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Abstract

Background Meta-analysis is a useful method for combining evidence from multiple studies to detect treatment
effects that could perhaps not be identified in a single study. While traditionally meta-analysis has assumed that pop-
ulations of included studies are comparable, over recent years the development of precision medicine has led

to identification of predictive genetic biomarkers which has resulted in trials conducted in mixed biomarker popula-
tions. For example, early trials may be conducted in patients with any biomarker status with no subgroup analysis,
later trials may be conducted in patients with any biomarker status and subgroup analysis, and most recent trials may
be conducted in biomarker-positive patients only. This poses a problem for traditional meta-analysis methods which
rely on the assumption of somewhat comparable populations across studies. In this review, we provide a background
to meta-analysis methods allowing for synthesis of data with mixed biomarker populations across trials.

Methods For the methodological review, PubMed was searched to identify methodological papers on evidence
synthesis for mixed populations. Several identified methods were applied to an illustrative example in metastatic
colorectal cancer.

Results We identified eight methods for evidence synthesis of mixed populations where three methods are applica-
ble to pairwise meta-analysis using aggregate data (AD), three methods are applicable to network meta-analysis using
AD, and two methods are applicable to network meta-analysis using AD and individual participant data (IPD). The
identified methods are described, including a discussion of the benefits and limitations of each method.

Conclusions Methods for synthesis of data from mixed populations are split into methods which use (a) AD, (b) IPD,
and () both AD and IPD. While methods which utilise IPD achieve superior statistical qualities, this is at the expense
of ease of access to the data. Furthermore, it is important to consider the context of the decision problem in order
to select the most appropriate modelling framework.
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Background
Evidence synthesis is a branch of statistical methods
which allows researchers to combine multiple sources
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research question, in the same population and using the
same statistical design.

Meta-analysis assumes that the treatment effects
in each included study are somewhat comparable to
each other, with fixed-effect models assuming under-
lying treatment effects are identical for each study and
random-effects models assuming treatment effects
estimated in each study come from a common normal
distribution. However, over recent years there has been
increasing interest in the field of precision medicine
which identifies subgroups of a population, for example
by genetic biomarkers, to which targeted therapies can
be delivered successfully which in turn can reduce fail-
ure rates in randomised controlled trials (RCTs). This
can reduce the time and cost of the drug development
process. Such biomarkers are known as predictive bio-
markers as treatment effect depends on the biomarker
status of the patient. Predictive biomarkers, such as
genetic biomarkers, are sometimes identified in post-
hoc exploratory analyses of trials.

When predictive biomarkers, such as genetic bio-
markers, are used to identify subsets of a population
which can benefit from treatment targeted on those
biomarkers, they are investigated in clinical trials. Such
trials are often of mixed designs resulting in mixed
patient populations within treatment arms across tri-
als [1]. For example, Cetuximab and Panitumumab were
originally approved (in 2004 and 2006 respectively) to
target the epidermal growth factor receptor (EGFR)
which may be overexpressed in patients with metastatic
colorectal cancer (mCRC) [2]. However in 2009, retro-
spective analysis of trials stratified by KRAS mutation
status found that patients with KRAS mutations (MT)
did not achieve improved survival when treated with
EGFR-targeted therapies compared to being treated
with chemotherapy [3-5]. This resulted in Cetuximab
and Panitumumab no longer being recommended to
mCRC patients with KRAS mutations and subsequent
trials often investigated effectiveness of these therapies
in KRAS wild-type (WT) patients alone [2]. There-
fore, the evidence base developed over the years on the
effectiveness of Cetuximab and Panitumumab has con-
sisted of trials with mixed populations with some tri-
als investigating KRAS WT and MT patients with no
subgroup analysis, some trials investigating KRAS WT
and MT patients with subgroup analysis and some tri-
als only investigating KRAS WT patients [6—8]. Such
development of Cetuximab and Panitumumab has gen-
erated difficulties for synthesis of data in the population
of interest using standard meta-analytic methods. The
aim of this paper is to review and describe novel meta-
analytic methods for synthesis of data on treatment
effectiveness in mixed populations.
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In this paper, we first give a brief background of stand-
ard meta-analysis methods in the Background meth-
ods section. These core methods are then built upon by the
identified methods later in the paper. In Identification of
methodological work, we describe the process of the iden-
tification of previously published methodological work. In
Identified methods, we describe the identified methods
for evidence synthesis of mixed populations which build
on the base methods described in the Background meth-
ods section. In Comparison of methods, we apply a selec-
tion of the methods to an illustrative example in mCRC.
Finally, we provide a discussion of the identified methods
and present our conclusions.

Background methods

The methods identified in our review (and described in
Identification of methodological work) build on a range of
standard meta-analytic methods. This section provides an
overview of these standard meta-analytic methods intro-
ducing common terminology and notation. The back-
ground methods are described in a Bayesian framework
since the majority of the identified methods utilise the
Bayesian approach. However, these methods can equally
be applied in a frequentist framework. This section is
designed to outline key concepts without extensive techni-
cal details, allowing readers unfamiliar with these methods
to gain an understanding of the broader context. For those
requiring a more thorough introduction to meta-analysis,
please refer to Chapter 10 of the Cochrane Handbook for
Systematic Reviews of Interventions [9] and Individual
Participant Data Meta-Analysis: A Handbook for Health-
care Research [10] for a comprehensive introduction to
aggregate and individual-level data meta-analytic methods.
These introductions can be complemented by the texts ref-
erenced throughout this section.

Aggregate data meta-analysis (ADMA)

Fixed-effect and random-effects meta-analysis

Traditionally, pairwise meta-analysis has been applied
to aggregate data (AD) extracted from published trial
reports, using trial-level data to compare two treatments
and estimate the pooled treatment effect. Pairwise AD
meta-analysis (ADMA) can assume either fixed-effect or
random-effects. Assuming we have normally distributed
treatment effects in a fixed-effect model (see Appendix 1
for binomially distributed outcomes) observed treatment
effects (5;) across studies only differ due to random error,
assuming a common underlying “true” effect (5):

8; ~ NG, 0P (1)
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where aiz is the within-study variance in study i which is
assumed known.

However, an assumption of a fixed-effect is often
unrealistic as studies can differ in a variety of ways;
such as being conducted in different locations, or using
heterogeneous populations which can lead to varying
underlying “true" treatment effects between studies [11,
12]. Instead, a random-effects model assumes that the
“true” treatment effect in each study i (§;) can differ
across studies. The “true" treatment effects are then
assumed to come from a common distribution with a

mean, d, and between-study variance 2%
8; ~ N(8;, %) ()
8 ~ N(d, ) 3)

When fixed-effect or random-effects meta-analysis is
conducted in a Bayesian framework, prior distributions
are required on d and 7 [13].

Meta-regression

Random-effects meta-analysis has traditionally been
used when significant heterogeneity is observed
between studies. However it only accounts for, rather
than explains, these differences. Meta-regression was
developed to explicitly model heterogeneity across sub-
groups or a range of covariate values. Meta-regression
is a single integrated analysis with a shared between-
trial heterogeneity parameter and a treatment-covariate
interaction term showing the effect of a covariate on
the treatment effect:

8; ~ N(8;,07) (4)

8i ~ N(a + Bzi, %) (5)

where z; is the trial-level covariate for study i and 8 gives
the interaction between the covariate and treatment
effect. This covariate can represent a subgroup, continu-
ous covariate or baseline risk.

However, there are several disadvantages of using
meta-regression. First, meta-regression can be subject
to ecological, or aggregation, bias whereby the rela-
tionship observed between the covariate and outcome
differs between the individual-level and the aggregate-
level [14]. Second, the results of a meta-regression are
easier to interpret when for a given covariate there
is a wide range of values across studies [15]. Third,
meta-analyses often contain few studies meaning
that it is difficult to obtain robust conclusions from
meta-regression [16].
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Individual participant data meta-analysis (IPDMA)

The methods described thus far utilise AD only. How-
ever, it is generally accepted that the gold standard for
meta-analysis is to conduct an individual participant data
meta-analysis (IPDMA). IPD has the potential to improve
the quality and scope of data included in the meta-analy-
sis, allowing for adjustment of relevant prognostic factors
and standardisation of analysis at the trial-level [17, 18].
There are two main approaches for conducting IPDMA;
the one-stage and the two-stage methods.

One-stage and two-stage approaches
In the two-stage model, the first stage is to analyse the
IPD from each trial separately in order to obtain a treat-
ment effect estimate (§;) and within-study variance (oiz)
of this treatment effect estimate. The model used to ana-
lyse the data in the first stage of the two-stage approach
will vary depending on the outcome. For example a linear
regression could be used to model continuous outcomes
and logistic regression to model binary outcomes. In the
second stage, treatment effect estimates are combined
in the same way as for a conventional ADMA (Egs. (1)
& (2)). The ability to access IPD to conduct analysis for
each trial allows for (a) standardisation of inclusion and
exclusion criteria across studies, (b) standardisation of
outcome definitions and (c) use of uniform statistical
methods for analysis at the trial-level [17, 19].
Alternatively, the one-stage model analyses IPD from
all studies simultaneously using a hierarchical regression
model:

yij ~ N(a; + 8ixyj,07) (6)

8 ~N(d,t?) (7)

where y;; and x; are the observed outcome and treat-
ment arm respectively for participant j in study i, «; is
the expected outcome in study i when all covariate values
are zero (here the only covariate is treatment arm) and §;
is the treatment effect in study i. As a random-effect on
the treatment effect is being used, §; is assumed to come
from a normal distribution with a mean d, representing
the summary treatment effect, and a variance 72, repre-
senting the between-study variance. When conducting a
one-stage IPDMA using a Bayesian approach, prior dis-
tributions on 4 and t are required.

A benefit of the one-stage approach is that it provides a
flexible approach for synthesis of data, allowing common,
random or stratified parameters at the discretion of the
researcher. Furthermore, the one-stage approach models
the exact likelihood at the individual level. This is in con-
trast to the second stage of the two-stage approach which
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assumes that treatment effect estimates are normally
distributed with known variances which can be inappro-
priate for small studies or studies with few events [20].
However, it is important to note that in most cases, pro-
vided the same model specification is used, the same
results will be obtained regardless of whether a one-stage
or a two-stage model is used [21].

IPDMA investigating treatment-covariate interactions
Meta-regression to model heterogeneity between sub-
groups, as described in the Meta-regression section,
assumes that across-trial interactions will accurately
reflect within-trial interaction. However, meta-regres-
sion can suffer from aggregation bias and has low
power to detect genuine treatment-covariate interac-
tions. In contrast, IPDMA is particularly useful when
investigating treatment-covariate interactions as it can
investigate the treatment-covariate interaction at the
individual-level [22—24].

A two-stage IPDMA can estimate treatment-covariate
interactions by first modelling the within-study treat-
ment-covariate interaction, followed by pooling these
effects across studies using either a fixed-effect or ran-
dom-effects model. A one-stage approach can also be
used to estimate treatment-covariate interactions. How-
ever, it should be noted that the one-stage approach is
more complicated than the two-stage approach when
investigating interaction terms. Simply including an
interaction term in the one-stage approach can risk
amalgamating across-trial and within-trial information.
Not fully separating out the across-trial and within-trial
effects can lead to bias and therefore potentially mislead-
ing results about whether there is a treatment-covariate
interaction at the participant-level. To avoid this problem
two methods are recommended by Riley et al. [10]; the
first is to centre the covariate, z;;, around its trial-specific
mean, z; and add an additional term which allows the
covariate means to explain between-trial heterogeneity in
the treatment effect and the second is to stratify by trial
all other parameters outside the interaction term.

Extensions

Network meta-analysis (NMA)

All methods described in this section, whether using
AD or IPD, have compared two treatments in pairwise
meta-analysis. However, decision-makers often want to
compare more than two treatments in order to answer
questions such as “which treatment is most effective
overall". Network meta-analysis (NMA) is an extension of
pairwise meta-analysis which allows the synthesis of data
on more than two interventions [25]. A brief description
of NMA for continuous and binomial data is available in
Appendix 2.
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Combining AD and IPD

While IPLDMA is considered the gold standard, in many
cases researchers are unable to obtain IPD for all stud-
ies [23]. Inability to obtain IPD for all eligible studies
could be a result of an inability to contact study authors,
unwillingness to collaborate by study authors or loss of
IPD. A review of 175 IPDMA articles found that 29% of
articles only obtained IPD for less than 80% of the stud-
ies [23]. The inclusion of fewer studies in the IPDMA will
reduce the power of the analysis and furthermore, if the
inability to access IPD is related to the study results, this
can lead to bias in the results of the IPDMA [17]. To miti-
gate potential issues of low power and bias, methods have
been developed to combine AD and IPD in a single meta-
analysis. A brief summary of these methods are available
in Appendix 3.

Identification of methodological work

We systematically searched through PubMed to identify
methodological papers on evidence synthesis for mixed
populations using the search filters supplied Appendix
4. We restricted the search to main applied statistical
journals with a focus on applications in life sciences and
medicine. These included the following: Biometrics, Bio-
metrical Journal, Biostatistics, Journal of the Royal Statis-
tical Society series A and C, Research Synthesis Methods,
Statistics in Medicine and Statistical Methods in Medical
Research. We also included main methodological jour-
nals, which publish applied work, which are the follow-
ing: Annals of Applied Statistics, Journal of the American
Statistical Association, Journal of the Royal Statistical
Society series B and Statistical Science. Articles were
considered eligible for inclusion if they described statisti-
cal methods for analysing AD or IPD from mixed popula-
tions in a single meta-analysis or network meta-analysis
(NMA).

Identified methods

We identified eight methods for evidence synthesis of
mixed populations (see Fig. 1). Three methods are appli-
cable to pairwise meta-analysis using AD, three meth-
ods are applicable to network meta-analysis using AD
and two methods are applicable to network meta-analy-
sis using AD and IPD. We discuss each of the identified
methods in turn, starting with methods for AD pairwise
meta-analysis, extending to methods for AD NMA and
finally looking at methods for AD and IPD NMA.

Wheaton et al. method

Wheaton et al. [26] describe an ADMA method for uti-
lising data from studies investigating biomarker-positive,
biomarker-negative and biomarker-mixed populations
in order to improve precision of estimation of treatment
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Records Identified via
Database Search (n=148)
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Titles and Abstracts
Screened (n=148)

Records Excluded (n=115):

Irrelevant method (n=>51)

e Discussion of Conduct/Reporting/Reproducibility
(n=25)

e Description of software/web tool/novel plots
(n=14)

e Applied SR/MA (n=11)

o Discussion of Measurement Error/RoB/Publication
Bias (n=9)

e Review of irrelevant methods (n=3)

e Comment on issues in MA (n=2)

Full Text Articles
Assessed for
Eligibility (n=33)

Full Text Articles Excluded (n=26):

o Discussion/review/comparison of methods (n=13)
o Irrelevant method (n=12)

e No access to paper (n=1)

Total Papers
Included (n=7)
Total Methods
Identified (n=8)

Fig. 1 Flowchart of the literature review and paper and methodology selection process

effects on the biomarker subgroup of interest (in the
example this was biomarker-positive patients). Code to
implement this model using the WinBUGS software is
available in the supplementary material of the manuscript
describing the method. In this model, treatment effects
obtained from analysis of biomarker-positive patients
(SH) are analysed using a standard random-effects meta-
analysis model:

84i~ N(84i,02) (8)

8+i ~ N(y4,t3) 9)

where vague prior distributions are placed on y; and 7.
To incorporate treatment effects from analysis of bio-
marker-negative patients (5_,), it is assumed there is a
systematic difference in treatment effects between bio-
marker-positive and biomarker-negative patients:

§_i ~N@_i,0%) (10)

5 i =084+ P (11)

where B; is the systematic difference which is allowed
to vary between studies but is assumed to come from a

common normal distribution with a mean, ug, and vari-
ance, ré:

Bi ~ N (g, T;) (12)

To incorporate treatment effects from analysis of
biomarker-mixed patients (Smix,i); it is assumed that
the treatment effects in biomarker-mixed patients are
equal to the treatment effects in biomarker-positive
patients plus the systematic difference, B;, multiplied
by the proportion of biomarker-negative patients in the
biomarker-mixed study, p;:

Smix,i ~ N (Sminxis Uy%[ix,[) (13)

Smix,i = 8+i +pi,3i (14‘)

The main advantage of this model is that it allows the
treatment effects on biomarker-positive patients con-
cealed within studies investigating biomarker-mixed
populations, which do not report subgroup analysis,
to be interpolated based on the systematic difference
in treatment effects between biomarker-positive and
biomarker-negative subgroups. A simulation study
indicated that this model is able to improve precision
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of estimation of the pooled treatment effect in the
biomarker-positive subgroup. Other benefits of this
model include that it is Bayesian allowing for informa-
tive prior distributions to be included and can be eas-
ily adapted to include other types of data beyond those
which are normally distributed. However, a limitation
of this model is that it does not presently extend to
cases where there is more than one relevant biomarker
of interest. A further limitation of this model is that
when the treatment effect is a non-collapsible measure
(such as log hazard ratios or log odds ratio) as the mean
and variance of the systematic difference increases,
bias is introduced into the estimate of the pooled treat-
ment effect, indicating that this model may not work
well when there are large and variable differences in
treatment effects between subgroups. However, the
simulation study also suggested that this limitation was
ameliorated when treatment effects from mixed popu-
lations were adjusted for biomarker status.

Linear mixed models

Sorensen et al. [27] describe a Linear Mixed Model
(LMM) for estimating treatment effect modification in
ADMA while allowing for missing subgroup information.
Code to implement the “basic" model described in Eq.
(15) using either R or SAS is available in the supplemen-
tary material of the manuscript describing the method.
The “basic" LMM for estimating the within-study inter-
action effect when information is available from all sub-
groups is as follows:

8k = 1 + axxg; + Bi 4 G + €xi, (15)

where  is the treatment effect in the reference subgroup,
ay is the interaction effect compared with the reference
subgroup and xy; is the indicator of subgroup k. B; is a
study-level random effect, Gy; is a subgroup-level random
effect and ¢, is the error term:

B; ~ N(0,72) (16)
G ~ N(0,72) (17)
ek ~ N(0,02) (18)

The authors describe how LMM can be extended to
account for potential effects of ecological bias by includ-
ing an additional term, Bp; where p; is the proportion of
participants in a particular subgroup meaning that g is
the change in treatment effect as a function of the study-
specific subgroup fraction p;. If there is any depend-
ence between treatment effect and the ecological level
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of the subgroup, the inclusion of the g term removes this
dependence from the interaction term o.

Studies which do not report all subgroups can easily
be included in the LMM model. The authors also further
extend the model to allow for a systematic difference in
treatment effects between studies reporting treatment
effects in all subgroups and studies reporting treatment
effects in only a subset of subgroups.

Finally, studies which do not provide any subgroup spe-
cific treatment effects can be included in the LMM. Con-
sider there are studies I°C and I” where I°C is the set of
studies reporting subgroup-specific treatment effects and
I? is the set of studies reporting only pooled treatment
effects. Pooled treatment effects can be included via the
following model:

fori e I5¢
(19)

8k = 1L+ g + Bi + Gy + ey

Si=pn+Y opi+Bi+Y Gupi+e  foriel”

k k

(20)
where €' =% €xppiri € I5G refers to studies which are
in 15 and py, is the proportion of participants in sub-
group k out of the entire population.

As for the method proposed by Wheaton et al., the key
advantages of this model are that the model only requires
AD to be implemented, the ability to include studies with
partially reported subgroups and the ability to include
studies which only provide the pooled treatment effect.
However, the LMM framework also allows for extension
beyond two subgroups.

Extended within-trial framework

Godolphin et al. [28] describe an ADMA or IPDMA
method for extending the within-trial framework
described in the IPLDMA investigating treatment-covari-
ate interactions section and have written the Stata pack-
age metafloat [29] to allow for implementation of their
model in Stata. The within-trial framework for estimating
treatment-covariate interactions has recently become the
gold standard for assessing how treatment effects vary
across participant subgroups. It has been highlighted that
techniques such as meta-regression are subject to aggre-
gation bias and conducting separate subgroup analyses
and subsequently comparing these pooled treatment
effects combines within-trial and across-trial treatment
effects which could mask the true within-trial treatment
effect [14, 24].

To obtain an estimate of the within-trial interaction
alone, it is recommended that the interaction effect
between treatment and the subgroup of interest - here
biomarker status - is calculated for each trial in the meta-
analysis and these interaction terms are meta-analysed.
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However, there are several limitations of this approach.
First, where a treatment-covariate interaction is identi-
fied there is no pooled estimate of the treatment effect
in each of the subgroups of interest. This is required by
policymakers and clinicians for decision-making. Second,
the within-trial framework is unable to incorporate stud-
ies where the interaction cannot be estimated. This could
potentially exclude many useful studies such as older
studies where the subgroup was not measured and newer
studies which were only conducted in a single subgroup.
Third, this model does not extend to scenarios where
there are more than two subgroups.

The Extended Within-Trial Framework described
by Godolphin et al. [28] provides an extension to the
within-trial framework by providing methods to esti-
mate within-trial interactions across two or more sub-
groups and estimate subgroup specific treatment effects
which are compatible with these within-trial interactions.
The extended model allows for the incorporation of tri-
als conducted in a single subgroup as well as those con-
ducted in mixed populations to make maximum use of
the available data.

Suppose there are n studies split into k subgroups. To
simplify the model, assume that there are only two sub-
groups; biomarker-positive and biomarker-negative
patients.

Assuming the full set of subgroup-specific treatment
effects are observed for every trial, the standard multi-
variate meta-analysis model is:

A

pi ~ MVN(B,S; + Xp) (21)

where B; is the vector of subgroup specific treatment
effects in trial i, which is assumed to come from a mul-
tivariate normal distribution where 8 which is a vector
of subgroup-specific treatment effects, S; is the within-
study covariance matrix and Xg is the between-trial het-
erogeneity covariance matrix associated with .

The interaction between treatment and covariate from
trial i can then be represented by the k — 1 treatment
effect contrasts y; with covariance matrix V;:

Yi~MVN(y,Vi+ X)) (22)

These effect vectors are referred to as within-trial inter-
action vectors and are derived from B; and S; via a simple
linear combination which is represented by the contrast
matrix M:

7i = MB; (23a)

Vi = Var($;) = MS;MT (23b)
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Typically covariances between the subgroup-specific
treatment effects at the trial level will not be reported
and can be assumed to be negligible.

In the within-trial framework the contrasts of the
subgroup-specific estimates, 8, should be equal to the
pooled within-trial interactions, 7. Let 6 be the sub-
group-specific treatment effect estimate in the refer-
ence subgroup and thus B is parameterised as 6 plus
the k — 1 estimated contrasts y with respect to that
reference:

A ~ [0 Ao

B=1wb + M =100 + Zy (24a)
MA =7 (24b)
Var(p) = MVar(B)MT, £, = MzgMT (24¢)

Therefore § is described as the floating subgroup-spe-
cific effect estimates.

This model can be specified as a fully common effect
model where the interaction terms and subgroup-
specific treatment effects are common across studies
by setting ¥, = 0 and Xg = 0. However, it is also pos-
sible to employ exchangeable random-effects which
assumes that heterogeneity variances and covariances
do not depend on which subgroups are being compared
or unstructured random-effects which allows a differ-
ent heterogeneity variance to be estimated within each
subgroup.

If any estimates ,éji are unobserved for trial i, then ,3i
and y; contain estimates just for the observed subgroups.
When doing this, the unobserved estimates can be con-
sidered to be very imprecisely estimated, for example by
assigning them to a value of zero for the effect size and a
variance much exceeding the largest observed variance.

Advantages of this model include first, the ability to
simultaneously estimate treatment-covariate interactions
and treatment effects in subgroups without aggregation
bias, second the ability to include studies conducted
in a single subgroup and third the ability to apply the
model to scenarios where there are more than two sub-
groups. However, this model also has limitations. First,
the authors suggest that the method can be applied using
AD alone. However, they acknowledge that in practice,
subgroup-specific treatment effects and interactions are
unlikely to be presented in published reports for all rel-
evant studies in a meta-analysis. Therefore, in practice
this method would likely require IPD. Second, to include
studies including only a single subgroup it is necessary to
assume transitivity across subgroups. If this assumption
is not appropriate it could potentially bias the estimates
of the floating subgroup-specific treatment effects.
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Enriching through weighting

The Enriching Through Weighting approach was initially
presented by Efthimiou et al. [30] for the integration of
randomised and non-randomised evidence in network
meta-analysis and was translated to a setting looking at
integration of studies investigating different subgroups
by Proctor et al. [31]. Proctor et al. do not provide code
to implement this model. In this setting there are stud-
ies which are investigating the biomarker subgroup of
interest, biomarker-positive patients, and studies where
patients are biomarker-mixed. The model is based on the
standard NMA model for binomial data [32], which can
be defined as:

rig ~ Bin(pjt, nit)

N 7 fort=1>
logit(pit) = { Wip + 8y fort #b

8ive ~ N (dps, T%)

(25)

where the indices i and ¢ indicate study and treatment
arm respectively. r;; denotes the number of observed
events and n;; denotes the number of individuals per
study arm. pu;, are the log odds of an event for the base-
line treatment and §;;; is the log odds ratio for treatment
t relative to the baseline treatment b which is assumed
normally distributed with a mean dj,; and between-study
variance 72. It is assumed that there is consistency in the
model such that dy; = d¢c; — dcp, where C is the control
or reference treatment. When conducting NMA using a
Bayesian framework, priors for u;;, dp; and t are required.

To include studies investigating mixed biomarker pop-
ulations, the standard NMA model described in (25) is
adapted to downweight studies investigating biomarker
mixed populations compared to studies investigating
the biomarker subgroup of interest. Downweighting is
achieved by inflating the variance of studies with mixed
populations:

ri¢ ~ Bin(pjt, nir)

T fort =0
logit(pit) = { Wip + Sipe fort #b

'L'2 'L'2
Sipe ~ N<dbt» ) ~ N<dCt —dcp, w)

i i

(26)

where 0 < w; < 1 is used to down-weight studies with
mixed patient populations. Proctor et al. [31] suggest
investigating two different choices for w;:

1. The proportion of biomarker-positive patients per
study, «; is assigned to w; such that studies with a
higher proportion of biomarker-positive patients
contribute more evidence than studies with only a
few biomarker-positive patients and studies includ-
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ing only biomarker-positive patients (x; =1) are
included without down-weighting (w; = 1).

2. The weight of studies with x; < 1 is decreased by
assigning w; a uniform prior distribution which
depends on the assumed trust in the evidence of
mixed population studies evaluated at varying levels
of trust in the mixed populations’ data:

o w; ~ Unif (0,0.3)
o w; ~ Unif (0.3,0.7)
o w; ~ Unif (0.7,1)

The potential key advantage of this approach is that
it does not necessarily require any information about
the biomarker subgroups. For example, to conduct the
Wheaton et al. method, it is necessary to extract infor-
mation on the percentage of biomarker-positive patients
in the study investigating the mixed population. In
Enriching Through Weighting, it is possible to assign a
uniform prior distribution based on the level of “trust”
the researcher has in the data from mixed populations.
However, Proctor et al. [31], in their simulation study,
found that this approach produced biased results in sev-
eral scenarios and, therefore, could not be recommended.
Furthermore, they found that the Enriching Through
Weighting approach achieved the lowest bias and highest
precision when little weight was assigned to studies con-
ducted in mixed populations. Finally, this model does not
presently extend to cases where there is more than one
relevant biomarker of interest.

Informative prior

The Informative Prior approach was originally presented
by Efthimiou et al. [30] and adapted by Proctor et al. [31]
for the synthesis of studies investigating different bio-
marker groups. Proctor et al. do not provide code to
implement this model however, this should be simple to
implement as it only requires a standard MA or NMA
to be conducted, first on the mixed population and then
on the population of interest using informative priors
obtained from the analysis of the mixed population. As
with the Enriching Through Weighting approach, there are
studies investigating the biomarker subgroup of interest,
biomarker-positive patients, and studies where patients
are biomarker-mixed. The Informative Prior approach is
conducted in two stages:

1. A NMA of studies with a mixed patient population
is conducted to calculate a mean relative treatment
effect, dJ", and variance, olf'zixz. This is just a stand-

ard NMA (as in Eq. (25) applied to studies investigat-

ing biomarker-mixed patients only).
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2. The mean treatment effect and variance estimated
from the biomarker-mixed studies is used to define
a prior distribution for the treatment effect in a
meta-analysis synthesising studies investigating
only biomarker-positive patients. To account for
the fact that the populations in stage 1 and stage 2
of the analysis are systematically different, the vari-
ance of the prior distribution can be inflated by a pre-
defined factor w, to ensure that the prior in stage 2
is wider than the posterior from stage 1 if systemati-
cally differing populations are expected. The choice
of 0 <w < 1 depends on the assumed agreement
between evidence from biomarker-positive stud-
ies and biomarker-mixed studies. Proctor et al. [31]
assumed moderate agreement with a distribution of
w ~ Unif (0.3,0.7).

A disadvantage of this model, similar to the Enriching
Through Weighting approach is that the model currently
does not extend to more than one biomarker of inter-
est. Furthermore, it is possible that simply inflating the
variance of the informative prior distribution is insuffi-
cient when incorporating studies from a mixed popula-
tion with studies in a biomarker-positive population as
not only will the variance differ, but the point estimate is
also likely to differ. This method could be further adapted
to include a systematic difference term to account for
potential differences in point estimates between the two
populations.

Network meta-interpolation

Harari et al. [33] identified that while there are several
methods using IPD to adjust for effect modification in
NMA, these methods disregard subgroup information
from aggregated data, thus wasting potentially valuable
information. Therefore, they propose a network meta-
interpolation (NMI) to balance patient populations and
use regression to relate outcomes and effect modifiers.
Harari et al. provide code in R to implement all models
described in their paper.

To conduct NMI it is necessary to have:

1. A connected treatment network

2. Dichotomous effect modifiers reported at least at the
study-level

3. IPD capturing correlations between all effect modi-
fiers or correlations known from the data

4. Treatment effect estimates and standard errors at
study-level and both levels of all effect modifiers for
all AD studies

Consider that there are two effect modifiers X; & Xy
and that no information on the distribution of either
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effect modifier is reported in the subgroup analyses with
respect to the other.

The first step of NMI is to impute missing values for the
two effect modifiers using the best linear unbiased pre-
dictor (BLUP):

X (Xom) = Pz, %,0%,0%, Xi = X) + X1 <m <n<2 (27)

where ,5)-(1'5(2 is the Pearson correlation (known from lit-
erature or estimated using trial IPD), X; & Xy are the
mean proportions for the effect modifiers and 63 & Jg,
are their standard deviations.

The second step of NMI is to estimate the treatment
effect and associated variance at specified values of the
effect modifiers:

(*¥1,%2) = (P(X1 =1),P(X2 = 1)) (28)

The first two steps are applied to every study in the
NMA. The final step is to apply a standard NMA to these
treatment effects and associated variances.

Harari et al. [33] acknowledge that detailed data are
required to utilise the NMI method and provide several
practical solutions for the scenario where subgroup anal-
yses are not reported. If the head-to-head comparison is
not reported in any other study in the network, it can be
assumed that the effect modifiers under consideration do
not modify the relative treatment effect. However, if the
head-to-head comparison is conducted in another study
in the network, and all relevant subgroup analyses have
been conducted, it is possible to borrow information
about how different covariates modify the relative treat-
ment effect while offsetting the treatment effect estimate
according to a study-specific baseline.

An advantage of this approach is that it can be used to
incorporate multiple biomarkers of interest and can be
adapted to include categorical variables by recoding them
into multiple binary variables. There are several disad-
vantages of this approach including the assumption of an
identical correlation structure between effect modifiers
across all studies and the requirement of availability of
data at subgroup level for all studies and effect modifier
levels.

Proctor et al. method

Proctor et al. [34] developed an NMA model to syn-
thesise IPD and AD evidence for targeted therapies on
patient subgroups and for non-targeted therapies on a
mixed patient population with regard to a special bio-
marker status, when there are no separate treatment
effect estimates for biomarker-positive patients available.
Code is provided in the supplementary material of the
manuscript to implement the models described.
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Proctor et al. [34] consider a network with three treat-
ments. These are a control therapy (C), a standard therapy
(S) and an experimental therapy which is only available for
biomarker-positive patients (Ey). The authors consider
that there is IPD available from trials investigating £ vs
C and that AD is available from trials investigating C vs S.
The authors are interested in the treatment effect of the
target therapy (E4) compared to the standard therapy (S)
in biomarker-positive patients based on all direct and indi-
rect evidence.

The first part of the model is to model the IPD. Con-
sider that Yjic and Yjjg, are the binary responses of the jth
participant in treatment arm C and E. respectively in the
i study and they follow a Bernoulli distribution with the
probability of event of pjjc and pjjr, respectively:

Yijc ~ Bernoulli(pjjc) (29)

Yije, ~ Bernoulli(pye, ) (30)

Standard logistic regression is fitted to each participant
j of ith study where /Lng represents the log odds for the
control group C in study i and d;cg, is the log odds ratio
for treatment E related to control C:

logit(pye,) = mie” + Sice, (31)

Sice, ~ N(dce,, (32)

This model is conducted using a Bayesian approach,
thus appropriate prior distributions must be used.

The second part of the model is to model the studies
where only AD are available. Proctor et al. [34] do this
via a meta-regression random-effects model which can
model arm-based responses dependent on the propor-
tion of biomarker-positive patients in each study:

ric ~ Bin(pic, nic)

ris ~ Bin(p;s, n;s)

logit(pic) = Wi

o\ _ AD | s B .
logit(pis) = (i + dics + BisXi
dics ~ N(dcs, 772)

The term ,BgSX,' represents a study-level specific covar-
iate regression term for S relative to C for each study i
where the covariate X; represents the mean percentage of
biomarker-positive patients in study i. Once again prior
distributions are required here.

The final part of the model combines the estimates of
treatment effects for standard treatment (S) and the new
targeted treatment (E4) versus the control treatment (C)
to obtain an indirect effect estimate for S versus E4. To
do this, consistency in the network must be assumed:
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8ie,s ~ N(dg,s,7%) ~ N(dcs — dce+ + BEsXi, )

(34)

This method developed by Proctor et al. [34] has the
ability to estimate treatment effects for a patient subgroup
based on direct and indirect evidence integrating compari-
sons of targeted and non-targeted therapies. The model
utilises meta-regression and the proportion of biomarker-
positive and biomarker-negative patients meaning that no
assumption is required about the treatment effects in bio-
marker subgroups. However, the use of meta-regression
in the AD part of the model introduces limitations to this
approach such as the potential for aggregation bias and
high variance when there are few studies included. Further-
more, at present this model has not been extended to sce-
narios where more than one biomarker group is of interest.

Umemneku-Chikere et al. method

Umemneku-Chikere et al. [35] adapt the method devel-
oped by Proctor et al. [34] to allow for synthesis of AD
and IPD from trials where the outcome is measured as
time-to-event. Umemneku-Chikere et al. provide code to
implement these models in the supplementary material
of the manuscript describing these methods. As in Proc-
tor et al. [34] in the first stage, IPD is modelled. For time-
to-event outcomes Umemneku-Chikere et al. [35] model
time-to-event data assuming a Weibull distribution. The
log hazard (4;;) depends on the biomarker status of the
patient (Xj;) and the treatment they receive (T3):

log (Jij) = t—vei + BiiXij + 8—veien Tij + AjpXij * Tjj

(35)

where p_ye; and 8_,. ;. are the baseline treatment

effect and relative treatment effect (log hazard ratio of

treatment b vs treatment t) respectively, in study i for
biomarker-negative patients. For biomarker-positive

patients, baseline and relative treatment effects are p e ;
and 84, such that the differences in the baseline and
relative treatment effects between biomarker groups are:

Bij = Mtvei — M—ve,i (36)

Ai,tb = 8+ve,i,th - 8—ve,i,tb (37)

Relative treatment effects are assumed exchangeable
within each biomarker subgroup and treatment contrast:

vae,j,tb ~ N(md_ye s, t2) (38)

S1vejith ™ N (mdye,p, tZ) (39)

As is usual in NMA, the mean effects (md_,. s and
md e sp) Within each treatment contrast are assumed to
satisfy the consistency assumption. Umemneku-Chikere
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et al. [35] develop this model in a Bayesian frame-
work and recommend using y; ~ Gamma(l,0.01),
Myvej ~ N(0,100) and i —ve; ~ N(0,100) as vague prior
distributions.

Also as in Proctor et al. [34], the second stage is to
model studies where only AD are available:

8ith ~ N(8igp o)
8ip ~ N(md g, T%)
mdi g = d_yep — A—ver + (Bp — Br) x 2

(40)

where gi,tb and criz is the observed treatment effect and
variance of this treatment effect for each study i. The
observed treatment effect in study i is assumed to come
from a normal distribution with a mean “true” underly-
ing treatment effect (; ;) and within-study variance (O’iz).
The true treatment effects are assumed to follow a com-
mon distribution in each treatment contrast tb where the
basic parameters are d_,.; and d_,.; and correspond
effects of treatments t and b in the biomarker-negative
group, as in the IPD section of the analysis. 8, and f; are
the study-level meta-regression coefficients correspond-
ing to the proportion of biomarker-positive participants
in study i (z;). Therefore, the basic parameters for the bio-
marker-positive subgroup are given by:

d+ve,t = d—ve,t + Bt (4‘1)

d+ve,b = d—ve,b + Bb (4‘2)

The authors conduct this model using a Bayes-
ian approach and wusing the prior distributions
By ~ N(0,100).

The final part of the model combines IPD and AD
through the shared parameters d_,p, d1yep, d—ve; and
dtives. Prior distributions are used:

d_yetp ~ N(0,100)

T ~ Unif (0,2) (43)

This model extends the method described by Proctor
et al. [34] to synthesise time-to-event data. Once again this
model utilises meta-regression and the proportion of bio-
marker-positive and biomarker-negative patients meaning
that no assumption is required about treatment effects in
biomarker subgroups. However, the use of meta-regression
can introduce limitations as previously described. In addi-
tion, as in Proctor et al. [34] this model cannot currently
include more than one biomarker subgroup of interest.

Comparison of methods

Data

We illustrate how to implement several of the identified
methods by revisiting an example of anti-EGFR therapies
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for treatment of metastatic colorectal cancer (mCRC)
which has been previously described in more detail [26].
Over time evidence has emerged to suggest that anti-
EGER therapies are effective in patients with wild-type
(WT) KRAS biomarker status but ineffective in patients
with mutant-type (MT) KRAS biomarker status. Anti-
EGER therapies have been evaluated in trials with differ-
ent designs and varying KRAS biomarker populations.
The data used in this analysis were obtained from 13 RCTs
and studies report hazard ratios (HRs) and corresponding
confidence intervals (CIs) on progression-free survival
(PFS) and overall survival (OS) which were converted into
logHRs and corresponding standard errors for analysis.
The data are represented graphically in Fig. 2.

Methods

Seven methods are applied to the illustrative example in
mCRC. First a standard random-effects meta-analysis is
applied to treatment effects obtained from the biomarker
subgroup of interest alone. This shall henceforth be
referred to as the Stand Alone approach. Second a stand-
ard random-effects meta-analysis is applied to treatment
effects obtained from all treatment effects regardless of
biomarker population. This shall henceforth be referred
to as the Naive approach. Third a Meta-regression is
applied. These three standard methods were chosen to
apply to the illustrative example as they are well-estab-
lished methods which are frequently used and can be
applied to AD in pairwise meta-analysis.

In addition, four of the eight identified methods are
applied to the illustrative example. These are the Whea-
ton et al., Extended Within Trial Framework, Enriching
Through Weighting and Informative Prior approaches.
These approaches were selected as they (a) had available
code to conduct the models, (b) can be applied using AD
only and (c) are methods for or can be adapted for pair-
wise meta-analysis. NMI, Proctor et al. and Umemneku-
Chikere et al. were not included as they are methods for
NMA and required information from IPD which was not
available for the illustrative example. We were unable to
include LMM in the model comparison as there was not
code available to implement the model incorporating
mixed biomarker populations.

Unless otherwise specified, models were fitted using
Stan via the RStan package [36] using 3 chains with
4000 iterations (1000 warmup) per chain and vague
prior distributions for model parameters. Model con-
vergence was assessed via visual inspection of trace,
density and autocorrelation plots generated using the
Shiny application shinystan [37]. The code used to
conduct this analysis is available in the supplementary
material.



Wheaton et al. BMC Medical Research Methodology (2025) 25:86
) 1
< 1
22 !
o8 !

————
o) 1
E 1
N 1
$ :
—e—i!
: :
to !
38 !
—e—i !
© 1
S 1
o 1
g !
Q 1
3 1
E3 '
£R :
—e—i !
5 p——t
T2 1
28 !
= e
2 ey —e—
B !
—e—i
T 1
S —e—
= |
8] ;
£ \
i) 1
Sg i
3] e
'
= |
g |
3% —e—
5 H
o 1
£ 1
23 1
32 —e—
1
= :
8
[ ;
a8 et
5 :
$o ¢
= et

0’5 1 20
HR PFS (95% Confidence Interval)

Page 12 of 21

2 '
z 1
Po 1
=
&R !
'—.—' 1
) 1
5 1
N 1
= |
= —e—i
5 1
0 1
|
& )
—a—1
‘E 1
o 1
& 1
=
@ |
]
g 1
) 1
E3 !
£] !
1
5 —o—
32 !
o
& )
= !
o
2 5. —a—]
o3 1
n 0o 1
& i
—e—H
° 1
= —a—
3t :
af )
= i
3 1
=) 1
Qo 1
co
S |-o-|I
1
1
< 1
o~ 1
£=
(G —e—i
o) 1
o 1
o
E 1
-
1
° |
)
s .
88 e
1
- 1
3 1
32 !
2 —_———

' | '
5 1 2.0

0 0
HR OS (95% Confidence Interval)

Biomarker Status —+— Mixed + MT + WT

Fig. 2 Observed hazard ratios and 95% confidence intervals on progression-free survival and overall survival

Stand alone

In the Stand Alone analysis, a standard Bayesian random-
effects meta-analysis is applied to treatment effects on
PES and OS reported in KRAS WT populations only.

Naive

In the Naive analysis, a standard Bayesian random-effects
meta-analysis is applied to treatment effects on PFS and
OS reported in KRAS WT, MT and mixed populations.

Meta-regression

In the Meta-regression analysis, the method is applied
in two ways. Ideally in a meta-regression the pooled
treatment effect and proportion of biomarker-positive
patients will be available for every study. However, in this
dataset some studies do not report the pooled effect and
only report subgroup effects separately for KRAS WT
and KRAS MT patients. Therefore, there are two options
for how to conduct the meta-analysis:
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+ Include only KRAS WT subgroup for studies report-
ing subgroup effects

+ Include both KRAS WT and KRAS MT subgroups
for studies reporting subgroup effects

Where a study reported the proportion of MT patients
for a subset of the biomarker-mixed population, this pro-
portion was directly used in the meta-regression. Where
a study did not report KRAS status for any patients, the
proportion is assumed to be 0.42 (the mean of the beta
distribution used in Wheaton et al. analysis).

Wheaton et al.

In the Wheaton et al. analysis, the method is applied to
treatment effects on PFS and OS reported in KRAS WT,
MT and Mixed populations. Where a study reported the
proportion of MT patients for a subset of the biomarker-
mixed population (Van Cutsem 2009, Guren 2017, Boke-
meyer 2009), informative beta prior distributions for
the proportions were constructed using the method of
moments approach. Where a study did not report KRAS
status for any patients (Sobrero 2008 and Modest 2019)
beta prior distributions were constructed using infor-
mation on the prevalence of KRAS mutations in mCRC
patients obtained from the literature suggesting that
frequency of mutations is between 30% and 54% [38].
Details of how the prior distributions were constructed is
available in Appendix 5.

Extended within-trial framework

In the Extended Within-Trial Framework analysis, the
method is applied to treatment effects on PFS and OS
reported in KRAS WT and MT populations. It should be
noted that this model cannot include information from
studies conducted in mixed populations without sub-
group analysis. Therefore, the five mixed studies are not
included in this analysis. The model is fitted using the
metafloat [29] package in Stata assuming unstructured
random-effects to allow for a different heterogeneity vari-
ance to be estimated within each subgroup.

Enriching through weighting

In the Enriching Through Weighting analysis, the method
is applied to treatment effects on PFS and OS reported
in KRAS WT and Mixed populations. There are vari-
ous choices for downweighting the treatment effects
obtained from the biomarker mixed populations. Follow-
ing the suggestions by Proctor et al. [31] the model is fit-
ted using the proportion of KRAS WT patients in each
study. As for Meta-regression, where a study reported
the proportion of KRAS WT patients for a subset of the
biomarker-mixed population, this proportion was used
in the analysis. Where a study did not report KRAS W'T
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status for any patients, the proportion was assumed to be
0.58. However, unlike in Proctor et al. [31] uniform prior
distributions are not used as uniform priors are not rec-
ommended to use within Stan as it hinders model con-
vergence. Therefore, normal distributions (truncated at
lower value of zero and upper value of 1) were used:

« w; ~ N(0.15,0.075%)
« w; ~ N(0.5,0.10%)
« w; ~ N(0.85,0.075%)

Informative prior

In the Informative Prior analysis, the method is applied to
treatment effects on PFS and OS reported in KRAS WT
and Mixed populations. Proctor et al. [31] suggest that
downweighting can be applied to the informative prior
based on the level of “trust” in the data. However, in this
example the informative prior obtained from the analy-
sis of mixed biomarker data is used without inflating the
variance to downweight this information.

Results

Figure 3 shows the results of the application of the mod-
els to the PFS and OS data of the illustrative example. It
can be observed that all models estimated a treatment
benefit for anti-EGFR therapies compared to chemo-
therapy. With the exception of the Naive approach,
the pooled treatment effect estimates were reasonably
consistent, being estimated within a range of 0.021 and
0.048 for PFS and OS respectively. Furthermore, with
the exception of the Naive approach, the pooled treat-
ment effect estimates from each of the methods were
reasonably close to the pooled treatment effect estimate
obtained from the Stand Alone model. For the PFS out-
come, the largest deviation of the mean effect point esti-
mate from the mean effect estimated by the Stand Alone
model was 0.013 from the Enriching Through Weighting
model with N(0.85, 0.075) prior. For the OS outcome, the
largest deviation of the mean effect point estimate from
the mean effect estimated by the Stand Alone model
was 0.025 from the Meta-regression model using both
subgroups. With the exception of Meta-regression and
Informative Prior methods, all methods estimated nar-
rower 95% Crl (or CI) intervals compared to the 95% Crl
estimated from the Stand Alone method. Excluding the
Naive analysis, the Extended Within Trial Framework
and Enriching Through Weighting approaches resulted in
the largest improvements in uncertainty for PFS and OS
respectively compared to the Stand Alone model. Infor-
mation on the percentage change in Crl width is available
for all models in Table 4 in Appendix 6.
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Fig. 3 Comparison of estimated pooled treatment effect (logHRs) in KRAS WT biomarker subgroup for PFS (a) and OS (b) across methods

Discussion

The development of precision medicine means that
increasingly, treatments are developed and evaluated in
trials of mixed designs and with mixed populations. For
example, treatments might initially be developed and
evaluated in biomarker-mixed populations resulting in
trials on the mixed population with no subgroup analy-
sis. However, biomarkers are then subsequently evalu-
ated in exploratory subgroup analyses resulting in trials
on mixed populations reporting subgroup analysis. If

biomarker status is found to be predictive of treatment
effect such that only biomarker-positive patients benefit
from treatment, later trials are likely to be conducted in
biomarker-positive populations only. This heterogeneity
in trial design may pose a difficulty when conducting evi-
dence synthesis using standard meta-analytic tools. We
sought to identify efficient methods that allow synthesis
of data from mixed populations and provided descrip-
tions of these methods.
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We identified eight methods for combining data from
mixed populations in a single evidence synthesis. Three
of these methods (Wheaton et al., LMM and Extended
Within Trial Framework) proposed using AD to com-
bine studies with mixed populations in a single pairwise
meta-analysis. However, it is unlikely that subgroup
treatment effects and treatment-covariate interactions
will be available from published papers for every study in
the meta-analysis and thus in practical terms it is likely
that IPD will be required to utilise the Extended Within
Trial Framework. Three of the eight identified methods
(Enriching Through Weighting, Informative Prior and
NMI) described techniques for NMA using only AD.
However, Enriching Through Weighting and Informa-
tive Prior approaches described in the context of mixed
biomarker populations by Proctor et al. [31] could eas-
ily be adapted and applied in the pairwise meta-analysis
setting. Furthermore, while Harari et al. [33] propose
that NMI can be implemented in the absence of IPD by
using an external estimate of the correlation between
effect modifiers needed to populate their model, it would
be preferable to obtain IPD from at least one study in
the meta-analysis to allow correlation to be estimated
directly. The final two identified methods (Proctor et al.
for binary data and Umemneku-Chikere et al. method for
time-to-event data) are applicable for NMA using both
AD and IPD.

When assessing these methods various advantages and
limitations were identified. Generally, methods which
are conducted using AD alone are more straightforward
to implement as AD are more likely to be accessible
through trial reports. However, by using only AD these
methods make assumptions which are not necessar-
ily reasonable and can lead to poor performance of the
methods. For example, Wheaton et al. assumes a linear
relationship between treatment effects in the biomarker-
positive subgroup, the proportion of biomarker-positive
patients in the study and the treatment effects in the
biomarker-mixed population when it is known that this
relationship does not exactly hold for non-collapsible
measures of treatment effect. Furthermore, Proctor et al.
and Umemneku-Chikere et al. utilise meta-regression to
include AD which has low power to detect treatment-
covariate interactions and can be subject to aggregation
bias. Methods which are not subject to these issues such
as the Extended Within Trial Framework are preferable
for their statistical qualities. However, such methods are
practically more difficult to implement as gaining access
to IPD for all relevant studies is often time consuming
and frequently not possible. As is true in general in the
field of meta-analysis, for these methods there is a trade-
off between using AD for speed and convenience and IPD
for the highest quality analysis.
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Each of the methods papers identified were input to
SpiderCite on the The Evidence Review Accelerator web-
site to identify any papers which cited the methodology
papers [39]. The only method cited in an applied paper
was the Extended Within Trial Framework which was
utilised in a systematic review and meta-analysis of IPD
from RCTs investigating which patients with metastatic
hormone-sensitive prostate cancer benefit from doc-
etaxel [40]. While no other approaches were identified
via SpiderCite, the Stand Alone and Naive approaches
are often used in the literature. For example, Umemneku-
Chikere et al. [41] conducted a NMA to investigate the
effectiveness of therapies in HER2-positive advanced
breast cancer in hormone receptor subgroups. This paper
utilised both the Naive approach, by pooling all data in
NMA, and the Stand Alone approach, by investigating
hormone receptors in a subgroup analysis. The authors
comment that subgroup analysis estimates were highly
uncertain due to the limited reporting of subgroup analy-
ses in RCTs. Novel methods discussed in this review will
hopefully facilitate improved conclusions in future stud-
ies on synthesis of evidence in subgroups of populations.
There is a need for more dissemination of complex meth-
ods such as those described in this review to increase
application of these methods to real world problems.

When investigating these methods it is interesting
to observe how the problem is framed. In three of the
identified methods (Wheaton et al., Enriching Through
Weighting and Informative Prior) the problem is framed
as if only one biomarker subgroup was of interest. How-
ever, other methods, such as Extended Within Trial
Framework, imply that it is not only important to utilise
all relevant information to estimate treatment effects
in both subgroups but that it is also crucial to estimate
the treatment-biomarker interaction. Which of these
methods is most appropriate will depend on the deci-
sion-making problem. For example, consider that over
the development process for a new treatment it became
clear that the treatment is only effective in patients in
the biomarker-positive subgroup leading to the treat-
ment subsequently being evaluated in enrichment trials
(in biomarker-positive patients alone). Consequently,
there would be trials conducted in biomarker-mixed
populations with and without subgroup analysis and tri-
als conducted in biomarker-positive patients only. When
the treatment is assessed by a health technology assess-
ment (HTA) agency, decision-making will be based on
the treatment being given to biomarker-positive patients
only. In this context, only clinical and cost-effectiveness
estimates for the biomarker-positive subgroup are rel-
evant. Therefore, in this scenario the Wheaton et al.,
Enriching Through Weighting and the Informative Prior
approach are potentially more beneficial. However, if
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during drug development there is reason to believe that a
treatment is more beneficial in one biomarker subgroup,
exploratory analysis should be conducted to determine if
there is an interaction between treatment and biomarker
status and determine treatment effects in the biomarker
subgroups. In this scenario looking at a single subgroup
is insufficient as while the treatment effect may be more
beneficial in one biomarker-subgroup, this does not
necessarily mean that there is no treatment effect in the
other biomarker-subgroup. Therefore, in this case the
Extended Within Trial Framework is a more beneficial
approach.

Finally, there are several limitations of this review
of methods. First, the search was restricted to records
identified from the PubMed database and thus
restricted to methods available in the field of life sci-
ences and medicine. However, it is possible that rel-
evant methods might be available outside these fields
and thus restriction to the PubMed database will result
in potentially relevant methods having been over-
looked. Future research should consider the expansion
of this review to additional databases outside the life
sciences and medicine field. Second, several papers
have been published since the publication search took
place including an article by Evrenoglou et al. [42]
regarding sharing information across patient sub-
groups to draw conclusions from sparse treatment
networks. Therefore, future research should consider
regularly updating this review in order to remain
on top of developments in the field. Third, we have
applied several of the methods to an illustrative exam-
ple in mCRC, however, the application was limited to
Stand Alone, Naive, Meta-regression, Wheaton et al.,
Extended Within Trial Framework, Enriching Through
Weighting and Informative Prior approaches. The
remaining identified methods could not be applied as;
(a) there was no code available to conduct the models,
(b) the models required IPD or (c) the methods could
not be adapted for pairwise meta-analysis. Future
research could identify a NMA with IPD available for
all trials such that all methods can be applied and com-
pared. Furthermore, to not only apply these methods
but evaluate their properties, a simulation study could
be conducted.

Conclusions

In conclusion, this paper has provided a background
description of methods for meta-analysis and identi-
fied various methods which have been proposed to
synthesise evidence from mixed populations. We have
described the main assumptions, advantages and limi-
tations associated with each method. As in the meta-
analysis literature generally, methods to synthesise

Page 16 of 21

mixed populations can be split into methods using AD,
methods using IPD and methods utilising both AD
and IPD with methods utilising IPD achieving supe-
rior statistical properties at the expense of increased
difficulty in accessing all relevant data. However, the
methods can also be considered based on the context
of the decision problem they are addressing with some
methods focusing on estimating the treatment effect in
only the subgroup of interest and some methods focus-
ing on the estimation of treatment effects in both sub-
groups. Therefore, when synthesising data from trials
with mixed populations it is important to consider con-
text in order to select the most appropriate modelling
framework.

Appendix 1: meta-analysis - binomially distributed
outcomes

Fixed-effect

For binomially distributed outcomes, a fixed-effect meta-
analysis for normally distributed outcomes can be uti-
lised using data such as log odds ratios (logOR). However,
the assumption of normality can be avoided by using the
exact binomial distribution to model the data:

rai ~ Bin(pai, nai)
rgi ~ Bin(ppi, ng;)

logit(pai) = 1
logit(ppgi) = i + 6

(44)

where n4; and np; are the number of participants and p4;
and pp; are the probabilities of event in arms A and B of
each study i. u; is the baseline treatment effect in arm
A of the study and § is the fixed treatment effect. When
conducting a fixed-effect meta-analysis for binomially
distributed outcomes in a Bayesian framework, prior dis-
tributions are required for x; and §

Random-effects

Similarly, random-effects meta-analysis can be con-
ducted for binomially distributed outcomes by including
a random-effect on the treatment effect:

rai ~ Bin(pai, nai)

rgi ~ Bin(ppi, npi)
logit(pai) = 1
logit(pp:) = i +

8 ~N(d,t?)

When random-effects meta-analysis for binomially dis-

tributed outcomes is conducted in a Bayesian framework,
prior distributions are required on w;, d and T parameters.
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Appendix 2: network meta-analysis (NMA)
Decision-makers often want to compare more than two
treatments in order to answer questions such as “which
treatment is most effective overall". Network meta-
analysis (NMA) is an extension of pairwise meta-analy-
sis which allows the synthesis of data on more than two
interventions.

Random-effects

Normally distributed data

For data which can be assumed normally distributed a
random-effects NMA is defined as:

Yirk ~ N (Sipkr 07)

(46)
Sivk ~ N (dpicr )

where Yj,; indicates the observed treatment effect
of treatment k versus treatment b in study i which is
assumed to be normally distributed and estimates the
underlying true treatment effects §;,;. The true treatment
effects follow a normal distribution with a mean which is
represented in terms of indirect effects:

dpi = dck — dcp (47)

where dcy (dcp) are treatment effects in each arm & (b)
relative to the reference treatment C.

When conducting NMA for normally distributed
data using a Bayesian framework, priors for d¢y and 7
are required.

Binomially distributed data
Based on notation from Dias et al. [32], a random-
effects NMA for a binary outcome is defined as:

Vik ™~ Bl’n(pik: nlk)
T fork =5
logit(pix) = { Wip + Sipi fork £ b

Sivk ~ N (dpi, T%)

(48)

where the indices i and k indicate study and treatment
arm respectively. r; denotes the number of observed
events and n;; denotes the number of individuals per
study arm. p;, are the log odds of an event for the base-
line treatment and §;, is the log odds ratio for treatment
k relative to the baseline treatment b which is assumed
normally distributed with a mean dp; and between-study
variance 2. It is assumed that there is consistency in the
model such that dpy = dci — dcy.

When conducting NMA using a Bayesian framework,
priors for w;;, dpr and t are required.
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Network meta-regression (NMR)

Just as pairwise meta-analysis can be extended to meta-
regression, NMA can be extended to network meta-regres-
sion (NMR) to investigate heterogeneity between treatment
effects [43]. The linear predictor described in the set of Egs.
(48) can be extended to include a study-level covariate z;:

logit (pix) = i + Sipk + Bzi) ke (49)

where B denotes the interaction between covariate (z;)
and the study-level treatment effects (8;5¢). While the
model in Eq. (49) assumes that the interaction effect
is the same for all treatment contrasts, it is possible to
further adapt the NMR model to assume that the inter-
action effects are independent (by stratifying the interac-
tion term by the number of treatment comparisons) or
that the interaction effects are not the same but follow a
common distribution (by placing a random effect on the
interaction).

Appendix 3: combining AD and IPD

Two-stage approach

Assume that there are Njpp trials which provide IPD and
Nyp trials providing only AD in the form of a treatment
effect estimate and its variance such that the total num-
ber of trials in the meta-analysis is N = Nypp + Nap. The
two-stage approach, as described in the One-stage and
two-stage approaches section, can be easily adapted to
incorporate studies which report only AD. In the first stage,
a model would be fitted to the IPD from each trial sepa-
rately to obtain estimates of the treatment effect and its
variance and in the second stage, a fixed or random-effects
meta-analysis would be applied to the treatment effect esti-
mates and corresponding variances, obtained from IPD
and AD trials, to estimate the pooled treatment effect and
between-study variance.

One-stage approach

The one-stage approach described in the One-stage and
two-stage approaches section has also been extended by
Riley et al. [44] to allow inclusion of studies providing IPD
(Nipp) and studies providing only AD (Ny4p):

¥ = Dioi + 8ixij + € (50)
8i ~N(d, % (51)
e; ~ N, V) (52)

where D; is a dummy variable to differentiate between
studies providing IPD (D; = 1) and studies providing
AD (D; = 0). For each trial providing IPD, y;’} = y; and
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Vi = aiz as in the one-stage model described in Egs. (6)
& (7). For each trial providing AD, it is assumed that
there is oply one response such that X;; =1, 5} = 3,‘ and
Vi = V(§;). This ensures that only studies providing IPD
can contribute to estimation of trial-level baselines («;)
and residual variances (oiz) but allows IPD and AD trials
to estimate the pooled treatment effect (d) and between-
study variance (t2).

Appendix 4: search filters
(“Biostatistics”[Journal] OR

“Biometrics”[Journal] OR

“Biometrical journal.
Zeitschrift”[Journal] OR

“BMC medical research methodology”[Journal] OR

“Journal of clinical epidemiology”[Journal] OR

“Journal of the Royal Statistical Society. Series A, (Sta-
tistics in Society)”[Journal] OR

“Journal of the Royal Statistical Society. Series B, Statis-
tical methodology”[Journal] OR

“Journal of the Royal Statistical Society. Series C,
Applied statistics”[Journal] OR

“Research synthesis methods”[Journal] OR

“Statistics in medicine”[Journal] OR

“Statistical methods in medical research”[Journal] OR

“The annals of applied statistics”[Journal] OR

“Journal of the American Statistical Association”[Journal]
OR

“Statistical science: a review journal of the Institute of
Mathematical Statistics”[Journal]) AND

(biomarker*[ Title/Abstract] OR

subgroup*[Title/Abstract]) AND

(meta-analysis|[ Title/ Abstract] OR

“evidence synthesis”[Title/Abstract] OR

“synthesis”[Title/ Abstract])

Biometrische

Appendix 5: beta priors for proportions
Van Cutsem 2009

Table 1 Number of patients in control and treatment arms in Van
Cutsem 2009 for WT, MT and Mixed Analysis

No. Control No. Treatment Total
Patients Patients
WT 350 316 666
MT 183 214 397
WT + MT 533 530 1063
Mixed 599 599 1198
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This paper reports KRAS status for 89% of the biomarker-
mixed population. Where KRAS status is reported the
proportion of MT patients = % = 0.373.

Using variance formula:

Var(p) = P(ln— p)

Assuming p = 0.373 and n = 1063:

0.373(1 — 0.373
Varp) = =063

= 0.00022

Assuming a mean of 0.373 and a variance of 0.00022
a beta distribution can be constructed using method of
moments calculation where:

o
mean = m =

a+p

m(1l —m)

var = ———

a+pB+1

After method of moments calculation, this gives a beta
prior distribution of:

p ~ Beta(396, 666)

Guren 2017

Table 2 Number of patients in control and treatment arms in
Guren 2017 for WT, MT and Mixed analysis

No. No. Total
Control Treatment
Patients  Patients
WT 97 97 194
MT 58 72 130
WT + MT 155 169 324
Overall 185 194 379

This paper reports KRAS status for 86% of the biomarker-
mixed population. Where KRAS status is reported the
proportion MT patients = 0.401.

_ 139 _ 401
P=300 ="
0.401(1 — 0.401)

Var(p) = = 0.000741

324

After method of moments calculation, this gives a beta
prior distribution of:

p ~ Beta(129.6,193.6)
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Bokemeyer 2009

Table 3 Number of patients in control and treatment arms in
Bokemeyer 2009 for WT, MT and Mixed analysis

No. No. Total
Control Treatment
Patients  Patients
WT 97 82 179
MT 59 77 136
WT + MT 156 159 315
Overall 168 169 337

This paper reports KRAS status for 94% of biomarker-
mixed population. Where KRAS status is reported the
proportion of MT patients = 0.431.

_ 136 _ 431
P=3557"
_0431(1 — 0.431)

Var(p) = = 0.000779

315
After method of moments calculation, this gives a beta
prior distribution of:

p ~ Beta(135.25,178.56)

Sobrero 2008 and Modest 2019

These papers do not report the proportion of KRAS
MT patients for any percentage of the population.
Therefore, we define an informative beta prior distri-
bution based on the prevalence of KRAS mutations in
colorectal cancer.

In a study of 1018 cases of metastatic colorectal can-
cer, Neumann et al found KRAS mutations in 39.3%
of patients which supported previous research report-
ing KRAS mutations in 30-54% of metastatic colorectal
tumours.

We assume the prevalence of MT patients is normally
distributed such that:

Range = mean £ 2 x SD

Therefore, we assume the mean prevalence is 0.42 and
the standard deviation is 0.06. We then used method of
moments to obtain the following beta distribution:

p ~ Beta(28,38.67)

This beta prior distribution is used for mixed studies
when the proportion of MT KRAS patients is unknown.
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Appendix 6: change in uncertainty

Table 4 Percentage change in Crl width of estimated pooled
treatment effect compared to Stand Alone method

Percentage Change

Crl Width

PFS 0s
Meta-regression 14 22
Meta-regression (both subgroups) 0 -5
Wheaton et al -23 -46
Extended Within Trial Framework -35 -34
Enriching - proportions -33 -48
Enriching - N(0.15, 0.075) -25 -35
Enriching - N(0.5, 0.1) -34 -48
Enriching - N(0.85, 0.075) -32 -51
Informative Prior 2 -18
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