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ABSTRACT
OBJECTIVE
To examine whether the continuous updating of
networks of prospectively planned randomised
controlled trials (RCTs) (“living” network metaanalysis) provides strong evidence against the
null hypothesis in comparative effectiveness of
medical interventions earlier than the updating of
conventional, pairwise meta-analysis.
DESIGN
Empirical study of the accumulating evidence about
the comparative effectiveness of clinical interventions.
DATA SOURCES
Database of network meta-analyses of RCTs identified
through searches of Medline, Embase, and the
Cochrane Database of Systematic Reviews until 14
April 2015.
ELIGIBILITY CRITERIA FOR STUDY SELECTION
Network meta-analyses published after January 2012
that compared at least five treatments and included at
least 20 RCTs. Clinical experts were asked to identify
in each network the treatment comparison of greatest
clinical interest. Comparisons were excluded for which
direct and indirect evidence disagreed, based on side,
or node, splitting test (P<0.10).
OUTCOMES AND ANALYSIS
Cumulative pairwise and network meta-analyses
were performed for each selected comparison.
Monitoring boundaries of statistical significance
were constructed and the evidence against the null
hypothesis was considered to be strong when the
monitoring boundaries were crossed. A significance

What is already known on this topic
Network meta-analysis is an extension to conventional meta-analysis, which
includes both direct and indirect evidence on the comparative effectiveness of
multiple treatments
Network meta-analysis might produce strong evidence against the null
hypothesis on the comparative effectiveness of treatments earlier than standard
pairwise meta-analysis but requires more assumptions and advanced statistical
methods
Sequential methods for analysis of “living” network meta-analysis of
prospectively planned randomised controlled trials have recently become
available, allowing the continuous updating of evidence

What this study adds
Network meta-analysis was 20% more likely to provide strong evidence against
the null hypothesis of treatment differences than pairwise meta-analysis
Network meta-analysis provided strong evidence against the null hypothesis four
years earlier than pairwise meta-analysis
Prospectively planned living network meta-analysis can facilitate timely
recommendations and contribute to reduce research waste by providing strong
evidence against the null hypothesis earlier than living pairwise meta-analysis
the bmj | BMJ 2018;360:k585 | doi: 10.1136/bmj.k585

level was defined as α=5%, power of 90% (β=10%),
and an anticipated treatment effect to detect equal to
the final estimate from the network meta-analysis. The
frequency and time to strong evidence was compared
against the null hypothesis between pairwise and
network meta-analyses.
RESULTS
49 comparisons of interest from 44 networks were
included; most (n=39, 80%) were between active
drugs, mainly from the specialties of cardiology,
endocrinology, psychiatry, and rheumatology. 29
comparisons were informed by both direct and
indirect evidence (59%), 13 by indirect evidence
(27%), and 7 by direct evidence (14%). Both network
and pairwise meta-analysis provided strong evidence
against the null hypothesis for seven comparisons,
but for an additional 10 comparisons only network
meta-analysis provided strong evidence against
the null hypothesis (P=0.002). The median time to
strong evidence against the null hypothesis was
19 years with living network meta-analysis and 23
years with living pairwise meta-analysis (hazard ratio
2.78, 95% confidence interval 1.00 to 7.72, P=0.05).
Studies directly comparing the treatments of interest
continued to be published for eight comparisons after
strong evidence had become evident in network
meta-analysis.
CONCLUSIONS
In comparative effectiveness research, prospectively
planned living network meta-analyses produced
strong evidence against the null hypothesis more
often and earlier than conventional, pairwise
meta-analyses.

Introduction
A timelier introduction of effective medical
interventions was one of the early promises of metaanalysis of randomised control trials (RCTs).1 2
Cumulative meta-analysis, defined as updating a
meta-analysis whenever a new eligible RCT becomes
available, has been used retrospectively to examine
how evidence on a given intervention has accrued over
time and how quickly it has informed guidelines.3 4
More recently, the optimal time for updating a
systematic review has been discussed5-7 and guidelines
and decision tools developed.8-10 In 2014 “living
systematic reviews” were proposed as a framework for
continuously updated meta-analyses.11
In recent years, network meta-analyses have gained
prominence in comparative effectiveness research.12 13
They extend conventional, pairwise meta-analysis
to compare multiple treatments within a network of
RCTs.14-16 A living version of network meta-analysis
1
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Methods
Search strategy and inclusion criteria
We compiled a large database of network meta-analyses
of RCTs based on searches of Medline, Embase, and
the Cochrane Database of Systematic Reviews from
inception to 14 April 2015.12 In the present study
we included networks published after January 2012,
as empirical evidence suggested that the quality
of the systematic reviews and statistical rigor have
considerably improved in recent years.12 To ensure
a critical mass of data, we included networks with at
least one closed loop of evidence that compared at
least five different treatments and included 20 or more
RCTs published within at least 10 years.
Selection of comparison of interest
We focused on treatment comparisons that were of
interest to the developers of clinical guidelines during
the period the body of evidence accumulated. For
each included network meta-analysis we asked senior
clinicians or clinical researchers with experience
in guideline development to choose the treatment
comparison that “was of greatest interest to the
2

developers of guidelines or which had the greatest
influence on clinical decision-making during the
indicated time period” and to justify their choice by
providing a reference of a relevant clinical guideline.
One expert evaluated each network and the comparison
was chosen independently of the availability of direct
or indirect evidence. Experts were blind to the results
of the sequential analysis. Treatment effects were
expressed as the standardised mean difference, odds
ratios, or hazard ratios for continuous, binary, and
time-to-event data, respectively.
Network meta-analysis rests on the assumption of
consistency between direct and indirect evidence. We
therefore excluded networks where the comparison of
interest showed evidence of inconsistency, defined by a
P value less than 0.10 when direct and indirect evidence
were compared in a z test (Separate Indirect from Direct
Evidence (SIDE), also called node splitting test).23

Construction of monitoring boundaries and
definition of strong evidence
We assumed that studies had been prospectively
planned and that they were included in the synthesis
model once results became available. Then we
evaluated the evidence against the null hypothesis
using hypothesis testing to decide whether further
data were needed. Repeatedly testing whenever new
evidence is added to a body of evidence leads to
inflated type I errors.22-25 Methods originally developed
for sequential analysis of RCTs have been adapted to
cumulative pairwise meta-analysis and more recently
to network meta-analysis.18 26 We used an adaptation
of α spending functions, which we have described in
detail elsewhere.18 Firstly, we defined an anticipated
treatment effect to detect rates of type I and type II
errors (α and β, respectively). Secondly, we constructed
the α spending function boundary as a function of the
statistical information (added at each update) and
the maximum information. Statistical information
is defined as the inverse of the variance—that is,
precision. We defined the maximum information as the
precision of a single RCT that is adequately powered
to detect the anticipated difference between the
two interventions, given α and β. The α error is then
distributed along the sequential tests, with smaller
values “spent” for early tests and larger values spent
at later stages. The monitoring boundaries correspond
to the quantiles of the α levels and approximate the
(1−α/2) % quantile of thestandard normal distribution
as the statistical information approaches its maximum.
We implemented the methods in a freely available R
package (see appendix N).
We defined a significance level α=5%, power of
90% (β=10%) and an anticipated treatment effect to
detect equal to the final estimate from the network
meta-analysis. We expressed results as z scores (ie, the
effect size divided by its standard error). In the primary
analysis for both pairwise meta-analysis and network
meta-analysis, we imputed the median value of the
empirical distributions from Cochrane reviews.27 28
In a sensitivity analysis, we estimated heterogeneity
doi: 10.1136/bmj.k585 | BMJ 2018;360:k585 | the bmj
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has recently been suggested as the new paradigm in
comparative effectiveness research.17 18 Healthcare
institutions such as the UK National Institute for
Health and Care Excellence and the World Health
Organization consider network meta-analyses and,
if there is high confidence in the results, use them to
inform recommendations.19 By including both direct
and indirect evidence, continuously updated network
meta-analysis can reach robust conclusions on the
relative effectiveness of treatments earlier than pairwise
meta-analyses, thus potentially facilitating timely
recommendations and reducing research waste.17-20
In a prospectively planned network meta-analysis,
studies are designed and realised using a predefined
protocol and they are cumulatively synthesised as
their results become available. One study highlighted
the potential of this approach to optimally inform
comparative effectiveness of drugs, not only at the
post-marketing stage but also before licensing.21 In
the framework of a prospective living network metaanalysis, suitable methods are required for statistically
monitoring the accumulating evidence while
controlling for the risk of falsely concluding superiority
of an intervention. Such methods have been developed
recently, extending the sequential monitoring of trials
and pairwise meta-analyses.18 22 It is, however, unclear
whether the theoretical potential of prospectively
planned living network meta-analysis can be realised
in comparative effectiveness research and whether
its increased power compared with pairwise metaanalysis is or is not substantial. We used sequential
monitoring to assess recently published network metaanalyses of RCTs of medical interventions to examine
whether living network meta-analysis would have
provided strong evidence against the null hypothesis
more often and earlier than the corresponding updated
pairwise meta-analysis.

Comparing living network meta-analysis and living
pairwise meta-analysis
We compared the emergence of strong evidence against
the null hypothesis (defined as crossing monitoring
boundaries) between living pairwise and network
meta-analyses. Among comparisons with strong
evidence we examined whether boundaries were
crossed as a result of indirect evidence. We analysed
data in a 2×2 table using McNemar’s exact test and
estimated differences in the probability of providing
strong evidence. We plotted Kaplan-Meier curves and
the bmj | BMJ 2018;360:k585 | doi: 10.1136/bmj.k585
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We illustrate the approach using the example of the
relative efficacy of olanzapine and haloperidol in the
acute treatment of schizophrenia, based on one of
the network meta-analyses included in this study29
(fig 1). We assume a standardised mean difference
measuring the overall change in symptoms of 0.13
favouring olanzapine, equal to the final estimate
from the random effects network meta-analysis, and
type I and type II errors of 5% and 10%, respectively.
The first RCT to compare olanzapine and haloperidol
was published in 1996.30 The results showed that
olanzapine tended to reduce symptoms more than
haloperidol: the standardised mean difference was
0.07 and the z score was 0.26.30 Until 2007, a further
10 RCTs that directly compared the two drugs were
published, resulting in a summary standardised
mean difference of 0.12 favouring olanzapine (95%
confidence interval −0.07 to 0.30); these results are
added sequentially in cumulative pairwise metaanalysis (fig 1). In network meta-analysis the z
score is updated whenever new direct or indirect
evidence becomes available (fig 1). Indirect evidence
accumulates through RCTs that compare the drugs of
interest with placebo or another drug. At any time,
the accumulated information is compared with the
monitoring boundaries. The direct evidence from
cumulative pairwise meta-analysis remains within
the boundaries, whereas the mixed evidence (direct
and indirect) from network meta-analysis crosses the
monitoring boundaries in 2008 (after the inclusion
of 131 RCTs in the entire network), indicating strong
evidence against the null hypothesis for the superiority
of olanzapine (fig 1). The standardised mean difference
at the point of crossing the stopping boundary was
0.13 (95% confidence interval 0.02 to 0.24). Appendix
M shows an alternative presentation of sequential
monitoring using repeated confidence intervals.
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Fig 1 | Efficacy of olanzapine versus haloperidol in
treatment of acute schizophrenia, as estimated from
living pairwise meta-analysis and living network metaanalysis. Monitoring boundaries were constructed using
an α spending function with type I and type II errors fixed
at 5% and 10%, respectively. Conventional significance
thresholds are shown as dotted lines (z=1.96). The
horizontal axis shows statistical information that
accumulated over time, compared with maximum
statistical information (information in single adequately
powered study). Heterogeneity variance is assumed to be
equal to the median of predictive distributions (0.049)

calculated the hazard ratio from a frailty time-to-event
regression model to describe the time needed to cross
the boundary while accounting for the paired nature
of the data.31 For comparisons with strong evidence
against the null hypothesis we recorded how many
studies that directly compared the treatments were
published after the boundaries had been crossed. All
analyses were done in a frequentist framework using
R (R Development Core Team, Vienna, Austria) and
Stata (Stata, College Station, TX). Appendices K and N
include the technical details about the R package, and
worked examples.

Patient involvement
No patients were involved in setting the research
question or the outcome measures, nor were they
involved in the design and implementation of the study.
No patients were asked to advise on interpretation or
writing up of results. There are no plans to disseminate
the results of the research to study participants or the
relevant patient community.
Results
Database of network meta-analyses
Out of 456 published network meta-analyses included
in the original database,12 44 met the inclusion
3
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from the data at each update. We considered that a
pairwise or network meta-analysis provided strong
evidence against the null hypothesis (the hypothesis
that there is no difference between the interventions)
when the accumulated information crossed the
monitoring boundaries of statistical significance,
constructed as described here and previously.18 We
define strong evidence as strong evidence against the
null hypothesis.

Favours
haloperidol
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Table 1 | Characteristics of 44 network meta-analyses and 49 network comparisons of
medical interventions included in study. Values are numbers (percentages) unless stated
otherwise
Network meta-analyses

Estimates

Median (interquartile range):
No of studies included
No of treatments compared
Span of years
Total sample size
Outcome characteristics
Direction of effect:
Beneficial
Harmful
Outcome type:
Objective
Semi-objective*
Subjective†
Measurement:
Binary
Continuous
Rate
Time to event
Journal (No of distinct journals):
General medicine (n=10)
Specialty (n=28)
Medical specialty:
Cardiology
Endocrinology
Psychiatry
Rheumatology
Neurology
Dentistry/periodontology
Pulmonology
Dermatology
Gastroenterology
Obstetrics
Oncology
Anaesthesiology
Hepatology
Comparisons:
Drug versus drug
Drug versus placebo
Lifestyle versus drug
Lifestyle versus lifestyle and placebo
Lifestyle versus lifestyle and drug
Invasive versus invasive

n=44
41 (26-60)
9 (8-14)
21 (16-34)
10 587 (3494-26 089)

22 (50)
22 (50)
17 (39)
19 (43)
8 (18)
29 (66)
10 (23)
1 (2)
4 (9)
16 (36)
28 (64)
9 (20)
6 (13)
5 (11)
5 (11)
3 (7)
3 (7)
3 (7)
2 (5)
2 (5)
2 (5)
2 (5)
1 (2)
1 (2)
n=49
39 (80)
4 (8)
2 (4)
1 (2)
1 (2)
2 (4)

*Cause specific mortality, major morbidity event, composite mortality or morbidity, obstetric outcomes, internal
structure, external structure, surgical device success or failure, withdrawals or drop-outs, resource use, and
hospital stay or process measures.27
†Pain, mental health outcomes, dichotomous biological markers, quality of life or functioning, consumption,
satisfaction with care, general physical health, adverse events, infection or new disease, continuation or
termination of condition being treated, and composite endpoint (including at most one mortality or morbidity
endpoint).27

4

lifestyle modifications. Most primary outcomes were
binary (66%) or continuous (23%) (table 1).
Of the 49 comparisons, 29 (59%) were informed
by both direct and indirect evidence in the network
meta-analysis. The P values from testing for agreement
between indirect and direct evidence ranged between
0.11 and 0.99 (see appendix table 1). Thirteen
comparisons (27%) were not examined directly in any
RCT; seven (14%) were based on direct evidence only.

Comparison of living pairwise and network metaanalyses
For 10 of the 49 comparisons (20%), the evidence for
superiority of one of the interventions was stronger
with network meta-analysis than with pairwise metaanalysis. In seven instances (14%) both pairwise and
network meta-analyses provided strong evidence
against the null hypothesis, whereas in 32 comparisons
neither analysis produced strong evidence (table 3,
P=0.002 from McNemar’s exact test). Network metaanalysis was 20% more likely (95% confidence interval
10% to 35%) to provide strong evidence against the
null hypothesis than pairwise meta-analysis. Results
were similar when heterogeneity was estimated rather
than imputed (see appendix table 2) or when summary
effects from pairwise meta-analysis instead of networkmeta-analysis were used to define the anticipated
treatment effect to detect (see appendix table 3).
Restricting analyses to comparisons for which both
direct and indirect evidence were available did not
materially change results (P=0.016 from McNemar’s
test, see appendix table 4).
For nine out of the 17 treatment comparisons where
network meta-analyses provided strong evidence
against the null hypothesis (53%), this was achieved
only after adding an RCT that contributed indirect
evidence. For 13 treatment comparisons there was no
RCT directly comparing the interventions of interest,
and yet for three of them strong evidence was available
by indirect comparison (table 2): exercise and nonsteroidal anti-inflammatory drugs versus exercise for
pain relief,32 nifedipine versus placebo for delaying
delivery in women at risk of preterm delivery,33 and
candesartan versus topiramate for the prevention of
migraine.34
Median time to strong evidence against the
null hypothesis (the first time that the monitoring
boundary was crossed) was 19 years (interquartile
range 16 to 23) with network meta-analysis and 23
years (interquartile range not estimable) with pairwise
meta-analysis (fig 2). Network meta-analysis provided
strong evidence earlier than pairwise meta-analysis,
by 4 years (95% confidence interval 0 to 7 years). The
hazard ratio comparing network with pairwise metaanalysis was 2.78 (95% confidence interval 1.00 to
7.72; P=0.05). For eight (47%) of the 17 comparisons
with strong evidence, studies directly comparing the
treatments of interest continued to be published after
the boundary had been crossed (see appendix table 1).
The total number of additional studies was 66; 40 of
these compared edaravone with placebo.35 Appendix
doi: 10.1136/bmj.k585 | BMJ 2018;360:k585 | the bmj
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criteria. The most important reasons for exclusion
were publication before January 2012 and lack of
outcome data (see appendix figure 1). The 44 network
meta-analyses were published in 38 journals (28
specialist and 10 general medicine journals) (table 1).
Most networks addressed research questions in the
specialties of cardiology, endocrinology, psychiatry,
and rheumatology (table 1). Clinical experts selected 54
treatment comparisons, and five were excluded owing
to evidence of inconsistency (table 2, and see appendix
table 1). Most of the 49 included comparisons were
between two drug interventions (n=39, 80%). Five
comparisons (10%) involved placebo, two (4%) were
between invasive interventions, and four (8%) involved
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Design providing strong
evidence
Network

Comparison of greatest interest

Buti 2013

Coronally advanced flap and connective tissue graft versus coronally advanced flap and
enamel matrix derivative
Vitamin K antagonists versus apixaban
Atorvastatin versus rosuvastatin
β interferon-1a (Avonex) versus β interferon-1a (Rebif)
Angiotensin receptor blockers versus angiotensin converting enzyme inhibitors
Ferric sulphate versus mineral trioxide aggregate
Unfractionated heparin and vitamin K antagonist versus low molecular weight heparin and
vitamin K antagonist
Celecoxib versus tramadol
Vaginal misoprostol versus vaginal prostaglandin E2
Dobutamine versus levosimendan
Dobutamine versus milrinone
Diclofenac high dose versus celecoxib
5-aminosalicylic acid versus anti-tumour necrosis factor
Anti-tumour necrosis factor versus placebo
Selective serotonin reuptake inhibitors versus tricyclic and tetracyclic antidepressants
Metformin versus sitagliptin
Haloperidol versus olanzapine
Endoscopic injection sclerotherapy versus endoscopic banding ligation
Isoniazid (six months) versus rifampicin and isoniazid (three-four months)
Alendronate versus risedronate
Inhaled corticosteroids versus long acting β2 agonists—inhaled corticosteroids
Standard care or placebo versus diet and exercise
Chemical occlusion versus physical occlusion
Angiotensin converting enzyme inhibitors versus calcium channel blockers
Angiotensin receptor blockers versus calcium channel blockers
Thiazolidinediones versus dipeptidyl peptidase-4 inhibitors
Amiodarone intravenous versus flecainide intravenous
Orlistat versus standard care
Orlistat versus lifestyle
Metoprolol versus bisoprolol
Sertraline versus diazepam
Non-steroidal anti-inflammatory drugs versus nafamostat
Pregabalin versus gabapentin
Glycopyrronium bromide versus budesonide
Everolimus eluting stent versus coronary artery bypass grafting
Fluoxetine versus escitalopram
Exercise and non-steroidal anti-inflammatory drugs versus exercise
Terbinafine versus flutrimazole
Alendronate versus denosumab
Amitriptyline versus fluoxetine
Nifedipine versus placebo
Candesortom versus topiramate
Endoscopic banding ligation versus endoscopic banding ligation and endoscopic injection
sclerotherapy
Vitamin K antagonists versus rivaroxab
Posaconazole versus fluconazole
Edaravone versus placebo
Iopromide versus iodixanol
Potent corticosteroid versus placebo
Fludarabine-rituximab-based chemoimmunotherapies versus fludarabine based combination regimens

Dogliotti 2013
Naci 2013
Filippini 2013
Hon-Yen Wu 2013
Lin 2014
Castellucci 2014
Myers 2014
Alfirevic 2014
Greco 2015
Greco 2015
Walsem 2015
Singh 2015
Singh 2015
Linde 2015
Sun 2015
Leucht 2013
Ke-Qing Shi 2013
Stagg 2014
Tadrous 2014
Dong 2013
Stevens 2015
Lin 2012
Fretheim 2012
Fretheim 2012
Liu 2012
Lori 2012
Ara 2012
Gray 2012
Chatterjee 2013
Mavranezouli 2013
Akshintala 2013
Bodalia 2013
Kew 2014
Windecker 2014
Kriston 2014
Dong 2015
Rotta 2013
Murad 2012
Ramsberg 2012
Haas 2012
Shamiliyan 2012
Shi 2013
Dogliotti 2013
Pechlivanoglou 2013
Yang 2014
Zoccai 2014
Samarasekera 2013
Terasawa 2012

Type of
evidence

Network
meta-analysis

Meta-analysis

Both

No

No

Both
Both
Both
Both
Both
Both

No
No
No
No
No
Yes

No
No
No
No
No
Yes

Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Both
Indirect
Indirect
Indirect
Indirect
Indirect
Indirect
Indirect
Indirect
Indirect
Indirect
Indirect
Indirect
Indirect
Direct

No
No
Yes
No
Yes
Yes
Yes
No
Yes
Yes
Yes
No
No
No
Yes
No
No
No
No
No
Yes
Yes
No
No
No
No
No
No
No
Yes
No
No
No
Yes
Yes
No

No
No
No
No
No
No
No
No
No
No
No
No
No
No
Yes
No
No
No
No
No
Yes
Yes
NE
NE
NE
NE
NE
NE
NE
NE
NE
NE
NE
NE
NE
No

Direct
Direct
Direct
Direct
Direct
Direct

No
Yes
Yes
No
Yes
No

No
Yes
Yes
No
Yes
No

NE=not estimable.

table 5 shows the results from pairwise and network
meta-analyses for each medical specialty.
In a scatterplot of the precision of estimates
from pairwise and network meta-analyses, there
was a clear gain in precision with network metaanalysis (see appendix figure 2). In almost half of the
comparisons (13 out of 29 comparisons, 45%) the
the bmj | BMJ 2018;360:k585 | doi: 10.1136/bmj.k585

network meta-analysis produced a 95% confidence
interval the width of which was less than two thirds
of the interval from pairwise meta-analysis. Appendix
figure 3 presents the continuous updating (as z
scores along with monitoring boundaries) of pairwise
and network meta-analysis for all 49 comparisons
included in this study.
5
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Table 2 | Treatment comparisons selected in each network, type of evidence (direct, indirect, or both), and meta-analysis method that provides
strong evidence against similarity of treatments for primary outcome studied (see appendix for more detailed version of table)
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Network meta-analysis
Pairwise meta-analysis

Yes

No

Total

P value*

Yes
No

7 (14)
10 (20)

0 (0)
32 (65)

7 (14)
42 (86)

0.002

Total

17 (35)

32 (65)

49 (100)

*McNemar’s exact test.
The anticipated relative treatment effect was set equal to the final estimate from network meta-analysis.
Heterogeneity variance was imputed as the median value of its empirical distribution.27 28

Discussion
This study found that among 49 treatment comparisons
deemed important for guideline development and
clinical practice, prospectively planned, living network
meta-analysis was 20% more likely to produce strong
evidence against the null hypothesis than living
pairwise meta-analysis that was based on direct
evidence only. Strong evidence became available four
years earlier with network meta-analysis compared with
pairwise meta-analysis. Of note, studies comparing the
two treatments of interest continued to be published
even after strong evidence had become available. This
is an important finding with implications for clinical
research, especially in the context of the debate about
research waste.20 36-38 As per the inclusion criteria, the
findings of this study apply to treatment comparisons
for which a considerable amount of data have
accumulated over at least 10 years.

Proportion of comparisons
without strong evidence

Strengths and weaknesses of this study
Several authors have argued that network meta-analyses
and indirect treatment comparisons should be more
frequently used to inform healthcare and regulatory
decisions.39-43 One of these studies analysed a network
of interventions for primary open angle glaucoma
and found that network meta-analysis showed the
advantage of prostaglandins 10 years before they were
recommended in clinical guidelines.39 In our study
we empirically assessed the frequency of and time to
1.0

Incidence rate: 0.009,
median survival 23 years

0.8
0.6
0.4
0.2
0
0

Incidence rate: 0.026,
median survival 19 years

Pairwise meta-analysis
Network meta-analysis
10

20

30

Years since inclusion of comparison interest in network

Fig 2 | Kaplan-Meier survival curves for non-strong
evidence against null hypothesis, comparing sequential
pairwise and network meta-analysis of 49 comparisons.
Events occur when monitoring boundaries are crossed
for comparison of interest. Time is measured as years
from time point when both interventions are included in
network
6

strong evidence in comparative effectiveness research
using network or traditional pairwise meta-analysis.
Although the sample size was small (49 comparisons)
we believe it is likely to represent situations where
guideline developers and clinical decision makers
might consider network meta-analysis.
We mimicked the situation of a prospectively
planned living network or pairwise meta-analysis
and asked clinical experts to choose the treatment
comparisons that were of topical interest during
the period the evidence accumulated. We restricted
the data to networks that did not show evidence
of statistical inconsistency for the comparisons
of interest, and excluded only five networks with
evidence of inconsistency; this is in line with previous
studies that have shown that direct and indirect
comparisons in a network disagree in about 10%
of comparisons.44 45 However, we cannot rule out
inconsistency in some of the comparisons evaluated;
statistical tests for inconsistency have low power to
detect inconsistency.46 47 One in eight networks was
previously found to show evidence of inconsistency
using the design-by-treatment test; this means that our
methods would not be applicable in, on average, one
in eight networks.44
Our study has some limitations. We reanalysed
published networks that did not show statistical
inconsistency, but we did not examine the overall
quality of the evidence they provided. We acknowledge
that strong evidence against the null hypothesis does not
necessarily translate into strong recommendations.48
Guideline panels typically consider the quality of
evidence in the results from meta-analysis before
making recommendations, often using the GRADE
system.49 Evaluation of the confidence in the results
from network meta-analysis is a matter of ongoing
research,50-52 and none of the included networks in
our database attempted such an evaluation. We did
not consider other components such as the risk of
publication bias, the limitations of the RCTs included in
the networks, or the comprehensiveness of the literature
search and accuracy of the data extraction. Selective
publication of studies of the comparison of interest
or of studies of comparisons that contributed indirect
evidence or a high risk of bias in the conduct and
analysis of studies, could have affected our conclusions.
Finally, we acknowledge that evidence against the null
hypothesis based on P values might be of greater interest
to regulatory agencies than to guideline developers.
Interpretation of the 95% confidence interval of the
treatment effect in the context of worthwhile effects
are more useful for decision making.53 54 Although
recently published networks, such as those included
here, conform with high methodological standards,55
the strength of recommendations from pairwise and
network meta-analyses should be compared in future
studies.

Relation to other studies and implications
Protocols for living pairwise and network metaanalyses have been published recently,56-58 and
doi: 10.1136/bmj.k585 | BMJ 2018;360:k585 | the bmj
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Table 3 | Number of comparisons with strong evidence against the null hypothesis from
pairwise and network meta-analysis. Values are numbers (percentages) unless stated
otherwise

RESEARCH
important to strengthen the evidence base using
network meta-analysis.

Unanswered questions and future work
Our results indicate that living network meta-analysis
has the potential to reduce research waste and optimise
the use of available evidence.17 Further research is
needed to better understand the role of living metaanalysis in the prevention of research waste. Previous
studies showed that the impact of available data on the
design of subsequent research is generally low.63 66 We
found that in about half of the comparisons for which
strong evidence emerged from living network metaanalysis, further studies were conducted after the
evidence was already available. We did not assess these
studies to determine whether they were scientifically
and ethically justified but are planning such work in
the future.
Methodologists are debating the use of sequential
methods for cumulative meta-analysis. In particular,
there is concern about encouraging inference based on
statistical rather than clinical significance (see box).
The statistical routines are not widely available, and

Box 1: Do researchers agree on the use of sequential methods in meta-analysis?
Consensus on the appropriateness of applying sequential methods in meta-analysis is lacking. The arguments against their use are mainly
twofold: the suspicion that sequential methods encourage inferences on the basis of statistical significance and concerns about meta-analysis
influencing decisions on the design of future trials.1 2 In our view, interpretation of meta-analysis results should emphasise the uncertainty
surrounding effect estimates, irrespective of the use of sequential analysis. Uncertainty over stopping decisions can be expressed and inspected
through repeated confidence intervals, which can be drawn in a forest plot along with confidence intervals (see appendix M)3 4
Concerns about the influence of meta-analyses on future primary research has also contributed to the scepticism. In particular, detractors of the
notion of sequential meta-analysis have questioned the analogy between stopping trials and stopping meta-analyses and wondered whether a
decision of “no further updating warranted” would be reasonable.2 Editors of Cochrane review groups have indeed “closed a review,” judging that
it is not likely that further evidence would challenge current conclusions, and therefore new trials are deemed unnecessary, costly, and unethical.5
6
Authors of systematic reviews are not in a position to decide whether further studies are done and to define their design. What they should do,
however, is to provide recommendations for research, to identify potential gaps in the existing evidence base, and to discuss the implications of
their reviews for future research.2 3 7-11
The application of sequential methods in meta-analysis is also controversial; this controversy is mainly driven by the nature of their use and
interpretation in practice. Sequential methods are often used to correct for multiple testing when presenting and interpreting evidence from a
systematic review. In our view, no multiplicity is induced in the conventional process of performing meta-analysis as a retrospective activity:
researchers simply synthesise what is already known and are not in a position to decide on carrying out further studies.2 Retrospective application
of sequential methods in meta-analysis in line with recommendations for cumulative meta-analysis7 should be done for illustrative purposes only.
However, in a prospective meta-analysis setting where studies are planned and analysed sequentially to answer a research question, control of
type I error through sequential methods is desirable.12 Researchers undertaking such living systematic reviews have to decide a priori and
describe in a protocol if and when the review is going to be terminated. If this decision is linked to whether treatment effects provide strong
evidence against the null hypothesis or not, adjustment for multiple testing becomes important. Empirical results presented in this paper should
be seen as an illustration of hypothetical living networks of prospectively planned studies rather than as an attempt to define the need of future
research in the examined healthcare areas. Depending on whether researchers plan to simply describe implications for research, provide concrete
recommendations for filling evidence gaps, or actively direct future research, use of sequential methods might be less or more imperative. In our
view, the optimal use of living systematic reviews will be to highlight gaps and certainties in a body of evidence and provide research funders and
regulators with the best evidence to decide whether new primary research is warranted and, if so, for which treatment comparisons.
Undertaking living systematic reviews within a bayesian framework is a possible alternative.3 13 The estimated treatment effects after each update
form a prior for future updates. Then, approaches to monitor the accumulated evidence can be informal (eg, inspecting the estimated treatment
effects and their precision without formally specifying a stopping criterion) or formal (eg, by defining a loss function or a boundary as a basis for
monitoring).14 15
1. Chalmers TC, Lau J. Meta-analytic stimulus for changes in clinical trials. Stat Methods Med Res 1993;22:161-72.
2. Higgins JPT. Comment on “Trial sequential analysis: methods and software for cumulative meta-analyses” by Wetterslev and colleagues.
Cochrane Methods. Cochrane DB Syst Rev 2012;(Suppl 1):1-56. www.cochranelibrary.com/dotAsset/3d4dc937-0b49-4634-a766-ef13df169f9f.pdf.
3. Higgins JPT, Whitehead A, Simmonds M. Sequential methods for random-effects meta-analysis. Stat Med 2011;309:903-21.
4. Jennison C, Turnbull BW. Repeated confidence intervals for group sequential clinical trials. Control Clin Trials 1984;51:33-45.
5. Lacasse Y, Cates CJ, McCarthy B, Welsh EJ. This Cochrane Review is closed: deciding what constitutes enough research and where next for
pulmonary rehabilitation in COPD. http://doi.wiley.com/10.1002/14651858.ED000107
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health technology assessment agencies, the World
Health Organization, and drug licensing bodies
have recognised the value of synthesising direct
and indirect evidence in network meta-analysis.19 21
41 59
The concept of living meta-analysis is in line
with the goal to continuously update guidelines and
to promptly translate results to recommendations,
evidence summaries, and decision aids.60 61 Our
findings suggest that the gain in including both direct
and indirect evidence when synthesising data from
clinical research is substantial as it can considerably
reduce the time to strong evidence against the null
hypothesis.
We found that one in four of the comparisons
was not directly compared in RCTs. This might be
partly explained by the tendency of pharmaceutical
companies to test drugs against placebo or suboptimal
interventions, rather than the reference treatment
given in routine practice.62 Taking into account direct
and indirect evidence, the median time to obtain
strong evidence against the null hypothesis about
comparisons of interest was 19 years. Consequently,
even in cases where direct evidence exists, it is

RESEARCH

guidance and tutorials are lacking. The development
of software tools and a template protocol for living
systematic reviews are urgently needed. Further
development of the methodology, such as the most
appropriate approach to dealing with heterogeneity in
a sequential meta-analysis, is another priority.11 22
In the present work, we focused on detecting
differences between interventions. It is also possible to
construct futility stopping boundaries,18 and empirical
evidence about the relative advantage of network metaanalysis in this context is required. Such an extension
might be particularly useful considering that we could
not detect statistically significant differences in two out
of three comparisons. We selected only one treatment
comparison for each network, although decision
making may involve several treatments included in
the network. Future studies should investigate the
superiority or non-inferiority of several competing
treatments.

Conclusions
Continuously updated systematic reviews to inform
guidelines and clinical decision making may provide
strong evidence against the null hypothesis more
frequently and earlier if both direct and indirect
accumulating evidence is considered within the
framework of a living network meta-analysis.
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