical studies. Although all studies evaluated
similar interventions, it was pointed out in the previous
subsection that the studies differ on certain study character-
istics. The partial overlap between the ellipses in Fig. 1
represents the degree of shared characteristics between the
total sample size (Size), country of commission (Country) and intervention
stimate of the RR of metabolic acidosis and 95% confidence interval (CI).

Experimental Control RR 95% CI

CTG+ST CTG 0.67 [0.38, 1.18]
CTG+ST CTG 1.62 [0.53, 4.86]
ST CTG 2.45 [0.86, 6.85]
CTG+ST CTG 0.46 [0.25, 0.86]
CTG+ST CTG 0.38 [0.14, 1.07]



Fig. 1. Schematic representation of the historical study samples and
subpopulations by Amer-Wåhlin (A) and Vayssière (V), the current sample
and subpopulation by Westerhuis (WH), and the encompassing population.

Table 2
Westerhuis data.

Type of intervention

CTG+ST CTG

Metabolic acidosis 20 30
Total women included 2827 2840
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study-specific subpopulations A, V and WH. Relevant infor-
mation for population WH is captured in sample A and, to a
lesser extent, sample V. From this it could be argued that the
historical trials differ in the degree of informativeness for the
current trial. Recent trials and trials from countries with
similar obstetric protocols as followed within Dutch hospitals
are considered to be more informative. For example, the
study by Ojala [14] uses a different experimental condition
than all other trials, which makes this trial possibly less
informative.

We propose assigning study-specific weights to the
historical data sets included in the power prior, based on
this degree of informativeness. This approach provides the
researcher with a tool to not only account for the type of
information captured in historical studies, but to also control
the amount of information included per study. Note that the
specification of study weights is not straightforward, we will
elaborate on this in the following sections. We first discuss
the specification and evaluation of the power prior distribu-
tion for a single historical study.

3. The power prior distribution for a single
historical study

3.1. The conditional power prior distribution

In a Bayesian analysis estimates of the treatment effect are
obtained through the posterior distribution. According to
Bayes' theorem the posterior is proportional to the likelihood
of the current data multiplied with a prior distribution. In the
trial by Westerhuis the primary outcome measure concerns
the presence or absence of metabolic acidosis in newborns.
The object of the study is to evaluate whether the proportion
newborns with metabolic acidosis varies between the
intervention conditions. A natural model for dichotomous
data like these is the binomial distribution

π yi jθi; nið Þ = ni
yi

� �
θyii 1−θið Þni−yi ; ð1Þ
where θi represents the probability of a newborn suffering
from metabolic acidosis within intervention condition i, and
i=ctg,ctg+st. The sample size and number of newborns
with metabolic acidosis within each condition are denoted by
ni and yi respectively.

The next step in a Bayesian analysis is the specification of a
prior distribution for the parameters of interest. A conjugate
prior for the binomial model is a beta distribution

π0 θið Þ∝ θαi−1
i 1−θið Þβi−1

; ð2Þ

we take αi=βi=1 to make it a standard low-informative
prior distribution for the binomialmodel. To update the initial
prior distribution with a certain amount of information
provided by one of the historical studies, the initial prior is
multiplied with the likelihood of the historical data raised to
the power a0 [8]. The value for a0 determines the amount of
data of the historical study to be included. We assume equal
weight parameters for both intervention conditions and
therefore do not use subscript i for the power parameter. As
0≤a0≤1, naturally, a0=0 indicates no inclusion of the
historical data, and a0=1 equals full inclusion of the historical
data. Assuming afixedpower parameter a0, the resulting beta-
binomial posterior distribution is used as the conditional
power prior distribution for θi, that is

π θi jy0i;n0i; a0ð Þ∝ θy0ia0 + αi−1
i 1−θið Þ n0i−y0ið Þa0 + βi−1

; ð3Þ

where n0i and y0i denote the size of the historical sample and
number of newborns suffering frommetabolic acidosis respec-
tively. The resulting posterior is used as a Beta (ai,bi) power
prior for θi, where ai=y0ia0+αi and bi=(n0i−y0i)a0+βi.

Updating the power prior distribution with data from the
current trial results in a posterior distribution for θi of the
form

π θi jyi;ni; y0i;n0i; a0ð Þ∝ θyi + ai−1
i 1−θið Þni−yi + bi−1

; ð4Þ

which is a Beta(yi+ai,ni−yi+bi) distribution. To account for
uncertainty regarding the actual value of the power param-
eter Ibrahim and Chen [8] propose specifying a prior
distribution for a0. This joint power prior distribution for θi
and a0 will be discussed within the context of multiple
historical studies in Section 4.

3.2. Empirical example: the power prior distribution in practice

As an illustration a Bayesian analysis on the data from the
study by Westerhuis as presented in Table 2 is performed
using WinBUGS [11]. We use data from the study by Amer-
Wåhlin [1] (see Table 3) as input for the power prior
distribution with weight a0=0.5, which comes down to



Table 3
Amer-Wåhlin data.

Type of intervention

CTG+ST CTG

Metabolic acidosis 15 31
Total women included 2159 2079

Table 4
Results sensitivity analysis using a single historical study, given the weight of
the study (a0); posterior mean (PM), median (PMed) and the 95% central
credibility interval (CCI) for the RR.

Historical data a0 PM PMed 95% CCI

Amer-Wåhlin 0.00 0.70 0.68 [0.39, 1.16]
0.25 0.66 0.64 [0.38, 1.05]
0.50 0.62 0.61 [0.38, 0.96]
0.75 0.60 0.59 [0.38, 0.90]
1.00 0.58 0.57 [0.38, 0.86]

Vayssière 0.00 0.70 0.68 [0.39, 1.16]
0.25 0.74 0.71 [0.42, 1.22]
0.50 0.77 0.75 [0.44, 1.25]
0.75 0.80 0.78 [0.47, 1.28]
1.00 0.83 0.81 [0.49, 1.31]
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using 50% of the historical data. The posterior distribution for
the RR is obtained by taking the following steps:

• From Table 2we obtain nctg+ st=2827 and yctg+ st=20, and
nctg=2840 and yctg=30 to specify the likelihood function
in Eq. (1).

• Using 50% of the data in Table 3 combinedwith the initial Beta
(1,1) we obtain actg+ st=0.5⁎15+1=8.5 and bctg+ st=
0.5⁎2144+1, which gives a Beta(8.5,1073) power prior
distribution for the CTG+ST condition, and likewise a Beta
(16.5,1025) power prior for the CTG condition (see Eq. (3)).

• Combining likelihood and power prior as in Eq. (4) for each
of the two intervention conditions results in a Beta(28.5,
3880) and Beta(46.5, 3835) posterior distribution
respectively.

• Using WinBUGS the posterior distribution for the RR is
approximated by sampling from the posterior distributions
of both proportions θctg+ st and θctg, thereby calculating RRt
in each of T=10000 iterations.WinBUGS code to obtain the
posterior distribution is given in Appendix A.

After carefully monitoring convergence (see Appendix A)
we take the mean and median of the resulting posterior
distribution for the RR as estimates of the effect of ST-analysis.
The mean of the posterior distribution equaled 0.62, whereas
the median equaled 0.61, indicating a slightly skewed
distribution.

From the posterior distribution a 95% central credibility
interval (CCI) can be obtained, that corresponds to the range
of values above and below which lies 95% of the posterior
probability. This interpretation of the CCI differs from the
non-Bayesian 95% confidence interval, which indicates that
by repetition in 95% of the samples the true population value
lies within that interval. For the current situation 95% of the
posterior probability lies within the interval [0.38, 0.96]. As a
RR equal to 1 is not included within this interval, we would
conclude from this analysis that there is an effect of ST-
analysis on metabolic acidosis.

3.2.1. Sensitivity analysis for a single historical study
As a0 is supposed to be quite influential on the posterior

distribution and not straightforward to specify, Ibrahim and
Chen [8] recommend always performing a sensitivity analysis
to assess the degree to which different weights for the
historical study lead to different conclusions.

As an illustration, the posterior distribution for the
treatment effect in the trial by Westerhuis was evaluated at
different weights for the study by Amer-Wåhlin [1]. The ML-
estimates of the treatment effect under both studies were in
favor of the CTG plus ST-wave analysis (RRb1). Studyweights
were set at a0=(0,0.25,0.5,0.75,1.0). The decreasing width
of the credible intervals displayed in the first five rows of
Table 4 shows that the amount of evidence for RRb1
increases by incorporating more information from the
historical study. The upper bound of the interval drops
below 1. Addingmore prior knowledge to the analysis altered
our conclusions about the treatment effect. From being
indecisive about the presence or absences of an effect of ST-
wave analysis in addition to CTG after a current data analysis,
we would now conclude there is an effect.

A different situation occurs when we take the data from
the study by Vayssière [16] as the only prior knowledge we
have. The treatment effect found in this relatively small study
was in favor of non-ST fetal monitoring (RRN1). The last five
rows of Table 4 show the result of the sensitivity analysis
when only the study by Vayssière is incorporated in the prior.
The smaller the amount of historical data included the closer
the RR goes to the ML-estimate in the current trial. As the
sample size for the Vayssière-trial is relatively small com-
pared to the current trial, the choice of a0 did not have much
influence on the conclusions about the treatment effect.
Whether we included or excluded the historical data, the 95%
posterior interval was ‘centered’ around 1. The historical and
current data did not provide evidence of a treatment effect of
ST-wave analysis in addition to CTG.

The results in Table 4 show that conclusions about the
treatment effect in the current subpopulation are sensitive to
the power parameter even if only a single historical study is
used as prior input. In the presence of multiple historical
studies power parameter specification becomes even more
consequential. We will elaborate on this in the following
section.
4. The power prior distribution for multiple
historical studies

4.1. Fixed or random study weights?

To account for the uncertainty regarding the weight
parameter a0, Ibrahim and Chen [8] propose a hierarchical
power prior distribution. This comes down to specifying a
joint prior distribution for θi and a0, so that no fixed value for
the weight parameter has to be chosen. A desirable feature of
this hierarchical prior distribution is that it creates heavier
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tails for the marginal distribution for θi [8], thereby better
reflecting uncertainty with respect to a0.

Several authors discuss modifications to the hierarchical
power prior distribution. The modified power prior distribu-
tion as proposed by Duan [2] builds on the assumption that
both the current and historical data are needed to update the
distribution for a0. As a consequence, higher weights are
assigned to the historical data when they show more
resemblance with the current sample. This is in agreement
with the modified power prior distributions for a single
historical study as proposed by Neuenschwander et al. [13]
and also by Hobbs et al. [7].

Themodified versions of the joint power prior distribution
for θi and a0 result in marginal posterior distributions for a0
that are influenced by the commensurability of results
obtained in the historical study and the current study result.
Whether this would also hold for a joint power prior for
multiple historical studies, remains uninvestigated.

Assigning higher weights to a study when the estimated
treatment effect is similar to the effect found in the current
sample, might induce bias towards the latter. Differences (or
similarities) in study results, may be an indication of the
informativeness of the historical study for the current, but it
may just as well be a product of sampling variability
(especially for small samples). Therefore, weight specification
based on only the sample results and not the characteristic of
the subpopulations (see Fig. 1) could induce bias towards a
result observed by chance. This is also communicated by
Neelon and O'Malley [12], who remark that the historical and
current sample will always differ to some degree. The authors
advocate the use of expert-elicited fixed values for a0.

Given the lack of insight in the hierarchical power prior for
multiple historical studies, and the risk of bias due to
overreliance on sampling based results, we too propose the
use of a conditional power prior distribution for multiple
historical studies with study-specific fixed weights based
solely on differences in study characteristics. This power prior
distribution with study-specific fixed weights a0k takes the
form

πi θi jD0ik; a0kð Þ∝ ∏
L0

k=1
L θi jD0ikð Þ½ �a0k

" #
π0i θið Þ; ð5Þ

for k=1,…,L0 historical data sets D0k.

4.2. Eliciting study-ranking from experts

The differences between the study-characteristics make
some historical trials more informative for the current trial
than others. The degree of overlap between the study-
characteristics provides a reasonable basis for the specifica-
tion of study-specific weights. In a paper by Johnson et al. [9]
several methods for expert elicitation for prior specification
are reviewed. They conclude that several biases, such as
overconfidence and lack of expertise of the expert, thread the
reliability and validity of these elicitation methods (see also
[10]).

We propose adopting a form of expert elicitation in which
the expert is asked to order the historical studies according to
the degree to which he or she thinks these studies are
informative for the current one. Using this relatively simple
approach we do not have to elicit exact power parameter
values. The expert is asked to base the ranking on the degree
of overlap in study-characteristics with the current trial.
Furthermore, the expert is asked to motivate his or her
ranking, by reporting the study-characteristics on which the
ranking was based. Note that the expert is considered the
qualified person to decide which characteristics are (most)
important. In order not to influence the choice of the expert,
the interviewer does not provide suggestions on which
study-characteristics to use.

To avoid bias toward the treatment effect in the current
study, the ranking should preferable be determined without
knowledge of the results found in each of the studies. As the
expert is expected to be abreast of the published literature, he
or she might be familiar with the treatment effects found
in the historical studies. It should therefore be made explicit
to the expert not to include this knowledge in his or her
motivation for the ordering.

For the trial byWesterhuis we asked a gynecologist who is
an expert in the field of intrapartum fetal monitoring to order
the four historical studies according to the relevance for the
current trial. Based on several study-characteristics she
preferred the following ranking (in ascending order):
Westgate, Vayssière, Ojala, and Amer-Wåhlin. The technique
used for ST-monitoring used in the study by Westgate was
quite different from the technique used in the current trial,
placing this study lowest in ranking. The severity of the
indication for intrapartum fetal monitoring and the gesta-
tional age of the baby were perceived as important inclusion
criteria. As the inclusion protocol by Amer-Wåhlin showed
the most resemblance with the protocol of the current trial,
this study was rated to be most relevant. Of the two
remaining studies, the inclusion criteria by Ojala showed
more similarities with the current study than the criteria by
Vayssière. In constructing the power prior the power
parameters for the four studies have to be in agreement
with the ordering given above. Furthermore, as none of the
studies is considered irrelevant, the smallest weight should
be larger than zero.
4.2.1. Sensitivity analysis for multiple historical studies
After the expert has come to an ordering of the historical

studies, an essential stage in the ranked power prior
specification is the sensitivity analysis on the actual values
of the assigned weights. This analysis should give more
insight in the sensitivity of the posterior distribution of the
treatment effect for the assigned weights. If, given a fixed
ranking of the historical studies, the posterior distribution of
the treatment effect remains unchanged by different values of
the study weights, we conclude determining a study ranking
is sufficient. However, sensitivity of the posterior distribution
for changes in the power prior reveals the strength of the
burden of proof captured in the current study as well as in the
ranking of the historical studies. If the actual weights assigned
to the studies do result in different posterior conclusions,
elicitation of additional information on the weight parame-
ters might be required. We will elaborate on this in the
Discussion section. In addition, posterior sensitivity to the
prior parameters might lead to the conclusion that the
evidence is not decisive and further research is required.
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A first step in the sensitivity analysis could be to vary the
range of the assigned weights, centered around 0.5. Due to
the differences in sample size between the four historical
studies, the actual amount of data included in the analysis
varies over the different runs. Posterior results of these
analyses are displayed in the first 3 rows of Table 5. The mean
and median of the posterior distribution remained about
equal, and thewidth of the 95% CCI decreased slightly asmore
data was included in the analysis. Different ranges of study
weights in the analyses resulted in equal conclusions about
the effectiveness of the intervention.

As a second step in the sensitivity analysis, one could vary
the average of the assigned weights. The results for these
analyses are displayed in the next two rows of Table 5. The
weights in one setting (fourth line in the table) were all set
below 0.5, which led the inclusion of 38% of the historical
data. In the next setting each weight is doubled, which is a
proportional increase of the included data to 77%. Although
the effect of the amount data included is seen in the slight
increase (small weights) and decrease (large weights) in the
width of the 95% CCI, the posterior means and medians
equaled the results in the previous analyses.

In case there are reasons to assume one of the studies is far
more or far less relevant for the current study, unequal
distances between the study-weights could be considered.
The experts should provide a rationale to do so. In the current
situation, the expert stated that the study by Westgate is
different from the other studies, because this study is relatively
old (1991) as compared to theother studies, and the techniques
for fetal monitoring used at that time were different than used
in the other studies. This could be a reason to assign a much
lower weight to the study by Westgate, while keeping the
ranking intact. The bottom line of Table 5 shows the results
from this analysis. Though the posterior mean and median of
the estimated treatment effect are somewhat larger than the
ones found in the previous analyses, the credibility interval
remained centered around one. Assigning amuch lowerweight
to the Westgate study did not lead to a different conclusion
with respect to the presence or absence of a treatment effect.

The results of this sensitivity analysis revealed that, given
the fixed ordering, the posterior estimates were not partic-
ularly sensitive to the actual values of the power prior
parameters. All six runs of the sensitivity analysis gave about
equal results, and would lead to the conclusion that no
evidencewas found for an effect of ST-wave analysis over CTG
in the current population.
Table 5
Results sensitivity analysis using all four historical studies, given the weights
of the study (a0); posterior mean (PM), median (PMed) and the 95% central
credibility interval (CCI) for the RR.

a0
a % Incl. PM PMed 95% CCI

{0.35, 0.45, 0.55, 0.65} 53.41 0.71 0.70 [0.47, 1.03]
{0.20, 0.40, 0.60, 0.80} 56.81 0.71 0.69 [0.47, 1.02]
{0.10, 0.30, 0.70, 0.90} 59.55 0.71 0.70 [0.48, 1.01]
{0.20, 0.30, 0.40, 0.50} 38.40 0.71 0.70 [0.45, 1.06]
{0.40, 0.60, 0.80, 1.00} 76.80 0.71 0.70 [0.49, 1.00]
{0.10, 0.70, 0.80, 0.90} 64.73 0.75 0.73 [0.51, 1.06]

a Ordering = Westgate, Ojala, Vayssière, and Amer-Wåhlin.
5. Discussion

The power prior distribution can be used to estimate the
treatment effect in a current study sample, while accounting
for the information captured within previous research. Note
the distinct difference between this Bayesian technique and
the common meta-analytic approach. Simply combining the
current with previous studies would result in an estimate of
the overall treatment effect in the encompassing population
instead of the treatment effect for the current population we
are interested in. Just considering the current data by means
of a current data analysis, would in turn ignore the extensive
load of information provided by the previous studies. The
power prior provides the researcher with a tool to not only
account for the information captured in historical studies, but
to also control the amount of information included.

Several studies examined the use of the hierarchical
power prior distribution. Modifications were proposed to
ensure the power parameter distribution to reflect the degree
of commensurability between the current and historical
sample. We advocate a power prior distribution with pre-
specified fixed study weights based on differences in study
characteristics instead. By eliciting a ranking of the historical
studies according to their informativeness for the current
trial, we introduced a subjective element into the rather
objective process of prior specification based on historical
data. In the current study we confronted a single expert with
a single open-ended question to come to a ranking of the
historical studies. A more formal, and with that, more
objective elicitation process could include consulting multi-
ple experts, or for instance a procedure in which one expert
determines the relevant study-characteristics and other
experts determine a ranking based on these characteristics.

For the data on ST-wave analysis it was shown with a
sensitivity analysis, that given the ordering of the studies, the
exact values of the weight parameters had no impact on the
final conclusions. Under different circumstances the marginal
posterior for the treatment effect might not be robust for
changes in the weight parameters. This emphasizes the
delicacy of prior specification and shows that the actual
values of the weight parameter may affect the final
conclusions. Such a situation might require an extensive
procedure to elicit more specific weights. The interviews
could be extendedwith a stage inwhich the experts are asked
to determine the lower and upper bounds of the range, i.e. the
weight of the least and most relevant study, as well as the
total amount of information included, or to provide informa-
tion on the relative distances between the study-weights.

The heterogeneity of the effect estimates found in the
different studies might ask for a random effects analysis. Future
research could focus on the use of a hierarchical model in
combinationwithfixed, orderedweights for thehistorical studies
as discussed within this paper. Furthermore, the power prior
distribution evaluated in this paper assumes equal weight
parameters for both intervention conditions. The study by Ojala
[14] compared the use of traditional CTG with ST-wave analysis,
while the trial by Westerhuis compared CTG with CTG plus ST-
analysis. This makes the control condition of the historical study
possibly more informative for the current study than the
experimental group. It might be desirable to use a larger part of
the historical data from the control condition than from the
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experimental condition. Further researchcouldexplore theuseof
unequal power parameters for different intervention conditions.
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Appendix A. Elaborate example of the conditional power
prior distribution

In the following a step-by-step procedure is described to
perform Bayesian inference using R and WinBUGS. In order to
perform the analyses, a recent version of WinBUGS (http://
www.mrc-bsu.cam.ac.uk/bugs/) should be installed, as well as
the b“R2WinBUGS” package (http://cran.r-project.org/). For this
examplea situation is assumed inwhichonly the studybyAmer-
Wåhlin [1] is included in the current data analysis, with a0=0.5.

Model

First step is to specify themodel. Themodel given below can
bewritten in any text-processor and shouldbe savedas a .txtfile.
The first two lines of the code model the data in both the ST+
CTG condition and the CTG-only condition. The unknown
parameters of interest are the proportion of newborns suffering
from metabolic acidosis in both intervention conditions. The
second two lines concern the power prior distributions for these
proportions. For each group the prior number of cases and group
size follow a beta distribution obtained from the historical data.
The last line specifies the contrast of interest,which in this case is
the risk ratio (RR). Thenext step is to define the knownelements
of this model using R.

MODEL {

# likelihood current data

model{

yTC ~ dbin(pTC, nTC) # likelihood data exper-

imental condition

yCC ~ dbin(pCC, nCC) # likelihood data control

condition

# prior for the proportion of cases per inter-

vention condition

pTC ~ dbeta(alphaT,betaT)

pCC ~ dbeta(alphaC,betaC)

# contrast (relative risk in current study)

RRC b– pTC/pCC}.

Data

The data from the study byWesterhuis is summarized in R
as follows:

y.st b– 20

n.st b– 2827

y.ctg b– 30

n.ctg b– 2840.
For the historical studies the same approach can be used.
Data from the study by Amer-Wåhlin could for example be
stored like

y0.st.a b– 15

n0.st.a b– 2144

y0.ctg.a b– 31

n0.ctg.a b– 2048,

giving parameter values for beta prior of

a.st.a b– a0*y0.st+1

b.st.a b– a0*n0.st+1

a.ctg.a b– a0*y0.ctg+1

b.ctg.a b– a0*n0.ctg+1.

Next the data has to be stored in a list using R. And the
parameters we wish to estimate are specified.

# storing the data

data b– list(“y.st”, “n.st”, “y.ctg”, “n.

ctg”, “a.st.a”, “b.st.a”, “a.ctg.a”, “b.ctg.

a”)

# specifying parameters of interest

st.parameters b– c(“pCC”, “pTC”, “RRC”).

Calling WinBUGS from R

Below follows the code necessary for calling WinBUGS
from R to run themodel. The function bugs needs input on the
data, the parameters to estimate, and the model to use.
Furthermore, initial values, the number of chains and
iterations per chain have to be specified. Optional is whether
to save the history andwhether to show the log-file in case an
error occurs (debug = T).

# calling WinBUGS

st.sim b– bugs(data, inits=NULL, st.parame-

ters, “model.txt”, n.chains=2, n.iter=10000,

save.history=T, debug=T).

The posterior distribution

Before summarizing the posterior distribution, checking
whether the sampler has converged is an important step.
Several formal approaches to evaluate whether all chains
have achieved the stationary distribution are available (e.g.
[19]). Furthermore, eyeballing trace-plots, running mean
plots and density plots are other approaches to get an
indication of the convergence of the sampler. After conclud-
ing the sampler has converged, the burn-in period should be
discarded and possibly more iterations have to be made in
order to obtain a large enough sample of the posterior to base
inferences on.
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