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Background: Previous work has identified a strong association between the achievements of macro-
scopic cytoreduction and improved overall survival (OS) after primary surgical treatment of advanced
epithelial ovarian cancer. Despite the use of contemporary methodology, resulting in the most com-
prehensive currently available evidence to date in this area, opponents remain skeptical.
Areas of Uncertainty:We aimed to conduct sensitivity analyses to adjust for potential publication bias, to
confirm or refute existing conclusions and recommendations, leveraging elicitation to incorporate expert
opinion. We recommend our approach as an exemplar that should be adopted in other areas of research.
Data Sources: We conducted random-effects network meta-analyses in frequentist and Bayesian (using
Markov Chain Montel Carlo simulation) frameworks comparing OS across residual disease thresholds in
women with advanced epithelial ovarian cancer after primary cytoreductive surgery. Elicitation methods
among experts in gynecology were used to derive priors for an extension to a previously reported Copas
selection model and a novel approach using effect estimates calculated from the elicitation exercise, to
attempt to adjust for publication bias and increase confidence in the certainty of the evidence.
Therapeutic Advances: Analyses using data from 25 studies (n 5 20,927 women) all showed the
prognostic importance of complete cytoreduction (0 cm) in both frameworks. Experts accepted publi-
cation bias was likely, but after adjustment for their opinions, published results overpowered the
informative priors incorporated into the Bayesian sensitivity analyses. Effect estimates were attenuated
but conclusions were robust in all analyses.
Conclusions: There remains a strong association between the achievement of complete cytoreduc-
tion and improved OS even after adjustment for publication bias using strong informative priors
formed from an expert elicitation exercise. The concepts of the elicitation survey should be strongly
considered for utilization in other meta-analyses.
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INTRODUCTION

Ovarian cancers remain a major concern to women
worldwide.1,2 In advanced disease, surgery and
platinum-based chemotherapy are the standard treat-
ment options. Traditionally, this included upfront pri-
mary debulking surgery (PDS) which is performed to
remove as much visible disease as possible. This is
because the amount of residual tumor is one of the
most important prognostic factors for survival of epi-
thelial ovarian cancer (EOC).1 Chemotherapy followed
by interval debulking surgery is an alternative primary
treatment option for women diagnosed with advanced
ovarian cancer, and evidence in this area is emerging.
We focus our research on PDS because there is an
established evidence base in which to apply our sug-
gested methodology. A more extensive description of
the aims of primary surgery in achieving “optimal cy-
toreduction” has been described in previous publica-
tions.1,2 Evidence suggests that where there is
“complete cytoreduction” (surgery that completely re-
moves all visible tumour), survival is significantly
improved compared with less-than-complete cytore-
duction.3–5 However, publication bias6 leaves room
for uncertainty as to the true value of complete cytor-
eduction, and opponents to the approach have raised
concerns regarding the strength of the evidence base.
The Gynecological Cancer InterGroup defined “opti-

mal” cytoreduction as having no macroscopic residual
disease which is often reported in the literature as RD0
(residual disease (RD) 5 0 cm), near-optimal RD (,1
cm), and suboptimal RD (.1 cm).7 Although there is
now less controversy about the prognostic importance
of maximum cytoreduction, there remains divided
opinion about the effects of any remaining RD after
PDS and about what attempts should be made for
maximal efforts at debulking. Different philosophies
are evident within the surgical community, but there
are also other important considerations, such as surgi-
cal skills, training, the woman’s fitness for more radi-
cal treatment, morbidity, mortality, and quality of life.
These are all considerations when assessing publica-
tion bias and the reliability of the effect estimates in
published studies. There is also the issue about unre-
ported studies that show “negative” results, which in
this context may be a study showing no benefit of
complete cytoreduction.
Indeed, publication bias is a well-known threat to

the validity of meta-analyses.6,8 Negative or statisti-
cally insignificant findings typically have less chance
of being published; therefore, available studies tend to
be a biased sample. This leads to an inflation of effect
size estimates of unknown degree.9 Consequently, it

has been argued that attempting to correct for bias is
typically better than incorporating no correction at all
because publication bias is inevitable in most meta-
analyses. This includes when no publication biases
are detected, as available tests to ascertain the presence
of publication bias typically have low power.10 Ulti-
mately, using adequate methods of bias correction can
add confidence to the certainty of effect estimates in a
meta-analysis.

Accordingly, this research had two main aims. First,
to compare the results of a Bayesian network meta-
analysis (NMA) using a noninformative prior11 with
ones attempting to adjust for selective reporting of
outcomes and publication bias6,12 by using expert elic-
itation methodology.13–15 Elicitation was conducted
using expert members of the British Gynaecological
Cancer Society (BGCS). The adjustment for publication
bias is a key component to this research because many
skeptics refute conclusions in this area despite sound
methodology being applied previously.1,2,16–19 The use
of novel NMA methodology in this area has been pre-
viously deployed,20,21 but it is important to dissemi-
nate findings to the wider surgical community and not
just proponents of aggressive surgery. This is only
achievable by reporting effect estimates that are more
likely to be closer to the true effects by removing a
degree of bias. Secondly, and of paramount impor-
tance, is to encourage the use of this methodology in
other areas of research, particularly where the magni-
tude of effects are disputed, affecting the certainty of
the evidence. We promote the use of our methodology
throughout the article and encourage others to attempt
to implement the methods in their own research.

Specifically, to assess the potential effects of publi-
cation bias, we implement a modified version of the
selection model described by Mavridis et al22 (see also
Chootrakool et al23 and Mavridis et al).24 This
approach extends the popular Copas selection model
for a conventional two-group meta-analysis25–27 to the
general NMA setting. It is, particularly, dependent on
the specification of probabilities for the chance that
“small” and “large” studies would be published,
which we nominate using the results of an expert elic-
itation exercise. Although a small number of studies
have previously performed this type of analysis in a
NMA, they have specified these parameters somewhat
arbitrarily (e.g., to reflect perceived levels of “low” and
“high” publication bias). We are unaware of any pre-
vious work that has elicited these key parameters from
experts.

We also use an alternative approach to adjusting for
publication bias in a NMA, which to the best of our
knowledge has not been considered previously, which
leverages informative priors in an otherwise
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conventional Bayesian NMA. In our case, the informa-
tive priors are formed based on the opinion of expert
members of the BGCS.28,29 We believe this approach
would be easy to mimic for all oncology settings that
use survival outcomes where an estimate of the control
arm event rate can be reliably estimated.

METHODS

Search strategy and selection criteria

The NMAs reported in this article synthesized stud-
ies according to good research principles following
the methods outlined by Bryant et al.2 Bibliographic
databases were searched from 1950 up to September
2021 (results of search are shown in Figure 1). We
applied the same search and inclusion criteria as out-
lined by Bryant et al.2 The population of interest was
women who had received primary cytoreductive
surgery followed by adjuvant platinum-based che-
motherapy.1 Included studies reported overall sur-
vival (OS) for comparisons of RD thresholds after
surgery and used the same statistical adjustment
constraints by Bryant et al2 to minimize selection
bias.20,30 We sifted references identified from the
search, extracted data on pertinent items, and as-
sessed risk of bias in accordance with the Cochrane
guidelines,20 following on from the systematic
review that underpins this analysis and the subse-
quent frequentist NMA.1,2

Expert elicitation exercise and statistical
considerations

An expert elicitation exercise31 was sent to members of
the BGCS by the organizing committee. The elicitation
exercise was conducted before the completion of the
systematic review,1 and the findings from this exercise
used to adjust the meta-analyses for perceived publi-
cation bias. In the elicitation exercise, we asked partic-
ipants to account for the sort of studies that have been
conducted but not published, the plausible magnitude
and direction of any publication bias and possible
explanations for why and how the publication bias
occurs. The survey consisted of two main parts, part
A and part B, and is given in Supplementary Material.
The results were used to perform the sensitivity anal-
yses adjusting for publication bias, as described further
below.

Data set and notation

The impact on OS of optimal and suboptimal cytore-
duction for primary advanced disease was assessed
using several RD thresholds that have been reported

in the literature. Accordingly, our data set consists of
the results of n studies, comparing a total of T RD
thresholds (or arms; labeled 1,2,..). We use the terms,
arms and RD thresholds interchangeably for the ben-
efit of those mimicking our methods because it is likely
that they will be applying the methodology to study
arms in an RCT setting. We use the term design to
refer to the set of RD thresholds compared in a given
study, that is, a design is some subset of at least 2 RD
thresholds in the network. Let d 5 1;.;D index the
designs used in our network, and nd be the number of
studies included in the network that used the dth
design. Set also Td as the number of RD thresholds
in design d. Then, we have designs with Td 5 2,3,4.
The designs in our data set are presented in Figure 2;
we have n 5 28, T 5 9, and D 5 8.

From a study of design d, the information used is: (a)
Td21 estimated effects (log hazard ratios, in our case)
and their standard errors and; (b) ðTd21ÞðTd22Þ=2 cor-
relations between the Td21 effects. We use subscript
indices to identify this study and its design and super-
script indices to denote the contrast being evaluated
such that yða;bÞi;d refers to the effect size for the ab com-
parison (where a and b are 2 RD thresholds) in the ith
study that has the dth design. Similarly, we let sða;bÞi;d
denote the corresponding observed standard error
(SE). Our data set, in this notation, is available on
request.

Part A: Copas model approach

Part A of the elicitation exercise asked clinicians about
their perceived probability of publication of individual
studies relating to the standard error of their effect sizes.
Part A was conducted to facilitate the conduct of a pre-
viously proposed method of adjusting for publication
bias in a NMA.24 We now describe this methodology.

Measurement model

Each observed effect yða;bÞi;d in a two-threshold study
(i.e., any study with Td 5 2) is modeled as a normal
distribution:

yða;bÞi;d ;N
�
u
ða;bÞ
i;d ;

�
sða;bÞi;d

�2�
:

A random-effects model is assumed because pub-
lication bias is confounded with heterogeneity. Thus, it
is assumed that the mean relative treatment effect is
modeled as u

ða;bÞ
i;d 5 lða;bÞ þ d

ða;bÞ
i;d , where the random

effects dða;bÞi;d are normally distributed as dða;bÞi;d ;Nð0; t2Þ.
In multithreshold study i of design d, the vector of

Td21 contrasts is modeled as a multivariate normal dis-
tribution. For example, if arms a, b, and c are included,
then:
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FIGURE 1. PRISMA flowchart.

FIGURE 2. Network diagram and summary of designs showing RD comparisons after primary cytoreductive surgery for

advanced EOC. Arms 1–9 correspond to the following categories: 1 (0 cm), 2 (,1 cm), 3 (.0 cm), 4 (1–2cm), 5 (,2 cm), 6

(.1 cm), 7 (.2 cm), 8 (1–5cm), and 9 (.5 cm).
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Assuming a common heterogeneity parameter
across treatment comparisons, the random effects are:
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Similarly, if arms a, b, c, and e are included, then:
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We assume a common between-study variance (het-
erogeneity) t2 across treatment comparisons; although
arguably not realistic, this is common and often necessary
in practice (given there are few studies per comparison).

Selection model

To model the probability each study is selected for pub-
lication, we assume that there is a latent variable under-
lying each study. This latent variable takes positive
values if the specific study is published and negative
values otherwise. Thus, there are as many latent vari-
ables as study designs, and each latent variable repre-
sents the propensity for publication given the design of
that specific study. The propensity for publication for
each design and study is denoted by zi;d. It is modeled
as a function of two parameters, ad and bd, and a func-
tion, f ði; dÞ, of the particular study and its design:

zi;d 5ad þ bd

f ði; dÞ5 ui;d þ ji;d:

Here, ji;d;Nð0; 1Þ, and we constrain bd $ 0 because this will
reflect the belief that larger studies are more likely to be
published. In a two-threshold study i of design d that
compares a and b, we set f ði; dÞ 5 sða;bÞi;d . Following
Chootrakool et al (2011)23 for a multithreshold trial, we
use the average of the standard errors in this study. For
example, in study i of design d that compares a, b, c, and e,
we set:

f ði; dÞ5 sða;bÞi;d þ sða;cÞi;d þ sða;eÞi;d

3
:

With the above, the probability that study i with design d is
published is equal to:

ℙ
�
zi;d.0

�
5F

�
ad þ bd
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�
5F

�
ui;d
�
:

This provides us with an interpretation of the
parameters ad and bd. Informally, parameter ad is
the marginal probability that a study with design
d is published, assuming it has infinite variance (not
accounting for the approach taken to multithreshold
studies). Parameter bd is a discrimination parameter,
discriminating the probabilities of publication between
studies with difference variances.

Combined measurement and selection model

The measurement and selection models do not share
common parameters but are connected through their
residual terms. Specifically, we set corrðyðabÞi;d ; zi;dÞ 5 rd
such that rd controls how the effect size affects the
probability of the study being published. Then, for
two-threshold (thresholds a and b), three-threshold
(thresholds a, b, and c), and four-threshold (thresholds
a, b, c, and e) studies, the joint distribution for its effect
sizes and propensity for publication are as follows:

�
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where IX is the indicator variable for event X.
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Prior distributions for model selection parameters

To fit the above model, prior distributions for the selec-
tion model parameters ad and bd are required. To form
the priors, we need to specify lower and upper
bounds, Plow

d and Phigh
d , for the probability that a study

of design d is published, where these extremes relate to
small and large possible values of f ði; dÞ. Plow

d and Phigh
d

are modeled as random variables to reflect the uncer-
tainty around them. Then, ad and bd are calculated
using the inequalities:

Plow
d #ℙðzid.0jf ði; dÞÞ#Phigh

d cd:

Specifically, this gives:

ad þ bd

maxff ði; dÞg5F2 1�Plow
d

�
;

ad þ bd

minff ði; dÞg5F2 1
�
Phigh
d

�
:

Unlike Mavridis et al,22 rather than setting
min f ði; dÞgf and max f ði; dÞgf as the observed minimal
and maximal values in the data set, we use the results of
an elicitation exercise in which we asked experts about
the probability studies of certain sizes would be pub-
lished. For the population under investigation, we
describe below why SEðlogHRÞ 5 ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

6:25=n
p

is a reason-
able assumption. Using this, on plugging in the minimal
and maximal sample sizes from the elicitation exercise,
the formulae for f ði; dÞ gives:

minff ði; dÞg5
8<
:

0:1  : Td 5 2;
0:122  : Td 5 3;
0:141  : Td 5 4;

maxff ði; dÞg5
8<
:

0:25  : Td 5 2;
0:306  : Td 5 3;
0:354  : Td 5 4:

All that then remains is to specify prior

distributions Plow
d ;UðL1;d; L2;dÞ and

Phigh
d ;UðU1;d;U2;dÞ. For those two-threshold designs

that include the 0 cm arm, we are able to directly use
the results from Part A of the survey. For those studies
that did not contain the 0 cm arm, we calculate, sim-
ilarly, swapping in their reference category for 0 cm
(e.g., the probability of publication of,1 cm versus .2
cm would be taken as the elicited values for 0 cm ver-
sus .2 cm); the results are unlikely to be sensitive to
this assumption because the number of studies that do
not contain the reference category is small. For multi-
threshold studies, we conservatively use the minimum
probabilities across the various pairwise comparisons.
We then consider three combinations of values for L1;d,
L2;d, U1;d, and U2;d. We take them as the 0th and 50th

(median) percentiles, the 25th (lower quartile) and 75th

(upper quartile) percentiles, and the 50th and 100th per-
centiles of the elicited probabilities (with L1;d and L2;d
set using the results for the smallest trial size we asked
experts about and U1;d and U2;d set using the results for
the largest trial size we asked experts about). We
denote the elicited qth percentile for the small study
size by Ps;d;q and similarly, Pl;d;q for the large. The per-
centiles are then presented in Table 2.

Part B: alternative novel approach

Part B involved an alternative approach that asked
clinicians to estimate the number of studies for key
comparisons that they believed would be conducted
but unpublished, and thus unidentified in the NMA.
They were then subsequently asked to specify sample
and effect sizes for each such missing study. The
approach in Part B is a particularly novel aspect of this
research because it can be used as prior information to
inform adjustment of meta-analyses for publication
bias in a way we believe to be previously unexplored.
Here, we outline how this could be achieved.

We note that this is only one potential way to form a
prior based on the elicited data and that a sensitivity
analysis should certainly be conducted. For example, in
our elicitation exercise, the choice of the number of miss-

0
BBBBB@

nyða;bÞi;d

nyða;cÞi;d

nyða;eÞi;d

nzi;d

1
CCCCCA;N

0
BBBBBBB@

0
BBBBB@

nuða;bÞi;d

nuða;cÞi;d

nuða;eÞi;d

nui;d

1
CCCCCA;

0
BBBBBBB@

�
sða;bÞi;d

�2
cov
�
yða;bÞi;d ; yða;cÞi;d

�
cov
�
yða;bÞi;d ; yða;eÞi;d

�
rds

ða;bÞ
i;d

cov
�
yða;bÞi;d ; yða;cÞi;d

� �
sða;cÞi;d

�2
cov
�
yða;cÞi;d ; yða;eÞi;d

�
rds

ða;cÞ
i;d

cov
�
yða;bÞi;d ; yða;eÞi;d

�
cov
�
yða;cÞi;d ; yða;eÞi;d

� �
sða;eÞi;d

�2
rds

ða;eÞ
i;d

rds
ða;bÞ
i;d rds

ða;cÞ
i;d rds

ða;eÞ
i;d 1

1
CCCCCCCA

1
CCCCCCCA
Izi;d.0;

Residual Disease After Surgery for Advanced Epithelial Ovarian Cancer e61

www.americantherapeutics.com American Journal of Therapeutics (2023) 30(1)



ing studies was left open ended as to not lead experts to
a choice and bias the results. Consequently, a sensitivity
analysis could be conducted removing high estimates of
unpublished studies if it was judged that unrealistic
entries were unduly inflating an average.

Given an assumed 5-year survival rate of 36%32–34 and
a minimum sample size of n 5 100 to meet the criteria
for inclusion in the NMA, small studies might be under-
powered and, furthermore, null findings might be due to
deficiencies in the study design and conduct. Hence,
including these studies might not lead to an appropriate
adjustment of meta-analysis estimates. This is why we
included studies with a minimum sample size of 100
patients in the systematic review,1 and a minimum 64
events (deaths, d) are expected with 36 participants being
alive and censored at the end of this study:

d5 100ð12 0:36Þ5 64:

Generalizing this result, we assume that d can be
related to n in general through the following formula:

n5
d

12 ð5 year suvival rateÞ5
d

0:64
:

The standard error of the log hazard ratio
ðSEðlogHRÞÞ can then be related to n by rearranging
the following formula:

d5
4

SEðlogHRÞ2;

⇒SEðlogHRÞ5
ffiffiffi
4
d

r
5

ffiffiffiffiffiffiffiffiffiffiffiffi
4

0:64n

r
5

ffiffiffiffiffiffiffiffiffi
6:25
n

r
:

Next, we denote by mcij the number of missing
studies according to expert responder c 5 1;.;C,
with a HR of HRj and a sample size of ni, where:

n1 5 100; n2 5 200; n3 5 300; n4 5 400; n5 5 500; n6 5 625;

HR1 5 1;HR2 5 0:9;HR3 5 0:8;HR4 5 0:7;HR5 5 0:6;HR6 5 0:5:

We compute the average number of missing stud-
ies of type ij, across the responders, as:

mij 5
1
C

+
C

c51
mcij:

We use this to form an average sample size of
missing studies with a HR of HRj through:

mj 5
+i nimij

+i mij
:

With this, we assume that information from missing studies
with a HR of HRj can be categorized through the following
distribution:

Pj;N
�
logHRj;

6:25
mj

�
:

The Pj can then be combined in a weighted manner,
givingmore weight to those values of jwith a larger value
of mj, through conflation. This gives an elicited prior of:
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1
CA5N

 
+j mjlogHRj

+j mj
;
6:25
+j mj

!
:

This elicited estimate can then be used as prior
information and be applied in a Bayesian analysis35–
37 that reflects the results of the expert opinion in the
elicitation exercise.22,38

Data analysis

We compare the results of a frequentist approach2 with
a NMA conducted within a Bayesian framework in
WinBUGS 1.4.3 (MRC Biostatistics Unit, Cambridge,
UK),39,40 using two chains each with 100,000 simula-
tions and a burn-in period of 30,000 simulations. The
base case Bayesian analysis (analogous to the frequent-
ist analysis) used vague noninformative priors and
adjusted for multiarm trials using conditional distribu-
tions. Figure 2 shows a network diagram41 of the
thresholds (nodes) and comparisons (lines) available
and a summary of designs in our network. Conver-
gence of the model in the two chains was assessed
using Brooks–Gelman–Rubin, trace and autocorrela-
tion plots.40

Transitivity and design inconsistency were not
deemed an issue because of restrictive inclusion crite-
ria.2 Consistency, which is measured in agreement of
direct and indirect evidence, was assessed by compar-
ing the individual data point’s posterior mean devi-
ance contributions for the consistency and
inconsistency model.42–44 Owing to the volume of sen-
sitivity analyses, we did not conduct any further node
splitting42–44 because this was previously performed in
the base case analysis.2

We present the results of the Bayesian NMA of opti-
mal RD thresholds using effect sizes reported as pos-
terior median HRs and 95% credible intervals (CrIs).
All the thresholds are relative to the 0 cm macroscopic
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RD reference threshold. We also present rankograms,
which ranked RD thresholds from having highest
probability of survival (ranked 1) to the lowest (ranked
9). In addition, we report the probability of being the
best RD threshold and the surface under the cumula-
tive ranking curves (SUCRAs).45

Sensitivity analyses (SA) form the crucial basis of
this research; we perform a number of analyses that
attempt to adjust the base case estimates for publica-
tion bias. We a priori focus on macroscopic RD to
0 cm, RD ,1 cm, and suboptimal RD .1 cm. Other
thresholds will add strength to the network but are not
of direct interest. We use this approach in a complex
situation that includes multiple RD thresholds (arms)
and studies that included multiple thresholds (up to
four in a study). In practice, it should be more straight-
forward following and applying the methodology to
other analyses in different areas that have simpler net-
works and in a conventional intervention setting.
We repeated the base case Bayesian analysis above and

used the elicitation exercise to use the Copas selection
model (part A) and incorporate informative priors (part
B) in place of the vague (noninformative) ones. For those
wanting to restrict to a frequentist setting, in Part B, an
analogous analysis in the frequentist framework is possi-
ble by including the elicited missing studies from the
average experts’ responses (artificially) in the observed
studies in the NMA. However, we recommend applying
the proposed Bayesian methods and formulating priors.

RESULTS

Summary of studies

The flow of the literature is presented in the PRISMA
flowchart (Figure 1). The search strategy identified
8606 unique references, of which 200 progressed to
full-text screening. Forty-six references, reporting on
25 primary studies which included 28 analyses (n 5
20,927), met our inclusion criteria. Full details of
searches along with a PRISMA flowchart, characteris-
tics of included studies, and risk of bias assessments
are provided by Bryant et al.2

The network diagram41 and summary of designs in
our network show the range of RD threshold compar-
isons after optimal cytoreductive surgery for advanced
EOC (Figure 2). The most common RD thresholds
were complete (0 cm) and near-optimal (,1 cm), while
this was also the most widely reported comparison.

Base case analysis

The results of the base case Bayesian NMA were con-
sistent with the frequentist analysis, and there was also

no evidence of inconsistency in the network.2 There
were no issues with model convergence in WinBUGS,39

as indicated by Brooks–Gelman–Rubin, trace and
autocorrelation plots, with the number of simulations
used adequate (see Appendix Figures 3–8, http://links.
lww.com/AJT/A124, http://links.lww.com/AJT/
A125, http://links.lww.com/AJT/A126, http://links.
lww.com/AJT/A127, http://links.lww.com/AJT/
A128, http://links.lww.com/AJT/A129, and http://
links.lww.com/AJT/A130, respectively). The results of
the base case analyses demonstrate prolonged OS if
primary cytoreductive surgery achieved macroscopic
RD to 0 cm compared with any other RD threshold
(Table 1). Macroscopic RD to 0 cm was overwhelmingly
the best ranked threshold because it was consistently
ranked first (Table 1 and rankogram in Figure 9 in Sup-
plementary Material, http://links.lww.com/AJT/
A131), with a very high probability of being the best
RD threshold (SUCRA and P best ranged from 98.4% to
99.9%). Sensitivity analyses using different random
number seeds resulted in all Bayesian models being
correct to one decimal place (data not shown). Low
values in MC error terms in the model indicated reli-
ability in estimates to good precision.40

Expert elicitation exercise

Eighteen expert members of the BGCS participated in
the expert elicitation exercise. They were given the
sample sizes (based on observed data for each RD
threshold) and were asked in Part A of the elicitation
exercise to state probabilities of publication for a
study comparing different RD thresholds with com-
plete cytoreduction (macroscopic RD to 0 cm). Table 2
presents the distribution of the elicited probabilities
for each RD threshold, for the smallest and largest
considered study sizes (full details of the expert clini-
cian elicitation exercise are provided by Bryant
et al31). In summary, responses suggest that publica-
tion bias may be quite likely in studies where the
sample size was small. For example, the average
response suggested that experts believed there was
a 55% chance that a comparison of RD , 1 cm versus
RD 0 cm would be reported for a study with a sample
size of 100 participants. Responders seemed to indi-
cate that the probability of publication was lowest for
comparisons involving greater macroscopic disease
volume [largest elicited median probability 20% (in-
terquartile range 10–75) in macroscopic disease
involving RD . 2 cm versus RD 0 cm and as low as
3.5% (interquartile range: 0–50) for RD . 5 cm vs. RD
0 cm]. However, respondents seemed to dismiss the
threat of publication bias for comparisons of RD , 1
cm versus RD 0 cm and RD . 1 cm versus RD 0 cm in
larger studies. Comparisons involving suboptimal
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RD (greater macroscopic disease volume) were con-
sidered to have a low probability of not being pub-
lished for both the small and larger studies (but lower
in smaller studies).

In part B of the elicitation exercise, the mean number
of missing studies estimated by experts for comparison
of RD , 1 cm versus RD 0 cm was 17.8. The average
number of estimated missing studies was lower for the
comparisons involving suboptimal macroscopic dis-
ease volume (RD thresholds that are . 1 cm).31 In
the comparison of RD , 1 cm versus RD 0 cm, on
average, 9.4 of the 17.8 studies would be associated
with a HR of 1. As the HR increased, fewer studies

were believed to be missing such that, when the de-
tected HR was 0.5, the average number of studies
believed to be missing was less than 1 (Table 3). The
weighted average HR of the effect size from the miss-
ing studies was 0.83 (95% CI 0.77–0.90) for the com-
parison of RD , 1 cm compared with RD 0 cm. This
HR was calculated based on a total of 3906 partici-
pants in the estimated missing studies and 2500 deaths
given a 5-year survival rate of 36% (Table 3). This
corresponded to a log HR of 20.19 and SE log HR of
0.04; thus, we used ;N(20.19, 0.04) as the distribution
for our elicited prior for the ,1 cm versus 0 cm com-
parison. Similarly, the mean number of missing

Table 1. Results of base case frequentist and Bayesian NMA of optimal RD threshold after primary cytoreductive

surgery for advanced EOC.

RD

Frequentist Bayesian

HR (95% CI) Mean rank P (best), % SUCRA, % HR (95% CrI) Median rank P (best), % SUCRA, %

0 cm Reference 1 99 99.9 Reference 1 (1–1) 98.42 99.8

,1 cm 1.98 (1.76–2.24) 3.4 0 70.2 1.99 (1.76–2.27) 3(2–5) 0 69.88

.0 cm 1.95 (1.48–2.58) 3.4 0 70.6 1.95 (1.46–2.63) 3(2–6) 0.005 70.43

1–2 cm 3.34 (2.04–5.47) 7.3 0 21.8 3.57 (2.14–5.99) 8(5–9) 0 18.58

,2 cm 2.82 (1.58–5.04) 6.0 0 36.9 2.89 (1.57–5.34) 7(2–8) 0.044 36.75

.1 cm 2.57 (2.26–2.93) 5.8 0 40.0 2.58 (2.26–2.97) 6(4–8) 0 40.91

.2 cm 4.36 (2.69–7.04) 8.7 0 3.4 4.47 (2.72–7.43) 9(7–9) 0 4.17

1–5cm 1.85 (1.11–3.08) 3.2 1 72.0 1.85 (1.06–3.22) 3(2–7) 1.498 71.93

.5 cm 2.75 (1.62–4.67) 6.2 0 35.3 2.75 (1.55–4.89) 6(2–9) 0.033 37.54

RD, residual disease; CI, confidence interval; P (best), probability that RD threshold is the best; CrI, credible interval; EOC, epithelial

ovarian cancer; HR, hazard ratio; SUCRA, surface under the cumulative ranking curves.

Table 2. The distribution of elicited probabilities for each RD threshold for the smallest and largest considered study

sizes.

Design (d)

Small study publication probabilities Large study publication probabilities

Ps;d;0 Ps;d;25 Ps;d;50 Ps;d;75 Ps;d;100 Pl;d;0 Pl;d;25 Pl;d;50 Pl;d;75 Pl;d;100

1 0 10 20 70 100 0 15 30 80 100

2 0 0 3.5 50 95 0 0 10 80 100

3 0 20 45 80 100 40 75 95 99 100

4 0 10 20 70 100 0 15 30 80 100

5 0 30 55 80 100 80 90 99.5 100 100

6 0 20 50 80 95 0 70 80 99 100

7 0 20 45 90 100 40 75 95 99 100

8 0 10 20 75 100 0 15 30 80 100

These are computed using the results of the elicitation exercise.

P,(s,l),d,(percentiles 0, 25, 50, 75, 100), probability that a small/large study is published with a specified design in a number of

percentiles. Design (d) 1, arms 1,2,4,7; d(2), arms 1,2,8,9; d(3), arms 1,2,6; d(4), 2,4,7; d(5), arms 1,2; d(6), arms 1,3; d(7), arms 2.6;

d(8), arms 5,7 where arms 1–9 correspond to the following categories: 1 (0 cm), 2 (,1 cm), 3 (.0 cm), 4 (1–2cm), 5 (,2 cm), 6 (.1 cm), 7

(.2 cm), 8 (1–5cm), and 9 (.5 cm).
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studies estimated in the elicitation exercise for compar-
ison of RD . 1 cm versus RD 0 cm was 8.6.31 The
weighted average HR of the missing studies led to
formulating ;N(20.26, 0.05) as a prior. The mean
number of missing studies estimated by responders

for comparison of RD . 2 cm versus RD 0 cm was
6.2.31 The weighted average HR of the missing studies
led to formulating ;N(20.24, 0.06) as a prior. How-
ever, there seemed to be widespread feeling among
experts that publication bias was of much less concern

Table 3. Breakdown of distribution of size and magnitude of elicited unpublished studies of near-optimal RD , 1 cm

versus complete cytoreduction (0 cm).

N5321

(n517.8)
Estimated effect size

Assumed 5-

year survival:

36%

HR 5 1 HR 5 0.9 HR 5 0.8 HR 5 0.7 HR 5 0.6 HR # 0.5

RD ,1 cm and

0 cm are the

same

10% less

chance of

mortality

favoring

RD ,1 cm

20% less

chance of

mortality

favoring

RD ,1 cm

30% less

chance of

mortality

favoring

RD ,1 cm

40% less

chance of

mortality

favoring

RD ,1 cm

.550% less

chance of

mortality

favoring

RD ,1 cm

Sample

sizeh

n , 100 STUDY EXCLUDED

n 5 100 122.08
g

19.12 22.7 1.34 2.14 1.14

n 5 200 25.08 11.12 12.62 4.38 2.18 2.18

n 5 300 6.04 4.04 1.04 2.04 0 0

n 5 400 10.37 9.37 9.37 9.37 9.37 9.37

n 5 500 1.04 1.04 3.04 1.04 0 0

n . 500 5.08 4.04 4.04 3.04 1.04 1.04

Total

studies
a

(mean)

169.7 (9.4) 48.7 (2.7) 52.8 (2.9) 21.2 (1.2) 14.7 (0.8) 13.7 (0.8)

Effective n
b

(mean)

26,879

(1493.3)

12,141 (674.5) 12,899 (716.6) 7790 (432.8) 5048 (280.4) 4948 (274.9)

Effective d
c

(mean)

17,203 (956) 7770 (432) 8255 (459) 4986 (277) 3231 (179) 3167 (176)

SElogHR (O(4/
d))

d

0.065 0.096 0.093 0.120 0.149 0.151

95% CI for HR
e

0.88–1.14 0.75–1.09 0.67–0.96 0.55–0.89 0.45–0.80 0.37–0.67

Elicited

estimate
f

HR 0.83 (95% CI 0.77–0.90), logHR 20.19 SElogHR 0.04 (n 5 3906, d 5 2500)

Elicited prior ;N(20.19, 0.04)

aAbsolute number of estimated missing studies elicited from responders with mean (simply absolute number divided by 18 (number of

responders)) given in parentheses ().
bAbsolute number of estimated missing participants elicited based on total studies with mean given in parentheses.
cAbsolute number of deaths estimated from the number of participants assuming a 5-year survival rate of 36% with mean in paren-

theses ().
dApproximation of the standard error (SE) of the log HR using formula derived by Parmar, namely the square root of 4 divided by the

mean number of deaths.
e95% confidence interval for HR calculated using logHR 61.96 multiplied by standard error of log HR then transforming back by taking

the exponential.
fElicited HR with 95% confidence interval using mean responses for all aggregated effect sizes.
gNumber of studies given in the breakdown were rescaled in 3 respondents to correspond to the total number estimated. Therefore,

any noninteger numbers in the table are due to this rescaling.
hSize of studies missed that could have been included in the analysis.
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in suboptimal RD thresholds, and this is reflected in
some of the sensitivity analyses (Table 5). A worked
example surrounding derivation of priors based on
these estimates is presented in Table 3 for the compar-
ison of macroscopic RD with 0 cm and near-optimal
cytoreduction to ,1 cm.

Adjustment for publication bias

Tables 4 and 5 present the estimated effect sizes for RD
thresholds for the sensitivity analyses incorporating an
adjustment for publication bias. Models were con-
structed using responses from parts A and B of the
expert elicitation exercise.

All analyses were based on 100,000 Markov Chain
Monte Carlo simulations with a burn-in period of
30,000 draws, from two chains (as in Mavridis
et al22). We present the median OS estimate for each
RD group relative to the reference category (0 cm),
along with its 95% CrI, SUCRA values, the median
(and 95% CrI) rank for each group, and the estimated
probability each group provides the best OS are also
given.

Bayesian NMAs were fitted in a series of sensitivity
analyses that used informative priors based on esti-
mates obtained from the expert elicitation exercise
(see above). We set out to explore a range of sensitivity
analyses, from ones that best reflected the experts’
views to more extreme scenarios that fully tested the
robustness of the base case analysis presented in
Table 1. Specifically, the main focus of our work was
to examine the conclusions in the unadjusted analysis
that identified three clear and distinct categories of RD
groups after primary cytoreductive surgery, namely
complete (0 cm), near-optimal (,1 cm), and subopti-
mal (.1 cm). Other reported RD thresholds contrib-
uted toward the network and added strength to the
NMA, but clearly some comparisons such as when RD
1–2 cm is compared with macroscopic RD to 0 cm
were not of paramount importance and would not
necessarily be a widely reported and expected compar-
ison. Therefore, it would not be appropriate to focus
on publication bias in this example. Accordingly,
sensitivity analyses focused on the main RD categories
of complete RD to 0 cm, RD,1 cm, and suboptimal
RD .1 cm.

Part A: Copas selection model

Table 4 presents the results of the selection model anal-
yses. As would be expected, the introduction of
increasing levels of publication bias adjustment typi-
cally results in greater reductions in the estimated OS
benefit for the reference category. However, in almost
all instances the results change little compared with
the base case frequentist and Bayesian analyses

(Table 1). The 0 cm category retains at least an
87.48% estimated chance of providing the best OS.

Part B: alternative novel approach

Sensitivity analysis (SA) 1 incorporated prior informa-
tion using the estimates derived above (;N(20.24,
0.06)) for RD ,1 cm and RD . 0 cm, ;N(20.26,
0.05) for RD .1 cm, and ;N(20.24, 0.06) for RD.2
cm). In SA 2, informative priors were used for RD ,1
cm, .0 cm, 1–2cm, ,2 cm, and .1 cm and only RD ,
1 cm and .0 cm in SA 3. SA 4 used informative priors
for RD ,1 cm, .1 cm, and .2 cm, and SA 5 incorpo-
rated priors for all RD thresholds. SA 5 was thus the
most extreme sensitivity analysis.

SA 6 and 7 grouped RD , 2 cm into the RD , 1 cm
threshold to reduce the number of RD groups to eight.
This was due to the fact that RD , 2 cm was sparsely
reported in the observed NMA comparisons because
suboptimal RD is now clearly defined as .1 cm in the
guidelines and the RD , 2 cm group was obtaining
undue influence in the ranking statistics, which was
wholly implausible. SA 6 incorporated prior informa-
tion for RD, 1 cm, RD. 0 cm,.1 cm, and.2 cm. SA
7 incorporated prior information for RD , 1 cm,
.0 cm, and .1 cm.

All sensitivity analyses were in line with the base
case analysis and demonstrated prolonged OS if pri-
mary cytoreductive surgery achieved macroscopic RD
to 0 cm compared with any other RD threshold
(Table 5). However, the effect estimates were attenu-
ated in comparisons involving macroscopic RD to
0 cm, although not to any suggestion of changing the
existing conclusions. This was even the case in the
most extreme sensitivity analysis (SA 5) that used all
RD thresholds, including ones that would not have
been expected to have been widely reported in reality.
There remained three clear and distinct categories of
RD thresholds after primary cytoreductive surgery.
Complete macroscopic RD to 0 cm is still by far the
best surgical option, with near-optimal (,1 cm) de-
bulking a consolation if this is not possible. Subopti-
mal can therefore be defined as RD . 1 cm.

There were no issues with model convergence or
other diagnostics in WinBUGS39 in any of the sensitiv-
ity analyses, as previously indicated in the base case
analysis.

DISCUSSION

There is a high level of uncertainty facing women
undergoing treatment for advanced EOC, especially
given differences in practice between surgeons in the
United Kingdom and internationally. There are many
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reviews and guidelines assessing the effect of remain-
ing RD on OS after primary surgery. Unfortunately,
many include low quality studies prone to selection
and other biases due to poor design or inadequate
conduct of statistical analyses. A NMA with stringent
inclusion criteria that minimized selection bias was
required to synthesize the evidence in this important
clinical area. Because it is an area of great equipoise, to
convince opponents and proponents of maximal
efforts of surgical debulking alike, estimated effects
need to report “fair” effect estimates. Making an
adjustment for publication bias using elicited views
of gynecological experts, we argue is the best approach
to achieving this.

There is limited current guidance on methods for
adjusting meta-analyses for publication bias, including
strategies for choosing an informative prior.46 Many
systematic reviewers neglect to examine or discuss
publication bias.30,47 We are unaware of any literature
on how often authors adjust for publication bias in
their primary analyses or the methods they apply
when adjustment is performed. However, the Copas
model for NMAs has been infrequently cited, and
inspection of the citations seems to indicate that
nobody has elicited the parameters for its employment
previously. More generally, elicitation within the con-
text of meta-analyses is rare, likely because of its asso-
ciated burden. Part B of our elicitation exercise, which
elicits the average magnitude of the effect in missing
studies is, to the best of our knowledge, novel. In con-
ventional use of Bayesian methods, when prior infor-
mation is scarce, it is advantageous to collaborate
closely with experts. Prior information can be obtained
systematically, and the information gathered can eas-
ily be formalized into prior distributions,48 as we
showed in our elicitation exercise. Often prior specifi-
cations should use available information because it can
be the key to answering questions about populations
that otherwise remain unanswered. The search for
prior information may be intensive and time consum-
ing, but the rewards are obvious because meta-
analyses are almost all exclusively subject to some
degree of reporting bias; therefore, we can improve
the reliability of effect estimates by adjusting for pub-
lication bias. In our case, we used expert elicitation,
but this could use some other systematic approach,
with the key message that applying some kind of sen-
sible adjustment for publication bias is better than
doing nothing in most cases. However, incorporating
prior information that disagrees with the information
contained in data can lead to spurious conclusions,
particularly if the prior is too informative. Obviously,
there is no way of knowing this when estimating pub-
lication bias a priori, but substantial gains can beT
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achieved when the inclusion of this information is
appropriate. The use of well-specified informative pri-
ors can result in improved parameter estimation,
where effect estimates will be more reliable.49

A good systematic review will eliminate some forms
of reporting biases by following good research prac-
tice, at least by conforming to PRISMA guidelines.50

However, many forms of assessment for publication
bias, such as funnel plots and formal tests of asymme-
try, as well as methods for addressing it, such as the
trim and fill method, multiple imputation, and exten-
sive searches of gray literature, are not adequate.10,51

We also showed that the sophisticated selection mod-
els used in our analyses using results from part A of
the elicitation exercise may also not have made the
kind of adjustment for publication bias that reflected
the opinions of the experts who participated. This was
because the adjustment in part A was minimal. The
novel methodology used in part B of the exercise
where a prior was formulated from the average num-
ber of missing studies with their effect sizes may offer
a simple and highly desirable approach. However, the
adjustments in part A and B do not give different
results leading to different conclusions, but Part B
seemed to adjust effect estimates that seemed to more
reflect the opinions of the experts. Consequently, there
could be more scope for the results in Parts A and B to
differ if this exercise was repeated in the future. In
either approach, it is important to specify methods a
priori as to not abuse the results by making post hoc
adjustments. If the results from the two methods do
differ in any future exercise in another research disci-
pline, researchers can use our recommended sensitiv-
ity analyses to assess the impact on their conclusions.
If there are widespread differences in results, then the
confidence in any adjustment for publication bias will
be low and it may be most appropriate to report the
unadjusted effect estimates as the primary result.

In most areas where a meta-analysis is feasible, there
will be experts in the area, so it is advisable to
approach these or organizations like we did with the
BGCS. Gynecological cancers are common in women,
but other diseases may be more rare and not have the
same kind of membership in such a society. Therefore,
attempts to invite individual experts to participate in
any elicitation exercise may be the only option.
Thought should be given as to how experts could con-
tribute to such exercises. When conducting a Bayesian
analysis, it is important to always provide the origin of
and reason behind the priors. We achieved this
through our detailed elicitation exercise and a critique
of the answers that each responder gave. We also pro-
vided the exact specifications of the priors.48 We also
strongly advise those replicating our methods toT
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conduct a series of sensitivity analyses as we did in
Parts A and B of the elicitation exercise when we
applied the results to priors. We clearly demonstrated
the impact of various priors on the posterior estimates,
ranging from noninformative to skeptical priors, to test
the robustness of the conclusions.48,52 A different
research area may differ in the impact of such a wide
range of priors, if for example, it was known evidence
would be very limited in, say, a rare disease. Setting
overly skeptical priors in this such a setting may not be
sensible, but it is important to set out these justifica-
tions a priori if adjustments for publication bias are to
have an impact. It is important to understand and
interpret any differences between analyses with differ-
ent priors.
Previous analyses2 had shown a clear survival ben-

efit of complete cytoreduction to no visible disease
after primary cytoreductive surgery in women with
advanced EOC. In a Bayesian framework, extreme
value sensitivity analyses examined the plausibility
of overturning conclusions in the base case analyses.
There seemed to be little likelihood that the existing
conclusions were not reliable. The selection model
indicates that our findings are robust to large levels
of publication bias. The elicited estimate used in Part
B of the elicitation exercise as an adjustment for pub-
lication bias was also robust to the base case results,
but seemed to be more representative of the strength of
feeling in the experts’ opinions. For example, the mean
number of missing studies estimated by experts for
comparison of RD , 1 cm versus RD 0 cm was 17.8,
corresponding to the derivation of an informative
prior (N(20.24, 0.06)). Clearly, this had some impact
on diluting the magnitude of effect to reflect the omis-
sion of unpublished studies in the base case meta-
analysis and may compute more unbiased and repre-
sentative estimates. Further research is now extremely
unlikely to change our confidence in the existing esti-
mates of effect. The estimates from the set of sensitivity
analyses from the Copas selection model did not have
the same desired impact. However, we believe the
framework applied as an extension to NMA by incor-
porating multiarm studies was unique and will be of
use in other settings.
Evidence from the literature is not the sole determin-

ing factor for clinical decision making. Clinicians also
have a preference for 'consensus-based decision mak-
ing.' This is often through relatively informal sources,
such as conversations with clinical colleagues and fel-
low academic experts. Discussing and trading perspec-
tives can be invaluable in gathering information to
form judgments.53,54 Empirical evidence that incorpo-
rates expert elicitation in areas of uncertainty may be
of paramount importance to the development of

clinical guidelines, enabling the disadvantages of con-
temporary statistical methodologies to be combined
with previously implicit expert consensus. This NMA
represents a major update and extension to previous
analyses. The NMA adjusted for publication bias using
elicited information on the three main comparisons of
RD (namely, macroscopic RD to 0 cm, RD , 1 cm, and
RD . 1 cm). The sensitivity analyses that use prior
information and incorporate this into the effect esti-
mates may help to remove any potential skepticism
in the previous findings. The overall certainty of the
evidence remains moderate despite a dilution of effect
estimates in comparisons involving RD 0 cm. We
believe our analyses, which have used advanced sta-
tistical methodology and expert opinion, offer the best
and most comprehensive currently available evidence
base to emphasize the reward for making every effort
to perform aggressive surgery in women with
advanced EOC, if at all feasible. Our findings should
inform clinical guidelines and assist the shared
decision-making process between patients, carers,
and clinicians in routine practice on selecting the most
appropriate choice of primary surgical approach for
women with advanced EOC. if at all feasible. This
work represents the best available evidence at this
time.

Our analyses are also easily replicated in different
oncology areas and other diseases. Although various
different options for priors are available with various
statistical approaches, we strongly recommend apply-
ing our methodology. Part B particularly is a very sim-
ple but highly effective and desirable approach and the
use of incorporating the representative views of
experts in their field, results will also be highly rele-
vant, and most importantly, effect estimates should be
reliable. Although it is important to test the robustness
of the conclusions across all the specified sensitivity
analyses, we intentionally used a more complicated
exemplar as in practice most reviewers following the
methods will be able to apply to more routine meta-
analyses. In many cases, this will probably involve just
two arm studies and potentially in just two compari-
son interventions. Previous experience with very
straightforward exemplars then encountering difficul-
ties when applying to real life data can be very demo-
tivating, so we were conscious to ensure our methods
can be repeated in almost all settings. To adopt the
methods in Part B of the elicitation exercise, it merely
requires a reliable survival estimate, for example, 5-
year survival then follow the steps outlined in the
paper. The number of experts required for the elicita-
tion exercise and how many experts would constitute a
representative number and the resources available to
the research team.
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