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Abstract
When direct and indirect estimates of treatment effects are coherent, network meta-analysis (NMA) estimates should have increased
precision (narrower confidence or credible intervals compared with relying on direct estimates alone), a benefit of NMA. We have, however,
observed cases of sparse networks in which combining direct and indirect estimates results in marked widening of the confidence intervals.
In many cases, the assumption of common between-study heterogeneity across the network seems to be responsible for this counterintuitive
result. Although the assumption of common between-study heterogeneity across paired comparisons may, in many cases, not be appro-
priate, it is required to ensure the feasibility of estimating NMA treatment effects. This is especially the case in sparse networks, in which
data are insufficient to reliably estimate different variances across the network. The result, however, may be spuriously wide confidence
intervals for some of the comparisons in the network (and, in the Grading of Recommendations Assessment, Development, and Evaluation
approach, inappropriately low ratings of the certainty of the evidence through rating down for serious imprecision). Systematic reviewers
should be aware of the problem and plan sensitivity analyses that produce intuitively sensible confidence intervals. These sensitivity an-
alyses may include using informative priors for the between-study heterogeneity parameter in the Bayesian framework and the use of fixed
effects models. � 2018 Elsevier Inc. All rights reserved.
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1. Introduction

Network meta-analysis (NMA) is becoming increasingly
popular [1]. One of the most frequently cited advantages of
NMA is that, by combining direct and indirect evidence,
the network estimate for the relative effectiveness of two
interventions will yield a narrower confidence interval
(CI) or credible interval than if reviewers were to rely on
direct evidence alone [2e5]. We have seen, however, a
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number of cases of sparse networks in which, despite the
direct and indirect evidence being coherent (i.e., showing
similar effects), the CIs or credible intervals of the network
estimates are considerably wider than those of the direct es-
timates. In this article, we describe the cause of this phe-
nomenon and provide guidance on how to avoid making
spurious assessments of the certainty of the evidence of
network estimates in NMAs in which it occurs. The discus-
sion, which assumes familiarity with the basic concepts of
NMA, and the concepts related to rating the certainty of the
evidencedparticularly imprecisiondconstitute official
guidance from the Grading of Recommendations Assess-
ment, Development, and Evaluation (GRADE) working
group.
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What is new?

Key findings
� When conducting network meta-analysis (NMA)

of sparse networks, the common between-study
heterogeneity assumptiondnecessary to conduct
the analyses in such networksdmay result in
network estimates with implausibly wide confi-
dence intervals after combining coherent direct
and indirect evidence.

What this adds to what was known?
� There are many statistical methods that can deal

with this issue; and although these require making
assumptions about the belief and uncertainty on the
common between study heterogeneity, they pro-
vide sensible results.

What is the implication and what should change
now?
� Systematic reviewers who are not aware of this

issue or fail to address it will report network esti-
mates that are spuriously imprecise because they
result from limitations in the method of statistical
analysis and not in the evidence. Systematic re-
viewers planning to conduct an NMA of sparse
networks should plan to conduct sensitivity ana-
lyses to address the issue and obtain network esti-
mates more likely to be useful for decision-
making.
2. The case of antiarrhythmics for out-of-hospital car-
diac arrest

Investigators conducted an NMA comparing the relative
effectiveness of five antiarrhythmic drugs and placebo in pa-
tients experiencing out-of-hospital cardiac arrest [6]. For the
outcome survival to hospital admission, the NMA included
eight randomized clinical trials that had enrolled a total of
3,483 participants. The direct estimate for the comparison
between lidocaine and placebo for the outcome survival to
hospital admission showed a risk ratio (RR) of 1.19 with a
95% CI of 1.07e1.31, suggesting that patients who received
lidocaine were 19% more likely to survive to hospital
Fig. 1. Direct, indirect, and network estimates of lidocaine versu
admission than those who received placebo. Because there
were no serious concerns about the risk of bias, inconsis-
tency, imprecision, indirectness, or publication bias, the re-
view authors rated the evidence as high certainty.

Although the indirect evidence provided a much less
precise estimate, the RR was 1.03 with a 95% CI of
0.53e2.01, and the direct and indirect estimates were
coherent (i.e., small differences in the point estimates, with
widely overlapping CIs). However, when combining these
two sources of evidence using a frequentist framework
and a random effects model, the CI of the network estimate
was wider than one would anticipate, with a lower bound of
0.85 and an upper bound of 1.45 (Fig. 1); here, instead of
increasing the precision of the direct estimate, the NMA
decreased precision.
3. NMA assumptions

In addition to transitivity and coherencedthe core as-
sumptions of NMAdthere is an assumption in the statisti-
cal methods for NMA available in commonly used software
packages that the between-study heterogeneity is the same
across all the comparisons in the network [7,8]. Although
this assumption is unlikely to be correct [9], it simplifies
the estimation of the NMA parameters [10], and it may
be particularly necessary in the case of sparse networks.
Using the common heterogeneity assumption, the statistical
approaches use information available in the entire network
to estimate a common between-study heterogeneity, which
is then included in the calculations for all CIs for effect
estimates in the network.

In the NMA of antiarrhythmics for out-of-hospital car-
diac arrest, the direct estimate of survival to hospital admis-
sion for lidocaine versus placebo came from one large study
with 2,052 patients. As no estimate of between-study het-
erogeneity could be calculated, the between-study hetero-
geneity was assumed to be 0, and the CI for the direct
estimate reflected only the within-study variability (this is
discussed with more details later in this article). The other
comparisons for which there was direct evidence had an
estimated between-study heterogeneity up to I2 5 86%
(tau2 5 0.20). The common between-study heterogeneity
estimated for the whole network was I2 5 48%
(tau2 5 0.02). Therefore, the between-study heterogeneity
from the other comparisons affected the precision of the
s placebo when using a frequentist random effects model.
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NMA estimate for the comparison of lidocaine versus pla-
cebo, widening of the CI.

This example illustrates a problem that originates from
the common between-study heterogeneity assumption: if,
as is likely to be the case, this assumption is not true, some
of the network estimates will have CIs that, because of
attribution of an inappropriately large between-study het-
erogeneity, are misleadingly wide. One consequence of this
is that reviewers will rate the GRADE certainty of evidence
[11,12] down due to concerns of imprecision, and this rat-
ing down will be due to a spurious analysis assumption
rather than true limitations in the body of evidence. In other
words, reviewers would use a poorly estimated heterogene-
ity parameter that widens the CI of some network estimates
dramatically and implausibly, resulting in spurious lower
certainty evidence. In this example, combining a high-
certainty body of direct evidence comparing lidocaine
versus placebo with coherent indirect evidence that carried
little information resulted in a spuriously low certainty of
evidence rating. The low rating was due to imprecision
which was, in turn, due to an almost certainly incorrect
assumption of common between-study heterogeneity across
comparisons.

Because of the difficulty that many users without pro-
gramming skills would have and, more importantly, the
lack of sufficient data to estimate multiple between-study
heterogeneity parameters, methods for allowing the
between-study heterogeneity to vary across the network
[13] are not feasible in sparse NMAs. Thus, allowing the
between-study heterogeneity to vary across the network
cannot address the problems that follow from assuming a
common between-study heterogeneity in sparse networks.
Because results from a survey of 456 published NMAs
[1,14] show that at least 25% of the NMAs include fewer
than five treatment nodes and fewer than 13 trials, and a
meta-epidemiological study of 112 NMAs [15] showed that
36% of statistically significant direct estimates were no
longer statistically significant when combined with indirect
evidence, this issue may arise frequently, and reviewers
need to address it appropriately.
4. Strategies to address the issue

Commonly used statistical software packages provide
many statistical methods to conduct NMA. As we have
noted, however, most of these methods assume a common
between-study heterogeneity across the network. System-
atic reviewers must choose both an appropriate model
and framework to obtain sensible results when conducting
NMA of sparse networks.

4.1. Fixed versus random effects models

The assumptions of the fixed versus random effects
models for NMA are the same as those of a traditional
meta-analysis. Fixed effects models assume that any
observed differences in the relative effects of the interven-
tions between studies are due to chance. In other words,
there is a single true treatment effect across all studies
[16]. The assumption that all the studies are estimating
the same parameter implies that the true between-study het-
erogeneity is zero, and thus, it has no influence in the esti-
mation of the pooled estimates. As a result, combining data
from two studies will always result in a CI that is, because
of increased sample size, narrower than that of either study
alone.

The assumption behind random effects models is that all
studies are estimating related, but not identical, treatment
effects. In other words, there is an average treatment effect,
and, across studies, there is variability of the true effects
around this average [16]. This variation of the treatment ef-
fect, the between-study heterogeneity (tau2), is estimated
using the data from all studies and is used to calculate
the CI of the pooled estimate. Therefore, the CIs of pooled
estimates calculated using random effects models consider
both within- and between-study heterogeneities.

Because the between-study heterogeneity can vary, so
can the magnitude of the differences between pooled esti-
mates obtained using a fixed versus a random effects
model. For the same set of studies, the larger the
between-study heterogeneity, the wider the CI of the pooled
estimate obtained using the random effects model when
compared with that obtained using the fixed effects model.

Because systematic reviews with NMAs tend to address
broad rather than narrow clinical questions, it is unlikely
that the data will meet the assumptions of a fixed effects
model. However, reviewers conducting NMAs who believe
that the common between-study heterogeneity across com-
parisons is unrealistic, or that it cannot be estimated reli-
ably in their sparse networksdand that it is causing some
network estimates to have CIs much wider than appears
sensibledmay reasonably assume that such between-
study heterogeneity across comparisons is zero by con-
ducting the NMA using fixed rather than random effects
modelsdif, that is, results make more intuitive sense than
those of random effect models.
4.2. Bayesian versus frequentist framework

The Bayesian framework has been most commonly used
to conduct NMA [14] probably because software for imple-
mentation was available in the early days of NMA [17].
The Bayesian framework combines a prior probability
distribution with a likelihood based on the available data,
which results in a posterior probability distribution from
which the analyst obtains the relative effect estimates
[3,18]. To conduct an analysis that is mainly data-driven
and because there is often little information about treat-
ments effects outside the data in the meta-analysis, analysts
often specify noninformative or weakly informative priors
for treatment effects [13].



63R. Brignardello-Petersen et al. / Journal of Clinical Epidemiology 105 (2019) 60e67
Noninformative or weakly informative priors contain little
to no information about the parameters. Their use indicates a
belief that there is no information about the true value of the
parameters in the NMAmodel beyond what the data are indi-
cating andmay result in less precise estimates of treatment ef-
fects than onewould be obtained from frequentist frameworks
[19]. This difference in precision of treatment effects arises
because, in theBayesian framework, there canbeconsiderable
remaining uncertainty about the value of the between-study
heterogeneity parameter with the use of a noninformative or
weakly informative prior in a small or sparse network. In the
Bayesian framework, this uncertainty propagates through to
the credible intervals around estimates, whereas in the tradi-
tional frequentist framework, uncertainty around the hetero-
geneity parameter is usually ignored in the calculation of
CIs. Thus, a potential solution to this issue would be to use
more informative priors for the between-study heterogeneity,
for example, those based on empirical distributions that
depend on the type of outcome being investigated and inter-
ventions being compared [9]. Analysts can implement such
informative priors using the available software packages for
conducting Bayesian NMA [10].

Although the frequentist framework is most commonly
used for traditional meta-analysis, software allowing for
its implementation in NMA by nonstatisticians was devel-
oped later than those for Bayesian approaches [14]. The
frequentist framework has advantages, including the
perceived familiarity of the users with the interpretation
of the estimates, as well as making estimates and inferences
based entirely on the data available, thus avoiding issues
with either informative or uninformative priors.

Considering all the above, reviewers challenged by
spurious imprecision of results of NMAs of sparse networks
conducted using a Bayesian framework with uninformative
or weakly informative priors should adopt one of two alterna-
tives: (1) use informative priors that would place realistic re-
strictions on the between-study heterogeneity or (2) use a
frequentist framework. The choice of a fixed effects approach
in a Bayesian setting can be seen as the choice to use an
extremely informative priordone that puts all its weight on
a value of zero for the between-studyheterogeneity parameter.
5. Planning the statistical analysis of sparse networks

Reviewers will, ideally, plan the statistical methods for
pooling studies before the start of their systematic review
[20e23]. Reviewers planning to undertake NMAwho antic-
ipate that they will have a sparse network must be aware of
the potential problem highlighted in this article and, in their
protocol, include strategies to deal with the issue should it
arise. Considering all the above, reviewers conducting
NMA of sparse networks could choose among the following
statistical methods that are feasible to implement:

� Bayesian random effects models with uninformative
priors
� Bayesian random effects models with informative
priors

� Bayesian fixed effects model
� Frequentist random effects models
� Frequentist fixed effects models

It is not possible to know whether the common between-
study heterogeneity assumption will be inappropriate
before the analysis is undertaken. Reviewers can, however,
plan to conduct sensitivity analyses if the common
between-study heterogeneity assumption results in exces-
sively imprecise network estimates when using their pri-
mary method of analysis. Even though it is unlikely that
there is enough data to reliably assess whether the common
between-study heterogeneity assumption was appropriated
had that been the case, reviewers could have implemented a
model in which the heterogeneity was allowed to vary
across comparisonsda close look at each of the pairwise
comparisons and their between-study heterogeneity can
provide some insight regarding the extent to which the
assumption of common between-study heterogeneity across
the network was appropriate. If reviewers judge that the
common heterogeneity assumption was likely to be inap-
propriate, they can use alternative statistical frameworks
and models that do not rely so heavily on the assumption.
Ideally, their protocol will specify a hierarchy of analytic
approaches that they will follow only until they arrive at
an approach that produces a sensible result.

Finally, although statistical estimates of goodness of fit
of the models may seem a suitable approach for deter-
mining which model is more likely to provide more appro-
priate results, believing their results implies that reviewers
believe in all the assumptions of the model, including the
common between-study heterogeneity across the network.
In addition, there is no goodness of fit measure that allows
comparing analyses conducted with the Bayesian versus the
frequentist framework, decreasing the usefulness of these
measures in this context.

6. Comparing the result of alternative approaches

Alternative statistical approaches had an important impact
in the network estimate for the relative effectiveness of lido-
caine versus placebo for survival to hospital admission in pa-
tients experiencing out-of-hospital cardiac arrest (Fig. 2).
Even though the indirect evidence provided little informa-
tion, the NMA assumption of equal between-study heteroge-
neity across comparisons resulted in network estimates with
very wide CI when using the random effects model. As
described previously, the reviewers judged that the CI of
the network estimate was, as a result of the inappropriate
assumption of common between-study heterogeneity across
the network, spuriously wide. They, therefore, considered
more credible the results from fixed effects models that
generated a network CI similar to that of the direct estimate.

The implications of the inference that the NMA estimates
using random effects models are inappropriate in this case



Fig. 2. Network plot and network estimate for the relative risk of the effect of lidocaine versus placebo on survival to hospital admission in patients
experiencing out-of-hospital cardiac arrest using different statistical approaches. Bayesian analyses were done using the package gemtc [24] in the
statistical software R [25]. Bayesian uninformative prior used was the default in the statistical analysis package ( gemtc, R) [24], and Bayesian
informative prior used was taken from a set of empirical priors [9], according to the comparison and outcome. Frequentist analyses were done using
the package netmeta [26] in R.

64 R. Brignardello-Petersen et al. / Journal of Clinical Epidemiology 105 (2019) 60e67
are important: reviewers who considered such estimates
credible would rate certainty as low owing to very serious
imprecision, which would make the evidence less useful
for decision-making. The authors of the NMA, however,
chose a frequentist fixed effects model that avoided obtain-
ing an implausibly wide CI and an inference regarding cer-
tainty of the effect of lidocaine versus placebo that would
have resulted from an inappropriate statistical approach.

Application of various statistical methods to other exam-
ples shows similar results (Fig. 3). Consider an NMA
comparing different agents for dental caries arrest in which
there were six treatments compared in seven randomized
clinical trials [27]. In a preliminary analysis, for the
Fig. 3. Top: Network plot and network estimates of relative risk comparing 2
oral hygiene. Bottom: Network plot and network estimates of odds ratios com
tients with sepsis. The comparison of interest is bolded in each network plot.
hexidine; SOH: standard oral hygiene; SDF: silver diamine fluoride; KI: pota
[24] in the statistical software R [25]. Bayesian uninformative prior used w
Bayesian informative prior used was taken from a set of empirical priors [9],
done using the package netmeta [26] in R.
comparison between fluoride varnish plus toothpaste versus
standard oral hygiene, the indirect evidence contributed
almost no information to the network estimate. Nevertheless,
the CI authors obtained when using a frequentist random ef-
fects model was much wider than that of the direct estimate
and wide enough to warrant rating down the certainty of the
evidence by two levels (Fig. 3, top panel).

Because most of the evidence came from the direct com-
parison, the reviewers based their conclusions regarding
relative effectiveness on the results from a direct estimate
in which they had moderate certainty, rather than on a
network estimate in which they had very low certainty.
As the Figure depicts, conducting the analysis using fixed
.26% fluoride varnish plus toothpaste for caries arrest versus standard
paring the effect of albumin versus normal saline on mortality in pa-

Abbreviations: FV: fluoride varnish; ppm: parts per million; CHX: chlor-
ssium iodide. Bayesian analyses were done using the package gemtc
as the default in the statistical analysis package ( gemtc, R) [24], and
according to the comparison and outcome. Frequentist analyses were
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effects models would have resulted in a CI similar to that of
the direct estimate and thus a rating of the network estimate
as moderate certainty evidence.

A similar phenomenon occurred when assessing the effects
of intravenous albumin versus normal saline on mortality in
patients with sepsis [28], in a network with six treatments
and 13 randomized clinical trials (Fig. 3, bottom panel).

Even though these examples illustrate that the choice of
statistical approach has an important impact on the network
estimates, this impact seems to be specific to a particular
comparison within a particular NMA. Although whenever
appreciable heterogeneity exists, fixed effects models will
result in narrower CIs than random effects models, the
magnitude of the narrowing will be much larger in some
cases than in others.
7. Our suggested approach is not cherry-picking:
NMA protocols should deal with this issue

Although we believe that the correct approach to deal
with this problem is to conduct sensitivity analyses that
would provide optimally trustworthy network estimates
when the assumption of common heterogeneity appears
not to be met, some may see this approach as ‘‘cherry
picking’’ (i.e., conducting multiple analyses and then,
on then choosing the approach that yields results they
considerable desirable). We argue that this is not the
case.

As we have noted earlier in this discussion, NMA au-
thors should, as part of their analysis plan, check results
to judge to what extent the assumption of common
between-study heterogeneity across the network is credible.
As mentioned previously, it is unlikely that there is enough
data to check this reliably, and thus the judgment would be
based on a detailed look at the data available (i.e, the
between-study heterogeneity in each of the network
comparisons).

Our examples all included direct evidence that reviewers
had judged as high or moderate certainty evidence and
coherence between direct and indirect evidence which
Fig. 4. Network plot and estimates of odds ratio comparing the effects of thi
coholic steatohepatitis. Bayesian analyses were done using the package gem
used was the default in the statistical analysis package ( gemtc, R) [24], a
priors [9], according to the comparison and outcome. Frequentist analyses
contributed little additional evidence. We reasoned that
adding small additional coherent evidence to high or mod-
erate quality evidence should not result in new estimates of
low or very low certainty. Therefore, reviewers should
specify, in their protocol, that if they observe noncredible
wide CIs in one or more comparisons, they will conclude
that the assumption of common between-study heterogene-
ity across the network is untenable and therefore will select
an analysis approach that deals with the problem. That
alternative analysis will then become the primary analysis,
and review authors should describe the decision-making
process and their rationale in the publication of their sys-
tematic review. In proceeding in this way, they will ulti-
mately arrive at a presentation of the most trustworthy
results to guide clinical care.
8. Unwarranted common heterogeneity assumptions
may not be the only reason for counter-intuitively wide
CIs/certainty intervals

Consider a systematic review and NMA comparing
pharmacologic interventions for patients with nonalcoholic
steatohepatitis in which the network was composed of five
treatments and seven randomized clinical trials (Fig. 4). In
one analysis, the Bayesian random effects model with unin-
formative priors, combining consistent direct and indirect
estimates resulted in an NMA estimate with counterintui-
tive credible intervals much wider than the direct estimate.
This was not true for any of the other analytic approaches,
including Bayesian fixed effects models, frequentist
random effects models, and Bayesian random effects
models with informative priors.

Thus, assumed common heterogeneity does not, in this
case, appear to explain the single excessively wide certainty
interval. Indeed, in this case, the point estimate of the
between-study heterogeneity of both the direct comparison
of thiazolidinediones versus placebo and the whole network
was 0. Here, the wide credible interval results from the use
of an uninformative prior for the heterogeneity parameter in
combination with limited data for estimation of this
azolidinediones versus placebo on liver fibrosis in patients with nonal-
tc [24] in the statistical software R [25]. Bayesian uninformative prior
nd Bayesian informative prior used was taken from a set of empirical
were done using the package netmeta [26] in R.
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parameter; this allows for the possibility of high and unre-
alistic levels of heterogeneity. As we have suggested, NMA
protocols should include provisions for checking whether
the assumptions made in their analyses hold, and if they
might not, exploring results from alternative analyses that
may prove more trustworthy.
9. The case of the single study

In our primary example of lidocaine versus placebo for
out-of-hospital cardiac arrest, the direct comparison was
based on a single study. Some may argue that if only one
study informs the direct comparison, it is inappropriate to
assume that the between-study heterogeneity is 0, and
therefore, it should not be a problem that a network esti-
mate for such a comparison has a wider CI than a direct es-
timate. In other words, we could learn about the between-
study heterogeneity for comparisons for which there is only
a single study from the entire network. Depending on the
extent to which reviewers are willing to agree with this
argument, they may deem trustworthy the results of NMAs
in which a common heterogeneity was calculated using the
whole network and estimates come from random effect
models. We would argue that even when direct estimates
come from a single study, if direct and indirect estimates
are coherent (or when there is no indirect evidence), it is
inappropriate to use a heterogeneity parameter that is
poorly estimated in the network when it dramatically and
implausibly widens the CI for the NMA estimate.

Parenthetically, others may argue that high-certainty
direct evidence from a single study is not the same as
high-certainty evidence from many studies. This consider-
ation could provide some weight to the case for applying
the heterogeneity parameter from the rest of the network
to the single study. GRADE believes in replicationdwhich
is explicitly addressed when assessing inconsistency when
rating the direct evidencedhigh-certainty direct evidence
would have no limitations regarding the risk of bias, impre-
cision (which considers the optimal information size),
applicability, and publication bias. A critical application
of each of these considerations would make it unlikely that
the addition of information from new studies would result
in changes to the evidence that would lead to important dif-
ferences in the consequent inferences. Thus, high-certainty
evidence should be interpreted the same regardless of
whether it comes from a single study or multiple studies,
and reviewers who have obtained a high-certainty direct es-
timate should still deem it inappropriate to use a poorly
estimated heterogeneity parameter in the context of an
NMA.

10. Conclusions

Reviewers conducting an NMA of a sparse network
should be aware of the potential issues that may arise from
incorrect assumptions of the analysis and plan sensitivity
analyses that lead to more trustworthy estimates of effects.
Failing to do so will result in network estimates that have
spuriously low certainty owing to limitations in the analysis
methods rather than the evidence itself, making results less
useful for patients, clinicians, and other decision-makers.
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