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Indirect and mixed-treatment
comparison, network, or multiple-
treatments meta-analysis: many names,
many benefits, many concerns for the
next generation evidence synthesis tool*

Georgia Salanti*"

The ever increasing number of alternative treatment options and the plethora of clinical trials have put
systematic reviews and meta-analysis under a new perspective by emphasizing the need to make inferences
about competing treatments for the same condition. The statistical component in reviews that compare
multiple interventions, network meta-analysis, is the next generation evidence synthesis toolkit which, when
properly applied, can serve decision-making better than the established pairwise meta-analysis. The criticism
and enthusiasm for network meta-analysis echo those that greeted the advent of simple meta-analysis. The
main criticism is associated with the difficulty in evaluating the assumption underlying the statistical
synthesis of direct and indirect evidence. In the present article, the assumption of the network meta-analysis
are presented using various formulations, the statistical and nonstatistical methodological considerations are
elucidated, and the progress achieved in this field is summarized. Throughout, focus is put on highlighting the
analogy between the concerns and difficulties that the scientific community had some time ago when
advancing from individual trials to their quantitative synthesis via meta-analysis and those currently
expressed about the transition from head-to-head meta-analyses to network meta-analysis. Copyright ©
2012 John Wiley & Sons, Ltd.
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1. Introduction

When meta-analysis was introduced over 30years ago, it generated a considerable level of debate. Clinicians and
epidemiologists criticized the approach for mixing incomparable interventions, often resulting in confusing results
(Hunt, 1997). It took its time before the scientific community was accustomed to the idea of heterogeneity and
realized that its exploration can be informative. Methods to measure heterogeneity (such as the /> (Higgins et al.,
2003)) and approaches to reflect it in the meta-analysis result (using the random effects models and predictive
intervals (Higgins et al, 2009)) improved understanding and boosted confidence in the meta-analysis methods.
Approaches to deal with publication bias (Rothstein et al., 2005) and to account for effect modifiers or to evaluate
the risk of bias in the body of evidence were developed. Eventually, meta-analysis became widely recognized as a useful
tool by national and international policy-making bodies such as the World Health Organization, the National Institute of
Clinical Excellence (NICE) in the UK, and the Agency for Healthcare Research and Quality (AHRQ) Evidence-Based
Practice program in the USA. Individual researchers and organizations, such as the Cochrane Collaboration, publish
hundreds of systematic reviews per year, and meta-analysis is now an integral part of evidence-based medicine (Sackett
et al, 2000) and evidence based practice (Gibbs, 2003). From a researcher’s perspective, it has been shown that meta-
analyses are the most highly cited and therefore influential publications in health research (Patsopoulos et al., 2005).
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Perhaps one of the most debated issues in meta-analysis is the broadness of the research question in the
systematic review regarding patient and trial characteristics. Reviews that take a broader approach (‘lumping’)
have wider inclusion criteria regarding the various trial settings, treatment and control definitions, and patient
groups. More narrow research questions are favored by other researchers (‘splitting’) as they produce a more
homogeneous evidence base. A broader approach is typically associated with increased power and greater
potential for generalizability, whereas extreme splitting suffers from multiple testing problems and may
overemphasize minor differences between interventions (Gotzsche, 2000); (Grimshaw et al., 2003).

The ever increasing number of alternative treatment options and the plethora of trials has put the dilemma of
‘lumping’ versus ‘splitting’ under a new light by emphasizing the need to make inferences about all indicated
treatments for the same condition and patient characteristics. It is increasingly recognized that an important
drawback of the current state of the art in systematic reviews and meta-analysis is that they are focused on comparing
only two interventions at the time. When many competing treatments exist, meta-analyses produce a plethora of
information and, they do not directly help making decisions of relevance. Moreover, although the clinical and
policy-making interest lies in comparing active agents, new drugs are often compared with placebo or no-treatment
in order to obtain approval for drug licensing (Sutton and Higgins, 2008). Given that clinical practice changes over
time and that licensed and reference treatments differ across countries, it is unrealistic to expect that evidence for
all interventions of interest will be provided from individual trials and meta-analyses of direct comparisons.

The need for a broader, objective, and inclusive view of the available evidence increased the interest of researchers
and funding bodies for ‘comparative effectiveness reviews' (Longworth et al, 2011; Mitka, 2010) or ‘comparing
multiple interventions review'. Such reviews provide an evidence base that reflects the network of comparisons that
arises when collating studies involving different subsets of competing treatments (Caldwell et al,, 2005; Jansen et al.,
2011; Lu and Ades, 2004; Salanti et al., 2008a; Welton et al., 2008). The need for a new robust framework that answers
critical decision-making questions directly has been identified by core national and international agencies. The
updated NICE report is very receptive to evidence from indirect sources and network meta-analysis, compared with
the previous report (NICE, 2008). The Cochrane Collaboration introduced a new form of reviews, the Overviews of
Reviews, which summarizes evidence for the relative effectiveness of several interventions for the same condition
(Higgins and Green, 2008) and has established a new methods group to support and enhance the publication of
reviews with multiple interventions (cmimg.cochrane.org).

Comparing multiple intervention reviews have an optional quantitative part, which is variably known as network
meta-analysis, multiple-treatments meta-analysis, or mixed-treatment comparison. The terms are often used
interchangeably, and they refer to the same framework that combines direct and indirect information across a
network of randomized trials to infer about the relative effectiveness of multiple interventions. The idea of indirect
comparison, which underlines the methods, is a simple one: we can compare treatment A to treatment B via a
common comparator C, by statistically combining the information from A versus C (AC) and B versus C (BC) studies.

Although network meta-analysis is not necessarily a ‘lumping’ approach, with respect to the study populations and
settings, it aspires to answer questions broader than the head-to-head meta-analysis by including many competing
treatments and making use of a wider evidence space by including direct and indirect comparisons. The research
question can be focused on three interventions only or can be as wide as to address all treatments for the same
condition as long as these are ‘jointly randomizable’; a patient could, in principle, be randomized in any of the
alternative treatment options. Several application and method papers have outlined the benefits of a joint analysis
(Caldwell et al., 2005; Cooper et al,, 2011; Hoaglin et al,, 2011; Mills et al., 2011). The advantages include improvement
in precision for the estimated effect sizes and the ability to compare treatments that have not been directly compared
in any trial. Figure 1 shows the number of published reviews that have used statistical methods (ranging from simple
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Figure 1. Number of systematic reviews with at least three interventions that derived at least one indirect or mixed estimate (search PubMed until
January 2011)
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calculation of an indirect effect size to full network meta-analysis) to synthesize evidence about the relative
effectiveness of more than two interventions.

Despite the advantages of network meta-analysis, it is far from being an established practice in the research
literature. Applications of network meta-analysis appear to be very promising but often controversial (Piccini and
Kong, 2011; Thijs et al., 2008). The recent evaluation of the relative effectiveness of 12 new-generation antidepressants
attracted supporters as well as skeptics (Barbui et al., 2009; Cipriani et al., 2009). Although researchers recognize the
benefits of network meta-analysis, they often use the indirect evidence as a ‘second choice’, giving priority to direct
evidence (Edwards et al.,, 2009). Overall, the majority of health care practitioners are skeptical towards this emerging
technique (loannidis, 2006). The assumptions underlying the models, the statistical expertise required to fit them, the
observational nature of the indirect comparisons, the issue of inconsistency (disagreement between various sources
of evidence), and the lack of an interpretable and simple measure to summarize the results and to evaluate the risk of
bias contribute to the skepticism.

2. Aims and a roadmap to this article

The criticism and enthusiasm for network meta-analysis echo those that greeted the advent of simple meta-analysis.
From my perspective, network meta-analysis is the next-generation evidence synthesis tool, which when properly
applied, can serve medical decision-making better than the established pairwise meta-analysis. The aim of this paper
is to elucidate the methodological considerations associated with comparing multiple intervention reviews and
network meta-analysis, to summarize the progress achieved in the field, and to highlight areas that need further
research. Throughout, focus is put on the terminology, and | emphasize the analogy between the concerns and
difficulties that the scientific community had some time ago when advancing from individual trials to their
quantitative synthesis via basic head-to-head meta-analysis and those currently expressed about the transition from
head-to-head meta-analysis to network meta-analysis.

The article is structured so that different sections are relevant to readers with different interests, backgrounds,
and degrees of previous experience with network meta-analysis.

+ Section 3 starts with an introduction to the concept of indirect and mixed comparisons between two
treatments, and it is suitable for readers without previous knowledge of the field. The section continuous with
an extensive discussion of the assumption underlying indirect and mixed comparisons and can be relevant to
researchers of all backgrounds (statistical, clinical, or epidemiological) and all levels of experience.

+ Section 4 describes the extension of the idea of indirect and mixed comparisons into a full network of trials.
Sections 4.1 and 4.2 introduce network meta-analysis without going into technicalities. Discussion of the
statistical models in Sections 4.3 to 4.6 will interest more methodologists familiar with network meta-analysis
and statisticians. However, the potential of the methodology to account for covariates and address bias might
be relevant to all researchers; interested readers can skim through Sections 4.6.1 and 4.6.2. Finally, paragraph 4.7
discusses ways to present results in a clinically useful manner.

+ Section 5 discusses the implications of the methods for the early steps of a systematic review and,
particularly, in association with framing the research question and defining the inclusion criteria. Researchers
who plan a network meta-analysis might find this section useful.

« The paper concludes with Section 6 by highlighting practices that might increase the proper application of
network meta-analysis in the published literature.

3. Indirect and mixed treatment comparison of treatments: concepts and
assumptions

Two treatments, A and B, can be compared either directly (in studies that synthesized in meta-analysis produce the
estimate uEB where the superscript denotes the ‘direct’ evidence) or indirectly in trials via a common comparator
treatment C. The indirect estimate 1, can be derived by combining the meta-analyses of all A versus C studies
and B versus C studies as uh, = p2 — uB-. This process is often referred to as the ‘adjusted indirect comparison’
because within-trial randomization is preserved by using the meta-analysis estimates u5- and pu2- (Bucher et al,
1997). If both direct and indirect estimates are available for the same comparison, one can calculate a ‘mixed’ effect
size i by taking the weighted average of 15, and 1,5 The mixed effect size ul; is estimated with more precision,
compared with u&; (Bucher et al., 1997). In summary, in a simple evidence network formed by AB, AC, and BC studies
(a triangular network, Figure 2a), for every comparison between two treatments, one can estimate direct and indirect
estimates and combine them into a mixed estimate.

In more complex evidence networks, indirect estimates can be derived via many possible routes and not
necessarily using a single common comparator C. If AD and DB trials also exist, we can obtain two indirect estimates
for 1tz'anchored’ to C or D. These can also be synthesized together and with the direct estimate y5, if available.
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Figure 2. Three fictional sets of trials that compare pairs of interventions A, B, and C. (a) There is no heterogeneity in the relative effects of the
interventions within each comparison, but there is statistically significant inconsistency in the ABC loop. (b) There is no statistically significant
inconsistency because of the heterogeneity in the AB comparison which produces wider confidence intervals

Although many terms have been used in the literature, we favor the distinction between indirect estimates, for its
clarity, when one or more 1, is available (but no direct evidence is available for A versus B), and mixed estimates
when one or more 1, are synthesized with u2, (Jansen et al,, 2011).

The direct summary effects can be estimated by using either fixed or random effects meta-analysis. Under a
fixed effect model, it is assumed that each study estimates the same comparison-specific mean effect 2., 15,
and ;423 (Figure 2a). Under the random effects model (Figure 2b), it is assumed that each study estimates different,
yet related, study-specific effects which come from the same comparison-specific distribution with means 3, u5,
and 2, and with a variance reflecting the heterogeneity (Figure 3).

Let us assume the approach as a two-step process: first, the indirect estimate i, is derived (via one or many
intermediate treatments), and then, it is synthesized with the direct estimate u&, to provide the mixed estimate.
The first step is associated with the assumption of transitivity, and the second with the extension of transitivity over
a loop of evidence, called consistency. The assumption of transitivity — that indirect comparison validly estimates the
unobserved head-to-head comparison - cannot be tested statistically, but its plausibility can be evaluated
conceptually and epidemiologically. The assumption of consistency — that the direct and indirect estimates are in
agreement - is a prerequisite to calculate a valid mixed estimate. Consistency is the extension of transitivity across a
closed ‘loop of evidence’, where both direct and indirect evidence are available, and statistical methods can be used
to evaluate it. Transitivity and consistency are the same, single assumption. However, separate examination will
facilitate the identification of as many potential scenarios of violation as possible. In the following sections, some
examples are presented, where one might hold but not the other.

3.1. Transitivity

An underlying assumption when 1, is calculated is that one can learn about A versus B via C. We call this ‘the
transitivity assumption’, and the common comparator C is ‘transitive’ when it allows valid comparison of the
treatments to which it is linked.

Indirect comparison can be viewed as a special case of subgroup meta-analysis. The studies form two groups
according to the comparison (e.g. AC and BC), and the difference between the two subgroup summary estimates
is the indirect estimate of A versus B (see Figures 2 and 3). This highlights the observational nature of the approach.
Although studies are randomized, the choice of the comparisons being made in each study has not been randomized.

Copyright © 2012 John Wiley & Sons, Ltd. Res. Syn. Meth. 2012, 3 80-97
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Figure 3. Three fictional sets of trials that compare pairs of interventions A, B, and C. The study-specific blocks represent the study-specific

observed relative effects y;,c, ¥jsc and y;,5. The random effects distributions of the underlying true effects 0,,, d;5c and ;,zare shown for each

comparison. For the AB meta-analysis, the heterogeneity variance is t>=0.03 (estimated using the method of moments), whereas for AC and
BC it is close to zero. The arrows at the bottom of the figure show the direct and indirect comparisons for A versus B

So, the assumption of transitivity relates to the assumptions being made while undertaking a subgroup meta-analysis
or meta-regression.

In the literature, this assumption has been referred to as the similarity assumption (Donegan et al., 2010). The
more descriptive term ‘transitivity’ first used by Baker and Kramer (2002) seems preferable for three main reasons.
First, “transitivity’ describes better the aim of the assumption (to compare two treatments via a third one). Second,
the term ‘similarity’ reduces to homogeneity when we refer to a single head-to-head comparison, whereas
transitivity clearly refers to more than two comparisons. Finally, ‘similarity’ may wrongly suggest that similarity
is required for all characteristics of trials and patients across the evidence base, when in reality, valid indirect
comparison can be obtained even when studies are dissimilar in characteristics which are not effect modifiers
(see Transitivity interpretation 4). Next, | describe the notion of transitivity by using five equivalent expressions
in order to assist clinicians and methodologists in predicting scenarios where the assumption can be violated.

Transitivity interpretation 1: The treatment C is similar when it appears in AC and BC trials. When comparing
different fluoride treatments, comparison between fluoride toothpaste and fluoride rinse can be made via placebo.
However, placebo toothpaste and placebo rinse might not be comparable as the mechanical function of brushing
might have a different effect on the prevention of caries. If this is the case, the transitivity assumption is doubtful
(Salanti et al., 2009). More generally, the definition of the nodes in the treatment network is a challenging issue
with important implications for the joint analysis as, very often, treatments are given at various doses,
administrations routes, frequencies, etc. Note that transitivity is violated when the treatment in question differs
systematically between trials, not randomly. For example, consider that the common comparator C is a treatment
given at different doses, but there is no systematic difference on the average dose of C between AC and BC trials. In
this case, the transitivity assumption can hold, although there might be heterogeneity within the AC and BC
comparisons. Consequently, the ‘anchor’ treatment C can be represented by a single node (see Figure 4a), allowing
an indirect comparison of A and B. If, however, C is given via a different administration route in all AC (e.g. rinsing)
and BC trials (e.g. brushing), then it is questionable whether the two types of Cs can form a common node; if not,
then indirect comparison of A versus B via C is impossible (Figure 4b).

Transitivity Interpretation 2: The ‘missing’ treatment in each trial is missing at random. AC trials do not have a B
arm, and BC trials do not have an A arm. Another way to define the transitivity assumption is to consider these
‘missing’ arms as missing at random (Lu and Ades, 2006). Figure 4 shows how the different scenarios in the context
of missing data apply to the transitivity assumption by using the standard graphical representation of the ‘missing
at random’ (Figure 4c) and ‘missing not at random’ (Figure 4d) assumptions. Consider, for example, the scenario
where baseline risk alters the relative effectiveness of A versus B but also suggests which arms shall be included
in a study if trialists prefer the more effective intervention, A, in high-risk populations (Figure 4d). Transitivity is also
violated when the arm missingness is directly associated with the true relative effectiveness of the interventions
(Figure 4d). Evidence from some research areas showed that the choice of comparator is not always random. Very
often, trialists prefer to compare their experimental treatment to placebo or a suboptimal intervention rather than
a realistic alternative such as an established effective treatment (Heres et al., 2006; Rizos et al., 2011; Salanti et al.,
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Figure 4. (a and b) Transitivity interpretation 1, (c and d) transitivity Interpretation 2, (e and f) transitivity interpretation 4. The top panels show
cases that the transitivity holds for comparison A versus B (existence of a common comparator, arms missing at random, same distribution of effect
modifiers). The bottom panels show scenarios of violations of the transitivity assumption.

2008b). If the choice of the comparison is associated, directly or indirectly, with the relative effectiveness of the
interventions, then the assumption of transitivity is violated.

Transitivity interpretation 3: There are no differences between observed and unobserved relative effects of AC and BC
beyond what can be explained by heterogeneity. A study i, which compares treatments B and C, provides an estimate
of their relative effectiveness denoted by y;s. This can be, for example, the mean difference of the outcome between
arms B and C. Under the random effects assumption, the observed relative treatment effects y,,- relate to underlying
true effects d,5- (Table 1). For the same comparison (here, BC), the true relative treatment effects are said to be
exchangeable across studies: this mean that all 6,5 (directly estimable from the observed y,-) belong to the same
distribution as presented in Figure 3. The width of the distribution reflects the magnitude of the heterogeneity and
accounts for the differences in the true relative effects across studies. To see the relation between heterogeneity
and transitivity, consider that a latent dj- underlies an AC study; this is the true relative treatment effect that one
could estimate if this study had a B arm. Transitivity claims that the unobserved o3 is exchangeable with the relative
treatment effects d,5- directly estimable in BC studies. This means that all dj;- and J,;- come from the same
distribution, and consequently, they cannot differ beyond what is expected by the heterogeneity variance.

Transitivity interpretation 4: The two sets of trials, AC and BC, do not differ with respect to the distribution of effect
modifiers. This formulation facilitates the conceptual evaluation of the transitivity assumption. Distribution of
effect modifiers of the relative treatment effects should be similar in AC and BC trials in order to obtain a valid
AB indirect comparison. Clinicians and methodologists who aim to synthesize evidence from many comparisons
should identify a priori possible effect modifiers and compare their distributions across comparisons.It is important
to note that the transitivity assumption is assumed for the mean effect sizes (that is, 12, u3-) and not for the
individual study results. Consequently, an effect modifier, which differs across studies that belong to the same
comparison but has a similar distribution across comparisons, will not violate the transitivity assumption. For
example, if sex is an effect modifier and AC trials differ in terms of representation of women in the sample
(heterogeneity in AC studies) but the same variability is observed in the set of BC trials, then transitivity may hold
even if sex is an effect modifier. In Figure 4e, the effectiveness of A and B relative to C change according to the
proportion of women in the trial. Still, the combination of AC and BC studies will provide a valid indirect estimate

Table 1. Relative effects: Observed, underlying true (directly estimable) and unobserved true (unobserved)
relative effects in the studies.
Comparison Observed True underlying (directly ‘Missing’  Unobserved true (latent)
in study i relative effects estimable) relative effects arm relative effects
AC Yiac diac B i8> Oiac
BC Yisc digc A 8> Oac
AB Ying Jins C diac igc
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of A versus B because we have AC and BC studies that cover the entire spectrum of the effect modifier, sex. In
contrast, if the distribution of the variable differs across comparisons (as it is the case in Figure 4f), so that AC studies
include, on average, less women, then transitivity does not hold. Baker and Kramer (2002) give a collection of
examples where the transitivity assumption is violated because of effect modifiers that differ across comparisons.
Adjustment can be used to account for small differences in the distribution of effect modifiers and improve transitivity
(see Section 4.6.1). Only effect modifiers, and not ‘colliders’ (variables that are influenced by the choice of comparison
and the relative effectiveness), should be considered for adjustment. Adjustment for colliders, as in classical
epidemiology, will introduce bias rather than improve the plausibility of the transitivity assumption (Greenland and
Rothman, 2008).

Transitivity Interpretation 5: Participants included in the network could in principle be randomized to any of the
three treatments A, B, C. The assumption of transitivity could be violated if interventions have different indications.
For example, if treatment A is a chemotherapy regimen typically administered as a second line treatment, whereas
treatments B and C can be used either as first or second line treatments, we cannot assume that participants in a BC
trial could have been randomized in an AC trial and would have given the same results. Although this
consideration is fundamental and should be addressed when building the evidence network (see Sections 1
and 5), it might be the case that treatments are comparable in theory but not in practice. For example, interferon,
glatiramer acetate, and natalizumab are commonly used in clinical practice for patients with relapsing-remitting
multiple scleroses, whereas mitoxantrone, methotrexate, cyclophosphamide, or azathioprine are more frequently
given to patients with a progressive disease. However, evidence to support this clinical ‘tradition’ is not solid, and it
would be appealing to compare all these treatments. In practice however, transitivity will be violated, as
comparisons might differ with respect to disease severity (Casetta et al,, 2007; Sudlow and Counsell, 2003).

3.2. Consistency

Consistency refers to the agreement between direct and one or more indirect sources of evidence. It is a property
of a ‘closed loop’ (a path that starts and ends at the same node) which in the case of three interventions, is simply
a triangle. The assumption of consistency is linked to the assumption of transitivity, as the former is the extension
of the latter across all indirect comparisons in the loop. In a simple triangular loop, consistency holds when
transitivity can be assumed for at least two out of the three nodes because if A and B are transitive, then Cis
transitive as well.

The assumption of consistency can be evaluated statistically by comparing p2, and i, in a simple z-test
(often called the Bucher method) (Bucher et al.,1997). Alternatively, one could estimate the inconsistency in
the ABC evidence triangle as Iusc = |uh; — 1hs| (often called ‘inconsistency factors’) and its 95% confidence

interval as lapc + 1.96\/(SE(;¢EB))2 + (SE(ithg))* (Bucher et al,, 1997; Caldwell et al., 2010; Salanti et al., 2009). If

consistency holds, it seems reasonable to pool 1§, and 1, to obtain k. Clinical interest may lie more in
comparing 18, and 1, but these two quantities are correlated, and some sort of predefined criteria should be
employed to define disagreement such as those suggested in O'Regan et al. (2009).

Considering that the consistency assumption can take the form of the ‘extension of transitivity’ to hold across
all treatments in a loop, interpretations of consistency can be formulated as

Consistency interpretation 1: Each treatment in the loop pertains to a similar definition independent of its
comparator in studies. Treatment A is the same when compared to B or C; treatment B is the same when compared
to A or C, and so on.

Consistency interpretation 2: The ‘missing’ treatments in each trial in the loop are missing at random. Table 1
shows the three sets of studies in the ABC loop and the ‘missing’ arms in each set. Under consistency, these missing
arms are missing at random.

Consistency interpretation 3: There are no differences between observed and unobserved effects for every
comparison in the loop beyond those attributed to heterogeneity. Table 1 shows the directly estimable and the
unobserved relative treatment effects for the three comparisons in the ABC loop. Consistency claims that all true
underlying effects belong to the same comparison-specific distribution (as shown in Figure 4) irrespective of
whether they are directly observed or not.

Consistency interpretation 4: All sets of trials grouped by comparison are similar with respect to the distribution
of effect modifiers. This means that the distributions of an effect modifier in AC, BC, and AB studies are similar.

The assumption of consistency can be reflected mathematically in the consistency equation ias= tiac — tac. If
there is no direct evidence for the relative effectiveness of A versus B, then the consistency assumption reduces to
transitivity, and the equation suggests that we can derive p4p indirectly via C (right part of the equation). If there is
direct evidence to estimate s (left part of the equation), consistency claims that the two pieces of evidence give

_______________________________________________________________________________________________________________________|
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the same result. Re-arranging the parts of the equation shows that one consistency equation is enough to reflect
consistency for all three comparisons.

Note that the absence of consistency does not necessarily mean that all indirect comparisons in the loop are
invalid. Consider, for example, that treatment C is transitive, and AC and BC trials are similar regarding the distribution
of effect modifiers (e.g. all studies are carried out in adults with a similar distribution in age), so that i is a valid
estimate of the relative effectiveness of A versus B for the given setting and population. If now, the AB studies have
all being carried out in younger populations (e.g in adolescents), then the consistency assumption may not hold; both
s and uly are valid, but i is meaningless.

3.3. Conceptual and statistical connections between transitivity, consistency, and heterogeneity

Heterogeneity can be perceived as the property of a pairwise meta-analysis and is defined as the ‘disagreement’
between the study-specific relative treatment effects beyond what can be explained by chance. This ‘disagreement’
is measured by the heterogeneity variance in the distribution of the true relative effects (Figure 3). Inconsistency can
be defined in similar terms; it is the disagreement between the directly estimable d;4¢, diac, 0ias relative effects in AC,
BC, and AB studies and the unobserved 0;,c, 0j5c, 0is5 true relative effects beyond what can be explained by
heterogeneity (see Consistency interpretation 3). Alternatively, inconsistency can be seen as disagreement between
direct and indirect mean relative effects beyond what chance can explain (heterogeneity is accounted for in the
estimation of the ‘mean’ indirect and direct relative effects).

Extension of the notion of homogeneity across many different comparisons is a sufficient, but not necessary,
condition of consistency. This means that homogeneity within each set of trials AC, BC, and AB does not guard
against inconsistency in an ABC loop. Figure 2a shows three (fictional) homogeneous sets of studies that create
an inconsistent ABC loop, as shown by the 95% confidence intervals of the inconsistency factor /,sc.

The assumption of consistency is often equated with its statistical manifestation (e.g. an inconsistency factor
compatible with zero or a statistically nonsignificant z-test). There are two reasons why results from the statistical
evaluation of the consistency assumption using the Bucher method or more advanced methods should be
interpreted with great caution. First, indirect comparison is often used when direct evidence is limited and only a
few studies contribute to the estimation of uZ;; this makes statistical testing underpowered. Second, there is an
inverse association between the amount of heterogeneity in the pairwise comparisons and the power of testing
for inconsistency. The mean effects u5- and p3 are often estimated using the random effects models in order to
encompass a small to moderate amount of heterogeneity. The forest plot in Figure 2b makes clear the trade-off
between statistical detection of inconsistency and heterogeneity when the random effects model is used: large
heterogeneity will increase the imprecision in the pairwise meta-analysis estimates, resulting in larger confidence
intervals for iy, which will be compatible with 2,, thus, concealing a potentially important inconsistency (Figure 2b).
This is useful to bear in mind when the heterogeneities in the pairwise meta-analyses are large. As a statistically
nonsignificant Q test should not be interpreted as evidence of homogeneity in a traditional meta-analysis,
insignificant z-test results or /45 compatible with zero should not be taken as proof for the absence of inconsistency.
Finally, the lack of direct evidence of any comparison makes the testing of the for consistency impossible, but the
transitivity assumption is still needed to derive indirect estimate.

The crucial issue of how to address inconsistency, if present, is addressed in Section 4.5 after extending the
statistical methods and the assumption for more general evidence structures.

4, Extending indirect and mixed treatment comparison in complex evidence
structures network meta-analysis

4.1. Network meta-analysis

In complex evidence networks, indirect estimates can be derived via many possible routes and not necessarily by
using a single common comparator. Similarly, mixed estimates can be obtained by synthesizing several indirect
estimates with a direct estimate. By focusing, for example, on a particular comparison A versus B, one can derive
indirect estimates via all ‘anchor’ treatments, that is, treatments that link to A and B (for example, in Figure 5
Uaviacr asviap) @Nd synthesize them with u2; by using the inverse variance method. The transitivity assumption
is underlying the process for all ‘anchor’ treatments (here, C and D), and consistency between direct and indirect
estimates can be evaluated. However, with an increased number of treatments and comparisons, this multistep
process becomes a very tedious task. Moreover, the focus of the analysis might not be on a particular comparison
but in comparing all treatments. Statistical methods that synthesize all pieces of evidence for all comparisons in
the network in one step exist. In agreement with the previous use of the term, network meta-analysis refers to the
joint analysis of a trial network, whereas the term ‘mixed’ characterizes the evidence (and estimates) for a specific
comparison that is located in a closed loop, and ‘indirect’ the evidence about a comparison with which trials do
not exist to compare directly (Jansen et al., 2011). Network meta-analysis, by synthesizing simultaneously all evidence
for all comparisons in the network, offers several advantages. The issues of increased power and the ability to
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Figure 5. Network of interventions

compare all treatments even in the absence of direct evidence have been extensively discussed in the literature
(Caldwell et al., 2005; Cooper et al,, 2011; Jansen et al., 2008; Salanti et al., 2008a; Sutton et al., 2008). The advantage
of the nonselective use of the evidence should also be highlighted in contrast to multistep approach (Ades, 2004;
Hawkins et al., 2009b; Jansen et al.,, 2008; Salanti et al., 2008a; Sutton et al., 2008) and is discussed in the next section.

4.2. Why considering network meta-analysis is the best practice in comparing multiple interventions reviews

It is important to note that many reviews do compare several treatments, but they do not explicitly use a network
meta-analysis. Some reviews perform separate comparison-specific meta-analyses and synthesize pieces of
evidence in a multistep process, as described previously. Many reviews present the head-to-head meta-analyses
results and conduct informal indirect comparisons, such as by using a statistical test to compare p5- and u5 in
order to infer about the AB comparison, or compare the magnitude and significance of 2 and 2 in a narrative
way. This is as undesirable and misleading as inferring about subgroup meta-analysis on the basis of the statistical
significance of effects within subgroups. In a recent evaluation of 62 systematic reviews that used some form of
indirect inference, 35 were found to have used methods that do not estimate an indirect relative effect but used
informal methods instead (Edwards et al., 2009).

Valid criticisms of network meta-analysis are equally applicable to informal, nonquantitative, narrative, indirect
comparison of several seemingly independent meta-analyses results. In fact, informal approaches can be dangerous
as they are not associated with any of the ‘safeguarding’ methods put in place to express formally the disagreement
between the different sources of evidence, such as the evaluation of inconsistency. The narrative presentation of several
meta-analyses and the selective use of indirect comparison can be as confusing and misleading as a qualitative
description of individual study results, which does not explicate contradicting findings. Considerations for the statistical
synthesis in a comparing multiple interventions review should follow the same principles with traditional systematic
reviews. The selective presentation of individual study results without their synthesis or without addressing the observed
disagreements (e.g. heterogeneity) that potentially prohibit meta-analysis is widely accepted as a poor practice for
systematic reviews. It is equally unwise to ignore (altogether or selectively) indirect evidence without justification. In
systematic reviews, exclusion of a study from the meta-analysis is justified only when this study is believed to have a high
risk of bias in the results. Similarly, the choice of the pieces of evidence to synthesize in a comparing multiple
interventions review should be done after considering the potential of bias and the risk of violating the transitivity
assumption. Considering a network meta-analysis will naturally lead reviewers in evaluating the assumption, will
encourage exploration of potential disagreements between pieces of evidence giving better insight to the research
question, and will add transparency to the choices being made regarding data synthesis. If, finally, a network meta-
analysis is deemed appropriate, it will provide the most precise evidence about the relative effects of the interventions.

4.3. Core statistical network meta-analysis models

Network meta-analysis can be seen as a special case of meta-regression on dummy variables that reflect the
comparisons. The idea is that, when consistency is assumed, all present comparisons can be written as functions
of a minimum set of comparisons called ‘basic parameters’ (Lu & Ades, 2004). With T treatments in the network, only
T— 1 comparisons are needed to represent all possible comparisons, once the consistency equations are employed.
For example, in the simple case of three treatments A, B, and C, the effect sizes will be regressed on two dummy
variables V1 and V2 that represent, say, comparisons AC and BC. An AC study will have V1=1 and V2=0, whereas
a BC study will be modeled with covariate values V1 =1 and V2= —1 (see Salanti et al., 2008a). Note that the choice
of the T— 7 comparisons to enter the model does not affect the results; a meta-regression using AC and BC as
covariates will give results equivalent to the meta-regression using AC and AB covariates. Standard meta-regression
routines (such as metareg in STATA (StataCorp LP, 2011)) can be used to fit the model.

In the presence of multi-arm trials, more than one effect size per study is extracted. The observed effects within a
study and their underlying random effects are correlated. Multivariate meta-regression, which is often used to model
jointly multiple outcomes, can be used for this purpose, treating the different comparisons as different outcomes

_______________________________________________________________________________________________________________________|
Copyright © 2012 John Wiley & Sons, Ltd. Res. Syn. Meth. 2012, 3 80-97



Research
Synthesis Methods

G. SALANTI

(Jackson et al., 2011; Mavridis and Salanti, 2012). The freely available R packages mvmeta and metasem can be used
for this purpose (Cheung, 2011; Gasparrini, 2012), and a new version of mvmeta in STATA is available (White, 2011).
However, the use of the standard multiple meta-regression routines to fit network meta-analysis should be carried out
with caution. The model involves the between-studies variance—covariance matrix, a matrix with the heterogeneity
parameter in the diagonal, and the between-studies covariance ¢ in the off-diagonal. When the observations do
not refer to different outcomes but to different comparisons, the between-studies covariance c is a function of the
heterogeneity, and this relation needs to be embedded in the model. Standard software routines that use a general
structure for the covariance will not model the data properly, although in the presence of only few multiple arm trials,
ignoring the relation between heterogeneity and between-trials covariance should not have much impact on the
results. The current special issue of Research Synthesis Methods includes an article which shows how to fit network
meta-analysis using the new mvmeta STATA command, accounting properly for correlations induced by multi-arm
trials (White et al., 2012).

Despite the fact that network meta-analysis can be fit as a frequentist meta-regression model, the vast majority
of applications have been carried out within a Bayesian context (Lu and Ades, 2004). Extension of the models into
complex types of data, incorporation of prior beliefs, easier estimation of predictions, and expressing results using
probabilistic statements make the Bayesian modeling more attractive. For an overview of the models, see Salanti
et al. (2008a) All Bayesian applications have been carried out in WinBUGS (Lunn et al., 2000), and codes for
various types of data and models have been made available online (see bris.ac.uk/cobm/research/mpes/mtc.html,
www.mtm.uoi.gr, nicedsu.org.uk/index.htm).

A common feature in most applications of network meta-analysis is that they use a common heterogeneity
parameter for all treatment comparisons. This offers an advantage as estimation of the heterogeneity for
comparisons, which are informed directly by only a few studies, borrows strength from comparisons with many
studies leading to a better estimation of the heterogeneity. On the other hand, the assumption of common
heterogeneity can lead to paradoxes, such as network estimates being less precise than pairwise estimates for some
comparisons. This can happen for comparisons that are informed directly by trials with no or little heterogeneity. In a
network meta-analysis, the 'homogeneous’ comparisons share the same heterogeneity parameter with comparisons
exhibiting larger heterogeneity, and this will lead into more imprecise network estimates for the former. An
alternative model, which allows for different heterogeneity parameters across comparisons and various structures
for the between-studies variance-covariance matrix, has been discussed in Lu and Ades (2009). The authors derived
the exact structure of the matrix as imposed by the consistency equations and suggested an approach based on the
Cholesky decomposition to ensure positive definitiveness. However, the added benefit of this complex approach and
its feasibility in the presence of multi-arm trials remains to be shown in applications.

4.4. The assumptions of transitivity and consistency for a network meta-analysis

Distinguishing between direct and different sources of indirect evidence in a network of interventions is often
impossible but also unnecessary. Indirect information ‘flows’ in the network via several routes using different, often
multiple, ‘anchor’ treatments. It is obvious that, in a network meta-analysis, transitivity is assumed for all ‘anchor’
treatments (that is, for all treatments that link two others), in the sense that they link comparable sets of studies
and provide valid indirect estimates. Therefore, investigators should carefully consider the various scenarios in Section
3.1 and evaluate potential sources of violation. This implies looking at the distribution of potential confounders across
all comparisons, considering whether all missing arms can be assumed to be missing at random, and so forth. A
network for which transitivity can be assumed in all ‘anchor’ treatments is, by definition, consistent. Inconsistency
in a network can be manifested as a disagreement between different sources of evidence for the same comparison.
For example, inconsistency can be created by the disagreement between two indirect estimates fthz,..c and fihg,iap for
the same comparison AB ‘anchored’ at different treatments C and D or between indirect and direct estimates iy,
and p2g,.c- Both conceptual and statistical evaluation of the consistency assumption is required to obtain valid
network meta-analysis estimates. For instance, in a star network (a network where all treatments have been compared
with a common treatment but not between themselves), there are no multiple sources of evidence for the same
comparisons, so no inconsistency can occur; still, the assumption of transitivity should be evaluated conceptually
for all indirect comparisons to derive valid network meta-analysis estimates. In the network of Figure 5, testing for
consistency in the closed ABCD loop will give some indication about the transitivity in nodes A, B, C, and D, but
the plausibility of the transitivity assumption in node E needs to be evaluated as well.

Simple methods to detect inconsistency are based on extending the idea of statistical comparison between
direct and indirect estimates. It has been suggested that inconsistency factors /45 and their 95% Cls are calculated
for all loops formed in a network and presented as forest plots to identify loops for which /45 # 0 (Salanti et al.,
2009). This approach suffers from problems related to multiple testing of correlated quantities; if transitivity does
not hold for a given ‘anchor’ treatment, this will be shown as inconsistency in several loops involving this
treatment. Caldwell et al. (2010) presented a test for simultaneously testing for inconsistency in several loops that
share only one comparisons, so is only applicable to a specific type of networks. There is currently limited
empirical evidence about the occurrence of statistical inconsistency. A study evaluated 44 triangular networks,
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and only three were found inconsistent (Song et al., 2003). An update of this study reported a higher proportion of
inconstant loops (16 out of 112 triangles) (Song et al., 2011). O'Regan et al. (2009) empirically evaluated the
agreement between indirect and mixed estimates that appear in networks of at least four treatments. Using fixed
effects approaches, they concluded that indirect and mixed estimates do not differ, although the 51 comparisons
they examined came from seven reviews only.

Approaches in evaluating inconsistency in a network as a whole, rather than splitting it into loops, have gained
popularity but are more cumbersome to apply, and they also have their own drawbacks. For network models fitted
within a Bayesian framework, the consistency assumption can be evaluated by comparing a model assuming
consistency with one that does not, using the Deviance Information Criterion, a measure similar to Akaike's criterion
(Spiegelhalter et al., 2002). The model without consistency does not use the consistency equations to derive indirect
and mixed estimates and is similar to a series of independent and pairwise meta-analysis (which share the same
heterogeneity parameter). The assumption of consistency is challenged when the inconsistency model presents,
for the same data, a better trade-off between model fit and complexity. The most important drawback with this
method is that results may depend on the parameterization of the multi-arm trials. Approaches that test as well as
account for inconsistency are discussed in the following paragraph.

4.5. How to deal with inconsistent networks

Despite the best efforts of investigators to construct a consistent network, significant inconsistency may arise. In
this case, investigators should address it by considering a strategy similar to the one followed once heterogeneity
is detected in a simple meta-analysis. Meta-analysis aims to address some of the challenges created by often
contradicting individual experiments. Exploration of heterogeneity has proven to be a key feature of systematic
reviews, often providing insight into the clinical question under investigation. It has become an established
practice for review protocols to list potential sources of heterogeneity and use them to form more homogeneous
subgroups and generate hypotheses for effect modifiers. Similar practices should be followed in network
meta-analysis with a clear strategy to deal with the inconsistency developed a priori and described in the

Table 2. Possible strategies that respond to heterogeneity and inconsistency.

Action

Heterogeneity

Inconsistency

Check the data

Try to bypass

Resign to it

Encompass it

Explore it

Studies that ‘stand out’ in the forest plot
are checked for data extraction errors

(Gotzsche et al., 2007; Horton et al., 2010).

There is empirical evidence that some
measures are associated with larger
heterogeneity than others

(Deeks, 2002; Friedrich et al., 2011).

Investigators may decide not to
undertake meta-analysis in the presence
of excessive heterogeneity.

Apply random effects meta-analysis
(DerSimonian and Laird, 1986;

Higgins et al., 2009).

Use prespecified variables in a subgroup
analysis or meta-regression
(Thompson and Higgins, 2002).

Simple loop inconsistency graphs can indicate
studies with data extraction errors.
Inconsistency in loops where a comparison is
informed by a single study is particularly
suspicious for data errors.

Empirical evidence is needed to evaluate the
impact of the effect measure on statistical
inconsistency, particularly given the trade-off
between heterogeneity and statistical
inconsistency when random effects models
are used.

Investigators may decide not to synthesize
the network data in the presence of excessive
inconsistency.

Apply models that relax the consistency
assumption by adding an ‘extra’ inconsistency-
specific random effect (Lu and Ades, 2006;
White et al,, 2012). However, as random effects
are not a remedy for excessive heterogeneity
and should be applied only for unexplained
heterogeneity, inconsistency models should be
employed to reflect inconsistency in the results,
not to adjust for it.

Split the network into subgroups or use
network meta-regression to account for
differences across studies and comparisons.
Specify the variables in the protocol, including
bias-related characteristics. See for examples
Cooper et al. (2009); Dias et al. (2010c)
Salanti et al. (2009).
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protocol. Table 2 summarizes the strategies currently followed in meta-analysis to address heterogeneity and
their adaptation for the problem of inconsistency.

The issue of choosing between direct and indirect evidence may arise if important inconsistency is identified. There
are arguments for giving priority to direct evidence; the strongest one is that it does not rely on the transitivity
assumption. However, there can be cases where indirect evidence may be preferable if the direct evidence is subject
to bias. Empirical data have shown that indirect estimates may be free of sponsorship bias that can exaggerate the
result of direct comparisons (Song et al,, 2008). Rather than arbitrarily excluding studies or entire comparisons that
do not seem to add up, investigators should try to explain the observed inconsistency and explore causes of
disagreement, which can be enlightening. Dias et al. (2010b) introduced the ‘node-splitting’ approach which
separates the evidence conveyed by the network for any given comparison into direct and indirect. The process is
computationally intensive and becomes cumbersome for networks with many treatments and comparisons but offers
the advantage of identifying potential ‘anchor’ treatments for which transitivity may not hold.

When inconsistency is evident, researchers may decide to synthesize the data in a way that reflects the extra
uncertainty because of inconsistency. Lu and Ades (2006) introduced a model that accounts for inconsistency by
adding an extra random effect to each loop in which inconsistency can occur. In the presence of inconsistency, the
source-specific mean relative treatment effects (i.e. the direct and indirect) are allowed to differ by a small random
quantity instead of being claimed identical. This model has an elegant analogy to random effects model which
postulates that the true study-specific relative treatment effects are not identical but are exchangeable. The variance
of the ‘loop’ inconsistencies is called inconsistency variance, in analogy to the heterogeneity variance. One can then
compare inconsistency variance with heterogeneity variance to evaluate the assumption that the heterogeneity may
be sufficient to explain differences between sources of evidence (see interpretation of Transitivity 3 in Section
3.1). The main disadvantages of the model are that results may depend on the parameterization of the multi-arm trials
and that it might be sensitive to the prior distributions for the variance parameters (Lambert et al., 2005).

4.6. Extending the network meta-analysis

4.6.1. Network meta-regression. Adjusting for factors that can vary across comparisons may improve the plausibility of
the transitivity assumption while reducing heterogeneity. Characteristics such as differences in baseline risk (if there is
a common comparator) and sample size (as a single proxy for study quality) can be considered. Several studies have
extended the network meta-analysis model by including covariates to account for variation in dose, adjuvant
treatments, or sponsorship (Cipriani et al, 2009; Salanti et al., 2009; Nixon et al., 2006; Cipriani et al., 2011; Cooper
et al., 2009). An important application of network meta-regression is to account for differences in trial characteristics
associated with the risk of bias, such as allocation concealment (Dias et al., 2010a). The issue of bias is particularly
challenging, but also promising, and is discussed in Section 4.6.2.

Network meta-regression is expected to be subject to the same problems as simple meta-regression; ecological
bias when aggregated data are used as covariates, low power with few studies and high false positive rates if fixed
effects are used in the presence of heterogeneity (Higgins and Thompson, 2004). The suitability of the adjustment
can be judged by monitoring changes in the heterogeneity parameter, by contrasting adjusted mixed estimates
to the direct estimates and by comparing the goodness of fit of the models.

4.6.2. The issue of bias revisited when comparing multiple interventions. The credibility of the summary estimate from a
conventional meta-analysis is challenged when studies with a high risk of bias are included. This concern carries over
when comparing multiple interventions. Meta-regression can be used to adjust for bias in a way similar to the
standard pairwise meta-analysis. For example, an indicator variable can be created to define the ‘appropriate’,
‘unclear’, and ‘inappropriate’ method of allocation concealment and can be included in the network meta-regression.
This approach (with a modification for probabilistic modeling of the ‘unclear risk of bias) has been used by Dias et al.
(2010c). However, in a network meta-analysis, it is necessary to make assumptions about the direction of the bias. If all
trials are placebo-controlled trials (so that the network is star-shaped), it is expected that the bias will favor the active
treatment. When two active treatments are compared, stronger assumptions are required for the direction of bias,
such that the newer or the sponsored treatment is favored. Directionality assumptions can be embedded in the
model in the form of an index variable.

Adjusting for bias in a network of interventions offers the advantage of increased power compared with the
traditional meta-analysis. Consider, for example, that comparison AB is informed by very few studies or studies
that all fall in the same quality category, that is, they all have poor allocation concealment. Then, conducting
sensitivity analysis or adjusting via meta-regression is suboptimal or impossible. However, if these studies are part
of a network meta-regression model, the bias coefficient for allocation concealment estimated in the network
from all involved comparisons is imposed to AB studies as well, and the summary estimate for AB can be adjusted.
This rests on the assumption that the magnitude of bias is similar across comparisons, which can be defendable in
many clinical settings.

A similar approach has been taken to address small study effects and publication bias in a network of
antidepressants (Moreno et al.,, 2011). The association between sample size, heterogeneity, and the probability
of publication is often manifested as a funnel plot asymmetry and has long been a very challenging issue in
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meta-analysis. The same problem applies to networks of interventions and can take a more extended form:
comparisons that do not give significant results may be underrepresented or completely missing from the
network, and their relative effects will primarily be informed by indirect evidence. As publication bias and selective
reporting might affect interventions and comparisons in different ways depending on the clinical context, the
problem of publication bias in the network should be considered carefully. Attempts have been made to associate
the possibility of selection bias with asymmetry measures of the network, borrowing the methodology used in
ecology (Salanti et al., 2008b).

Network meta-analysis also offers the opportunity to evaluate biases that can affect an entire research
field. Characteristics associated with the design of the study (e.g. blinding) can be studied jointly in a network
meta-epidemiology. Regression bias coefficients estimated within a network can be assumed exchangeable across
a collection of networks extending the idea of meta-epidemiology (Sterne et al.,, 2002) and providing large-scale
evidence for potential sources of bias (Salanti et al., 2010b).

Because network meta-analysis combines studies that compare a treatment against a variety of comparators,
it enables researchers to explore biases that are not identifiable in a head-to-head meta-analysis. Optimism
bias, associated with the use of novel interventions, has been a concern difficult to address, so far (Djulbegovic
et al., 2011; Heres et al., 2006; Soares et al., 2005). However, in a network of interventions, the same treatment C
can be the newer and, hence, the ‘favored’ in a comparison AC, but the older in another comparison BC. This
allows us to study apparent changes in the effectiveness of C because of optimism. In a network meta-
epidemiology model, three networks on different cancer treatments were linked to estimate the novelty bias
effect (Salanti et al., 2010b).

The presence of bias can manifest itself as an inconsistency. Going back to one of our starting arguments,
exploration of possible sources of inconsistency may enhance understanding of the way that interventions appear
to work under different conditions but also give better insight into how the present evidence is formed and
whether certain sources are more reliable than others.

4.6.3. Multivariate versions of the models and applications to specific types of data. Treatments are typically
compared with respect to many outcomes, which are often correlated. Extensions of multivariate meta-analysis will
be desirable to account simultaneously for multiple treatments and outcomes. The expected benefits would be
increased precision and lower risk of introducing bias because of selective reporting, particularly for safety outcomes
(Jackson et al., 2011; Riley et al., 2004). Although a general framework has not been developed yet, several models for
specific types of correlated outcomes are available. A flexible Bayesian model for competing outcomes (such as
effectiveness and safety) is described in Ades et al. (2010). Network meta-analysis models for an outcome measured
at multiple follow-ups or for outcomes in the form of transition probability between various health states are also
available in the literature (Lu et al., 2007; Price et al., 2010). Note that the majority of these models are tailored to
the data structure at hand, and consequently, investigators who want to use them need to adjust them to the
particular problem. Applications of the network meta-analysis to other types of outcome data, except from binary
and continuous, include so far Poisson (Dias et al, 2010c), time to event data (Jansen, 2011; Kyrgiou et al., 2006;
Welton et al.,, 2008), and mixing count with survival data (Woods et al., 2010).

4.7. Presentation of results and reporting of network meta-analysis

When presenting results from a network meta-analysis, it is useful to show both the direct and the mixed
estimates, along with their 95% confidence intervals and comment on possible disagreements. In a consistency
model, all pairwise comparisons can be obtained, and the effect sizes are often presented in the form of a ‘league
table’ (see, for example, Padwal et al. (2011) and Cipriani et al. (2011)) or in a forest plot against a common
comparator (see for example Sciarretta et al. (2011)). A review of several of these methods can be found in Salanti
et al. (2010a).

Presenting the results of a network meta-analysis using absolute measures is valid as long as there is a common
comparator of interest. Examples can be found in Mills et al. (2009), where efficacy of each treatment was
presented using the expected absolute mortality given a baseline death probability, and in Manzoli et al.
(2009), where hemagglutination inhibition with various influenza vaccines was presented as the absolute change
from a baseline vaccine for which a prior distribution for the outcome was assumed. Presentation of the results
using predictive intervals (Higgins et al., 2009), although infrequent, best conveys the uncertainty due to
heterogeneity (Salanti et al., 2010a).

Ranking measures and probabilities have become popular as they provide an understandable gateway to the
results, particularly in the presence of many competing treatments. The probability for each treatment of being the
best is often calculated when the network model is fitted within the Bayesian framework, but methods are also
available for frequentist approaches. The probability of being the best has the disadvantage that it does not reflect
the spread of rankings for the treatments and may be misleading (Jansen et al,, 2011; Salanti et al., 2010a). An obvious
solution to this is to calculate the probabilities for all ranks. The probability of each treatment to achieve each possible
rank can be plotted to yield ‘rankograms’ (Cipriani et al., 2011; Cipriani et al., 2009) or may be presented in a table
(Hawkins et al., 2009b). Presentation of the cumulative ranking curves in a single plot and a numerical summary of
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the area below the cumulative raking curve for each treatment is useful as it gives a clear ordering of all treatments on
the basis of a summary of the rank probabilities, see Salanti et al. (2010a). Probabilistic statements can also be used to
facilitate clinical interpretation of the results; for example, the probability that the relative effectiveness of each
treatment reaches a particular threshold of clinical importance has been used to present the results from a network
meta-analysis of nonsteroidal anti-inflamatory drugs (Trelle et al.,, 2011). Presentation of results on the basis of the
statistical significance of pairwise comparisons, as suggested by Fadda et al. (2011), may be misleading as it
overemphasizes the importance of p-values.

Reporting of the assumptions underlying the indirect and mixed comparison of multiple interventions varies
considerably across reviews. In a recent summary, only 12 out of 30 reviews that compared or combined indirect
and direct evidence commented on the consistency assumption (Song et al., 2009). The authors identified several
problems in both conducting and reporting reviews that use indirect evidence, such as inappropriate statistical
methods, nonsystematic search of the literature, and lack of transparency as to whether presented results
pertained to direct, indirect, or mixed evidence. A more recent study evaluated 41 reviews that include indirect
and mixed comparisons against a list of quality criteria for conduct and reporting (Donegan et al., 2010). They
concluded that the assumptions are not routinely assessed, and reporting of all necessary information to judge
the appropriateness of the mixed or indirect estimate is suboptimal. It is interesting to note, however, that both
empirical studies by Song et al. (2009) and Donegan et al. (2010) implicitly assume that direct evidence is
preferable to indirect. For example, Donegan and colleagues included a quality item ‘Does the review state that
more trials providing direct evidence are needed?’. It is not clear, however, whether it is indeed a good practice
to call by default for more randomized trials if mixed evidence is conclusive. This assumption of superiority of
the direct evidence has impacted on the conclusions of both empirical studies. Two useful lists of
recommendations for undertaking, reporting, and evaluating a network meta-analysis can be found in Jansen
et al. (2011) and Ades et al. (2012). These lists could be used as a starting point to extend the PRISMA statement
for network meta-analysis (Liberati et al., 2009).

5. Setting up a body of evidence for network meta-analysis

The assumptions of the methodology discussed so far should be taken into account at the early stages of the
review, where decisions about collecting and evaluating the body of evidence are made. Researchers may decide
to include in the review all treatments for the same condition or a subset of them that is of particular interest, but
it is important that only treatments with the same indication are compared. Therefore, when deciding upon the
set of competing treatments, reviewers need to make sure that they are ‘jointly randomizable”: it is possible to
imagine that a single randomized trial could have been designed to compare all these treatments (see Section
3.1 for Transitivity interpretation 4).

Once reviewers have decided which treatments they want to compare, two critical issues need to be
addressed. The first one is the definition of the included treatments. Each node in a network represents a
treatment which, however, is rarely defined in an identical way across trials; more often, a node refers to a
collection of arguably similar treatments. The breadth of the definition of a node is an important decision that
requires substantial input from clinicians and methodologists. The second issue is the potential inclusion of further
‘anchor’ treatments that are not of direct clinical interest but provide indirect evidence.

Both decisions relate to the ever present dilemma of lumping and splitting: broader definitions of each node
and inclusion of more ‘anchor’ treatments allow synthesis of more data, increase precision, and enhance the
chances of generalizable conclusions. At the same time, the transitivity assumption may seem less defensible
when a node embodies many treatment definitions, and there is the risk of introducing heterogeneity and
inconsistency into the meta-analysis model. Hawkins et al. (2009b) support the use of a wider evidence
body and show the benefits when expanding the inclusion criteria for treatments. They suggest a search
algorithm to identify indirect evidence via ‘anchor’ treatments when a particular set of treatments is on focus
(Hawkins et al., 2009a). On the other hand, Cooper et al. (2011) showed the potential pitfalls when the evidence
base is extended too much. In one of their examples, the increase in precision gained by expanding the network
is negated by increased heterogeneity.

Whereas selective use of direct and indirect information should be avoided when possible, the clinical and
methodological characteristics of each research field should guide this decision. If, for example, direct evidence
is believed to be biased because of, say, optimism or sponsorship bias, possible sources of indirect evidence
may be deemed appropriate. In summary, issues of precision, the plausibility of the transitivity assumption, and
the presence of inconsistency should be combined with the possibility of bias in the direct and indirect
comparison when setting up the body of evidence. In order to avoid selective use of the evidence, such decisions
should be ideally made at the planning stage and described in the protocol of the review.

Presentation of the evidence network can be useful, and most published applications of network meta-analysis
do include such information in the form of a table or a graph. Presentation of the network plot, possibly enhanced
to show more information about the data (e.g. by plotting nodes and edges proportional to the amount of
information they carry), can be informative; an R routine for this purpose can be found in www.mtm.uoi.gr.
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Graphical display of the direct and indirect comparison in restricted and extended versions of the network may be
helpful to explore how information enters the evidence base and influences the results, see for example, Hawkins
et al. (2009b).

6. Moving forward toward establishing network meta-analysis as an integral
part of comparing multiple intervention reviews

Many researchers and clinicians working in the field of producing evidence for decision-making are at this exciting
point of moving a level up in the evidence pyramid and ‘upgrading’ from pairwise to network meta-analysis.
Conventional systematic reviews and meta-analyses are long recognized as very useful tools in providing evidence
for the effectiveness of interventions. When first appeared, meta-analysis was greeted with skepticism. The
conditions under which meta-analysis yields valid results are now established, although debate about particularly
difficult issues, such as the random versus fixed effects or publication bias, is on-going. Systematic reviews that
compare multiple interventions have been carried out for many years now, but their statistical component, network
meta-analysis, is still debated. The assumption underlying network meta-analysis as outlined in this paper is
perceived as an important barrier to the wider uptake of the method. What is important to realize though is that
multiple indirect comparisons, often implicit or explicit in reviews, require the same assumptions with network
meta-analysis, and they suffer from lack of transparency. Network meta-analysis will be eventually adopted in
practice via a process similar to the one that established meta-analysis as a desirable part of a systematic review:
via many well-described applications and methodological developments that will show when network meta-analysis
gives valid results and how these should be interpreted.

All systematic reviews should consider registration of protocols (Booth et al.,, 2012; Van der Wees et al., 2012);
comparing multiple interventions reviews even more so. The protocol safeguards against selective use of the
indirect evidence and ‘anchor’ treatments. In the protocol, reviewers shall describe the strategy they plan to follow
to evaluate transitivity and consistency, list factors that could introduce heterogeneity and inconsistency, describe
the conditions under which they will employ network meta-analysis to synthesize the results, and specify how they
plan to deal with inconsistency if present. If the review is carried out as a Cochrane review, the registration of the
protocol is compulsory; otherwise, reviewers can use an online database (such as PROSPERO (Booth et al., 2012;
Palepu et al., 2011) www.crd.york.ac.uk/prospero/). Extending the PRISMA statement (Liberati et al., 2009) for
comparing multiple interventions, reviews will greatly improve reporting, whereas extensions of AMSTAR (Shea
et al., 2007) will help the end users of research in evaluating the evidence provided by this type of review.
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