O IT N MEMBER STATE COORDINATION GROUP
1 h ON HEALTH TECHNOLOGY ASSESSMENT

Methodological Guideline for
Quantitative Evidence Synthesis:
Direct and Indirect Comparisons

Adopted on 8 March 2024 by the HTA CG pursuant to Article 3(7), point (d), of

Regulation (EU) 2021/2282 on Health Technology Assessment

The document is not a European Commission document and it cannot be regarded as
reflecting the official position of the European Commission. Any views expressed in this
document are not legally binding and only the Court of Justice of the European Union can
give binding interpretations of Union law.



Methodological Guideline for Quantitative Evidence Synthesis: Direct and Indirect Comparisons

Contents
TaDIE Of FIQUIES e e e e e e e e e e e 4
LISt Of BCIONYIMS L. 5
YU 10 010 1= Y P 6
[ Introduction, objective and SCOPE .......ooviiiiiii i 9
Il Analysis and discussion of methodological iISSUES.........cccccvvvvviiiiiiiiiiiinnnn. 12
L. TYPES Of @VIAENCE. ..ot e e e e e e e e eaaees 12
2. NEtWOTIK Of EVIAENCE ... e e e e 13
3. General statistical CONSIAErationS.........coovvvviiiiiiiiiiiiiiiiiiieeeeeeeeeeee e 16
3.1. Assumption of exchangeability ..............cccoovuiiiiiiii e, 16
70 O 1 71 = 11 Y2 16
3.1.2. HOMOQENEILY ..ot 17
3.2, RODUSINESS ... e 17
3.3, SOUICES Of DIAS .. 18
3.4. Fixed-effect and random-effects approaches for evidence synthesis............. 18
3.5. Frequentist and Bayesian approaches ...........ccoooooiiiiiien 19
3.6. Use of IPD and aggregate datal..........ccooeeeeeeiiiieeeeeeeeeeeeeee e 19
4, Dir€Ct COMPAIISONS ... e e e et e e e e e e e e e earaaas 21
4.1. Frequentist @PPrOACH .........ooouiiiiiii e a e 21
4.2. Bayesian approach ... 22
5. INAITECT COMPAITSONS. ..ttt bbbt ee bbb nnennes 24
5.1. Bucher’s method for anchored indirect compariSons ............cccoeeveeeeeeeeeeeeeenn. 24
5.2, Network Meta-analySiS .......cccooooioiiieeeeeeeee e 25
5.2.1. Frequentist approaches for NMA ..., 25
5.2.2. BayeSian NMA ..o 26
5.2.3. NMA of time-to event data .........ccoeeeeeeeeeeeeeeeeeeeeeee e 26
5.3. Population-adjusted methods for indirect comparisons............ccccoevevvuieeeenn.. 26
5.3.1. Simulated treatment COMPAriSON ..........ccuuuuuiiiieeeeieiiiiaae e 27
5.3.2. Matching-adjusted indireCt COMPAriSON ..........ccooveeieeeiiiieeeeeeeeeeeeee e 28
5.3.3. Multilevel network meta-regreSSion.........ooooeeeeeeeeeeeeeeeeeeeeee e 28
6. Comparisons based on non-randomised evidence..........cccccceeeeieeeerveeiiinnnnnn. 30
6.1. General CONSIAEratioNS ..........ccevuuiiiiiiie e e e e e e e 30
6.2, PrOPENSILY SCOMES. ...t 31



Methodological Guideline for Quantitative Evidence Synthesis: Direct and Indirect Comparisons

1"l (@0]  [o3 LU T 101 o [P

References



Methodological Guideline for Quantitative Evidence Synthesis: Direct and Indirect Comparisons

Table of figures

Figure 1 — lllustrative Nnetworks of @VIAENCE ........cccooeeieieeeeeee

Figure 2 — Disconnected networks



Methodological Guideline for Quantitative Evidence Synthesis: Direct and Indirect Comparisons

List of acronyms

CG Coordination Group

GRADE Grading of recommendations assessment, development and
evaluation

HTA Health technology assessment

HTAR Health technology assessment regulation (Regulation (EU)
2021/2282)

HTD Health technology developer

IPD Individual patient-level data, also known as individual patient data or
individual participant data

JCA Joint clinical assessment

KH Knapp-Hartung

MAIC Matching-adjusted indirect comparison

ML-NMR Multilevel network meta-regression

NMA Network meta-analysis

PICO Population, intervention, comparator, outcome

PRISMA Preferred reporting items for systematic reviews and meta-analyses

RCT Randomised controlled trial

RoB Risk of bias

STC Simulated treatment comparison




Methodological Guideline for Quantitative Evidence Synthesis: Direct and Indirect Comparisons

Summary

To assess the relative efficacy or effectiveness of a new intervention compared to one
or more existing interventions (the comparators; e.g., the current standard treatment) in
the presence of multiple sources of evidence, appropriate methods for evidence
synthesis should be used. Randomised controlled trials (RCTs), provided they are well
designed and have low risk of bias, are the gold standard for informing estimates of
treatment effectiveness and should be used for evidence synthesis when possible. Thus,
we assume that the evidence synthesis considered is based on adequate RCT data
unless otherwise stated. The objective of this document is to describe the most
commonly used methods for direct and indirect treatment comparisons, including their
underlying assumptions, strengths and weaknesses. The document is not a
methodological textbook and does not give a detailed description of the statistical
techniques described. The guideline is aimed at assessors in the context of the EU
regulation for the conduct of joint clinical assessment of health technologies (HTAR),
although the relevance for other stakeholders is recognised. All methods for evidence
synthesis (direct as well as indirect comparisons) are based on the fundamental
assumption of exchangeability, which may be investigated by assessing similarity,
homogeneity and, for indirect comparisons, consistency, of the trial data included. If this
fundamental assumption is violated, the results of the corresponding evidence synthesis
are unlikely to provide a meaningful estimate of treatment effectiveness. If the between-
trial heterogeneity is considered to be too large to justify an overall evidence synthesis,
but the heterogeneity can be explained in terms of study and patient characteristics,
appropriate evidence syntheses should be performed using the corresponding groups of
trials or subgroups of patients. This results in different effect estimates for the different
subgroups. Meta-regression can also be a useful tool to explore heterogeneity further
and to identify factors contributing to it. However, while these methods are likely to
reduce heterogeneity, it is unlikely that they will eliminate it completely. Therefore, a new
assessment of heterogeneity is required after the application of subgroup analysis or
meta-regression.

General options for evidence synthesis involve the use of a fixed-effect or a random-
effects model and application of frequentist or Bayesian methods for the effect
estimation. In most practical situations, a random-effects model is the appropriate choice,
although in some situations a fixed-effect model can be justified. Both frequentist and
Bayesian approaches may be used. Bayesian approaches are especially useful in
situations with sparse data. However, a clear justification of the prior distributions applied
is required. The use of individual patient data (IPD) should be preferred as it offers the
potential for exploring additional and potentially more appropriate statistical analyses
compared to aggregated data.

Useful frequentist methods for direct comparisons via a fixed-effect model (fixed-effect
pairwise meta-analysis) include the inverse variance method for continuous data and the
Mantel-Haenszel method for binary data. The recommended frequentist approach for
random-effects meta-analyses is the Knapp-Hartung (KH) method in cases involving at
least five studies. In situations with fewer than five studies, and where the assumption of
random effects is appropriate, alternative methods for evidence synthesis are frequently
required, such as Bayesian approaches, a qualitative summary of the study results or
the beta-binomial model.
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In situations where no direct RCT evidence on a comparison of interest is available or
where multiple treatments must be compared simultaneously, indirect comparisons may
be used. In general, direct comparisons are preferable to comparisons based on indirect
evidence alone because the latter are associated with greater uncertainties. If indirect
comparisons are required, in general only anchored indirect comparisons respecting
randomisation are appropriate, which requires that the evidence network is connected.
Useful approaches for anchored indirect comparisons include the Bucher method and
the frequentist and Bayesian approaches for network meta-analysis. In cases where
anchored indirect comparisons are not feasible, alternative methods are available, but it
is unlikely that these adequately eliminate bias due to lack of randomisation.

If the similarity assumption is not met, methods for population-adjusted indirect
comparisons might be considered, provided that the network is connected and IPD are
available for some of the trials included. These methods require that all effect modifiers
relevant for adjustment are measured. However, this is often unverifiable and
unattainable. Therefore, it is imperative that the robustness of the results derived from
population-adjusted indirect comparisons are thoroughly investigated to ascertain
whether the population-based adjustment leads to an estimate of the treatment effect
with higher certainty of results. The model and covariate selection strategies for
adjustment must be prespecified and based on transparent criteria. Owing to the greater
uncertainties associated with population-adjusted methods, a sufficiently large treatment
effect estimate is required, which can be formally evaluated via testing of shifted
hypotheses. This means that a conclusion can be drawn regarding an effect only if the
confidence interval lies completely above or below a certain pre-specified threshold
shifted away from the zero effect.

In any situation with non-randomised data, such as observational evidence and single-
arm trials, or in the case of disconnected networks, complete access to the IPD is
required in order to apply methods that can adequately adjust for confounding. Again,
these methods require that a set of all covariates (confounders, prognostic variables, or
effect modifiers) relevant for adjustment are measured. However, this is often
unverifiable and unattainable. Therefore, it is imperative that the model and covariate
selection strategies for adjustment are prespecified and based on transparent criteria.
Use of propensity scores is a method frequently applied. The assumption of conditional
exchangeability needs to be met and can be assessed by investigating positivity, overlap,
and balance. If conditional exchangeability es is not met, an adequate analysis is not
possible and the results from the corresponding analysis are unlikely to provide a
meaningful estimate of treatment effectiveness. If a propensity score approach is
applied, the final target population has to be described in detail, especially if trimming or
truncation methods are used. Owing to the greater uncertainty associated with non-
randomised data, a sufficiently large treatment-effect estimate is required, which can be
formally evaluated via testing of shifted hypotheses. Methods of sensitivity analysis that
explore the potential impact of unmeasured confounders may also be applied to assess
the robustness of the estimated treatment effects in this scenario.

The choice of methodology is ultimately dependent on multiple considerations (e.g.,
assessment scope, availability of data, underlying assumptions of methods) and should
be appropriate to the data available. In many cases, the conditions will not be ideal for
the use of any of the methods presented in this guideline to produce unbiased estimates
of relative effectiveness. Therefore, very careful consideration of the underlying
assumptions is required when making inferences. Input from a statistician with specific
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expertise in this area is advised for a critical assessment of the methodological approach
used, assumptions potentially violated, and the corresponding uncertainty of results.



Methodological Guideline for Quantitative Evidence Synthesis: Direct and Indirect Comparisons

[ Introduction, objective and scope

To assess the relative efficacy or effectiveness of a new intervention compared to
another intervention (the comparator; e.g., the current standard treatment) in the
presence of multiple sources of evidence, the best approach is given by formally
combining the evidence. Broadly, we refer to this as quantitative evidence synthesis. As
individual studies providing evidence with the highest certainty of results are mostly
randomised controlled trials (RCTs), we assume that the evidence synthesis is based on
adequate RCT data unless otherwise stated.

A systematic literature search is a prerequisite before conducting an evidence synthesis.
For the purposes of this document, it is assumed that this systematic literature search
has been properly conducted in accordance with good practices for the conduct of
evidence synthesis and that the collection of the data contributing to the comparisons is
complete, as required in the health technology assessment regulation (Regulation (EU)
2021/2282) (HTAR) (Art. 9 in [27]). Evidence must be relevant for the research question
which should be formulated according to the PICO (population, intervention, comparator,
outcome) framework.

Objective

The objective of this document is to describe the methods currently available for direct
and indirect treatment comparisons regarding their underlying assumptions, strengths,
and weaknesses. This guideline also specifies the appropriateness of methods to the
data situation (e.g., the type of network and the data sources for which they can be used).
The document is not a methodological textbook and does not give a detailed description
of the statistical techniques described. Rather, the methods are briefly summarised, and
general guidance is provided on which method(s) are appropriate in a particular situation.
Specific guidance for assessors, co-assessors, and other members of the assessment
team (hereafter referred to collectively as assessors) dealing with results from direct and
indirect treatment comparisons submitted by health technology developers (HTDs) for
performing a joint clinical assessment (JCA) is provided in the HTA CG Practical
Guideline for Quantitative Evidence Synthesis: Direct and Indirect Comparisons. This
methodological guideline does not cover the basic methodological principles for direct
comparison of treatments using data from a single head-to-head comparative study. In
addition, this guideline does not cover methods for evidence synthesis of diagnostic
accuracy studies.

This methodological guideline is aimed at assessors in the context of JCA of health
technologies, although the document is also relevant for other stakeholders, including
those submitting evidence.

Scope and terminology

Terms used to describe types of evidence syntheses as discussed in this document are
sometimes used with a slightly different understanding throughout the literature, and
therefore we need to describe these terms and what they broadly describe. Pairwise
meta-analysis, also known as direct comparison, refers to the synthesis of direct
evidence for when exactly two interventions are compared. Network meta-analysis
(NMA) is a generalisation of meta-analysis to analyse more complex evidence networks,
which may include both direct and indirect evidence. We consider NMA to include other
terms used in the literature to describe the synthesis of both direct and indirect evidence,
such as mixed treatment comparison and indirect treatment comparison. Indirect
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treatment comparison is used by some authors to describe the situation in which
inference about the relative efficacy or effectiveness of two treatments is made in the
absence of trials comparing these treatments head-to-head. In this document, we use
the term indirect comparison as the broadest term to refer to any evidence synthesis
incorporating indirect evidence, which therefore includes NMA, population-adjusted
methods such as matching-adjusted indirect comparison (MAIC) and simulated
treatment comparison (STC), and comparisons made in disconnected evidence
networks. Indirect comparisons that synthesise relative treatment effects via a shared
comparator treatment (thus respecting randomisation) are referred to as anchored
indirect comparisons, while those made without the use of a shared comparator are
comparisons of absolute outcomes, and are called unanchored indirect comparisons.

For cases in which no data for the relevant direct comparison are available or the
assessment scope requires simultaneous comparison of more than two interventions,
which have not been compared directly in trials, methods for indirect comparisons can
be used. However, all else being equal, results from comparisons based upon indirect
evidence alone generally have greater uncertainty than results from comparisons
incorporating direct RCT evidence. Therefore, direct comparisons based on adequate
RCTs with low RoB should be applied whenever possible.

Throughout this document, we use the term uncertainty in its most general sense,
incorporating both bias and imprecision, as well as other concerns regarding the
methodological validity and applicability of the submitted evidence synthesis. This term
should not be interpreted as uncertainty in the context of "certainty of evidence" used in
the grading of recommendations assessment, development and evaluation (GRADE)
framework, although there is overlap in some domains.

For simplicity, we use effectiveness as the common term to describe efficacy or
effectiveness throughout the rest of this document. Effectiveness also includes safety
within the context of this document. Furthermore, treatment, intervention and health
technology are all terms used for any health technology that can be assessed.

In what follows, it is important to distinguish between prognostic variables, effect
modifiers and confounders. Prognostic variables are characteristics (i.e., patient
characteristics) that affect the outcome of interest irrespective of which treatment is
received, while effect modifiers are characteristics that alter the relative effectiveness
between two treatments. Thus, effect modifiers are specific to the pair of treatments
being compared and to the scale used to measure the relative treatment effectiveness.
In statistical terms, effect-modifying covariates can be considered as interactions
between the treatment and the trial-level or patient-level characteristics. It is possible for
a particular characteristic to be both a prognostic variable and an effect modifier,
although in general not all prognostic variables will be effect modifiers. An example of a
characteristic that can be both a prognostic variable and an effect modifier could be the
stage of a particular disease. A patient at an earlier stage can have a better prognosis
than a patient at a later stage irrespective of the treatment the patient receives, and, also,
the relative effectiveness of the treatment being studied to its comparator is not the same
for patients at an early stage and patients at a later stage. In the context of a comparison
between two treatments, a confounder is a characteristic that affects both the likelihood
of receiving the treatment and the outcome. A confounder is therefore necessarily a
prognostic variable (but the inverse is not true) and can be an effect modifier. Again, an
example would be the stage of a disease: as previously said it is a prognostic variable,

10
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but it can also determine which treatment a patient is more likely to receive. Confounding
bias (i.e., the estimated effect cannot be causally attributed solely to the treatment) arises
when there are systematic differences in the distribution of a confounder between
groups.

Throughout this guideline we discuss the requirements and assumptions that must hold
for the methods that we describe to produce meaningful estimates of treatment effects.
Often, when using evidence synthesis methodology, some assumptions will be made,
which may affect the certainty of results. This guideline aims to allow HTA assessors and
HTDs to identify and evaluate potential bias and uncertainty to inform decision making
as much as possible. However, we recognise that there is an element of subjectivity in
the assessment of many assumptions and that decisions may vary between Member
States. To answer certain PICO questions, methods of evidence synthesis will
sometimes need to be applied despite uncertainty or doubt as to their validity. In these
scenarios, the HTD must always submit evidence to inform the comparison of interest,
together with sufficient supporting information to allow the JCA assessors to determine
the extent to which the corresponding results produce meaningful estimates of relative
treatment effectiveness, and to evaluate the extent of bias and uncertainty.

When treatment effect estimates are subject to uncertainty that goes beyond statistical
imprecision, e.g., when there is a risk of bias arising from confounding, statistical testing
against a ‘shifted null hypothesis’ is sometimes used to account for the additional
systematic uncertainty in effect estimate. This method entails testing for statistical
significance of this estimate against a threshold value that is shifted away from the
conventional null of ‘no effect’, so that the shifted null hypothesis is rejected only if the
confidence interval lies entirely to one side of this threshold. However, no general
consensus exists and the determination of an appropriate threshold for decision-making
is considered to be a matter for individual Member States. The results of such tests may
nonetheless be presented in the JCA submission or the assessment report as they can
provide useful information to assessors and national decision-makers. If an HTD
presents such results, the choice of the value of the pre-specified threshold used for the
test must be justified with corresponding references to the appropriate literature.

There are many useful publications on methods for evidence synthesis that advise on
the theories, methods and assumptions; while we have drawn material from these texts,
we advise further reference to them for completeness [7,18,37,77,88,99].

11
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Il Analysis and discussion of methodological issues
1. Types of evidence

The scope including the PICO framework for an evidence synthesis is defined elsewhere
[58,59]. In order to carefully consider the analysis that is most appropriate, there needs
to be a clear understanding of the types of evidence presented by HTDs. The following
briefly describes the types of evidence. Further guidance is provided for assessors in the
Practical Guideline for Quantitative Evidence Synthesis: Direct and Indirect
Comparisons. In the case of different PICO questions, a different evidence synthesis for
each PICO (e.g., pairwise meta-analysis or NMA) is generally required, but an evidence
synthesis including more than one comparator (i.e., more than one PICO within a given
population) could also be necessary to address Member States’ evidence needs.

The gold-standard evidence is from adequate RCTs with low RoB and adequate sample
size. This represents direct evidence on the benefit of a treatment over an existing
comparator(s). A key feature of randomisation is that it ensures that treatment
assignment is independent of all prognostic variables and effect-modifiers, i.e. there are
no confounders. In this case, the underlying assumption of exchangeability holds; in
other words, if patients from one group were substituted to the other, the same treatment
effect would be expected. This implies that patients in each treatment group have the
same average risk of presenting the outcome of interest on inclusion in the trial and
therefore there is an unbiased estimation of the relative treatment effectiveness
(assuming a sufficient level of internal validity for the RCT of interest). Importantly, this
applies not only to known or observed patient characteristics but also to unknown
characteristics for which a similar distribution in each group cannot be achieved (or even
assessed) using other methods [12]. However, it is worth keeping in mind that prognostic
factors and effect modifiers may be unevenly distributed between groups by chance,
which could affect the outcome, particularly in small studies.

In its simplest form, "indirect evidence" for a comparison of two interventions A and B
arises when there is direct RCT evidence comparing both A to C, and B to C that can be
combined to indirectly estimate the benefit of treatment A versus treatment B (Figure 1a).
Indirect evidence cannot ensure balance of both known and unknown effect modifiers to
the same degree as direct evidence from a single RCT and, all else being equal, is more
uncertain as a result. However, when direct evidence informing a comparison of interest
is not available, or when simultaneous comparisons of multiple treatments is required,
comparisons using indirect evidence need to be applied.

Non-randomised evidence commonly encountered are single-arm trials, cohort studies,
case-control studies, other observational studies and the use of historical controls. This
type of evidence also includes ‘un-anchored’ indirect comparisons, i.e., indirect
comparisons that compare absolute outcomes between treatments across different
studies (rather than relative effects along a connecting path of RCTs). Any such study
has much greater potential to include material bias in the estimate of relative treatment
effectiveness, especially as the underlying assumption of exchangeability is unlikely to
hold, and there is a high risk of confounding bias. This high RoB is likely to carry through
and can be compounded when combining evidence from these sources.

12
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2. Network of evidence

The collection of studies relevant to the analysis forms an evidence network (Figure 1)
[21]. This network consists of both direct evidence, that is, evidence from RCTs
(represented by lines connecting the interventions), and indirect evidence, which exists
whenever two interventions can be connected by a path of RCTs. These networks of
randomised evidence allow to estimate the relative effectiveness for any pair of
treatments, provided they are connected. A network is said to be connected (as in Figure
1) if any two comparators are linked by at least one path of RCTs.

Figure 1 — Illustrative networks of evidence

. (a) ' (b)

(a) This is a simple star network. The solid lines represent RCTs comparing A to C and B to C (direct
evidence). As A and B share a common comparator (C), an indirect comparison between A and B is allowed.
(b) Direct evidence between A and B, A and C, and B and C (closed loop) allows a comparison between the
direct and indirect evidence (mix of direct and indirect evidence). (c) A larger network containing evidence
for many different treatments, which allow many indirect comparisons between two treatments to be
performed.

When considering an evidence synthesis for the comparison of two interventions, the
shape of the network (as described in Figure 1) has an impact on the type of analyses
that may be carried out. Three examples are shown. There are, however, more
geometric networks that can be formed [74]. Direct comparisons (i.e., standard pairwise
meta-analyses) are carried out in connected evidence networks containing two
interventions. For connected networks containing more than two interventions, there are
a number of methods available. Bucher's method for indirect comparison (Section 5.1)
can only be used in the case of a simple star network (such as the network shown in
Figure 1a). In more complex connected networks of evidence (as illustrated in Figure 1b
and 1c), more complex NMA methods (Section 5.2) are needed.

13
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Figure 2 — Disconnected networks

oG

(a) (b)

(a) Two single-arm studies. (b) Two RCTs (A vs B, C vs D) for which the required comparison is C versus
B, so a strong assumption must be made in relation to the equivalence of the comparisons and the relative
treatment effectiveness.

Disconnected networks of evidence arise when a set of RCTs does not provide sufficient
information to be able to carry out an assessment of an intervention against a relevant
comparator along a connected path. A disconnected network can occur in cases in which
the clinical evidence stems from single-arm trials (i.e., a study carried out without a
comparison group; Figure 2a) or the standard treatment is different in the studies and
there are no head-to-head comparisons of the interventions being considered (Figure
2b). Disconnected networks such as those illustrated in Figure 2 are problematic since
there is no way in which the comparators of interest can be compared using paths
involving evidence from RCTs. Attempts to connect these networks have been proposed
in the literature to deal with cases in which such evidence networks have arisen
[50,75,91]. However, these approaches rely on very strong assumptions that need to be
examined carefully for any specific application. Evidence from a single-arm study (i.e.,
non-comparative observational data) is sometimes compared to data for a group
obtained elsewhere; for example, historical controls or an unrelated contemporaneous
study could be used [33]. The implication of using such evidence is that the relative
comparison of the results between the groups depends not only on the interventions
being studied but also on all other aspects that differ between the groups and the studies
(i.e., the assumption of exchangeability probably does not hold). Currently, there is no
gold-standard method that addresses the issue of disconnectedness of evidence
networks. The use of such evidence in JCA is highly problematic as it carries a high risk
of not providing valid and reliable estimates of the relative treatment effects of interest.
For this reason, the HTAR requires comparative results on the basis of adequate
comparisons (PICO framework) [27].

Other types of evidence that can be problematic to incorporate in a network are
comparative observational studies and registry data obtained without randomisation.
Observational studies examining two or more interventions have been used to connect
an otherwise disconnected network [75]. It has been proposed to use this approach to
perform comparisons that otherwise would not be possible. However, relying solely on
these methods to produce an unbiased estimate of the relative effectiveness of a
treatment(s) of interest in practical settings remains controversial, and producing
evidence using data from adequate RCTs with low RoB should always be favoured. In
the context of JCA, assessors should be aware that the inclusion of evidence from non-
randomised studies may lead to results that are highly uncertain and unlikely to provide

14
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a valid and reliable estimate of the relative treatment effectiveness. In some cases, it
may be possible that the lack of randomisation can be compensated by rigorous
adjustment for confounding. However, in general, this requires access to the full IPD
information (Section 6).

15
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3. General statistical considerations

There is not always a common understanding of the terminology in the field of evidence
synthesis, in particular for indirect comparisons. In the literature, different authors use
different terms for the same concept; for example, similarity and homogeneity are
sometimes used interchangeably. Since there is no common terminology for the
concepts that are described in the following sections, it is possible that these concepts
are described with a different terminology elsewhere.

The main assumptions and other general statistical considerations applicable to all
methods for evidence synthesis are outlined in this section; assumptions that are specific
to a subset of methods or to one particular method will be described in the corresponding
section.

3.1. Assumption of exchangeability

In a formal evidence synthesis (whether simple or more complex), exchangeability is the
most fundamental assumption, that is, if individuals in one trial were substituted to
another, the treatment effect observed is expected to be the same [18,40]. For practical
purposes, this fundamental assumption is operationalised by assessing the properties of
similarity and homogeneity and, in the case of indirect comparisons, consistency, all of
which are required for exchangeability to hold [22,46,83]. Exchangeability can then be
explored by first looking at observable consequences of violations in this assumption,
namely by searching for dissimilarities between studies in terms of patient characteristics
and study design. Moreover, there is the possibility of testing for statistical heterogeneity.
If the test is statistically significant, then variations in between-study treatment effects
are plausibly not due to chance (i.e., to random error) alone and thus there are systematic
errors, so it is necessary to look for dissimilarities that explain this statistical
heterogeneity. The three properties are not, strictly speaking, distinct assumptions,
because a failure of homogeneity or consistency is often the result of a systematic
difference in distribution of effect modifiers between studies (i.e., a violation of similarity).

The common requirement of exchangeability applies regardless of the complexity of the
network or the methods used for conducting evidence synthesis, and should be carefully
assessed before undertaking a formal evidence synthesis. When the exchangeability
assumption is violated, the outputs of the analyses are affected and probably biased,
and advanced statistical expertise should be sought to aid in interpretation of the outputs.

3.1.1. Similarity

A necessary condition for the exchangeability assumption to be valid is sufficient
similarity of all the trials included regarding effect modifiers, which means that there are
no differences in the distribution of known and unknown effect modifiers (e.g., sex or
age) that modify the true difference between the treatment arms regarding the outcome
of interest [46,83]. It remains impossible to assess any unknown effect modifier.
However, a thorough feasibility assessment is necessary to identify differences in study
design and patient characteristics that can influence similarity. If dissimilarities between
studies in study design and/or patient characteristics are observed at a level that is
considered substantial, it can be indicative that the fundamental assumption of
exchangeability will not hold. Therefore, only if study design and the patient populations
are considered similar enough can the results generate reliable estimates of the
treatment effect(s) of interest. Specific guidance on assessing similarity in the context of
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JCA is provided in the Practical Guideline for Quantitative Evidence Synthesis: Direct
and Indirect Comparisons.

3.1.2. Homogeneity

Validity of the exchangeability assumption also requires that the relative effectiveness
between each pair of treatments is sufficiently homogeneous across all studies
comparing those treatments included in an evidence network (i.e., we require sufficient
homogeneity of studies). If the results from the studies are very different, heterogeneity
is observed and therefore combining the results may not be appropriate [26].
Heterogeneity can be clinical, methodological and statistical. It is possible to test for
heterogeneity to provide evidence of whether or not the study results differ greatly [88].
However, non-significance of a statistical test for heterogeneity does not prove
homogeneity because the test can be non-significant owing to lack of power. Statistical
heterogeneity (i.e., when effect estimates vary more than expected by chance alone) can
also be quantified via several methods [39,73]. In addition to statistical heterogeneity,
clinical and methodological heterogeneity must also be examined. Clinical heterogeneity
includes variability in patient inclusion criteria (e.g., age, severity of disease, line of
therapy), interventions (e.g., dosage, administration route) and outcomes (e.g., different
time points). It should be noted that these differences should be considered in terms of
(dis)similarities if the corresponding characteristics are effect modifiers. Methodological
heterogeneity includes, for example, variability in study design. To explore heterogeneity
further and to identify factors contributing to it, subgroup analyses and meta-regression
are useful tools [38,92]. In the context of JCA, subgroup analyses are often more useful
than meta-regression, as they can help in targeting the right intervention for the right
subgroup of patients. In addition, a significant statistical test for heterogeneity can be
indicative of dissimilarities in study design and/or patient characteristics (Section 3.1.1)
and can lead to a discussion of the plausibility of the fundamental assumption of
exchangeability. Specific guidance on assessing heterogeneity in the context of JCA is
provided in the Practical Guideline on Quantitative Evidence Synthesis: Direct and
Indirect Comparisons.

Regardless of whether between-trial heterogeneity can be explained there must still be
a decision whether or not to proceed with the comparison and whether subgroup
analyses will sufficiently explore the impact of the heterogeneity on the analysis outputs.
In a subgroup analysis, only studies that are considered to be sufficiently alike according
to a more narrowly defined set of criteria (e.g., age range of study participants) should
be included.

3.2. Robustness

The robustness of the analysis will depend on the inclusion of appropriate evidence that
has been gathered in a systematic and rigorous manner and excluding any obvious bias
that may occur. Further assessment of the robustness can be undertaken via sensitivity
analyses of various aspects such as models and missing data, among others. Results
for sensitivity analyses should be thoroughly discussed in the context of the evidence
available and the results obtained.

The results of an evidence synthesis may be overly influenced by one or a small number
of studies. Whether or not this is problematic should be discussed in the context of the
evaluation. Similarly, some studies may be outliers in a statistical sense [55]. Outlier and
influential studies are not synonymous: an outlier study is not necessarily an influential
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one, and vice versa. A first step for identification of outliers is to visually inspect a forest
plot to identify any unusual data points or cases in which the pooled estimate appears to
be driven by a single or small number of studies. In meta-analysis and NMA, visual
inspection of quantile-quantile plots and other graphical tools can identify outliers and
the robustness of the results of evidence syntheses [2,48,53]. Sensitivity analysis
techniques can be used to determine the impact of influential studies and outliers on the
results of an evidence synthesis. For example, an analysis can be conducted with and
without a particular study to determine the impact of that study on the results [13]. It is
also useful to characterise outliers in terms of how they might differ from other studies.

3.3. Sources of bias

In conducting treatment comparisons, bias must be minimised. Bias reflects a systematic
error in the results and results in deviation of the estimated treatment effectiveness from
the true treatment effectiveness. When performing evidence synthesis, some key
potential sources of bias should be considered. The first is bias in the results of the
individual studies included in the review. If the individual study results are biased, then a
synthesised summary of the individual results will also be biased and can yield
misleading conclusions. Therefore, the RoB for the results from the individual studies
must be assessed [84,85].

A second potential source is bias in the result of a pairwise meta-analysis or other form
of evidence synthesis. In addition to the RoB in the studies included, the result of an
evidence synthesis may be affected by bias due to the absence of findings from studies
that should have been included had their results been reported, known as publication
bias. The issue of publication bias arises because negative results are less likely to be
published [25]. The consequence of this is bias in the resulting effect estimate(s), and
theevidence synthesis result may show a spurious significant effect. Publication bias may
be detectable using funnel plots or regression techniques, but these methods are not
without weaknesses [60]. Asymmetry in a funnel plot may indicate publication bias or it
may be a reflection of how comprehensive the search strategy has been. A non-
comprehensive search is a potential source of bias. Therefore, it is of critical importance
that the search strategy for the systematic review is as comprehensive as possible and
that clinical trial registers and any published full study protocols are searched, where
possible. The presence of publication bias can impact on any evidence synthesis
irrespective of the methodology used.

In the context of JCA, the HTD must provide all available evidence and data concerning
the product under assessment according to the EU regulation. Therefore, the issue of
publication bias typically only arises in the case of studies sponsored or conducted by
other organisations (e.g., studies investigating comparator products).

3.4. Fixed-effect and random-effects approaches for evidence synthesis

Fixed-effect and random-effects approaches for evidence syntheses are available. In the
fixed-effect model, also known as the common-effect model, the true treatment
effectiveness is assumed to be the same in each study that compares the same
treatments. Use of a fixed-effect model therefore follows from the assumption that
variability between studies is entirely due to chance, which is commonly implausible [6].
In a random-effects model, the treatment effect in each study is assumed to vary around
an overall average treatment effect [24]. Specifying a fixed-effect model for evidence
synthesis relies on a stronger assumption than specifying a random-effects model,
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namely that the true effect for the same comparison is identical in all included studies.
This depends on the strictness of the inclusion criteria of the studies used for pooling,
the definition of outcomes (including whether they are objective or not) and how the
interventions are defined (e.g., not grouping multiple doses as a single treatment),
among others. For instance, in the context of a pairwise meta-analysis of two studies
with identical designs, this assumption is appropriate. Without adequate justification that
the assumption of a common effect holds, a random-effects model should generally be
used. Incorrect use of a fixed-effect model may result in, for example, too narrow
confidence intervals and consequently p-values that are too small and interpreted as that
the results imply a common treatment effect [26].

Random-effects models provide an estimate of the between-study variance and the
summary effect estimate. Prediction intervals provide a predicted range for the true effect
size in an individual study, which incorporates the degree of heterogeneity in a random-
effects evidence synthesis, together with the uncertainty surrounding the relevant
average treatment effect. Therefore, the use of prediction intervals is recommended
when reporting results for a random-effects evidence synthesis [95]. When the number
of studies included is small, random-effects methods may not provide adequate
estimates of the between-study variance and may have low statistical power. In this
scenario, a fixed-effects approach should only be considered if the underlying
assumptions are plausible, while a qualitative summary of the study results might also
be considered as an alternative [3,76]. Bayesian methods are also an option for evidence
syntheses involving sparse data and few studies (Section 4.2)[3].

3.5. Frequentist and Bayesian approaches

As with any approach to statistical inference, evidence synthesis may be performed
using a frequentist or a Bayesian framework. Because of the possibility of incorporating
information from existing sources of data for modelling of prior distributions, Bayesian
methods are particularly useful in situations with sparse data. In the Bayesian approach,
prior probability distributions for model parameters such as treatment effects and
between-study heterogeneity are specified before the analysis begins. The study results
are then combined with the prior distributions to derive posterior distributions for the
model parameters, including the overall treatment effectiveness [93]. Prior distributions
that have broad support in the parameter space are called either vague priors or non-
informative priors. When non-informative prior distributions are used, results can be
similar to those observed using a frequentist approach. When there is some prior
knowledge (e.g., about likely between-study heterogeneity), a distribution that is
narrower can be used (i.e., a distribution that will be called informative). As this has a
stronger influence on the posterior distributions and hence on the estimate of relative
effectiveness, informative prior distributions should generally only be used for the
heterogeneity parameter and not for the treatment effect itself. The choice of prior
distributions for model parameters must be accompanied by a justification and a clear
description of how they were generated to maintain transparency. In addition, it is
important to ensure that sensitivity analyses for the specification of the prior distribution
are carried out. In particular, sensitivity analyses should explore the effect of using an
informative versus a non-informative prior.

3.6. Use of IPD and aggregate data

While evidence synthesis typically combines study-level effect estimates, it is also
possible to pool IPD from studies. If available, statistical analyses using raw data (i.e.,
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IPD) should be preferred to statistical analyses that use only summary statistics (for
instance, IPD can be used to investigate treatment by covariate interactions, and
distributional assumptions can be assessed). The methods for evidence synthesis based
on IPD can broadly be classified into two groups: a one-step analysis, in which all
patients are analysed simultaneously as though in a mega-trial, but with patients
clustered by trial; and a two-step analysis, in which the studies are analysed separately,
but then summary statistics are combined using standard techniques. Hybrid methods
are also available for combining IPD and aggregated study data [69].

Techniques to reconstruct partial IPD from published time-to-event data (Kaplan-Meier
plots) could be considered also [32]. In the case of binary data, IPD are available if
information on the studies' 2 x 2 tables is given. Even if only effect estimates together
with confidence intervals or standard errors are given, a method for reconstructing 2 x 2
tables can be used [17]. However, these methods in general only reconstruct treatment
and outcome data and will not include patient characteristics. Evidence synthesis based
on full IPD (i.e. including baseline patient characteristics) have better modelling options
for estimating treatment effectiveness when compared to corresponding aggregate data
analyses. In particular, the availability of IPD allows valid subgroup analyses and
statistical adjustment regarding patient characteristics [4,81]. However, IPD are
frequently not available and cannot be reconstructed in all required detail, which limits
the use of evidence synthesis based on IPD.

Key Points 1

(a) The exchangeability assumption is required to justify an evidence synthesis of the
data being considered, which requires sufficient similarity and homogeneity of the
included studies.

(b) If between-trial heterogeneity is too strong to justify an evidence synthesis but the
heterogeneity can be explained, appropriate evidence syntheses should be
performed in the corresponding groups of trials or subgroups of patients or by
means of meta-regression.

(c) Fixed-effect models rely on a strong assumption that all variation observed is due
to chance, which is rarely the case in practice. Therefore, the use of fixed-effects
models requires rigorous justification by the HTD Incorrect use of a fixed-effect
model will lead to confidence intervals that are too narrow and p-values that are too
small.

(d) Application of Bayesian methods is a useful option, especially when the data are
sparse and the fixed-effect assumption is not adequate.

(e) Analysis of IPD is preferred over aggregate data/summary statistics, especially for
subgroup analyses regarding patient characteristics.

(f) The robustness of the results should be assessed and discussed by means of
sensitivity analyses.
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4. Direct comparisons

Direct comparisons are performed by means of standard pairwise meta-analyses in
which results from two or more trials that all compare the treatment of interest to the
same comparator are combined. In this context, the comparator is defined according to
the PICO question. An investigation of whether the data considered for the meta-analysis
fulfil the assumptions of similarity and homogeneity is required. If this is not the case, the
results from pairwise meta-analysis of such data are unlikely to provide a meaningful and
reliable estimate of treatment effectiveness and the appropriateness of the analyses
should be questioned.

Pairwise meta-analysis involves computation of a summary statistic with precision for
each trial followed by combination of these studies into a weighted average [24].
Outcomes can be binary, continuous or time-to-event. The summary statistic is typically
an odds ratio, risk ratio, risk difference, hazard ratio, rate ratio, difference of means or
standardised mean difference. The same summary statistic must be available for each
study included in the pairwise meta-analysis, either extracted directly from the study
publication(s) or else computed from the extracted data. The methods used for direct
comparisons can be broadly split into frequentist and Bayesian approaches.

4.1. Frequentist approach

In a frequentist framework, pairwise meta-analyses can be divided into fixed-effect and
random-effects methods. Fixed-effect models include inverse variance, Mantel-Haenszel
and Peto methods. Inverse variance methods can be used to pool estimated summary
measures with standard error and weights proportional to the inverse squared standard
errors for the studies. Inverse variance methods are less reliable when data are sparse.
The Mantel-Haenszel method provides more robust weighting when data are sparse and
gives similar weights to inverse variance methods when data are not sparse. The Peto
method is used for odds ratios and can be extended for pooling of time-to-event data. It
has been shown that the Peto method fails when treatment effects are very large and
when the sizes of the trial arms are very unbalanced [90]. The Peto method performs
well when event rates are very low, treatment effects are small and the trial design is
balanced. An undesirable feature of the Peto method is its dependence on a balanced
group size ratio, which makes its interpretation difficult and limits its practical usefulness
[9]. Fixed-effect methods tend to give small weights to small studies and large weights
to large studies. In general, the standard approach for application of the fixed-effect
model is the inverse variance method in the case of continuous data and the Mantel-
Haenszel method in the case of binary data.

The most common estimation method for the random-effects model was the method of
DerSimonian and Laird [15]. However, this method leads to increased type 1 errors (i.e.,
p-values that are too small and confidence intervals that are too narrow), especially in
the case of few available studies, and is no longer recommended [3,14,95]. The
recommended method for random-effects meta-analyses is the Knapp-Hartung (KH)
method, also the called Hartung-Knapp-Sidik-Jonkmann method [95]. The KH approach
in combination with the Paule-Mandel estimator for the heterogeneity parameter is
recommended as the standard method for random-effects meta-analysis in situations
with five or more studies. As a supplement to confidence intervals, use of prediction
intervals is also recommended, as these reflect the potential true effect size in a future
study and illustrate the uncertainty about whether an intervention is expected to work in
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a new study [95]. In situations with very homogeneous data, ad hoc variance correction
may be required for the KH method [103].

A disadvantage of the KH method is that this approach frequently has very low power in
the case of very few (i.e., <5) studies and is not recommended in these scenarios [3,76].
Alternative approaches that may be considered include a fixed-effect pairwise meta-
analysis or a qualitative summary of the study results [43], and other methods, such as
Bayesian pairwise meta-analysis (Section 4.2) and the beta- binomial model in the case
of binary data [56]. A possible procedure for choosing a useful approach for evidence
synthesis in cases involving very few studies is described by Schulz et al. [76].

For certain effect measures, such as risk ratios, a study with zero cases can be
problematic for some weighting approaches such as the inverse variance method. In
order to deal with this, a continuity correction can be applied to arms with zero cases.
While a value of 0.5 was used historically, other non-fixed zero-cell corrections may have
advantages, as has been explored by a number of authors [8,90].

For avoiding the use of zero-cell corrections, the beta-binomial model [49] can be used.
Bayesian models for meta-analysis (Section 4.2) can also handle most situations
involving zero cells without the need for a zero-cell correction. In general, the use of
generalised linear mixed models should be considered if the available data for the
evidence synthesis are sparse [5,66,82,86].

4.2. Bayesian approach

Bayesian methods for pairwise meta-analysis are analogous to frequentist methods with
the primary distinction being the use of prior distributions for the model parameters [87],
that is, the treatment effect and (for random-effects models) heterogeneity parameters.

Bayesian models perform well in many situations in which others do poorly, such as in
analyses involving sparse data and few studies by means of the binomial-normal
hierarchical model (which also avoids the need for a continuity correction in the case of
zero-event studies). More generally, a hierarchical Bayesian model with weakly
informative prior distributions for the heterogeneity parameter may be a better method to
account for uncertainty than a non-Bayesian approach, particularly when the number of
studies is small [70]. For random-effects models, selection of the prior distribution for the
heterogeneity parameter is critical to any Bayesian analysis [30] and this choice should
therefore be transparently justified and varied in sensitivity analyses (Section 3.4).

Key Points 2

(a) Standard frequentist methods for fixed-effect pairwise meta-analysis are the inverse
variance method for continuous data and the Mantel-Haenszel method for binary
data.

(b) The Knapp-Hartung method is currently the recommended frequentist approach for
pairwise random- effects meta-analyses when there are five or more studies.

(c) Frequentist and Bayesian approaches to pairwise meta-analysis are both possible.
The Bayesian approach allows incorporation of prior or external information for the
treatment effects and heterogeneity parameters, but the choice of the prior
distributions requires a clear justification.
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(d) In general, non-informative prior distributions should be used for Bayesian analyses.
Informative prior distributions should generally only be used for the heterogeneity
parameter in pairwise random-effects meta-analyses and should be thoroughly
justified.

(e) Standard approaches for random-effects meta-analysis with rare events and/or few
studies often perform poorly. In this case, the use of alternative methods should be
considered, such as a qualitative summary of the study results, Bayesian methods
(with a weakly informative prior distribution for the heterogeneity parameter) or the
beta-binomial model.
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5. Indirect comparisons

When treatments have not been directly compared in RCTSs, indirect comparisons can
be used. Treatments should be connected in simpler or more complex networks of RCTs
via one or several common comparator(s) (Figures 1 and 2).

When indirect comparisons are made, methods for anchored indirect comparisons with
one or several common comparators should be used. Anchored indirect comparisons
can be performed on aggregated data and hence do not require access to IPD.
Population-adjusted methods (Section 5.3) are performed on a combination of aggregate
data and IPD. Comparisons based on non-randomised evidence require in general
access to the full IPD information (Section 6). The following sections describe methods
for indirect comparisons in connected networks. The use of methods for indirect
comparisons based on aggregated data is not recommended in disconnected networks
(Section 6.1).

As with direct comparisons, indirect comparisons of aggregate data make the same
fundamental assumption of exchangeability across studies, which requires sufficient
similarity of all the trials included regarding effect modifiers, and sufficient homogeneity
of the study results for all pairwise comparisons [46]. The exchangeability assumption
for indirect comparisons requires the property of consistency, namely that direct
pathways and indirect pathways are estimating the same treatment effect [36,46,83].
Further information on consistency is given in Section 5.2. Specific guidance on
assessing similarity, homogeneity and consistency in the context of JCA is provided in
the Practical Guideline for Quantitative Evidence Synthesis: Direct and Indirect
Comparisons. If at least one of these assumptions are violated, the results of an
anchored indirect comparison are unlikely to provide a meaningful estimate of the
treatment effect.

Naive indirect comparisons combine outcome data from treatment groups across
different studies as though they had come from a single large trial and thus break
randomisation [23,29]. Other approaches towards unanchored indirect comparisons that
attempt to compensate for the lack of randomisation are available, however these require
the assumption of "conditional constancy of absolute effects" (Section 6.1), which is very
unlikely to be fulfilled. Anchored indirect comparisons preserve randomisation and
should always be used in preference to unanchored methods. In the absence of a
connected network, methods for the analysis of non-randomised evidence should be
applied when conducting unanchored indirect comparisons (Section 6).

5.1. Bucher’s method for anchored indirect comparisons

Bucher et al. [10] presented an anchored indirect method of treatment comparison for
aggregate data that can estimate relative treatment effectiveness for a simple network
which includes three different treatments (Figure 1a). This method is compatible with
numerous measures of treatment effect including odds ratios, risk ratios, risk differences,
standardised mean differences and hazard ratios [98]. The Bucher method is intended
for situations in which there is no direct comparative evidence for treatments A and B
and the only evidence is through comparison with treatment C. Therefore, the
consistency assumptions cannot be assessed in applications of the Bucher method
because only indirect evidence is available for the comparison of interest (no closed
loops). In this case, a thorough assessment of similarity is even more important. For
cases in which there are multiple studies for a pairwise comparison, these must be
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combined to obtain a summary effect estimate (e.g., using the methods discussed in
Section 4) before applying the Bucher method. Certain more complex networks,
including closed loops arising from multiple trials, can be analysed, but only in the form
of multiple pairwise comparisons. However, this method assumes independence
between the pairwise comparisons and thus it cannot be easily applied to closed loops
arising from multi-arm trials, for which this assumption fails. When random-effects
models have been used to synthesise treatment effects for one or more direct
comparisons, use of the Bucher method, either to indirectly estimate treatment effects or
to test for consistency within closed loops, is problematic and should be avoided [18,52].
More general NMA methods that appropriately incorporate random effects are available
(Section 5.2) and are preferable in this scenario.

5.2. Network meta-analysis

An NMA combines direct and indirect evidence to determine the relative effectiveness of
a treatment compared to two or more other treatments. The same assumption of
exchangeability as for all indirect comparisons applies, which requires sufficient
similarity, sufficient homogeneity and sufficient consistency. Whenever possible, all
available relevant comparators should be included in the NMA [21]. In the context of
JCA, this would typically include those comparators identified by the assessment scope
together with additional comparators needed to form a connected network.

Measures of inconsistency are available for NMAs [20,47] for which both direct and
indirect evidence is available. A statistically significant difference in the estimates of
relative effectiveness between direct and indirect evidence would indicate inconsistency.
A difference in the direction of relative effectiveness, even if not statistically significant,
would also raise concerns about consistency. The sources of inconsistency in a complex
network can be difficult to identify.

In practice, the possibility of a violation of the exchangeability assumptions for NMA may
increase with increasing network complexity and greater numbers of treatments, for
example due to clinical heterogeneity across study populations. This may result in
inconsistency being observed. There is also a power trade-off between the number of
pairwise comparisons and the number of studies included in the analysis: if there are too
many comparisons with too few studies, the analysis may be underpowered for detection
of true differences [96]. Therefore, the inclusion of additional comparators and studies
beyond those required to connect the network should generally be avoided, unless there
is strong evidence to suggest that their inclusion improves certainty of evidence. In the
context of an NMA, the presence of heterogeneity may mask inconsistency. The
consistency assumption cannot be assessed in cases in which corresponding direct and
indirect evidence is not available. In such cases, a thorough assessment of similarity is
even more important.

In what follows we briefly outline the approaches to NMA most commonly applied in HTA
at the time of writing. Other methods are available, such as the original NMA method [54]
and the ‘arm-based’ NMA [41]. However, these methods make different fundamental
assumptions to the ones described in this document and in general unlikely to be suitable
for use in JCAs [19,74,101].

5.2.1. Frequentist approaches for NMA

A method for NMA that is based on graph theory has been developed [71,77]. Methods
from graph theory, which is usually applied in electrical networks, were transferred to
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NMA. Using this approach, it is possible to handle multi-arm trials within a frequentist
framework [72]. In general, the graph-theoretical approach produces similar results to
Bayesian NMA (Section 5.2.2) [47,78]. Another frequentist method for NMA based on
multivariate meta-analysis and meta-regression, has also been developed [100].

5.2.2. Bayesian NMA

The Bayesian approach for NMA is also called Bayesian mixed treatment comparison
[53,74,89]. Bayesian NMA can be applied in any connected network and combines all
direct and indirect evidence to obtain treatment effect estimates for all pairwise
comparisons in the network. The same principles outlined in Section 3.5 and Section 4.2
are also applicable here.

5.2.3. NMA of time-to event data

In cases involving time-to-event data, evidence synthesis is often based on reported
hazard ratios, which rely on the proportional hazards assumption. This assumption is
often implausible; the most obvious example is when estimated survival functions
intersect and can have an impact on decisions that are based on comparisons of
expected survival. Although analyses based upon reported hazard ratios can be robust
to minor violations in the proportional hazard assumption, more severe violations may
result in bias and/or the non-interpretability of the hazard ratio as a measure of treatment
effect. In these cases, NMA based on parametric survival curves [57] or fractional
polynomials [45] can be applied, for which the measure of effect is multidimensional as
opposed to a single hazard ratio. Other emerging methods for time-varying hazard ratios
described in the literature may also be considered [28,34,102]. Whatever the method
used, prerequisites and assumptions related to the method must be clearly specified and
justified. Availability of IPD will improve the possibility of performing such analyses as
described for time-to-event data.

Key Points 3

(a) Indirect comparisons rely on more assumptions than direct RCTs for estimating an
appropriate treatment effect and may be more uncertain as a result.

(b) When indirect comparisons are carried out, only anchored indirect comparisons are
appropriate, as these respect within-study randomisation.

(c) Anchored indirect comparisons of aggregate data require the assumption of
exchangeability across studies. The properties of similarity, homogeneity and
consistency should be assessed and reported as a means of assessing the validity
of this assumption. If any of these properties do not hold, the results of an anchored
indirect comparison are unlikely to provide a meaningful estimate of the treatment
effect.

(d) Useful approaches for indirect comparisons include the Bucher method and the
frequentist and Bayesian NMA models.

5.3. Population-adjusted methods for indirect comparisons

The methods described in Section 5.1 and Section 5.2 require the property of similarity,
also known as "constancy of relative effects" [62]. When this assumption does not hold,
these methods are unlikely to provide meaningful results.

In order to account for imbalances in effect modifiers between the RCTs of a connected
network, several approaches have been developed to adjust for imbalance and relax the
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assumption of "constancy of relative effects" [63]. In these approaches, a model is
specified that has to include all relevant effect modifiers, allowing anchored indirect
comparisons. The new assumption is then the assumption of "conditional constancy of
relative effects" (conditioned on the included effect modifiers) [62]. It is important that the
relevant effect modifiers that are included are clinically justified and the strategy for
selecting them was prespecified in a statistical analysis plan before analysis of the data
[51]. In practice, however, one can never be sure that all the relevant effect modifiers are
included. Therefore, population-adjusted methods have to be applied with the utmost
care. Clear-cut decisions regarding treatment effects on the basis of population-adjusted
indirect comparisons with common comparators are only possible if the size of the
estimated effect is so large that this large effect could not be induced by bias due to
missing effect modifiers alone. For example, this can be formally evaluated by the testing
of a shifted null hypothesis. This means that a conclusion regarding an existing treatment
effect can only be drawn if the confidence interval lies completely above or below a
certain threshold shifted away from the zero effect. This approach accounts for the
uncertainty that some relevant effect modifiers may not be included.

In order to implement the approaches, access to IPD is required for at least one study.
In the case of an analysis by an HTD, this is usually limited to their own trials.

Population-adjusted methods for indirect comparisons are useful in situations in which
an NMA is performed but there is some doubt regarding whether the similarity
assumption is valid for some effect modifiers. This doubt can be resolved by applying a
population-adjusted method that contains the corresponding effect modifiers to confirm
the results of the NMA [51].

Two early approaches for population-adjusted methods for indirect comparisons were
developed for situations involving two trials, one comparing treatment A versus treatment
B (AB trial) and one comparing A versus C (AC trial), with IPD only available for the AB
trial (Section 5.3.1 and Section 5.3.2). A third approach extended the standard NMA
framework (Section 5.3.3). It is important to note that the target population for the
population adjustment may differ from that of the pivotal clinical trial(s) for the intervention
under assessment. The population for which the relative treatment effect is estimated
must be clearly stated, while bearing in mind that this can often differ from the population
of interest.

5.3.1. Simulated treatment comparison

The simulated treatment comparison (STC) method [11,44] fits an outcome regression
model using IPD from the AB trial to predict the average effect of A versus B in the AC
population dependent on the covariates, and finally a population- adjusted average effect
of B versus C in the AC population. The method also relies on the assumption of
“conditional constancy of relative effects”, which means that the model contains all
relevant effect modifiers (see above). Furthermore, the validity of STC depends on the
correct specification of the outcome regression model. When the outcome regression
model uses a non-identity link function, the STC method as commonly applied (i.e.,
substitution of mean covariate values from the AC population) combines conditional and
marginal treatment effects leading to bias for both estimands [65,67]. Approaches to
estimating marginal treatment effects using STC have been proposed in the literature
[44,68], though these do not appear to have gained widespread adoption.
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5.3.2. Matching-adjusted indirect comparison

The matching-adjusted indirect comparison (MAIC) method [44,79,80] uses reweighting
methods similar to inverse propensity score weighting (Section 6.2) to predict a
population-adjusted average (marginal) effect of B versus C in the AC population. It is
important to note that this method is only valid where there is sufficient overlap between
the patient populations in both trials. Furthermore, MAICs are limited to providing a
comparison that is adjusted to the population of the study for which only aggregate data
are available, which may not match the target population for the decision. The method
also requires the assumption of "conditional constancy of relative effects” to hold, which
means that the model contains all relevant effect modifiers (see above). A simulation
study was conducted to investigate alternative weighting approaches for MAIC in
situations with a common comparator [61]. The study confirmed that none of the different
weighting approaches for MAIC can estimate the true treatment effect if there are
unmeasured effect modifiers. In contrast to STC, MAIC requires that effect modifiers are
specified on the appropriate scale in the model for the weights in order to achieve similar
distributions for the effect modifiers in the different populations after weighting.

5.3.3. Multilevel network meta-regression

The multilevel network meta-regression (ML-NMR) approach for population-adjusted
indirect comparisons was proposed by extending the standard framework for NMA [64].
ML-NMR provides a formulation in a more general framework allowing for any mixture of
IPD and aggregate data, for which full IPD meta-analysis, STC and aggregate NMA can
be seen as specific instances. As the other population-adjusted methods, ML-NMR
depends on the assumption of “conditional constancy of relative effects” and on correct
specification of the outcome regression model. This approach has some conceptual
advantages in facilitating inferences from larger networks with any number of treatments.
ML-NMR targets conditional treatment effects, and (by contrast with STC) is compatible
with non-linear link functions. Marginal (population-average) treatment effects may also
be estimated using this method [65]. The population-adjusted treatment effects can be
estimated for any target population with given covariate values, and not just the
population of the trial for which only aggregated data are available. The application of
ML-NMR generally requires either full IPD for at least one study investigating each
treatment in the network, sufficiently many aggregate data studies for each treatment,
invoking the "shared effect modifier" assumption [62], or else specifying informative prior
distributions for treatment- covariate interactions. In practice, these requirements may
be difficult to satisfy. Furthermore, ML-NMR as currently proposed cannot be applied to
time-to-event data.

Key Points 4

(a) For cases in which the property of similarity does not hold, the usual methods for
indirect comparisons are invalid. In this scenario, population-adjustment methods
might be considered as an alternative approach, provided the network is connected
and there is good evidence a priori that such an adjustment is likely to reduce bias.
To this end, model and covariate selection strategies should be prespecified and
based on transparent criteria.

(b) Access to IPD from at least one treatment arm in some of the studies included is
required in order to adjust for imbalances between trials.

(c) Population-adjusted methods for synthesis of relative effects (i.e., in connected
networks of evidence) depend on the correct specification of the weighting (MAIC) or
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outcome regression (STC and ML-NMR) model, and, in particular, on the assumption
that all relevant effect modifiers have been included in the model.

(d) Treatment effects estimated from population-adjusted indirect comparisons are
associated with additional uncertainty arising from several sources. Owing to the
greater uncertainty, a large effect estimate is required. This can be formally achieved
by the testing of shifted hypotheses.

(e) The target population for which the treatment effect is estimated via a population-
adjusted method has to be described in detail.
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6. Comparisons based on non-randomised evidence
6.1. General considerations

In cases involving an indirect comparison of two treatments observed in different studies
without common comparator (i.e., disconnected networks), the data situation is similar
to that for any non-randomised trial. Rather than being observed in one comparative
observational study without randomisation, the data come from different trials. Naive
comparisons between the treatment arms in such situations are prone to bias due to
confounding and should not be performed.

When non-randomised evidence is available only at the aggregated data level, there are
no adequate method available for reliable estimation of treatment effectiveness.

When a mix between IPD from a single-arm trial and aggregate statistics from another
source of data is only available, unanchored STC (Section 5.3.1) and MAIC (Section
5.3.2) have been proposed and applied as a solution for adjusting for confounding bias.
However, these analyses without a common comparator (i.e., use of a disconnected
network) rely on the very strong assumption of "conditional constancy of absolute
effects”. This means that the absolute outcome in the treatment arms is assumed to be
constant at any given level of the prognostic variables and effect modifiers [62]. However,
in almost all practical applications this strong assumption is not justifiable. Therefore,
STC and MAIC without a common comparator are highly problematic. When treatment
effects are estimated from disconnected evidence networks, methods for the analysis of
non-randomised data with access to full IPD from all studies should generally be used
instead.

If full IPD information for all relevant co-variates (confounders; prognostic variables or
effect modifiers) is available, analyses with adjustment for confounding can be
performed. As for the population-adjusted methods (Section 5.3), it is important that the
relevant covariates that are included are clinically justified and prespecified in a statistical
analysis plan before analysis of the data [35]. Various approaches for adjusting for
confounding using IPD are available, such as multiple regression, instrumental variables,
g-computation and propensity scores [1,35].

In the context of estimating the relative effectiveness of treatments, methods based on
propensity scores, including matching, stratification, conditional adjustment and the
inverse probability of treatment weighting, are commonly used [97]. Under the propensity
score framework, the most common techniques for adjustments are matching and
inverse weighting. Section 6.2 provides more details regarding the application of
methods based on propensity scores. The main principles for adjusting for confounding
by means of propensity scores are also valid for the other approaches.

Similar to the population-adjusted methods with a common comparator that are based
on IPD and aggregated data, the methods for indirect comparisons with adjustment for
confounding on the basis of IPD all require that there are no unmeasured confounders.
In other words, all relevant confounders and effect modifiers have to be included in the
model chosen. Again, it is important that the relevant confounders and effect modifiers
that are included are clinically justified and prespecified in a statistical analysis plan
before analysis of the data. However, the possibility that a relevant confounder or effect
modifier is not included will always remain. Therefore, clear-cut recommendations
regarding treatment effects on the basis of indirect comparisons with adjustment for
confounding on the basis of IPD are only possible if the size of the estimated treatment
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effect is so large that the effect could not be induced by bias due to missing confounders
or effect modifiers alone. This can formally be evaluated by the testing of shifted null
hypotheses. This means that a conclusion for an existing treatment effect can only be
drawn if the confidence interval lies above or below a certain threshold shifted away from
the zero effect. This approach accounts for the uncertainty that some relevant
confounders or effect modifier may not be included [42]. Other methods of sensitivity
analysis that explore the potential impact of unmeasured confounders are available to
assess the robustness of the estimated treatment effects in this scenario [105]. An
example is the use of E-value, defined as the minimum strength of association on the
risk ratio scale that an unmeasured confounder would need to have with both the
treatment and the outcome to fully explain away a specific treatment-outcome
association, conditional on the measured covariates. The larger the E-value is, the more
residual confounding would be needed to explain away a treatment effect [94].

6.2. Propensity scores

Propensity scores are mostly used to perform indirect comparisons when full IPD data
of non-randomised evidence only (i.e., a disconnected network of evidence) is available.
A propensity score is the conditional probability of assignment to a particular treatment
given a vector of observed covariates. It can be estimated by modelling as a dependent
variable the assignment to a treatment using an appropriate set of covariates. A wide
range of statistical models, from logistic regression to machine learning models can be
used. Parameter estimates of the model are then used to calculate the propensity score
of each patient. When using propensity scores, the assumption of conditional
exchangeability (i.e., conditioned on relevant confounders and effect modifiers) must be
met and can be assessed by investigating the properties of positivity, overlap and
balance [104]:

1. Patients in both groups must be theoretically eligible for both treatments of
interest (positivity);

2.  There must be sufficient overlap of the data available, as measured by the
propensity score, between the populations receiving the treatments of interest;

3.  The populations in the groups being compared must be sufficiently balanced after
adjustment for confounding.

Relevant patient groups are specified according to the PICO question(s). To meet the
positivity assumption, patients who, for instance, have a contraindication to one of the
treatments investigated must not be included in the analysis. Overall, an assessment of
clinical factors affecting positivity should be performed. Sufficient overlap means that the
distribution of propensity score values in the different groups of patients share a common
support. Lack of sufficient overlap can indicate that the positivity property is not met for
some patients. After adjustment for confounding, the populations in the groups being
compared must be sufficiently balanced. This means that the groups compared do not
differ substantially regarding the distribution of the relevant covariates. The positivity,
overlap and balance must be demonstrated before conclusions are drawn for treatment
effects estimated by the use of propensity scores.

The degree of overlap and balance between the groups greatly depends on the model
chosen for the propensity score. If an insufficient degree of overlap or balance is obtained
by means of propensity scores, sufficient adjustment for an appropriate set of covariates
cannot be achieved and consequently no robust treatment comparisons can be made
[104]. In this case, switching to multiple regression is not a solution, as this would require
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inappropriate extrapolations in areas with no observed data [104]. The degree of overlap
and balance can also be influenced by "trimming", which involves excluding patients on
the basis of propensity scores without overlap [31]. If sufficient overlap and balance can
be achieved by trimming, the final overlapping and balanced population of patients is
ultimately the target population to whom the estimated effects apply. Therefore, if a
propensity score approach is applied, the final target population must be described in
detail, especially if trimming or truncation methods are applied. An investigation of
whether this target population sufficiently represents the population selected for the
original research question is required. If this is not the case, the estimated effects may
only apply to a different population to that for the original research question [16].

Key Points 5

(a) Adjustment methods for confounding are based on full access to IPD; all methods
require that there are no unmeasured confounders and no unmeasured effect
modifiers.

(b) Population-adjusted methods such as STC and MAIC, when applied to disconnected
networks, require stronger assumptions than the full IPD methods and are not
generally sufficient to adjust for confounding.

(c) The model and covariate selection strategies to adjust for confounding should be
prespecified and based on transparent criteria.

(d) Propensity score applications require sufficient positivity, sufficient overlap and
sufficient balance in the populations considered. If this cannot be achieved, adequate
adjustment for confounding is not possible and the results from the corresponding
analysis are unlikely to provide a meaningful estimate of the treatment effect.

(e) If a propensity score approach is applied, the final target population must be
described in detail, especially if timming or truncation methods are applied.

(f) Treatment effects estimated from non-randomised data are associated with
additional uncertainty arising from a number of sources. Owing to the greater
uncertainty, a large effect estimate is required. This can formally be evaluated by the
testing of shifted hypotheses.
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1l Conclusion

This guideline presents methods that are used to combine evidence to determine the
relative clinical effectiveness of treatments. The guideline directs assessors towards the
pathway that will ideally provide the best estimate of relative effectiveness with the least
uncertainty. The most robust evidence comes from adequate RCTs with low RoB.

Pairwise meta-analyses combine data for which the treatment and comparator are the
same in all the trials included. Both frequentist and Bayesian frameworks offer
approaches that are suitable provided the underlying assumptions are adequately met.
When direct evidence from RCTs is not available or more than two treatments are of
interest and it is necessary to perform indirect treatment comparisons, uncertainty for the
treatment-effect estimate increases. Indirect comparisons are commonly used in
comparative effectiveness analyses for which there is a lack of trials or evidence
gathered for all the comparators of interest. When conducting such analyses, the
appropriate method to use is one that preserves randomisation (i.e., an anchored indirect
comparison). NMA can combine both direct and indirect evidence within the network.
Various frequentist and Bayesian methods have been proposed for this purpose. The
more evidence that is included in a network for one treatment, the more precise the
estimates may be, but as complexity increases so does the potential for violation of the
assumptions, which can influence the certainty of results. Whatever the method used,
prerequisites and assumptions related to that method must be clearly specified and
justified.

If IPD are available, further analyses can be undertaken. Approaches that account for
differences in population characteristics between studies are available. MAIC reweights
the outcomes to an alternative population, which may differ from the target population of
the assessment. Furthermore, this method relies on accounting for all relevant effect
modifiers in the model, which is difficult to ensure, and therefore, in general not an
adeguate analysis. The same applies to STC, which is a regression-based approach that
extrapolates the outcomes to an alternative population. ML-NMR is a recent extension
of regression-based approaches that combines IPD evidence with aggregated evidence.

A number of statistical approaches has been proposed for dealing with cases in which
non-randomised evidence (e.g., single-arm trials, comparative observational studies and
registry data) is used to inform an estimate of relative effectiveness. Although it is
possible to provide summaries of evidence syntheses generated in this way, the certainty
of the results provided by these techniques remains controversial. Results from such
analyses are more likely to suffer from bias and are more likely to underestimate the true
uncertainty and to depend on untested assumptions in comparison to syntheses with
RCT evidence alone. Therefore, any analyses extending the network using single-arm
or non-randomised evidence should include sensitivity analyses and an examination of
the assumptions and should provide appropriate caveats for users. The use of single-
arm or non-randomised evidence usually threatens the internal validity of results.
Therefore, it is incumbent on the assessor to judge whether this evidence is sufficient for
adequate estimation of the relative treatment effectiveness. For some interventions,
single-arm or non- randomised evidence may be the only evidence available for
consideration. However, it may well be that this evidence is insufficient for estimation of
the relative treatment effectiveness in the context of JCA.

In many cases the conditions will not be ideal for the use of any of the methods presented
in this guideline to produce unbiased estimates of relative effectiveness. Therefore, there
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should be very careful consideration of the underlying assumptions when making
inferences. Input from a statistician with specific expertise in this area should be sought
for a critical assessment of the methodological approach used, any assumptions
potentially violated and the corresponding uncertainty of the results.
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