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1 Executive summary
This report presents best practices and recommendations for the area of evidence synthesis, in
particular (network) meta-analysis (NMA) including aggregate and individual patient-level
data (IPD) from randomized and non-randomized studies (NRS), modelling to predict
effectiveness from efficacy data, and software.
Through a series of literature reviews, we summarize state-of-the art methods in
•

NMA,

•

IPD meta-analysis,

•

mathematical modelling to predict drug effectiveness based on randomized controlled
trials (RCT) data,

and related software, and we discuss their advantages and limitations.
In three case studies, covering the disease areas of schizophrenia, depression and rheumatoid
arthritis, we explore methods for NMA including IPD from NRS, NMA including IPD from
RCT, and modelling to predict drug effectiveness, respectively. Based on these case studies,
we develop recommendations on how to best conduct such analyses.
We provide recommendations when to include NRS into a NMA, when to include IPD into a
NMA, and how to prioritize IPD retrieval. Furthermore, we stress the importance of seeking
clinical expert advice and of model validation when building and running a model to predict
drug effectiveness.
Although we could cover a broad range of evidence synthesis and prediction modelling
methods with our case studies, further case study work and simulation studies are needed to
evaluate the benefits and limitations of the proposed methods and to provide clear
recommendations.

2 Introduction
The overall aim of GetReal is to evaluate whether robust new methods of real-world evidence
(RWE) collection and synthesis could be adopted earlier in pharmaceutical research and
development and the healthcare decision making process. As part of GetReal, Work Package
4 (WP4) aims to promote best practice in evidence synthesis and modelling to predict realworld effectiveness to generate robust quality estimates of relative effectiveness of
pharmaceuticals. Key methodological issues have been addressed focusing on statistical
methods to combine randomized and/or non-randomized aggregate and/or individual
participant data (IPD) that are typically available at the launch of a new drug intervention.
The research conducted by WP4 has been organised around case studies, based on medicines
that are already marketed by the pharmaceutical companies participating in GetReal. These
case studies have been used to explore different types of data sources for indications across
different disease areas. They include a wide range of patient populations and settings from
different EU countries. Best practices and recommendations were developed using extensive
systematic literature reviews of the methods and the feedback and experiences gained from
the case studies. Throughout the project a series of workshops were held with a variety of
stakeholders such as industry, academics, HTA agencies, regulators, patients etc. from within
and outside of GetReal to solicit input and feedback.
5

This report is organized as follows: in Section 3, we summarized our methods and software
reviews highlighting best-practice in these fields of research. The case studies are presented
and discussed in Section 4. The software platform and tools developed are described in
Section 5. In Section 6, we provide recommendations of best practices in evidence synthesis
and modelling to predict real-world effectiveness, and in Section 7, we present our
conclusions.

3 Review of methods and software
We conducted three literature reviews to summarize state-of-the-art methods in evidence
synthesis (network meta-analysis and individual-patient data meta-analysis) and modelling to
predict real-world effectiveness. Details are provided in the WP4 report of 2014
(https://www.imi-getreal.eu/LinkClick.aspx?fileticket=EXWtfp- m5Lg%3d&portalid=1).
These reviews have been published, together with an editorial, in Research Synthesis Methods
(Thomas P. A. Debray et al., 2015; Efthimiou et al., 2016a; Egger et al., 2016; Panayidou et
al., 2016). In an additional review, we evaluated existing software for evidence synthesis and
modelling to predict real-world effectiveness. The reviews are summarized in the following
sections (3.1-3.4).

3.1 GetReal in network meta-analysis: a review of the methodology
3.1.1 Summary
We have conducted a systematic review of the literature on methods for network metaanalysis (NMA). We have summarized the state-of-the-art in the field, discussing the key
assumptions of the statistical models and provided guidance for researchers interested in
applying network meta-analytical techniques.

3.1.2 Key points

1

•

NMA is increasingly being used for meta-analyzing evidence from studies that
compare multiple competing interventions for a specific disease.

•

Methodology of NMA rests on assumptions that are sometimes poorly understood and
inadequately assessed. Moreover, during the last few years many articles have
appeared in the literature, presenting new, alternative approaches to deal with issues
related to NMA. Hence an updated review of the methodology was deemed necessary.

•

We searched the literature for published articles that focused on the methodology of
NMA.

•

The identified articles were organized according to their context and were included in
a publicly available, online database 1 .

•

All methods that were identified by our literature search were presented in a
comprehensive review of the methodology (Efthimiou et al., 2016a).

https://www.zotero.org/groups/wp4_-_network_meta-analysis/items.
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3.1.3 Introduction
Standard methods of (pairwise) meta-analysis are limited to the
case of two competing treatments. In real life clinical practice,
however, there are usually many alternative interventions to
choose from for the same disease, while the available
evidence includes studies comparing different sets of
treatments, thus forming a network of evidence. In
such complicated cases of data availability pairwise
meta-analyses cannot give a definite answer as to
which treatment works best for the target condition. This
is depicted in the first figure, where an example of a
network of six treatments (denoted as A, B, C, D, E and F)
is shown. Note that in this example, for some of the treatment
comparisons (CD, CE, EF and AB, denoted with dashed lines
in the graph) there is no direct evidence i.e. there are no RCTs
comparing the corresponding treatment head-to-head. In this example, employing a series of
standard, pairwise meta-analyses could not adequately answer the research question, i.e.
which is the best of the available treatments, and how each treatment compares to all other
treatments in the network.
Box 1 Key assumptions of NMA

•

Transitivity implies that information for the comparison between treatments B and
C can be obtained via another treatment A, using the comparisons A versus B and
A versus C

•

The common comparator treatment C must be similar in the AC and in the BC
studies in terms of dose, modes of administration, duration etc.

•

Researchers can assess the transitivity assumption by checking the distribution of
effect modifiers across comparisons

•

Missing treatments in each trial need to be “missing at random”, or, equivalently,
the choice of treatment comparisons in trials should not be associated either
directly or indirectly with the relative effectiveness of the interventions

•

NMA assumes that the treatments in the network are “jointly randomizable”, i.e.
each patient could be in principle randomized to receive any of the treatments in
the network.

•

The statistical manifestation of transitivity is called inconsistency. Inconsistency
refers to the statistical disagreement between the observed direct and (possibly
many) indirect sources of evidence. Inconsistency may indicate violations of the
transitivity assumption in the network.

Let us consider another real example, which regards a network of antipsychotic drugs for
schizophrenia (Leucht et al., 2013), depicted in the second figure. Fifteen drugs and placebo
have been compared in 168 RCTs, but some pairwise comparisons have not been performed
(e.g. clozapine vs. amisulpride; ziprasidone vs. asenapine; etc.).
7

Network meta-analytical methods can be employed
in such circumstances, to jointly synthesize the
totality of evidence and to provide a ranking of all
available treatments. NMA offers several
advantages:
•

Increased precision and power: NMAs can
have greater precision and power compared
with a series of pairwise meta-analyses.
This is achieved by synthesising both direct
and indirect evidence on treatment
comparisons in a single analysis.

•

Allows indirect comparison: NMA can be
used to compare interventions that have not
been compared directly in head-to-head
trials.

•

Ranks treatments: a ranking of all competing treatments can be provided by NMA.

•

Reduces controversy: NMA can address controversies between individual studies.

•

Avoids selective use of data: by including all of the available evidence, NMA can
help to avoid the selective use of data in decision-making.

•

Combines all of the evidence: all of the available evidence is synthesised together in a
joint analysis.NMA can be especially useful in cases when active treatments are only
compared to placebo, standard care or less efficient alternatives, but not to each other

NMA is becoming increasingly popular, and there is an almost exponential growth in the
number of published applications during the last years (Nikolakopoulou et al., 2014a).
Despite its advantages, however, implementation of NMA may be hindered due to several
reasons. The method rests on the assumption of transitivity (see also Box 1 for key
assumptions of NMA), which implies that information for the comparison between treatment
A and B can be obtained via another treatment C. This assumption can be hard to justify and
is sometimes considered to be an important limitation of the method. Moreover, there has
been an abundance of published articles presenting alternative approaches to deal with issues
related to NMA, rendering past reviews of the methodology obsolete. Thus, we performed an
updated review of the methods, to ensure that interested researchers use state-of-the-art
methods for practical applications and also when conducting further methodological research.

3.1.4 Methodology and findings
We searched for articles that contributed to the methodology of NMA by introducing new
methods and models, articles that provided recommendations or gave guidance on how to
perform an NMA as well as articles that reviewed the existing methodology. We based our
search on a previous review of the literature in NMA performed by the ‘Comparing Multiple
Interventions Methods Group’ of the Cochrane Collaboration as well as the citations of a key
paper(Sarah Donegan et al., 2012). In addition, we searched the MEDLINE database for
relevant articles and we hand-searched relevant journals not indexed in MEDLINE.
A total of 186 papers were included in our database and were categorized using a number of
tags. These tags were assigned according to the type of research presented, the
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methodological topics addressed, and according to the software used to implement the
methods that the article presented.

3.1.5 Importance
•

Our review constitutes the most comprehensive collection of methods for NMA to
date, while the online database of the articles can be readily used by interested
researchers.

•

In our review we discussed in depth the underlying assumptions of the NMA model
and presented in detail statistical and epidemiological methods for assessing the
validity of these assumptions.

•

We discussed the various alternative methods currently available for implementing
NMA, highlighting the advantages and limitations of each approach. We provided a
list of the available software tools for fitting a NMA model and for assessing its
assumptions.

•

We discussed a series of special issues related to NMA, such as network metaregression, accounting for the risk of bias in NMA, modeling multiple outcomes and
repeated measures, defining the number of nodes in the network, incorporating
individual participant data in a NMA, planning future studies, etc.

•

We provided guidance for both experienced researchers in the field as well as
researchers who take their first steps in NMA.

3.1.6 Recent developments
We performed a rapid search in order to provide an update on the results of the literature
review published in the Research Synthesis Methods journal (Efthimiou et al., 2016a). We
searched the MEDLINE database for relevant hits using the algorithm also used in the
original review:
(network OR mixed treatment* OR multiple treatment* OR mixed comparison* OR indirect
comparison* OR umbrella OR simultaneous comparison*) AND (meta-analysis).
Period of search: from 14th March 2014 to 8th of June 2016.
Results: We identified 70 relevant publications.
We present a brief description of identified articles. We categorized the articles in one of the
following categories:
•

Methods’ development

•

Didactical/Good practice/Recommendations

•

Reporting and Assessing the quality of NMA

•

Other issues in NMA

Articles were included in a subfolder “Update 2016” in the Zotero database of the original
review: https://www.zotero.org/groups/wp4_-_network_metaanalysis/items/collectionKey/X9EAM88T
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Methods’ development
Achana et al. contributed to the literature of multiple-outcomes NMA by presenting a novel
approach, set in a Bayesian background (Achana et al., 2014).
Cameron et al. discussed the challenges and opportunities of incorporating both RCTs and
non-randomized comparative studies into NMA (Cameron et al., 2015)
Greco et al. introduced an new frequentist approach for NMA, focusing on arm-based data
structure (Greco et al., 2015b).
Hawkins et al. presented an alternative to the contrast-based parameterization usually
employed in NMA. This alternative "arm-based" parameterization may offer a number of
advantages (Hawkins et al., 2015).
Dagne et al. describe how individual participant data (IPD) can be used in a NMA context to
test for moderation effects (Dagne et al., 2016).
Hong et al. proposed a Bayesian IPD NMA modeling framework for multiple continuous
outcomes under both contrast-based and arm-based parameterizations, also discussing the
computational challenges and areas for future research (Hong et al., 2015)
Jackson et al. clarified and proved a claim previously made, that the design-by-treatment
interaction model contains all possible loop inconsistency models (Jackson et al., 2015a).
Jackson et al. presented new mathematical definitions of 'borrowing of strength' in NMA.
They also derived a method for calculating study weights. They embedded this into the same
framework as their borrowing of strength statistics, so that percentage study weights can
accompany the results from NMA as they do in conventional univariate meta-analyses
(Jackson et al., 2015b).
Kabali and Chazipura described how to use a graphical method known as transportability to
demonstrate whether and how indirect treatment effects can validly be estimated in NMA
(Kabali and Ghazipura, 2016)
Kibret et al. investigated how rank probabilities are affected by various factors in the network.
For this, a simulation study was conducted. The simulation indicated that estimates of rank
probabilities are highly sensitive to both the number of studies per comparison and the overall
network configuration (Kibret et al., 2014).
Mavridis et al. presented a selection model for accounting for publication bias in network
meta-analysis (Mavridis et al., 2014).
Mavridis et al. developed methods for estimating meta-analytic summary treatment effects for
continuous outcomes in the presence of missing data for some of the individuals within the
trials. The authors expanded a previously developed framework for binary outcomes, which
quantifies the degree of departure from a missing at random assumption via the informative
missingness odds ratio (Mavridis et al., 2015b).
Nikolakopoulou et al. presented methods that can be used to design future clinical trials based
on the findings of NMA (Nikolakopoulou et al., 2016, 2014b).
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Rücker and Schwarzer proposed a frequentist method for obtaining the ranking of treatments
in a meta-analysis, that works without resampling (Rücker and Schwarzer, 2015a). The same
authors also published an article regarding automated drawing of network plots in NMA, and
implemented in an R package (Rücker and Schwarzer, 2015b).
Saramago et al. introduced a novel NMA modelling approach that allows individual patientlevel (time to event with censoring) and summary- level data (event count for a given followup time) to be synthesised jointly by assuming an underlying, common, distribution of time to
healing (Saramago et al., 2014).
Sauter and Held discussed how integrated nested Laplace approximations (INLA) can be used
to perform NMA for summary level as well as trial-arm level data. INLA are an alternative to
MCMC sampling, and can dramatically save computation time without any substantial loss in
accuracy (Sauter and Held, 2015).
Thom et al. proposed a Bayesian NMA model that allows the inclusion of single-arm, beforeand-after, observational studies in the case of a disconnected network of interventions (Thom
et al., 2015).
Thorlund et al. presented methods for incorporating results from alternative clinical trials in a
NMA (Thorlund et al., 2015).
Tu described how to implement NMA using a frequentist generalized linear mixed model (Tu,
2015a, 2014) and how evaluate inconsistency in this setting (Tu, 2015b).
Vandvik et al. described how recent innovations within authoring, dissemination, and
updating of systematic reviews and trustworthy guidelines may greatly facilitate the
production of living cumulative NMA (Vandvik et al., 2016).
van Valkenhoef et al. presented a decision rule that can be used when assessing inconsistency
in NMA using the node-splitting approach. The decision rule circumvents problems with the
parameterisation of multi-arm trials, ensuring that model generation is trivial in all cases (van
Valkenhoef et al., 2016).
Veroniki et al. presented a novel graphical way of presenting the results of a NMA including
multiple outcomes (Veroniki et al., 2016a).
Zhang et al. proposed a Bayesian hierarchical model for NMA that can incorporate nonignorable missingness, using selection models (Zhang et al., 2015a).
Zhang et al. presented several Bayesian methods for detecting outlying studies in a NMA and
compared these approaches in a simulation study (Zhang et al., 2015b).
Zhao et al. presented hierarchical Bayesian approaches for detecting inconsistency in NMA,
based on a previously proposed arm-based approach (Zhao et al., 2016)
Didactical/Good practice/Recommendations
Agapova et al. highlighted the features of Bayesian NMA using a case study of a Cochrane
review in asthma care (Agapova et al., 2014).
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Benkhadra et al. described the basic concepts of NMA (Benkhadra et al., 2014).
Bhatnagar et al. gave a brief overview of NMA methods (Bhatnagar et al., 2014).
Biondi-Zoccai et al. provided an introduction of the use of NMA in evidence synthesis, with a
focus on cardiovascular decision-making (Biondi-Zoccai et al., 2015).
Brignardello-Petersen presented the basics of NMA, discussing its strengths and limitations
(Brignardello-Petersen et al., 2014).
Caldwell provided an overview of the basic principles of NMA and summarised some of the
key challenges (Caldwell, 2014).
Carroll and Hemmings discuss how the assumptions and associated potential for serious bias
of NMA are often overlooked in the reporting and interpretation of NMAs. They conclude
that a more cautious, and better informed, approach to the use and interpretation of NMAs in
clinical research is warranted (Carroll and Hemmings, 2016).
Catalá-López et al. provided an introduction to NMA methods (Catalá-López et al., 2014).
Foote et al. (Foote et al., 2015) and Chaudhry et al. (Chaudhry et al., 2015) presented the
basics of NMA with a focus on clinical orthopedics.
Greco et al. present the basic concepts of NMA and emphasized the potential attractiveness of
the method (Greco et al., 2015a).
Higgins and Welton briefly discussed NMA methods, focusing on its key advantages of NMA
(Higgins and Welton, 2015)
Kiefer et al. presented and discussed various methods of indirect comparison and NMA. They
described the main assumptions and requirements of the method and provided a checklist to
aid the evaluation of published indirect comparisons and NMAs (Kiefer et al., 2015)
Laws et al. compared various national guidelines for network meta-analysis and did not find
any two recommendations being mutually exclusive. The concluded that it is possible to
perform a NMA for submission to multiple national jurisdictions (Laws et al., 2014).
Linde et al. evaluated the underlying assumptions of a network meta-analysis using an
example in depression. Their aim was to highlight challenges and pitfalls of interpretation
under consideration of these assumptions (Linde et al., 2016).
Madden et al. reviewed the methods and models for conducting a NMA, and demonstrated the
procedures using a published multi-treatment plant-pathology data set (Madden et al., 2016).
Mavridis et al. explained and discussed the main features of NMA, with an emphasis placed
on mental health (Mavridis et al., 2015a).
Ortega et al. presented a checklist for critically appraising the validity of indirect comparisons
(Ortega et al., 2014).
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Owen et al. developed and demonstrated the use of three-level hierarchical modeling
techniques, which can be used to evaluate extensive treatment networks with a limited
number of trials. Their approach makes use of classes of treatments (Owen et al., 2015).
Roever and Biondi-Zoccai presented the basic concepts of NMA, with an emphasis on
comparing effectiveness in cardiovascular research (Roever and Biondi-Zoccai, 2016).
Yildiz et al. highlighted the risk of violating the fundamental transitivity assumption of NMA,
also focusing in mental health, and more precisely psychiatry (Yildiz et al., 2014).
Reporting and assessing the quality of NMA
Bafeta et al. examined how results from NMA were reported in published papers and
concluded that reporting guidelines are needed (Bafeta et al., 2014).
Chambers et al. assessed the methodological quality of published network meta-analysis and
concluded that consensus among guidelines is needed to improve the methodological quality,
transparency, and consistency of study conduct and reporting. (Chambers et al., 2015)
Hutton et al. provided an extension of the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-analyses) statement that was specifically developed to improve the
reporting of systematic reviews incorporating network meta-analyses (Hutton et al., 2015).
Hutton et al. conducted an overview of existing evaluations of quality of reporting in NMA
and compiled a list of topics which may require detailed reporting guidance to enhance future
reporting quality. (Hutton et al., 2014).
Lee undertook a survey of authors of NMA, to identify the authors’ perceptions of the use of
NMA methods and of what standards for conduct and reporting should apply (Lee, 2016).
Puhan et al. presented a four-step approach to rate the quality of evidence in NMA based on
methods developed by the Grading of Recommendations Assessment, Development and
Evaluation (GRADE) working group (Puhan et al., 2014).
Salanti et al. also proposed a method for evaluating the quality of a NMA based on
methodology developed by the GRADE Working Group for pairwise meta-analyses. The
suggested framework acknowledges the role of indirect comparisons, the contributions of
each piece of direct evidence to NMA, the importance of the transitivity assumption and the
possibility of disagreement between direct and indirect evidence (Salanti et al., 2014a).
Other issues in NMA
Caldwell et al. explored the increase in precision from including additional evidence in the network
and concluded that this might be modest when direct evidence regarding the comparison of interest is
already strong, or when there is high heterogeneity (Caldwell et al., 2015).
Caldwell and Welton summarized approaches that can be used for synthesizing complex interventions
in mental health in both pairwise meta-analysis and NMA (Caldwell and Welton, 2016).
Chambers et al. considered the role of NMA in value-based insurance design, illustrating the possible
benefits that arise (Chambers et al., 2014).
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Cope et al. outlined a general approach for assessing the feasibility of performing a NMA and
provided a framework that can be used to ensure that the underlying assumptions are systematically
explored and that the risks (and benefits) of using NMA for a particular research question are
transparent. (Cope et al., 2014).
Furukawa et al. describe how to use the contribution matrix to evaluate in a transparent and
quantitative manner how limitations of individual studies in the NMA impact on the quality of
evidence of each network estimate(Furukawa et al., 2016).
Goring et al. describe and evaluate alternative approaches that can be used to analyze disconnected
networks, and present a theoretical framework to guide the choice between these approaches (Goring
et al., 2016).
Li et al. assessed the conduct of literature searches in NMA. They found that they could be improved
by searching more sources and by involving a librarian or information specialist (Li et al., 2014).
Lin et al. explored the impact of excluding a treatment from the network, and shown that it can be
substantial. The authors suggest the use of arm-based methods for NMA (Lin et al., 2016).
Mavridis et al. assessed the potential effect of small-study effects and publication bias on a published
network of antipsychotics (Mavridis et al., 2016).
Trinquart et al. empirically evaluated the extent of uncertainty in intervention rankings from network
meta-analysis. They concluded that treatment rankings derived from NMA may have a substantial
degree of imprecision. Authors suggest using such rankings with great caution (Trinquart et al., 2016).
Trinquart et al. proposed a test for reporting bias in trial networks, performed simulations and applied
it to published NMAs (Trinquart et al., 2014).
Veroniki et al. performed a review on the use of individual participant data in NMA. They concluded
that often authors used invalid methods of analysis and that key methodological and reporting
elements were often missing (Veroniki et al., 2016b).
Zafari et al. evaluated the impact that the use of NMA instead of pairwise meta-analysis may have on
the expected value of information (EVI) outcomes. They conclude that this choice may have
significant effects on the EVI results and that the incorporation of more evidence in the NMA most
likely increases the precision of estimates (Zafari et al., 2014).

Summary
NMA is a very active research field, and a plethora of new methodological articles have been
published over the last few years. For example, a very active topic is the exploration of arm-based
approaches. This type of models, introduced in a series of papers by (Hong et al., 2015; Zhang et
al., 2015a, 2015a; Zhao et al., 2016), focuses on synthesizing absolute treatment effects, and not
relative effects, in the way usual approaches do. Other areas of recent research include methods for
evaluating the quality of NMA; various treatment-ranking measures; methods to assess the
transitivity/inconsistency in a NMA; methods for disconnected networks; etc.
Further research is still required in several areas, e.g. in comparing arm-based approaches to NMA vs.
the usual contrast-based approaches; in elucidating the properties of the available methods for
obtaining treatment ranking; in modeling dose-effects in NMA; in better understanding the properties
of measures and tests for inconsistency; etc.
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3.2 GetReal in meta-analysis of individual participant data: a review of
the methodology
3.2.1 Summary
We conducted a literature review on methods for meta-analysis of individual participant data
(IPD-MA). We identified two common strategies (the so-called one- and two-stage approach),
and discussed their potential advantages and limitations. Furthermore, we provided guidance
on how to investigate heterogeneity in relative treatment effects, to combine IPD and
aggregate data, to account for missing participant data, and to incorporate evidence from nonrandomized studies. With this review, we aim to assist researchers in choosing the appropriate
methods and provide recommendations on their implementation when planning and
conducting an IPD-MA

3.2.2 Key points
•

We searched the literature for published articles that focused on the methodology of
IPD-MA.

•

Individual participant data meta-analysis (IPD-MA) is considered as the gold standard
approach to investigate treatment efficacy and offers many potential advantages (e.g.,
increased power, reduced bias, and investigating interaction and subgroup effects)
over the analysis of published summary estimates (aggregate data)

•

Because the implementation of an IPD-MA requires additional efforts and statistical
expertise, researchers should carefully assess whether the potential advantages
outweigh the extra efforts involved.

•

IPD-MA should not be conducted without systematic review, and are no panacea
against poorly designed and conducted primary research.

•

Before undertaking an IPD-MA, it may be helpful to perform a meta-analysis of
aggregate data (AD-MA).

•

The identified articles were organized according to their context and were included in
a publicly available, online database 2 .

•

All methods that were identified by our literature search were presented in a
comprehensive review of the methodology (Thomas P. A. Debray et al., 2015).

3.2.3 Introduction
Systematic reviews have become an important tool to summarize the evidence from different
trials and to generalize their conclusions beyond their specific settings. The results from these
reviews are often quantified through meta-analysis where the results from individual studies
are synthesized into a weighted average by accounting for various forms of uncertainty.
Meta-analysis is often based on published estimates of relative treatment effects, so-called
aggregate data (AD). Unfortunately, when synthesizing published AD, even rigorously
conducted meta-analyses can be of limited value. In particular, when there is substantial
heterogeneity in estimates of relative treatment effect, a weighted average may no longer be

2

https://www.zotero.org/groups/wp4_-_ipd_meta-analysis
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informative in medical care. In such situations, it is important to identify whether treatment
effects vary across clinical subgroups because of effect modification. Additional problems
arise when AD are not available, poorly reported, derived and presented differently across
studies, and more likely to be reported (and in greater detail) when statistically or clinically
significant. One way of dealing with the aforementioned weaknesses of published research
findings, it to explicitly mention them and rate down the certainty in the evidence that
underlies decisions. This is the essence of the so-called GRADE-approach. However, this
approach may not necessarily resolve issues around heterogeneity and other types of
inconsistencies. For this reason, investigators increasingly embark into an individual
participant data meta-analysis (IPD-MA). These meta-analyses include the raw data from
each relevant study.
Because limited guidance currently exists on dealing with challenges that are specific to IPDMA, we embarked on a literature review to identify state-of-the-art methods and to provide
recommendations on their implementation.

3.2.4 Methodology and findings
We searched for articles that contributed to the methodology of IPD-MA by introducing new
methods and models, articles that provided recommendations or gave guidance on how to
perform an IPD-MA as well as articles that reviewed the existing methodology. We searched
the MEDLINE database for relevant articles and we hand-searched relevant journals not
indexed in MEDLINE.
A total of 153 papers were included in our database and were categorized using a number of
tags. These tags were assigned according to the type of research presented, the
methodological topics addressed, and according to the software used to implement the
methods that the article presented.

3.2.5 Importance
•

Our review constitutes the most comprehensive collection of methods for IPD-MA to
date, while the online database of the articles can be readily used by interested
researchers.

•

In our review we discussed in depth the underlying assumptions of IPD-MA

•

We discussed the various alternative methods currently available for implementing
IPD-MA, highlighting the advantages and limitations of each approach.

•

We provided guidance on how to investigate sources of heterogeneity in treatment
effect

•

We discussed a series of challenges in IPD-MA, such as combining IPD and published
AD, dealing with missing participant data, modeling different types of outcomes and
including evidence from non-randomized studies.

•

We discussed and illustrated the role of IPD availability when performing multiple
treatment comparisons (e.g. through network meta-analysis).

•

We provided guidance for both experienced researchers in the field as well as
researchers who take their first steps in IPD-MA.

•

We provided a list of the available software tools for conducting IPD-MA

•

We provided example code for conducting IPD-MA in the R software package
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3.2.6 Recent developments
We performed a rapid search in order to provide an update on the results of the literature
review published in the Research Synthesis Methods journal (Thomas P. A. Debray et al.,
2015). The articles have been added to the Zotero database, and are grouped in the folder
“UPDATE 2016”. An overview of the identified articles, alongside a brief description, is
given below.
Statistical methods
Riley et al. illustrate how to perform multivariate meta-analysis using IPD. Several special
applications are discussed, including the estimation of treatment-covariate interactions,
dealing with unmeasured covariates, modeling of longitudinal data, and network metaanalysis (Riley et al., 2015).
Dagne et al. studied how the use of IPD in network meta-analyses may help to increase the
sensitivity for detecting moderator effects, as compared to NMA that are solely based on AD
(Dagne et al., 2016).
Debray et al. present a case study to illustrate the potential advantages of NMA that are based
on IPD. Several statistical models are discussed to adjust for confounders, effect modifiers
and (informative) dropout (T. P. Debray et al., 2016).
Kline et al. compare statistical methods for imputing systematically missing subject-level data
in an IPD meta-analysis with longitudinal outcomes (Kline et al., 2015).
Quartagno and Carpenter propose a new joint modelling approach for imputation of partially
and systematically missing subject-level data in an IPD meta-analysis (Quartagno and
Carpenter, 2016).
Gomes et al. compare statistical models for handling partially and systematically missing
correlated continuous and binary outcomes in an IPD-MA(Gomes et al., 2016).
Verde et al. present a unified modeling framework to combine aggregate data from
randomized studies with IPD from non-randomized studies (Verde et al., 2016).
Verde and Ohmann conducted a review to identify statistical methods that have been used for
the synthesis of different study types with the same outcome and similar interventions (Verde
and Ohmann, 2015).
Didactical/Good practice/Recommendations
Stewart et al. present a stand-alone extension to the Preferred Reporting Items for Systematic
Reviews and Meta-analyses (PRISMA) statement, tailored to the specific requirements of
reporting systematic reviews and meta-analyses of IPD (Stewart et al., 2015).
Tierney et al. present guidance to help understand, appraise and make best use of IPD metaanalyses that summarize the efficacy of interventions. Hereto, they discuss several key
signaling questions (Tierney et al., 2015).
Vale et al. discuss the extent to which systematic reviews and meta-analyses of IPD are being
used to inform the recommendations included in published clinical guidelines (Vale et al.,
2015).
Summary
Although methods for (network) meta-analysis of IPD have extensively been studied in the
past, several issues remain unresolved. Further research is needed to identify whether and
17

how to deal with missing data, network inconsistency and particularly non-randomized data
sources. In addition, the performance of previously proposed statistical methods should be
formally evaluated and compared. Finally, further research is warranted to evaluate when
(not) to collect IPD, and for which studies, settings or populations.

3.3 GetReal in mathematical modelling: a review of studies predicting
drug effectiveness in the real world
3.3.1 Summary
We searched the literature for methods used to predict real-world effectiveness of drugs from
randomized controlled trial (RCT) efficacy data, i.e. methods extrapolating existing
knowledge from RCTs to real-world populations, time frames and scenarios. We identified
four approaches used in 12 articles: multi-state models, discrete event simulation models,
physiology-based models, and survival and generalized linear models. Studies modelled
outcomes over longer time periods in different patient populations, including patients with
lower levels of adherence or resistance to treatment, or examined doses not tested in trials.
While there are many studies using modelling to predict cost-effectiveness of drugs, we
conclude that mathematical modelling to predict real-world effectiveness of drug
interventions is not widely used at present.

3.3.2 Key points
•

We searched the literature for articles that focused on methods predicting real-world
effectiveness of drugs from randomized controlled trial (RCT) efficacy data.

•

We identified four approaches used in only 12 articles: multi-state models, discrete
event simulation models, physiology-based models, and survival and generalized
linear models.

•

Outcomes were predicted over time, for new patient populations and drug doses.

•

Most studies included sensitivity analyses, but external validation was done in only
three studies.

•

Methods predicting real-world effectiveness are not widely used at present, and are
not well validated.

•

The articles are included in a publicly available, online database 3 .

•

All methods identified by our literature search are presented in a comprehensive
review (Panayidou et al., 2016).

3.3.3 Introduction
Mathematical models are widely used to support decision-making at all stages of drug
development. Examples include physiological models based on biological processes to define
starting doses in first-in-man trials, pharmacokinetic and pharmacodynamic models to select

3

www.zotero.org/groups/wp4-mathematical_ modelling
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doses for subsequent confirmatory studies, and health economic models to predict the costeffectiveness of alternative treatment options.
Whether or not results observed in an RCT can be generalized to real-world settings is a
fundamental issue for drug development, regulators, and health technology assessment. The
potential difference between RCT outcomes and effects in everyday clinical practice has been
called the “efficacy-effectiveness gap” (Eichler et al., 2011a). Approaches to bridge this gap
and predict real-world effectiveness from RCT efficacy data include evidence synthesis
models, which in turn can be used to make predictions or to inform dedicated prediction
models. Mathematical models can emulate the course of disease for an individual or a group
of patients under various interventions and conditions. If important modifiers of relative
treatment effects can be identified, for example in individual patient data or network metaanalyses (Thomas P. A. Debray et al., 2015; Efthimiou et al., 2016a), and if these variables
are well documented in real world settings then the efficacy-effectiveness gap may be
bridged.

3.3.4 Methodology and findings
We considered reports of modelling based on clinical trial data of the long-term effectiveness
of drug interventions in patient populations not included in RCTs. We excluded studies that
did not explicitly address the leap from efficacy to effectiveness. We searched the MEDLINE
and EMBASE databases and the Journal of the Royal Statistical Society Series A, B, and C.
We searched for grey literature in the Cochrane Methodology Register, the National Institute
for Health and Care Excellence guidance documents, the Cancer Intervention and
Surveillance Modelling Network, the Effective Health Care Program of the Agency for
Healthcare Research and Quality, and the International Society for Pharmacoeconomics and
Outcomes Research. Reference lists of other relevant papers were also examined.
A total of 12 papers were located and included in our database. We extracted key aspects of
the 12 articles including model type, predictions, data sources, validation and sensitivity
analyses, disease area, and software.

3.3.5 Importance
•

Our review identified mathematical models that explicitly predict the real-world
effectiveness of drug interventions either in different populations or for different time
periods. This review thus expands the scope of previous reviews of mathematical
modelling in health research, which focused on cost-effectiveness issues or on
resource allocation in health care.

•

We identified only 12 articles and therefore conclude that mathematical modelling is
not yet widely used. Our review of relevant models and applications should
nevertheless be useful to readers wishing a broader understanding and awareness of
the current use of mathematical modelling to predict the relative effectiveness of drug
interventions in comparative effectiveness research.

•

We expect that both the methodological development and application of mathematical
modelling in comparative effectiveness research will grow substantially in the near
future.
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3.3.6 Recent developments
We did a rapid search similar to the one performed by (Panayidou et al., 2016) to provide an
update on the results. We found the following papers:
•

Markov state transition models predicting treatment effects over longer time than
observed in RCTs: (Chang et al., 2014; Hogendoorn et al., 2014; Lich et al., 2014;
Ting et al., 2015)

•

Markov state-transition model predicting treatment effectiveness by including realworld adherence: (Slejko et al., 2014)

The following two papers did not meet the inclusion criteria of our search but are nevertheless
relevant for models predicting real-world effectiveness:
•

Questionnaire to assess relevance and credibility of modelling studies: (Caro et al.,
2014)

•

Guidance on patient-level simulations: (Davis et al., 2014) provide detailed guidance
on patient-level simulation models (i.e. patient-level multi-state models and discrete
event simulation models), e.g. how to conduct them, how to perform sensitivity
analyses, when to use patient-level simulation models over cohort simulation models,
which software to use, code for a simple example in osteoporosis, good modelling
practice etc.

In summary, this field of research is evolving and still underrepresented in the literature.
While several modelling techniques such as Markov models or microsimulation models are
commonly applied in cost-effectiveness studies, they are very rarely used to extend RCT
results to real-world populations and bridge a potential efficacy-effectiveness gap. This is
however addressed in the model developed in the rheumatoid arthritis case study, presented in
Section 4.3.

3.4 Software review
3.4.1 Summary
We conducted a review of existing software for evidence synthesis and modelling to predict
real-world effectiveness.
The main aim was to inform the development of the ADDIS software by mapping the
competitive landscape, identifying potential components for use in ADDIS, and establishing
commonly used approaches and patterns. The software review identified four main types of
software: user interfaces and R packages for evidence synthesis and modelling to predict realworld effectiveness.

3.4.2 Key points
•

The review identified core R packages for various evidence synthesis and modelling
approaches, including network meta-analysis, multi-variate meta-analysis, metaregression, IPD meta-analysis, and multi-state modelling.

•

The review identified methods papers that include example code, mainly for the
BUGS family of software for Bayesian model estimation.

•

The software review was used to informed the development of ADDIS.
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3.4.3 Introduction
Identifying similar software is important to understanding the potential for added value in a
new software product to be developed. It can also help to identify common best practices in
the field. In addition, R is used as a computational back-end for the ADDIS software. A
review of R packages could therefore yield useful packages for re-use in ADDIS.

3.4.4 Methodology and findings
We searched existing software through iterative keyword searches in Google (where
successful searches helped identify further search terms), screening the relevant “task views”
on the Comprehensive R Archive Network (CRAN), and all issues of the Journal of Statistical
Software. We also reviewed the results of the methods reviews, see Section 3.1-3.3, and
sought input from project partners. We extracted information on existing software with a
summary data sheet.
The key packages identified in each of the categories are summarized below:
User interfaces for evidence synthesis
•

Cochrane RevMan (free of charge) enables pair-wise meta-analysis with subgroups
using frequentist methods. It is also a tool for writing reviews according to Cochrane
standards.

•

Comprehensive Meta-analysis (commercial) is a tool for complex pair-wise metaanalysis and meta-regression.

•

MetaEasy (commercial) is an add-in for Microsoft Excel (commercial) that has
convenient tools for converting variously reported outcome data (e.g. medians and
confidence intervals versus means and standard errors) to the scale required for
analysis.

User interfaces for predictive modeling
•

Microsoft Excel (commercial) remains a widely used tool for health economic
modelling, including the implementation of multi-state models. Advantages are its
flexibility and the fact that nearly all stakeholders will already have access to it.

•

TreeAge (commercial) is a widely adopted tool for modelling geared towards health
care. Modelling techniques include decision trees, Markov models, patient-level
simulation and discrete event simulation.

•

ARENA (commercial) and SIMUL8 (commercial) enable patient-level simulation and
discrete even simulation.

R packages for evidence synthesis
•

Most Bayesian models can be estimated using general purpose Markov chain Monte
Carlo (MCMC) software such as BUGS, JAGS, or Stan. The basic model structure is
described in Dias et al. (2013). Calling such software from within R allows greater
flexibility in pre- and post-processing. For example, JAGS and R with the “rjags” and
“coda” packages is a powerful combination.

•

The “gemtc” package is a comprehensive package for network meta-analysis and
network meta-regression in the Bayesian framework.

•

“netmeta” enables network meta-analysis using frequentist methods.
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•

“metafor” and “mvmeta” are key packages for multi-variate meta-analysis and pairwise meta-regression using frequentist methods. Both could be used to implement
network meta-analysis, but would require significant configuration to do so.

•

IPD meta-analysis is typically implemented using general purpose tools for mixed
models. In the Bayesian framework, an MCMC package would be used. Frequentist
packages include “lme4” (linear models), “MASS” (generalized linear models),
“hglm” (hierarchical generalized linear models), and “nlme” (non-linear mixed
models).

R packages for predictive modeling
•

“msm” is a mature and well documented package for continuous time Markov models.

•

“gems”, “Epi”, and “simMSM” have advanced functionality to estimate models with
non-linear hazard functions, which need not be Markov models, using patient-level
simulation.

All of the identified packages use the multi-state modeling approach.

3.4.5 Recent developments
Since our review in 2014, the EPPI reviewer software for systematic review and metaanalysis has been updated with support for network meta-analysis. This functionality is based
on the “netmeta” and “metaphor” packages for R. Therefore, it could be an alternative to the
GeMTC web application for those who prefer frequentist methods. Most of the R packages
have also been updated, but the overall landscape has remained more or less the same.

3.4.6 Conclusion
A relatively complete set of statistical packages is available for state-of-the-art methods in
evidence synthesis and modelling to predict real-world effectiveness. However, user
interfaces lag behind significantly. The ADDIS software developed in GetReal addresses the
lack of user friendly software for evidence synthesis.

4 Case studies
Schizophrenia case study:
The aim of this case study was to evaluate existing methodologies and present new
approaches to using non-randomized evidence in a NMA of RCTs. We first discussed how to
assess the compatibility between the two types of evidence. We then presented and compared
an array of alternative methods that allow the inclusion of observational studies in an NMA of
RCTs: the naïve data synthesis, the design-adjusted synthesis, the use of observational
evidence as prior information and the use of three-level hierarchical models. We applied our
methods in a published network of 167 RCTs which compare 15 antipsychotics and placebo
for schizophrenia (Leucht et al., 2013), augmented by observational data on five interventions
coming from a large cohort study (Haro et al., 2003). We discussed in depth the advantages
and limitations of each method and we concluded that the inclusion of real-world evidence
from observational studies can corroborate findings of an NMA based on RCTs alone,
increase precision and enhance the decision-making process.
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The design-adjusted analysis can be implemented using the ADDIS software platform. We
have also provided the WinBUGS codes needed for fitting all the models we explored.
The work presented in this case study has been submitted for publication and is currently
under review (Efthimiou et al., 2016b). The methods we explored in this case study were also
implemented in a second example. This regarded a previously published NMA, which
synthesized aggregate data from 28 published RCTs that compared 8 different percutaneous
interventional strategies for the treatment of coronary in-stent restenosis (Siontis et al., 2015).
Work Package 1 also evaluated methods for incorporating real world evidence in a NMA of
RCTs, using a case study in Rheumatoid Arthritis (RA). The general findings and the
corresponding recommendations that emerged from the schizophrenia case study were in
agreement with the findings from the RA case study explored in WP1.
Depression case study:
In this case study, we set out to explore common challenges and advantages of NMA that are
based on individual participant data. Hereto, we present a generic NMA framework to a)
combine IPD b) include covariates (prognostic factors and/or effect modifiers) c) address
missing response data and d) account for longitudinal responses. We show under what
circumstances obtaining IPD may be desirable, and how statistical models should be designed
to integrate established best practices. We illustrate all models in a case study of 18
antidepressant trials with a continuous endpoint. Our case study demonstrates that the
implementation of IPD-NMA should be considered when trials are affected by informative
drop-out, and when treatment effects are potentially influenced by participant- level
covariates. Since it is often unfeasible to obtain IPD from all relevant trials, retrieval of IPD
could be prioritized for those trials that lead to heterogeneity and/or inconsistency in an ADNMA. The work presented in this case study was accepted for publication (T. P. A. Debray et
al., 2016).
Rheumatoid arthritis case study:
In this case study, we present a strategy to predict the real-world effect of a new treatment
prior to launch, i.e. in Phase II or III of the pharmaceutical research and development process.
In a 2-stage model informed by clinical expert advice, we combine trial results on the efficacy
of the new treatment with observational evidence on treatment choice and prognostic effects.
The first modelling stage identifies patients who are likely to receive the new treatment in
daily clinical practice, and the second stage predicts treatment outcome in these patients.
Internal validation yields satisfying results. External validation with an observational database
from another country, however, shows that prediction accuracy is poor. This indicates that
potential country-specific differences in the reporting standards, treatment guidelines, patient
behavior and interaction with the physician, accessibility of and adherence to treatment etc.
should necessarily be explored in depth and discussed with the local clinicians before
predicting drug effectiveness in an entirely new patient population.
Work Package 1 also evaluated methods for predicting effectiveness and extrapolating trial
results to the real world in a number of case studies in non-small cell lung cancer and
metastatic melanoma. Our approach complements the range of methods developed and
assessed within GetReal.
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4.1 Schizophrenia case study
4.1.1 Introduction
Pairwise and network meta-analyses are often limited to synthesizing aggregated evidence
from RCTs. NMA frequently disregard observational evidence from non-randomized studies
(NRS) because the authors assume estimates of relative treatment effects are more likely to be
biased, especially when confounding has been inadequately addressed. When non-randomized
evidence is included in an NMA, this amplifies concerns about transitivity and consistency
assumed by the method (Efthimiou et al., 2016a), and fears that results may be very precise,
yet biased. But interest in including NRS in the NMA synthesis and decision-making process
is growing (Reeves et al., 2013; Schünemann et al., 2013). RCTs are typically considered as
the most reliable source of information on relative treatment effects. This is because, due to
randomization, the various treatment groups are in principle comparable in all ways other than
the administered treatment, which allows researchers to disentangle the treatment effects from
the effects of confounders.
However, the strictly experimental setting and inclusion criteria usually employed in the
RCTs may limit their ability to predict results in real-world clinical practice (Rothwell, 2005).
NRS-based estimates of treatment effects may complement evidence provided by RCTs, and
potentially address some of their limitations. Also, information from NRSs may be especially
valuable when the evidence from RCTs is scarce, and, depending on the research question,
NRSs may provide a more direct answer to the research question compared to RCTs.
Especially for the case of NMA, including NRSs may help connecting disconnected parts of
the network, by providing information regarding missing links.
In this case study we have adapted commonly applied statistical methods for combining RCTs
and observational evidence in the NMA setting, and offer suggestions on how to use them.
The randomized evidence in our example consists of aggregate data (at the arm-level) from
167 RCTs that included 36871 patients, and compared 15 antipsychotic drugs and placebo for
schizophrenia (Leucht et al., 2013). Change in symptoms (efficacy) was measured 4-12 weeks
after randomization, based on the brief psychiatric rating scale or the positive and negative
syndrome scale, and we used the standardized mean difference (SMD) to synthesize data.
Non-randomized evidence consists of individual participant data (IPD) from a large
observational study (SOHO, Schizophrenia Outpatient Health Outcome). Our analysis
includes five patient cohorts from SOHO, numbering 8873 adult patients from 10 European
countries, who were treated for schizophrenia during a 3-year time frame (Haro et al., 2003).
Short-term change in symptoms was measured at three months, based on the Clinical Global
Impression scale. The network is depicted in Figure 1. All treatment names have been
anonymized.
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Figure 1: Network of evidence for the schizophrenia case study. Light grey nodes correspond to
treatments compared in RCTs only; dark grey nodes (treatments 1,4,5,6 and 15) are also compared in the
NRS. The size of each node is proportional to the number of studies that include the corresponding
treatment. The thickness of edges is proportional to the number of patients included in the studies that
made the corresponding comparison.

4.1.2 Methods
As a first step of the analysis we recommend that the observational data should be adjusted
for important, patient-level effect modifiers so as to account for the potential confounding due
to lack of randomization. Second, before combining the randomized with the (adjusted) nonrandomized data in a single analysis, researchers need to assess the compatibility of the
different pieces of evidence for each treatment comparison. In an NMA of RCTs there may be
up to two types of evidence for each comparison: direct and indirect. In the presence of
observational data these can be further divided into direct randomized, direct observational,
indirect randomized, indirect observational. Before setting off to pool these different pieces of
evidence in a single analysis, researchers should scan for discrepancies between them;
important differences should be investigated as they might indicate the existence of biases,
either internal or external. If the sources of these differences are identified, they can be
accounted for in the analysis, e.g. using network meta-regression. If these sources are not
identified, it might be advised not to proceed in a meta-analysis at all.
If there is no evidence of disagreement between the various sources of evidence, researchers
can jointly synthesize randomized and non-randomized evidence in a NMA. We presented
and evaluated an array of alternative methods: the naïve analysis where all studies are
combined regardless their design, the design-adjusted analysis, the use of informative prior
distributions based on non-randomized evidence and the three-level hierarchical models.
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After all analyses are performed, we recommend researchers to calculate the relative
contribution of each source of evidence in the pooled estimates. Information on the relative
contributions of the various sources of evidence in the estimation of the pooled results can
help in estimating the impact of the various design deficiencies (Salanti et al., 2014b).

4.1.3 Summary of results
Figure 2 presents the estimates from each source of evidence, for all the treatment
comparisons in the network for which both randomized and non-randomized studies provided
information. All comparisons except for 4v6 estimates are in statistical agreement. For the
4v6 comparison, the confidence intervals corresponding to direct randomized and nonrandomized evidence overlap to some extent but there is a discrepancy between the estimates
that correspond to indirect randomized evidence and the evidence that came from the NRS.
This might indicate that the adjustment of the observational data was insufficient (e.g., due to
residual confounding). This figure also presents the results from the naïve analysis as well as
the analysis of RCTs only.
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Figure 2: Estimates from the various sources of evidence and different meta-analytic methods, for
treatment comparisons being informed by both observational and randomized evidence

We then used the design-adjusted and the prior information approaches to down-weight the
observational evidence. Results are shown in Figure 3 and Figure 4 respectively. In both
approaches we explored an array of different scenarios regarding the level of confidence to be
placed on the single available observational study included in our dataset. We did not use the
third approach (three-level hierarchical models) because the dataset only included two study
designs (RCTs and an observational study). This type of models is better suited for the metaanalysis of studies pertaining to multiple study designs (e.g., different RCT designs, cohort
studies, case-control, case series, etc.).
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Figure 3: Relative treatment effects obtained from the design-adjusted analysis for treatment comparisons
informed by both randomized and non-randomized evidence.
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Figure 4: Relative treatment effects obtained after using the observational evidence as prior information
for treatment comparisons that were informed by both randomized and non-randomized evidence

It is clear that for both approaches and for most treatment comparisons (1vs5, 1vs15, 4vs5,
4vs15, 5vs6, 5vs15 and 6vs15) the inclusion of non-randomized study in the evidence-base
confirms the findings of the NMA based on RCTs alone, increases precision of the estimates,
and strengthens conclusions drawn about relative treatment effects. Results remain
inconclusive for the three comparisons that the randomized studies alone provide inconclusive
evidence (1vs4, 1vs6 and 4vs6). The contribution of the single NRS to the total evidence in
the network depends on the analysis method. For the naïve analysis it is 5.8% and it decreases
for the rest of the methods.

4.1.4 Discussion
In this case study we explored a range of alternative approaches that researchers can use to
incorporate observational evidence in a NMA of RCTs. These approaches have similarities
and, under specific circumstances, can lead to identical or equivalent statistical models. It is
also possible to modify the models’ characteristics, and to combine their distinctive features.
An overview of all explored methods is provided in Table 1.
We chose the design-adjusted approach and the prior-based approach, with various degrees of
confidence in the non-randomized studies. Both methods returned similar results in terms of
relative treatment effects. Including non-randomized evidence did not materially impact on
the conclusions of the analysis, even though there were some important differences between
RCTs and the NRS, such as the time point of outcome measurement (six weeks for the RCTs,
and twelve weeks in the NRS). Precision of the relative treatment effect estimates increased
slightly when we incorporated non-randomized evidence in the analysis, because the
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contribution of the single, although very large, non-randomized study was small compared to
that of 167 RCTs. In Box 2 we present some of the key findings and conclusions drawn from
this case study.
Box 2: Key points for researchers to consider when setting off to combine randomized and nonrandomized evidence in a NMA

•

Adjusting estimates from non-randomized studies should always take place
when possible to minimize the risk of bias. Availability of IPD facilitates the
process. Adjusted estimates, however, may still be biased due to residual
confounding. The extent and directionality of this bias may be hard to assess.

•

Randomized and non-randomized evidence should first be analyzed separately
and results should be scanned for important discrepancies.

•

If no inconsistencies are found across the different sources of evidence for each
treatment comparison, a synthesis of all available evidence in a NMA can be
performed using an array of different approaches presented in this document: the
naïve analysis, the design-adjusted analysis, the use of informative prior
distributions and the three-level hierarchical model.

•

Network meta-regression can be used to account for differences in the
populations of patients included in the RCTs vs. real-world studies.

•

All approaches presented allow for a range of sensitivity analyses to control the
impact of the non-randomized evidence in the pooled estimates in relative
effects. Such sensitivity analyses are necessary to assess the impact of possible
biases in the observational evidence.

•

A choice between the various approaches should be primarily dictated by
considerations relative to potential sources of bias in the available evidence. A
choice can also take into account the ease of interpretation and the resources
available in the review team. Choices should be clearly prespecified in the
protocol.

Guidance: Table 1 offers guidance for choosing a model appropriate to apply in practice.
Whatever method researchers choose; they should remember that it is difficult to predict the
magnitude or direction of possible biases introduced by including observational studies in an
NMA. We thus advise them to explore the effect of placing different levels of confidence in
the observational evidence before they draw final conclusions. We also recommend that all
results should be evaluated after considering the relative contribution of each source of
evidence in the pooled estimates.
Generalizability: In the schizophrenia example IPD was available from the non-randomized
study. Using the IPD we adjusted the corresponding estimates, aiming to minimize the risk of
bias. In practical applications of NMA, however, IPD will be seldom available. If instead of
IPD meta-analysts only obtain estimates from non-randomized studies that have been adjusted
for the lack of randomization, the methods we presented can be readily applied.
Limitations : The main limitation of this case study was that the available data only contained
one non-randomized study. This meant that we could not implement some of the methods (the
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three-level hierarchical models). Moreover, in the schizophrenia case study we did not
explore the use of unadjusted observational evidence. However, the methods explored in this
case study were subsequently implemented to a second example, regarding percutaneous
interventional strategies for the treatment of coronary in-stent restenosis. Finally, another
limitation is that we did not consider the case of unconnected networks, or networks where
some comparisons were only informed by observational evidence.
More generally, when setting off to include non-randomized studies in a NMA, reviewers
need to keep in mind that NRSs may be potentially in a higher risk of publication bias as
compared to RCTs. Moreover, inclusion of NRSs may be hampered by practical issues, e.g.
when there are different definitions of the outcome across randomized and non-randomized
studies, the use of different scales, issues regarding data availability or data quality, extreme
differences between populations, very different adherence to the treatment, etc. In such
occasions a joint analysis of randomized and real-world evidence may prove to be difficult, or
even unfeasible.
Software considerations: One of the alternative methods we explored (the “design-adjusted”
approach) can be implemented in any of the currently available software packages for fitting a
NMA, including ADDIS. For the rest of the methods that were explored, we provide software
codes accompanied by detailed instructions.
Stakeholder feedback: Our methods were presented in various meetings and international
conferences and received a generally positive feedback. Some concerns were expressed
regarding the plausibility of the underlying assumptions of NMA when non-randomized
studies are included in the network. Namely, the assumption of transitivity might be harder to
defend on such occasions. In addition, some stakeholders expressed the view that the
inclusion of observational studies may be seen as a threat to the validity of NMA estimates,
given the increased risk of bias in the corresponding estimates. Some stakeholders also
pointed out that non-randomized studies might be in a higher risk of publication bias as
compared to RCTs, even though this might be difficult to assess or quantify. Finally, some
stakeholders expressed concerns that the statistical methods we employed might be difficult to
comprehend and/or implement.
Key conclusions: Using the schizophrenia case study we presented and compared an array of
alternative methods that allow the inclusion of observational studies in an NMA of RCTs. We
found that the inclusion of observational evidence may offer significant advantages: in this
example we observed an increase in precision, and the non-randomized evidence corroborated
the findings of the NMA based only on RCTs. However, inclusion of NRSs needs to be done
judiciously, after carefully considering the risk of bias and the possibility of violations in the
underlying assumptions of the model.
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Table 1: Overview of the presented approaches. Abbreviations: NMA=network meta-analysis. RE= Random-effects. NRS= non-randomized study. RCT=randomized
controlled trial

Description

How are NRS
incorporated

Design-adjusted analysis

Using informative priors

Three-level hierarchical models

(Approach A)

(Approach B)

(Approach C)

All trials are included in the NMA. Estimates
from each NRS are adjusted for possible bias
and over-precision.

Meta-analysis of RCTs using informative
priors distributions formulated after metaanalyzing all NRSs.

Data is first synthesized by design and then the
design-specific summary estimates are pooled in
a joint (network) meta-analysis.

Each NRS can be adjusted separately,
according to its features. Alternatively,
common bias parameters can be assumed for
all NRS.

The priors are shifted to account for bias
and/or the variances are inflated to downweight estimates from NRSs.

Between-design variability in treatment
effect is ignored.

Implementation
challenges

Expert opinion is needed to choose
appropriate values for wj and βj .
Magnitude and directionality of bias in NRS
may be hard to predict.

Between-design variability in treatment
effect is ignored.
Choosing basic parameters and formulating
priors may be non-trivial for complex
network structures in the NRSs.
Estimating heterogeneity may be hard if
few RCTs or NRSs are available.
Impossible to include NRSs and RCTs in a
joint network meta-regression.

Each NRS can be adjusted separately, according
to its features, if resources allow. Or adjustment
for bias can be performed collectively for each
design, on the design-level estimates.

Estimating τ des either requires including several
designs, or a strongly informative prior.
Model C.1 requires meta-analyzing all designs,
using a subset of the same basic parameters.
Model C.2 is problematic in the presence of
multi-arm studies

Software
considerations

Easily implemented in all NMA software
when fixed values for wj and βj are used.

Can be implemented only in a Bayesian
framework (e.g. OpenBUGS)

Any software that implements hierarchical
models

Better to use
when

Should be preferred when resources allow
inference about bias in each separate study.

Use when it is unfeasible to infer about bias
in each study separately.

Use when there are studies pertaining to
multiple designs (e.g. three or more).
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Technical
details

The mean effect size in the j th NRS can be
shifted by a bias factor βj . The variance of the
treatment effects can be inflated by dividing
with a variance-inflation factor 0<wj <1.
When wj =0, all NRS are excluded; when
wj =1, no adjustment takes place.

A random-effects NMA of all NRSs is
performed and the predictive distributions
for the summary effects are used as priors
for the basic parameters of the NMA of
RCTs.

First, data are meta-analyzed per design, using a
design-specific heterogeneity parameter.
Second, all design-specific estimates are
synthesized to obtain an overall treatment effect
that accounts for between-design heterogeneity.
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4.2 Depression case study
4.2.1 Introduction
NMA is a common approach to summarize relative treatment effects from randomized trials
with different treatment comparisons. Most NMAs are based on published aggregate data and
have limited possibilities to investigate the extent of network consistency and between-study
heterogeneity. For this reason, we set out to explore common challenges and advantages of
NMA that are based on individual participant data. Hereto, we present and illustrate a generic
NMA framework to a) combine IPD b) include covariates (prognostic factors and/or effect
modifiers) c) address missing response data and d) account for longitudinal responses. With
this case study, we aim to illustrate under what circumstances obtaining IPD may be
desirable, and how statistical models should be designed to integrate established best
practices. We illustrate all models in a case study of 18 antidepressant trials with a continuous
endpoint. The network of evidence is shown in Figure 5. All trials suffered from substantial
drop-out, and missingness of longitudinal responses ranged from 21 to 41% after 6 weeks of
follow-up (T. P. A. Debray et al., 2016).
Figure 5 Network of evidence for the depression case study. TCA: tricyclic antidepressants, TeCA:
tetracyclic antidepressants, Plac: placebo

4.2.2 Methods
We discuss and illustrate several statistical models to summarize comparative treatment
effects whilst accounting for missing response data. Hereby, we distinguish between the
situations where researchers have access to all relevant IPD sets, or only have access to
corresponding aggregate (summary) data. Hereto, we considered 3 scenarios for generating
aggregate data (AD). These scenarios adopt different strategies for dealing with missing
responses within the individual trials:
•

Univariate regression based on complete cases
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•

Univariate regression with last observation carried forward (LOCF)

•

Multivariate outcome regression

The statistical models for summarizing the AD or IPD are given below:
Models based on AD or IPD
•

Pairwise meta-analysis

•

Network meta-analysis

•

Network meta-regression

Models based on IPD
•

Network meta-analysis with adjustment for confounders or prognostic factors

•

Network meta-analysis with adjustment for patient-level treatment-covariate
interactions

•

Longitudinal network meta-analysis (implementation of multivariate IPD network
meta-analysis methods)

All models were implemented in a Bayesian framework with weakly informative prior
distributions for variance parameters, and non-informative prior distributions for the treatment
contrasts.

4.2.3 Summary of results
A total of 25 meta-analysis models were compared in terms of their estimated treatment
contrasts, heterogeneity and network inconsistency. Out of these, 12 models were based on
aggregate data (4 models across 3 scenarios for dealing with missing responses), 6 models
were based on IPD and 7 models were used for sensitivity analyses. Our main findings are
given below:
•

Network meta-analysis increased the precision of summary estimates as compared to
pairwise meta-analysis.

•

In an AD-NMA where trials adopted LOCF, network consistency tends to deteriorate.

•

In an AD-NMA where trials adopted complete case analysis, heterogeneity tends to
increase.

•

Models that account for the longitudinal nature of missing responses tended to yield
lower heterogeneity and network inconsistency.

•

Meta-analyses based on IPD and AD tend to yield similar results if drop-out is
handled appropriately within trials. However, IPD-NMA may help to further reduce
heterogeneity and improve overall precision and network consistency.

•

Access to IPD enables more rigorous sensitivity analyses

4.2.4 Discussion
Our case study demonstrates that the implementation of IPD-NMA should be considered
when trials are affected by informative drop-out, and when treatment effects are potentially
influenced by participant- level covariates. Although it is often unfeasible to obtain IPD from
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all relevant trials, it may still be advantageous to retrieve IPD for a subset of trials and to
combine these data with relevant published AD identified through a systematic review (Sarah
Donegan et al., 2013; Jeroen P. Jansen, 2012; Pedro Saramago et al., 2012). Retrieval of IPD
could then be prioritized for those trials that lead to heterogeneity and/or inconsistency in an
AD-NMA, to better understand whether this heterogeneity occurs due to (suboptimal)
modeling issues. Alternatively, IPD retrieval could be prioritized for trials which are of high
quality and may be more homogeneous, to explore sources of within-study variability.
Limitations: Our findings are based on a single case study and may therefore have limited
generalizability. In particular, we considered a relatively simple network of evidence and did
not obtain IPD through a systematic review. For this reason, it is possible that the advantages
identified in our case study might be less (or more) pronounced in traditional NMA settings.
Stakeholder feedback: Although many stakeholders agreed on the potential advantages of
IPD, some barriers may complicate the implementation of the methods presented in our case
study. In particular, IPD tend to be unavailable for some trials, and can sometimes be
selectively shared. In addition, statistical expertise is often lacking, limiting interpretation and
appraisal of IPD-NMA results.
Guidance: Box 3 provides guidance on the application of IPD-NMA methods.
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Box 3: Key points for researchers to consider when combining aggregate-level and individual -partici pant
level data in a NMA

•

When considering evidence synthesis, it seems helpful to start with an AD(N)MA. This allows to explore the data without requiring advanced statistical
software and expertise

•

Any meta-analysis should be preceded by a systematic review and critical
appraisal of the available evidence.

•

NMA models need proper tailoring in order to avoid biases due to informative
drop-out, selective availability of IPD, incorporation of published AD, etc. These
design choices can be pre-specified in a study protocol to avoid data dredging.

•

When evaluating summarized treatment effects to decide upon efficacy, it is
important to consider heterogeneity and network inconsistency.

•

Retrieval of IPD should be prioritized when NMA suffer from heterogeneity and
network inconsistency. This situation may, for instance, occur when trials did
not properly account for drop-out of participants, or when effect modification
occurs.

•

Sensitivity analyses are crucial to understand the potential impact of key
assumptions in the modeling process. Whenever possible, key sensitivity
analyses should be pre-specified (e.g. if any concerns about key assumptions can
be anticipated). In all cases, the choice and rationale for sensitivity analyses
should be properly justified.

•

When adopting a Bayesian framework, it is important to discuss the choice of
prior distributions. Particular caution is warranted when modeling variance
parameters (such as heterogeneity) using few studies, as any prior distribution
may then have a substantial impact on the posterior.

4.3 Rheumatoid arthritis case study
4.3.1 Introduction
The external validity and transferability of results from randomized controlled trials (RCTs)
to real-life clinical settings and patient populations is often considered limited (Greenland et
al., 1999; Stuart et al., 2015). To describe potential differences between RCT efficacy
outcomes and treatment effects in daily clinical practice, (Eichler et al., 2011b)introduced the
term efficacy-effectiveness gap. Figure 6 illustrates a potential efficacy-effectiveness gap
between treatment outcomes observed in a randomized trial and in a real-world patient
population. It compares two RA interventions, a treatment with conventional disease
modifying anti-rheumatic drugs (cDMARDs) and a combined treatment with biologic and
conventional DMARDs (bDMARD & cDMARDs). The observational data were extracted
from the Swiss RA registry. Treatment effect was measured by the 6-months decrease in the
disease activity score 28 (DAS28). Figure 6 would suggest that the combined bDMARDcDMARD treatment works better in a controlled clinical setting than in daily clinical practice.
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Such potential differences in treatment outcome between randomized controlled settings and
daily clinical practice are of particular interest for healthcare decision makers, especially if
they can already be anticipated during the drug development and market approval process.
We established a strategy to predict real-world treatment effect prior to launch, assuming that
individual participant data from Phase II or III clinical trials on the efficacy of a certain new
treatment were available, but no insights on its effectiveness in everyday clinical routine.

Figure 6 RCT evidence on the efficacy vs. real-world evidence (RWE) on the effectiveness of an
bDMARD-cDMARD combination therapy.

4.3.2 Methods
Model The proposed methodological framework is summarized in Box 4. Since it heavily
relies on clinical insights, we suggest collecting expert advice using Box 5.
Box 4 Outline of the suggested framework; RWD: real-world data; N: new treatment; S: similar
treatment, C: comparator treatment

Procedure

Evidence

Details

1. Among the market-approved
treatments for which
observational evidence is

-

Two drugs are considered
similar if they are

expert opinion
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available, identify a drug (S)
which is similar to the new drug
(N) you want to make
predictions for.

2. Estimate the impact of the
prognostic factors on disease
progression,

− RCT data (N
vs. C)
− RWD (S vs. C)
− expert opinion

and assess the efficacy of the
new drug relative to the
comparator treatment (C), after
accounting for any relevant
effect modifiers.
3. Determine the profile of patients
who are likely to receive the
new treatment in a real-world
healthcare system.

4. Predict the effectiveness of N in
the real world of a clinical
healthcare system.

-

prescribed for the same
purpose

-

given to patients with
similar physical
characteristic, disease and
medication histories, living
conditions etc.

We use a single appropriately
implemented linear model to
generate these estimates from
the two sources of data.

− RCT data (N
vs. C)
− expert opinion

− RWD (S vs. C)
− expert opinion

We fit a logistic model to the
RWD on S and C.
Since S and N are considered
interchangeable in terms of
treatment choice, the estimated
model can be used to make
predictions about the
assignment of ‘N versus C’.
First stage: Predict treatment
assignment ‘N versus C’ in the
target population, using the
model estimated in Step 3.
Second stage: Predict treatment
outcome in the subgroup
assigned to receive N, using the
model estimated in Step 2.

Box 5 Expert survey to inform the predications of real-world effectiveness

1. a) Is there any market-approved treatment which is comparable to the new drug? If so,
please confirm that
− both treatments are prescribed for the same purpose, and
− both treatments are likely to be administered to the same types of patients
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b) Which patient characteristics, disease severity measures and information on treatment
and disease history make clinicians decide for or against the market-approved similar
treatment? Which other covariates may be of relevance?
2. What is a reliable and frequently reported measure of treatment efficacy in the investigated
disease area?
3. a) Which patient and disease characteristics should necessarily be considered as modifiers
of the effectiveness of the new/similar treatment?
b) Which covariates are highly important prognostic factors?
c) Which of the remaining covariates could possibly also be considered as effect modifiers
or prognostic factors?

We act on the assumption that randomized evidence is available for the new drug of interest,
denoted by N, versus a control intervention, C. Furthermore, we assume that real-world
evidence from observational studies or patient registries is not available for drug N, but for the
intervention C as well as for a third treatment, S, which is considered similar to 𝑁𝑁 (see Box 4,
Step 1). Our statistical modelling framework requires some basic data comparability and
availability. First, the two types of data sources, i.e. the RCT and the observational databases,
must be of sufficient similarity; lab and visit results should be measured and reported in the
same way; outcomes should be defined in a comparable manner and be measured after similar
follow-up times; and sample sizes should be sufficiently large (see e.g. (Hogg et al., 2015)).
Second, all covariates with a potentially significant impact on treatment effect should be
reported, and all potential drivers of treatment decision should be contained in the real-word
databases.
We anticipate that, in practice, some patient characteristics may differ between the two
sources of data, i.e. between the RCT and the non-randomized settings. These characteristics
are taken into account in the various steps of our framework and employed where appropriate
(see Box 4, middle column). We consider three (overlapping) groups of covariates: prognostic
factors, effect modifiers and treatment predictors. Within our framework, prognostic factors
are covariates that affect the natural course of the disease, independently of the selected
treatment regimen. Effect modification is present when the magnitude of the relative treatment
effect depends on the values or levels of at least one other covariate, called effect modifier.
Treatment predictors are patient and disease characteristics that affect the medical doctor’s
choice of treatment. To identify the most relevant prognostic factors, effect modifiers and
treatment predictors, we refer to the results from our expert survey (Box 5) and additionally
perform statistical variables selection (Tibshirani, 2011).
Treatment outcome can be modeled according to Box 4, Step 2, and treatment choice
according to Box 4, Step 3. The estimated impacts of the prognostic factors, effect modifiers
and treatment predictors can afterwards be used to predict drug effectiveness in a new realworld patient population. To this end, the prediction process is subdivided into two stages, a
treatment assignment and an outcome prediction stage, as outlined in Box 4, Step 4.
Unless obtained from an external source, the new patient population must be generated in an
appropriate fashion and contain a large number of patients, say 𝑛𝑛. For this purpose, we need
information about the prevalence and distribution of the prognostic factors, the effect
modifiers and the treatment predictors in the target population. Referring to Tannenbaum et
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al. 2006, we may use any smaller representative patient sample, approximate a multivariate
normal distribution of the relevant person and disease characteristics measured in this sample,
and generate a drawing of 𝑛𝑛 new hypothetical patients from this distribution. In the following
section, we show results from an application of our modelling framework to a simulated
patient population of size 𝑛𝑛 = 10.000.

Model validation Validity is evaluated by fitting the model to a development sample, and
making predictions in a validation sample. These predictions are then compared to the
observed data in the latter.

In particular, discriminative performance of the treatment prediction model is assessed via the
receiver operating characteristic (ROC) curve. The area under this curve (AUC) measure how
well the model distinguishes between treated and untreated patients, with an area of 1
representing perfect discrimination, and 0.5 representing no discrimination. Calibration is
assessed by comparing the observed frequencies of treatment to the predicted probabilities of
treatment. A calibration curve is plotted, with the help of loess smoothing (Cleveland and
Devlin, 1988). Large deviation of this curve from the 45° line suggests miscalibration in the
model, namely disagreement between the observed frequencies of treatment and the predicted
probabilities of treatment. For a more detailed account of these validation tools, see for
example Chapter 2 of (Vergouwe, 2003).
To assess validity of the 2-stage prediction model as a whole, we produce boxplots containing
predicted outcomes and prospectively observed outcomes for both treatment groups.
Three types of validation will be performed:
-

Internal: performance on the population underlying the sample,

-

Predictive: performance on prospectively obtained data from the same population,

-

External: performance on prospectively obtained data from another population.

Software All estimations, predictions and validations were conducted with the help of the
open source software R (https://www.r-project.org/). The specific R-package glmnet
(Friedman et al., 2010) was used to perform variable selection. The ROC curves were
produced using the package pROC (Robin et al., 2011).

4.3.3 Summary of results
Referring to the motivating example in Section 4.3.1 (see Figure 6), we applied the predictive
modelling approach outlined in Box 4 to our case study on RA. A new bDMARD in
combination with cDMARDs was the treatment of interest (N), compared to cDMARDs alone
(C). We assumed that no observational evidence on the effectiveness of N was available at the
time of the analysis. We had access to individual participant data (IPD) from an RCT
comparing N to C, and to IPD from a Swiss and from a British RA registry. The British RA
registry was used for external validation purposes only. We considered the decrease at six
months in DAS28 as a measure of treatment outcome.
The new patient population of size n = 10.000 was simulated from the Swiss RA registry, as
outlined above, and predictions were generated according to Box 4. Figure 7 and its caption
illustrate the predicted effectiveness of 𝑁𝑁 versus 𝐶𝐶, determined as the difference between
treatment outcomes measured in Swiss registry patients taking 𝐶𝐶 and treatment outcomes
predicted in simulated individuals assigned to receive 𝑁𝑁.
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Figure 7 Predicted effectiveness of N versus C. The average change in DAS28 was -2.10 in the simulated N
patients and -0.78 in the observed C patients.

Model validation Internal validation We evaluated how well the treatment prediction model
performed on samples drawn from the population underlying the SCQM. The validation
sample was made up of the Swiss registry patients that were using the similar treatment S, or
the control treatment C. Development samples were created by bootstrapping this validation
sample (Efron and Gong, 1983). The bootstrap is a popular approach for simulating
approximate samples from a population in the context of internal validation, see (Steyerberg
et al., 2001). The ROC and calibration curves obtained are displayed in Figure 8. These were
averaged out over 200 bootstrapped development samples. The average AUC was 0.93. The
model correctly predicted treatment assignments for around 82% of patients on average, when
the treatment decisions were drawn from Bernoulli random variables parametrized by the
predicted treatment probabilities. Based on these results we concluded that internal validity of
the treatment prediction model was satisfied.
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Figure 8 Discrimination and calibration of treatment predictions for SCQM patients following the similar
treatment S vs patients following the control treatment C. Left: receiver operating characteristic (ROC)
curve. Right: calibration curve, smoothed via loess.

Predictive validation We evaluated the performance of our model when predicting treatment
and outcome for SCQM patients that followed the new treatment N. Note that in a typical
scenario this type of prospectively-obtained data will not be available. The model was
developed based on the set of patients in the registry that followed the treatment S, or the
control treatment C. The resulting ROC and calibration curves, averaged over for the
treatment predictions200 sets of predictions, are displayed in Figure 9. The AUC was 0.91.
Thus the model displayed good discriminative ability when predicting treatment assignments.
There was however some measure of miscalibration, in that the predictive probabilities were
systematically too high relative to the observed frequencies of treatment. This may be due to
one or more treatment predictors that were not taken into account, and that were distributed
differently between the two samples of patients. On average 80% of the patients in the
validation sample were assigned the correct treatment, when using a Bernoulli variable to
assign treatments. The resulting outcome predictions are shown in Figure 10. They agreed
reasonably well with the observed outcomes.
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Figure 9 Discrimination and calibration of treatment predictions in prospectively observed patients of the
new treatment N. Left: receiver operating characteristic (ROC) curve. Right: calibration curve, smoothed
via loess.

Figure 10 Predicted and observed effectiveness of the new treatment N in the Swiss RA registry.

External validation Finally, we assessed the external validity of our model to the British RA
registry. The model was again developed based on patients of the existing similar treatment S
in the Swiss registry. The validation sample consisted in prospectively-obtained data for the
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new treatment N in the BSRBR. The ROC and calibration curves for the treatment predictions
are shown in Figure 11. These were averaged over 200 sets of predictions. The AUC was
0.35, and treatment assignments were correctly predicted for only 44% of the BSRBR
patients. This indicates that we may have missed important country-specific differences in the
way treatments are assigned to patients - reporting standards, treatment guidelines, patient
behavior and interaction with the physician, accessibility of and adherence to treatment may
all differ from country to country, or even within specific regions. Care must be taken when
making treatment predictions in a health system suspected to be very different to the one the
model is developed on. The comparison between observed and predicted outcomes is shown
in Figure 12. The effectiveness was clearly underestimated.

Figure 11 Discrimination and calibration of treatment predictions in prospectively observed patients from
the British RA registry that followed the new treatment N; the model was developed based on the Swiss
RA registry patients. Left: receiver operating characteristic (ROC) curve. Right: calibration curve,
smoothed via loess.
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Figure 12 Predicted versus observed effectiveness for the new treatment N in the British RA population,
with the model developed based on Swiss RA patients. Left: control treatment C, right: new treatment N.

4.3.4 Discussion
Via the proposed modelling approach, we predicted the effectiveness of a new bDMARDcDMARDs combination therapy in RA patients who were likely to receive this treatment in
the real world of a healthcare system. We assumed that only RCT data on the efficacy of this
specific combination therapy were available at the time of the analysis. We generated results
on effectiveness and outcome predictions. In general, we obtained reasonable predictions.
Interestingly, treatment decision had a minor impact on the predicted drug effect in this case
study. The prevalence of the patient and disease characteristics in the target population and in
the patient populations used for model fitting played a much more important role in the
prediction process. Therefore, we conclude that the accuracy of the predicted outcomes
heavily depends on the knowledge of all potential effect modifiers and their impact on the
relative treatment effect. See Box 6 for key points to consider when applying a model to
predict effectiveness.
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Box 6 Key notes and recommendati ons for researchers who consider using the proposed modelling
framework to predict drug effectiveness in the real world.

What are the general advantages of the proposed modelling framework?
•
•
•

•

•

It allows predicting treatment effectiveness prior to launch, i.e. when only Phase
II or III clinical trials are available.
It enriches conclusions from RCTs with insights from everyday clinical practice.
It combines different sources of evidence, including expert advice. Therefore, it
provides a compromise between purely statistical and purely qualitative
approaches to the prediction of drug effectiveness.
Its methodological ingredients are generalized linear models, that is, frequently
used statistical tools which are available in every statistical software package and
well documented in the literature.
In addition, guidance on variable selection and model validation is provided. The
proposed statistical tools are proven state-of-the-art methods. The suggested
variable selection routine accounts for expert advice.

Which assumptions need to be fulfilled?
•

•
•

The target population for the new drug must resemble an observable patient
population receiving an authorized drug in daily clinical practice.
o Both individual participant level RCT data on the new intervention and
individual participant level observational data on the authorized treatment
must be available and include details on important covariates.
o In case detailed guidelines for the new treatment are already available
and these guidelines are expected to be followed once the treatment is
introduced, the identification of a suitable authorized drug may be
unnecessary.
Observational evidence must also be available for the treatment considered as
control treatment in the RCT.
The methods of data collection and reporting must be comparable between the
RCT and the observational studies.

Which enhancements of the proposed modelling framework should be considered
(if possible)?
•

•
•

Use all available sources of evidence! To flexibly weigh and integrate different
sources of aggregate and individual participant data, the purely frequentist
inference concept may be translated to a Bayesian setting.
To investigate more than two treatment arms, use an appropriately implemented
multinomial model in the treatment assignment stage (rather than performing
independent pairwise comparisons)!
Include results from (network) meta-analyses if available!
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Extensions of modelling approach In general, we suggest considering the inclusion of prior
information if available. That is, the purely frequentist inference concept described in this
work may be translated to a Bayesian setting (Gelman et al., 2014). This would allow
accounting for additional sources of evidence – such as aggregate data from observational or
RCT studies on RA. To further extend the existing modelling framework, results from
network (meta-)analyses may be added, which enables the consideration of a whole network
of bDMARD therapies and gives an impression of the expected comparative benefits (T. P. A
Debray et al., 2015; Efthimiou et al., 2016a). Moreover, a long-term-oriented view on
treatment effect and outcome may be desirable. Dynamic treatment regimes with time-varying
confounders and censoring information may be considered, as discussed by Hernan and
Robins 2010.
Guidance Good modelling practice for the suggested modelling framework comprises the
following: First, we recommend to seek expert advice on the allocation of patient and disease
characteristics to treatment predictors, effect modifiers and prognostic factors, as well as on
the choice of an appropriate treatment effect measure. Second, we recommend to perform
internal, external and predictive validation of the model, as outlined in Section 4.3.2.
Applicability In general, the applicability of the modelling approach relies on three key
requisites: firstly, the new medication must be similar to an existing market-approved drug,
i.e. expected to be administered to patients similar to those receiving the licensed medication.
The existence of such a similar drug is not guaranteed and its identification requires in-depth
consultations with clinical experts. In case detailed guidelines for the new treatment are
already available and these guidelines are expected to be followed once the treatment is
introduced, the first requirement may be unnecessary. Secondly, both individual participant
level RCT data on the new drug and individual patient level RWD on the existing similar
treatment must be available and include details on important covariates. It is also essential
that both sources of data contain information on the same comparator medication. Thirdly, the
methods of data collection and reporting must be comparable between the RCT and the
observational studies. The question whether the requirements are fulfilled to a satisfying
extent can only be answered on a case-by-case basis. It is also impossible to judge upfront
whether the RCT and real-world databases provide evidence on all relevant effect-modifying
covariates. Prediction accuracy, however, may heavily depend on the knowledge of these
covariates and on their availability. A similar concern arises regarding the fact that we may
miss essential information when considering only those effect modifiers that were selected
end estimated from the RCT data. Non-adherence to medication, for instance, may have an
effect modifying impact in certain real-life patient populations rather than in RCT study
samples.
Limitations When investigating the external validity of our model, we came to the conclusion
that the treatment assignment model had low predictive power. Pharmaceutical researchers
and policy makers should thus be aware that this part of our modelling framework may not be
appropriate to predict the effectiveness of a new drug in a different healthcare system, that is,
in a healthcare system other than the one from which the RWD used for model development
were taken. The model predicting treatment outcome may still be usable, however, e.g. to
assess the effectiveness of the new drug (independent of treatment decision) in a certain
subgroup of patients. Before transferring the model to an entirely new patient population,
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local health promotion and management facts should be investigated, including an
examination of the local treatment guidelines and reimbursement policies.
Stakeholder feedback The presentation of our modelling approach on diverse conferences
and workshops generated much interest and positive feedback. At the same time, a number of
questions and critical comments were raised. One concern was that we so far only focused on
patient and disease characteristics when predicting drug effectiveness from trial efficacy data.
The efficacy-effectiveness gap, however, may be caused by a variety of further factors,
including non-adherence to medication and the influence of reimbursement on the decision to
prescribe a certain treatment. A further critical remark concerned our assumption that those
patients taking the “similar” treatment S would be likely to also receive the new drug N after
its launch. We did not account for the fact that adverse events in certain types of S patients
may exclude them from being considered as potential N patients.
Key conclusion With the help of our RA case study, we conceptualized and implemented a
helpful and logically sound modelling tool to predict treatment effectiveness prior to launch,
i.e. when only Phase II or III clinical trials are available. Building on its intuitive structure,
further methodological development can be explored and a wide range of drug effectiveness
problems, such as dynamic treatment regimens, may be investigated. This case study
complements work that has been done in Work Package 1. In their non-small cell lung cancer
case study4 , RCT results were extrapolated to the real-world by re-weighting them with
propensity weights derived from a real-world study.

See https://www.imigetreal.eu/Portals/1/Documents/01%20WP1%20deliverab les/Deliverable%201.5%20and%201.6%20Co mb ined
%20Report%20-%20NSCLC_webversion.pdf
4
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5 Software platform and tools
A summary of key points on ADDIS and GeMTC can be found in Box 7. More detailed
descriptions follow in Section 5.1 and 5.2, respectively.
Box 7 Key points on ADDIS and GeMTC

ADDIS:
•
•
•

Web-based complete solution for data analysis across clinical trials
Open source, free to use (https://addis.drugis.org)
Core components:
o Data entry, sharing, copying and audit trail/versioning
o Network meta-analysis, network meta-regression and consistency
checking (nodesplitting models)
o Benefit-risk analysis, based either on single studies or on network metaanalyses
o Aggregation of analytical results in reports

GeMTC:
•
•
•
•
•
•

Both R package and web-based interface
Open source, free to use (https://cran.rproject.org/web/packages/gemtc/index.html; https://gemtc.drugis.org)
Web version is a subcomponent of ADDIS
Allows direct uploading of own datasets in CSV or JSON format
Analyses and models are not visible to other users
Network meta-analysis, network meta-regression and consistency checking
(nodesplitting models)

5.1 ADDIS decision support system
ADDIS is a data management and analytical tool for evidence based decision making in
health care. The aim of ADDIS is to enhance the efficiency and transparency of evidence
based decision making by supporting every step of the process and by making both objective
evidence and subjective value judgements explicit.
To achieve this goal, ADDIS is built on three pillars:
•

Data management of a structured database of clinical trials' results

•

Evidence synthesis: combining and summarizing the results of individual studies

•

Benefit-risk analysis: assessing trade-offs between favorable and unfavorable effects
of treatments
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Within GetReal, the main focus has been on expanding ADDIS' evidence synthesis
capabilities, but the data management capabilities have also been significantly expanded.
ADDIS has a modular architecture, and the core analytical functionality is also available in
stand-alone web applications. In turn, those web applications are powered by packages for the
R statistical software.
ADDIS is useful in the following circumstances:
•

You aim to synthesize estimates of treatment effects through (network) meta-analysis.
The available evidence consists of aggregate data, that is, summary level estimates.
Analyses can include randomized controlled trials as well as non-randomized
comparative studies.

•

You want to conduct a benefit-risk analysis, possibly based on evidence synthesis
results.

•

You are willing to make your data publicly available

•

You would like to make use of data made available by others

You may want to consider using GeMTC instead (see Section 5.2) if you are only interested
in evidence synthesis, and one of the following is true:
•

You already have an analysis data table ready, and don't want to re-enter the data in a
study-oriented format.

•

Your dataset includes contrast-based data (comparative treatment effects), and armbased data are not available.

•

Your dataset includes individual participant data (IPD) or a combination of AD and
IPD, which you want to analyze using a two-stage approach.

5.1.1 Key functionalities
•

State-of-the-art methods for evidence synthesis of aggregated data (i.e. summary
estimates of treatment effects), including network meta-analysis and network metaregression. Evidence synthesis in ADDIS is powered by the GeMTC software
developed by GetReal, see Section 5.2.

•

The study-oriented data management component enables greater re-use of data
between analysis projects. ADDIS includes features for sharing extracted study data
between users, and datasets are publicly available by default. This enhances efficiency
when updating or re-analyzing existing datasets.

•

Study design information and results can be imported directly from ClinicalTrials.gov.
Some manual work is required to clean up and harmonize the data.

•

Structured benefit-risk analyses can be constructed either from individual studies or
from the results of network meta-analyses. Structured decision models make explicit
both the underlying evidence and the subjective value judgements that lead to a
decision.
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5.1.2 Limitations
Not all analytical techniques studied by GetReal are available in ADDIS. Rather, we have
focussed on developing a user friendly interface for those methods that are broadly applicable
and where best practice is relatively settled. In particular, the following are currently not
supported by ADDIS:
•

Analysis of individual participant data (IPD).

•

Analysis of contrast-based data (comparative treatment effects).

•

Predicting real-world effectiveness of a new treatment by combining trial evidence on
the new treatment with real-world evidence on a similar treatment.

•

Handling of missing outcome data. When AD is known to be affected by missing
outcome data, several methods have been proposed to adjust the meta-analysis
estimates accordingly. These methods are currently not implemented by ADDIS.

•

All data entered in ADDIS are public by default, and there is currently no way to
make them private. We are considering how a sustainability initiative could remedy
this by offering private instances or in-house deployments.

5.1.3 Material
ADDIS website: https://drugis.org
ADDIS itself: https://addis.drugis.org
ADDIS user manual: https://addis.drugis.org/manual.html
Source code on GitHub: https://github.com/drugis/

5.2 GeMTC software
GeMTC is a web application for advanced evidence synthesis methods, such as network
meta-analysis and network meta-regression.
GeMTC is powered by the “gemtc” package for the R statistical methods, which implements
the methods recommended by the NICE decision support unit and others.
GeMTC can be used by itself (at https://gemtc.drugis.org/), or through the ADDIS data
management and analysis software, see Section 5.1.
By providing a user friendly interface to important but complex analytical methods, GeMTC
enables broader access to these methods. GeMTC also helps analysts adhere to best practice
guidelines.
The GeMTC web application is useful when you already have a data table ready for analysis,
and you want to perform one of the supported analyses without having to do any statistical
programming. If you are interested in data management and data sharing, or have not yet
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extracted the data for analysis, consider using the ADDIS software for data management and
analysis instead (see Section 5.1). ADDIS also allows evidence synthesis to be followed up
with a benefit-risk analysis. On the other hand, if you need greater flexibility in defining your
analyses, consider using the “gemtc” package for the R statistical software instead of the user
interface.

5.2.1 Key functionalities
GeMTC implements the following state-of-the-art methods for evidence synthesis of
aggregated data (i.e. summary estimates of comparative treatment effects):
•

Network meta-analysis

•

Meta-regression: correct for between-study confounding by adjusting for study-level
factors such as allocation concealment or (average) disease severity at baseline

•

Network meta-regression: a network meta-analysis adjusted for confounding

•

Design-adjusted network meta-analysis (see also Section 3.1): a network metaanalysis in which studies of less reliable designs (e.g. non-randomized studies) are
down-weighted

•

Tools for analysing between-study heterogeneity of effect sizes, inconsistency in
network meta-analysis, and the relative goodness-of-fit of different models (see also
Section 3.1).

GeMTC can analyse both arm-based data (absolute treatment effects) and contrast-based data
(comparative treatment effects), or a combination of both. Data are provided as CSV (comma
separated values) files. See the GeMTC manual for details.

5.2.2 Limitations
•

Analysis of individual participant data (IPD) (see also Section 3.2) is not directly
supported by GeMTC. However, it is possible to use GeMTC in the second stage of a
two-stage approach to analyzing IPD. First, each trial needs to be analyzed using
appropriate statistical methods and the summary estimates can then be meta-analyzed
using GeMTC. Disadvantages of the two-stage method include reduced statistical
power and the risk of ecological bias.

•

GeMTC can not analyze datasets with missing values.

•

You will need a good understanding of the methods to be able to correctly interpret
the results.

•

GeMTC is a publicly available web-based system. Data protection requirements may
not allow you to use it. We are considering how a sustainability initiative could
remedy this by offering private instances or in-house deployments.

5.2.3 Material
GeMTC web application: https://gemtc.drugis.org
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Source code on GitHub: https://github.com/drugis/
GeMTC manual: https://gemtc.drugis.org/manual.html

6 Recommendations
6.1 Recommendations for NMA
Choosing an appropriate NMA method for comparing several treatments depends on the
available evidence. Table 2 summarizes how the form of the data (summary- level data and/or
individual participant level data) and the design of the studies to be synthesized (RCTs and/or
real-world studies) determine the choice of method. For study designs and forms of data that
were covered by our case studies, we provide points to consider and detailed instructions on
how to carry out the corresponding evidence synthesis. For other scenarios, we provide
references that give guidance on the respective methods.
Table 2 NMA methods depending on available data.

Form of data

Studies
design

AD only

IPD (+AD)

RCT only

Depression case study
See Section 6.1.1

Depression case study
See Section 6.1.2

NRS (+ RCT)

See Section 6.1.3

Schizophrenia case study
See Section 6.1.4

Typically, NMAs are based on aggregate data (AD) from published RCTs (see Section 6.1.1).
Deviations from the «standard» NMA may take place in two dimensions: (1) by utilizing
individual-participant data (IPD) from one or more trials and/or (2) by including nonrandomized studies (NRSs) in the evidence-base. The following considerations may guide the
decision when (1) and/or (2) are advantageous: Box 8 provides reasons to include IPD into an
NMA, with Box 9 giving hints on how to prioritize retrieval of IPD for certain studies,
whereas Box 10 provides reasons to include NRSs into an NMA.
Utilizing IPD in an NMA is usually not straightforward. First of all, access to IPD tends to be
limited and sharing of IPD may be selective. In addition, use of IPD often requires extensive
data cleaning and preparation. Finally, the lack of statistical expertise often complicates
proper implementation of IPD-NMA models and may also limit the interpretation and
appraisal of IPD-NMA results.
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When including NRSs in an NMA, reviewers need to keep in mind the potential higher risk of
publication bias in NRSs as compared to RCTs. Moreover, inclusion of NRSs may be
hampered by practical issues, e.g. when there are different definitions of the outcome across
randomized and non-randomized studies, the use of different scales, issues regarding data
availability or data quality, extreme differences between populations, differences in treatment
adherence, etc. In such occasions a joint analysis of randomized and real-world evidence may
prove to be difficult, or even unfeasible.
Hence, deviations from a standard NMA into the aforementioned dimensions are likely to
introduce additional efforts. Researchers have to balance these efforts with the potential
advantages of using IPD and/or non-randomized evidence.
Box 8 Reasons to include IPD into a NMA

•

Inclusion of IPD is recommended when there are concerns about data quality (e.g.
unreported outcomes, inconsistent outcome definitions, inappropriate in- or
exclusion criteria, incomplete follow-up).

•

Inclusion of IPD is recommended when there are concerns about bias (e.g. in case
of drop-out or confounding), this is particularly relevant when including NRSs

•

Inclusion of IPD is recommended when there are concerns about the primary
analysis (e.g. in case inappropriate methods were conducted, or when the used
association measures are not of primary interest).

•

Inclusion of IPD enables identifying effect modifiers (increase power and reduce
risk of bias).
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Box 9 Prioritizing IPD retrieval

We recommend to prioritize IPD retrieval for
•

NRSs,

•

studies that provide evidence on the comparisons of interest and for which relative
treatment effects are in disagreement with one another,

•

studies that contribute towards heterogeneity and/or inconsistency in the (network)
meta-analysis,

•

studies for which summary data have not been derived through recommended or
desired statistical procedures

•

studies where comparisons of interest with potential effect modification have been
compared head-to-head,

•

studies that are highly relevant to the network but suffer from important
deficiencies (e.g. in terms of data quality, if this can be addressed using statistical
analyses).

56

Box 10 Reasons to include NRSs in a NMA

•

RCTs are often small and have very strict inclusion criteria, which may limit their
applicability to real-world populations. Inclusion of non-randomized studies
(NRSs) may help to improve the generalizability of research findings.
Furthermore, the increased sample size may help to identify clinically relevant
subgroups and to tailor treatment strategies since precision and power increase,
which is especially relevant when evidence from RCTs is sparse (e.g. rare events).

•

Inclusion of NRS allows to avoid surrogate outcomes and to focus on patientoriented (e.g. quality of life) and long-term outcomes.

•

Inclusion of NRS allows to corroborate conclusions drawn from RCTs and to
reassure decision- makers that experimental findings are transferable to real-world
populations.

•

Inclusion of NRS can be valuable for the case when there are only few RCTs
available in the evidence-base, such that the network of RCTs has two or more
disconnected parts and the NRSs provide information on the missing links between
the disconnected parts. This will allow comparing treatments which could not be
compared based on RCTs alone. We refer to the rheumatoid arthritis case study
conducted in Work Package 1 (Deliverables D.1.5 and D.1.6 Case Study Review
RA).

•

Research questions that regard the harms of interventions are generally considered
to be less at risk of selection bias in observational studies. In such cases NRSs may
constitute important sources of information.

6.1.1 Standard NMA (NMA on AD from RCTs)
(Efthimiou et al., 2016a) provide a comprehensive review of available NMA methods.
Several key articles summarized in this review describe the advantages and limitations of the
method and provide guidance on assessing the underlying assumptions of the model, giving
recommendations for good practices in NMA (Dias et al., 2013a, 2013b; Salanti, 2012;
Salanti et al., 2008). Limitations of AD-NMA have been highlighted in the depression case
study, see also Section 4.2. Based on these findings, we recommend the following:
General:
•

Any AD (network) meta-analysis should be preceded by a systematic review and
critical appraisal of the available evidence.

Assessing the assumptions of the model before the analyses:
•

Treatments need to be “jointly randomizable”

•

Treatments should be administered at the same form (e.g. in terms of dosage, duration,
pill/injection, etc.) across comparisons
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•

There should not be important differences in the distribution of the effect modifiers
across comparisons

Analyses:
•

NMA models need proper tailoring in order to avoid heterogeneity and inconsistency.
Problems typically arise when reported AD are insufficient summary statistics. This
situation may, for instance, occur when studies adopted inappropriate analyses or did
not properly account for confounding. Issues may also arise when relevant outcomes
have not been measured in all studies, when studies suffer from informative drop-out,
when treatment-effect modification occurs, etc. In order to avoid data dredging, design
choices should be pre-specified in a study protocol

•

When evaluating summarized treatment effects to decide upon relative efficacy, it is
important to consider heterogeneity and network inconsistency. In the presence of
high statistical inconsistency, one should refrain from synthesizing the data using
NMA. In the presence of low inconsistency researchers can use an inconsistency
model (see review by (Efthimiou et al., 2016a) for details); results should be
interpreted with caution.

•

Sensitivity analyses are crucial to understand the potential impact of key assumptions
in the modelling process. A minimal set of sensitivity analyses should be pre-specified
to avoid data dredging.

•

When adopting a Bayesian framework, it is important to discuss the choice of prior
distributions. Particular caution is warranted when modelling variance parameters
(such as heterogeneity), as they typically cannot be assigned non-informative prior
distributions. This implies that perceived heterogeneity may vary according to the
chosen prior distribution, and thereby influence network consistency and precision of
relative treatment effects.

6.1.2 NMA including IPD (+AD) from RCTs
When conducting an NMA for which IPD of some or all of the included RCTs are available,
we recommend to consider the following points:
General:
•

Any IPD (network) meta-analysis should be preceded by a systematic review and
critical appraisal of the available evidence.

•

When considering evidence synthesis, it is often advantageous to start with a twostage meta-analysis. Hereby, the IPD of each study is first summarized into aggregate
data (e.g. representing a relative effect estimate), and subsequently summarized using
traditional meta-analysis methods. This approach also allows to include studies not
providing IPD, and can therefore be used to explore the data without requiring
advanced statistical software and expertise

Analyses:
•

IPD-NMA models need proper tailoring in order to avoid heterogeneity and
inconsistency. Problems may arise when some studies do not provide IPD, when
relevant outcomes have not been measured in all studies, when studies suffer from
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informative drop-out, when treatment-effect modification occurs, etc. In order to avoid
data dredging, design choices should be pre-specified in a study protocol.
•

When evaluating summarized treatment effects to decide upon relative efficacy, it is
important to consider heterogeneity and network inconsistency.

•

Sensitivity analyses are crucial to understand the potential impact of key assumptions
in the modeling process. A minimal set of sensitivity analyses should be pre-specified
to avoid data dredging.

•

When adopting a Bayesian framework, it is important to discuss the choice of prior
distributions. Particular caution is warranted when modeling variance parameters
(such as heterogeneity), as they (typically) cannot be assigned non-informative prior
distributions. This implies that perceived heterogeneity may vary according to the
chosen prior distribution, and thereby influence network consistency and precision of
relative treatment effects.

IPD collection:
•

Retrieval of IPD should be prioritized when NMA that are based on AD suffer from
heterogeneity and/or network inconsistency. See also Box 9 above.

(T. P. A. Debray et al., 2016) provide a best practice example illustrated with a case study in
depression, see also Section 3.2.
(Efthimiou et al., 2016a) summarized the currently available methods for combining AD and
IPD from RCTs in a joint NMA. (P. Saramago et al., 2012) developed a series of Bayesian
models, which also allow the inclusion of studies with different designs (cluster and
individual allocation). (Donegan et al., 2013, 2012) presented a model for combining IPD
and AD in a joint analysis, exploring three alternative specifications (unrelated, exchangeable
and common interactions;) The inclusion of both IPD and AD in the analysis was shown to
lead to an increased precision of the estimates of the regression coefficients and a better
assessment of the consistency assumption. A similar model was proposed by (Jansen, 2012).
(Ali et al., 2013) discussed the use of IPD in order to identify possible interactions between
treatment effects and potential effect modifiers; when such modifiers are found to be unevenly
distributed among studies, the authors suggest that NMA models need to account for these
differences.

6.1.3 NMA including AD from NRSs (+RCTs)
(Dias et al., 2013c) described how non-randomized studies can be used to inform a ‘baseline
natural history model’. Evidence from such studies can be used to estimate the absolute effect
for a reference treatment. This can in turn be combined with NMA results for the relative effects
of active treatments, in order to obtain an estimate of the absolute treatment effects.
(Schmitz et al., 2013) proposed three alternative models for jointly synthesizing information
from RCTs as well as non-randomized studies. (Soares et al., 2013) discussed the use of
observational data for the case that there are sparse and few data in an NMA. In their
approach such data were used to inform the baseline effects, but did not directly contribute to
the relative treatment effects.
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6.1.4 NMA including IPD (+AD) from NRSs (+RCTs)
When conducting an NMA for which AD and IPD RWE is available, we recommend to
consider the following points:
Data preparation:
•

Adjusting estimates from non-randomized studies should be performed using valid
statistical methods, so as to minimize the risk of bias. Availability of IPD facilitates
the process. An overview of methods for estimating relative treatment effects from
non-randomized evidence has been given by (Faria et al., 2015) Adjusted estimates,
however, may still be biased due to residual confounding. The extent and
directionality of this bias may be hard to assess

Comparing randomized and non-randomized evidence:
•

Randomized and non-randomized evidence should first be analyzed separately and
results should be scanned for important discrepancies.

Choice of appropriate method:
•

If no inconsistencies are found across the different sources of evidence for each
treatment comparison, a synthesis of all available evidence in a NMA can be
performed using an array of different approaches presented and illustrated in our
schizophrenia case study (see Section 4.1): the naïve analysis, the design-adjusted
analysis, the use of informative prior distributions and the three-level hierarchical
model.

•

Network meta-regression can be used to account for differences in the populations of
patients included in the RCTs vs. real-world studies. However, network metaregressions are generally expected to be underpowered, while (unless there are some
IPD available) there is always the danger of ecological bias.

•

A choice between the various approaches should be primarily dictated by
considerations relative to potential sources of bias in the available evidence. A choice
can also take into account the ease of interpretation and the resources available in the
review team. Choices should be clearly described in the protocol. Table 1 in Section
4.1.4 summarizes the discussed methods. The decision tree in Figure 13 may also
guide the user to the appropriate methodological approach. Reaching a red box
indicates a fatal flaw of NMA including RWE. The green boxes contain methods used
and described in the schizophrenia case study.

Sensitivity analyses:
•

All approaches presented allow for a range of sensitivity analyses to control the
impact of the non-randomized evidence in the pooled estimates in relative effects.
Such sensitivity analyses are necessary to assess the impact of possible biases in the
observational evidence.

Further recommendations for combining RCT data and RWE in AD and IPD format are
provided in (Verde et al., 2016). Also, Thom et al. developed an extension of NMA
methodology that allows the completion of disconnected networks of RCT evidence through
the inclusion of single-arm before-and-after observational studies (Thom et al., 2015). Finally,
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in their review on IPD (N)MA, (Thomas P. A. Debray et al., 2015) provide guidance on the
use of NMA including IPD RWE. See also Section 3.2.
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Figure 13 Decision tree for conducting a NMA including AD and IPD RWE (assuming that the network is connected)
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6.2 Recommendations for modelling to predict effectiveness
The modelling approach we present in Section 4.3 can be used to predict real-world
effectiveness of a new treatment prior to its market approval. In Section 6.2.1, we present a
number of prerequisites and one assumption first need to be met.
When setting up our two-stage model, we chose among several modelling procedures and
model parameters which we describe in Section 6.2.2- 6.2.3. We provide recommendations on
how to choose them and results from sensitivity analyses corroborating our choice.
The performance of a predictive model should be evaluated by model validation, which we
present in Section 6.2.4 for our two-stage model.

6.2.1 Prerequisites and assumption
A number of prerequisites must be met:
1) Existence of similar treatment: There exists a market-approved treatment which is
similar to the new treatment for which predictions are to be made.
2) Access to IPD: RCT data on the treatment for which predictions are to be made and
RWD on the similar treatment are available in IPD format.
3) Comparability of databases: Variable collection is sufficiently similar in the RCT
and in the real-world study (e.g. comparable follow-up periods, measurement of
treatment outcome variables and patient and disease characteristics).
We impose the following assumption:
No unmeasured predictors: We assume that all covariates with a potentially
significant impact on treatment decision and/or effect were measured in the RCT and
in the real-world study.
If prerequisite 1) is not met, the treatment decision model might be replaced by a
deterministic rule established with the help of clinical experts (e.g. patients with a certain
treatment history will be more likely to receive the new treatment than patients with another
treatment history). In case prerequisite 2) does not hold, information on prognostic factor and
effect modifier effects might be retrieved from the literature. Note that if the assumption of no
unmeasured predictors is not satisfied, the predictive performance of the model will decrease.

6.2.2 Treatment decision procedure
For each patient, the treatment decision model predicts a probability 𝑝𝑝� to receive the new
treatment, based on the patient’s characteristics. To decide whether the patient actually
receives the new or the control treatment, we recommend drawing a random sample from a
Bernoulli distribution with success probability 𝑝𝑝� in order to account for the uncertainty in the
predicted parameter 𝑝𝑝�. We repeat this 1000 times for the whole patient population, predict the
treatment outcomes and take the average over the 1000 runs in the two resulting treatment
groups.
In case we have an idea about how the prescription practice of the new treatment will change
in comparison to the similar, old treatment, we could also compare the predicted probability 𝑝𝑝�
with a decision benchmark 𝑏𝑏 (if 𝑝𝑝� ≥ 𝑏𝑏, the patient receives the new treatment, if 𝑝𝑝� < 𝑏𝑏, the
patient receives the control treatment). Setting 𝑏𝑏 = 0.5, > 0.5 , < 0.5 reflects a constant,
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increasing, decreasing tendency, respectively, to administer the new treatment compared to
the similar, old treatment.
In a sensitivity analysis, we compared the outcomes of the model, i.e. the predicted change in
DAS28 after six months for the RCT population and the real-world population, when the
treatment decision is based on the Bernoulli distribution or when it is based on the decision
benchmark 𝑏𝑏, evaluating a range of values for 𝑏𝑏 (𝑏𝑏 ∈ {0,0.25,0.5,0.75,1}). The outcomes
varied only slightly, showing that the model results are robust to our choice.

6.2.3 Variable selection procedure

Patient and disease characteristics may fall into one or more of the three categories (i)
treatment predictors, (ii) prognostic factors and (iii) effect modifiers. We recommend first
seeking advice from clinical experts on how they would characterize the variables and then
performing statistical variable selection to assess the remaining ones. In this way, we ensure
that the variable selection is not solely based on statistical findings.
In a sensitivity analysis, we varied the recommended procedure such that we (i) included only
those variables proposed by the clinical experts, (ii) included only those variables selected
statistically, and (iii) included all available variables. The model predictions changed only
slightly with regard to (i)-(iii), showing that the model results are robust to our choice.
There exist several statistical variable selection procedures: stepwise procedures such as
forward, backward and bi-directional selection, and automatic procedures such as the LASSO.
We recommend using the LASSO, which is a widely-accepted automatic parameter selection
method that is fully implemented in most of the statistical software packages, see for example
(Adrian Mander, 2006; Friedman et al., 2010; Sjöstrand, 2005).

6.2.4 Validation
It is important to assess whether the predictive model will be clinically useful, i.e. whether the
future predictions are accurate and can be relied upon for decision-making. Various types of
model validation can and should be considered - names and definitions tend to vary
depending on context and author. It is, however, widely accepted that developing and
validating a predictive model on the same sample (“apparent” validation) will likely lead to
over-optimism when assessing the performance of the method. While internal procedures
such as bootstrapping or cross-validation may partially attenuate this (Steyerberg et al., 2001),
we also recommend validating the model on samples of patients not involved in the model
fitting process, see (Moons et al., 2012). These samples may for example take the form of
prospectively obtained data, and patient records from a different timeline or geographical area
(see the ‘predictive’ and ‘external’ validation in Section 4.3.2 and 4.3.3). Access to
appropriate databases is a prerequisite for this.

6.3 Recommendations for software
Several graphical user interfaces for evidence synthesis are available. For simple metaanalyses, Cochrane RevMan 5 (free to use) is often sufficient. For more complex analyses,
including meta-regression, Comprehensive Meta-Analysis (commercial) is likely to be more
appropriate. The GeMTC web application (open source) provides network meta-analysis and
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network meta-regression in a Bayesian framework. EPPI Reviewer (commercial) provides
network meta-analysis and other advanced analyses built on frequentist methods in a web
interface.
Graphical user interfaces enable evidence synthesis at various levels of complexity, but
ultimately can not compete with programmable statistical software on flexibility. For R,
gemtc, netmeta, metafor, and mvmeta are important packages to consider for (network) metaanalysis and meta-regression. For Stata, mvmeta appears to be the most complete offering.

6.4 Stakeholder feedback
On several meetings, the methods considered and developed by WP4 received feedback from
various stakeholders, including HTA and regulatory agencies, industry and academia. We
summarize this feedback in the following four sections and conclude with recommendations
arising from this feedback.

6.4.1 NMA including RWE
Concerns with use of NRS
•

Danger of publication bias and selective availability of IPD

•

Quality of the data

•

Lack of standardization

6.4.2

(N)MA including IPD

Concerns with use of IPD
•

Data availability

•

Complexity of statistical methods

•

Costs

•

Expertise

•

Regulation: HTA requires AD-NMA and thus no incentive for industry to do IPD
analyses. One exception are matching adjusted indirect comparison (MAIC) analyses,
where use of IPD is more common. However, acceptability of these methods vary by
different stakeholders.

6.4.3 Modelling to predict real-world effectiveness
Concerns with use of models to predict real-world effectiveness
•

Lack of data to populate the models

•

Presence of missing data:
o Drug adherence is big problem in RWE data, but usually not measured. In
RCT you know which patients took or did not take prescribed medication. The
only thing you can check in RWE data is how often people are refilling
prescriptions.
o Missing data likely to be informative
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•

Assumptions/requirements for applying the proposed modelling strategies are unlikely
to be fully satisfied, i.e. IPD on similar drugs not often available due to contemporary
marketing strategies.

•

Risk of bias:
o adherence differences between RCT and RWE data
o Quality of the (non-randomized) data
o Heterogeneity and effect modification (e.g. data from academic vs local
setting)

•

Prediction of drug prescription can be "easy" within a certain health or reimbursement
system (country), but likely more difficult in combined data. Typical determinants are
prior drugs and type of drugs.

•

Lack of validation

6.4.4 Software for NMA
Some stakeholders criticized that software for conducting NMAs should not come as a black
box. Transparency on the underlying assumptions is crucial so that the tools are not misused.
A regulatory rubberstamp proving the quality of the developed software tools could ensure
that they are fit for purpose.

6.4.5 Recommendations based on stakeholder feedback
•

Need to educate people about the advantages of IPD and the concerns of AD

•

Need for tools to assess publication bias in IPD (selective availability of IPD sets)

•

Need to standardize registries

•

Need for bias assessment tools of non-randomized data sources

•

Combining RCT and RWE should not be pursued unless they answer the same
question. What do we want to estimate? Are we trying to estimate the effect in a trial?
Or the effect in a population not in the RCT?

•

Predictive models appear most useful for:
a. exploratory analyses (e.g. decide whether to conduct phase III trial), and
b. early HTA: what effect do we need to find to develop a new drug?

•

Validation of models to predict effectiveness is crucial to fully appraise their potential
usefulness

7 Concluding Remarks
GetReal Work Package 4 has researched a series of methods, developed a software platform,
analysis tools and utilities, and provided recommendations and best practices for evidence
synthesis and modelling approaches that can be used to predict real-world effectiveness.
These recommendations are mainly based on a small number of case studies. The statistical
methods that have been investigated enable randomized and/or non-randomized aggregate
and/or individual participant data (IPD) to be combined. The case studies have illustrated
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how to correctly apply these methods, have emphasised key assumptions required, and have
highlighted the potential biases and limitations which need to be carefully considered. A
number of best practices and recommendations have been informed from the systematic
literature reviews of the methods, and using feedback and experiences gained from the case
studies in addition to collaborating with similar modelling work undertaken by Work Package
1. A number of stakeholders, independent from GetReal, have provided a useful critique of
the project deliverables.
The case studies have shown these newer methods for evidence synthesis and modelling to
predict effectiveness can be implemented using existing and new software tools. However,
more case study applications would be useful to better understand how well the methods work
in different clinical settings. In addition, simulation studies exploring the operating
characteristics of these newer methods are needed. The acceptability of these methods by
different stakeholders such as industry, regulators, HTA agencies and academics is also not
well understood at this time.
There is increasing availability of non-randomized ‘real world’ evidence and access to IPD,
and it is expected the methods available to utilise this data in evidence synthesis and for
modelling to predict effectiveness will continue to evolve. Further research will be needed to
better understand these methods and their potential applications in a broader range of case
study scenarios and simulation studies. A consequence of earlier and better planning
considerations for evidence synthesis and modelling activities may also lead to more informed
discussions relating to optimising study designs to improve the evidence being generated and
how the evidence will inform health-care decision making.
The interest in pragmatic trials among all stakeholders in the field of drug development,
including industry and HTA agencies, has increased considerably in the last years, since
pragmatic trials may provide useful information on the relative effectiveness of treatment
strategies in routine clinical practice. WP3 has developed a decision support tool to raise
awareness of operational challenges of more pragmatic design features and provide solutions
where possible. However, statistical pitfalls when analyzing data coming from pragmatic
trials have hardly been assessed so far, and future research is needed on how to analyze and
incorporate pragmatic trials into (network) meta-analyses and prediction modelling.
An amendment for ICH E9 (“Statistical Principles for Clinical Trials”) is under development,
focusing on estimands (treatment effects of interest) and sensitivity analyses. This amendment
will further emphasize the importance of ensuring similar estimands are being compared in
network meta-analyses. 5
In summary, there are a range of methods to synthesize different sources of randomised and
non-randomised evidence and generate robust evidence for regulatory and reimbursement
decision making. The recommendations and best practices provided in this report, along with
the software tools and utilities developed, will help researchers implement robust evidence
synthesis and modelling strategies.

See also
http://www.ich.org/fileadmin/Public_Web_Site/ICH_Products/Guidelines/Efficacy/ E9/ E9__R1__Final_Concept
_Paper_October_23_2014.pdf
5
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