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Abstract

Objective: Network meta-analysis (NMA) may produce more preestimates of treatment effects than
pairwise meta-analysis. We examined the relativeritmution of network paths of different lengths to

estimates of treatment effects.

Study Design and Setting: We analyzed 213 published NMAs. We categorized odtwhapes
according to the presence or absence of at leastlosed loop (non-star or star network), and eekriv
graph density, radius and diameter. We identifigtthg of different lengths and calculated their petage

contribution to each NMA effect estimate, basedhair contribution matrix.

Results: Among the 213 NMAs included in analyses, 33% ofittiermation came from paths of length 1
(direct evidence), 47% from paths of length 2 (iedi paths with one intermediate treatment) and 20%
from paths of length 3. The contribution of pathslifferent lengths depended on the size of netaork
presence of closed loops, graph radius, densitydemdeter. Longer paths contribute more as the mamb

of treatments and loops, the graph radius and darimerease.

Conclusion: The contribution of different paths depends ondize and structure of networks, with

important implications for assessing the risk @sband confidence in NMA results.

Keywords: network of interventions; network meta-analygiaths of evidence; flow networks; study

contribution; flow decomposition

Running title: contribution of indirect evidence

Word count abstract: 194



1 Introduction

Theoretical considerations and empirical data stiatvnetwork meta-analysis (NMA) may
produce more precise relative treatment effects gaarwise meta-analysis (1-4). The theoretical
advantage of NMA arises from the integration oédirevidence - from studies directly comparing a
particular treatment comparison - and indirect enie from paths with one or more intermediate
comparators (1,5,6). Methods for deriving the anidliat each direct and indirect evidence route
contributes for a given treatment comparison ageired to estimate the amount of total indirectievice
in networks of clinical trials. The difficulty ofrsswering this question, and the lack of empiricabgis
because until recently, methods for deriving th@amh that each path of direct and indirect evidence
contributes were lacking. In a simple triangulatwoek comparing treatments ABC, the AB treatment
effect can be produced by synthesizing the estifnae the direct AB comparison with the indirect
estimate via C. The inverse of the variance ofdinect and the indirect effect, standardized oliersum
of the inverse variances, is the relative contidsubdf the two sources of evidence. However, inanor
extensive networks with more complex structuress, mot straightforward to identify the relative

contributions of different sources.

The decomposition of estimates of treatment effércom NMA by the contributing sources of
evidence is of interest for several reasons. Diffepaths of evidence might be associated witlewifft
characteristics, e.g. risk of bias, whose influemicéhe results could be critical (7,8). Moreowedirect
effects derived from longer routes require stroragsumptions: the transitivity assumption requinas
treatment C is similar when it appears in AC andtB&ls in terms of dose and dosing or administrati
route. Transitivity is violated if the treatmentduoestion differs systematically between trials (9)
Similarly, if the relative effectiveness of theantentions influences the choice of the comparison
treatment, then the assumption of transitivityigdated. In other words, the distribution of effect
modifiers of the relative treatment effects shdugdsimilar in AC and BC trials to obtain a valid AB

indirect comparison (9).



In the present study we examined whether the daritan of indirect evidence might justify the
additional assumptions required for longer pathmidme extensive networks. Building on theoreticafkv
(10-13), we recently developed a method to comingte€ontribution of different pieces of evidence to
NMA relative treatment effects (14). Here we apblig approach to assess the contribution of pédths o

direct and indirect evidence in published NMAs aridomized control trials (RCTS).

2 Methods

2.1 Identification of networks and inclusion criteria

Petropoulou et al. compiled a database of 456 NWIARCTSs including at least four different
interventions published up to April 14, 2015; distabout the search strategy, inclusion criterih data
extraction can be found elsewhere (15). For eassefnd reproducibility, we created a REDcap
database containing the 456 NMAs and develope® thackageanadb to make it publicly accessible
(16). In the present study, we included only NMAgwbinary or continuous outcome data that allowed
replication of the analyses. We excluded networits evidence of inconsistency, defined by eithér a
value < 0.10 in the design-by-treatment interactest (17,18) or by more than 15% of comparisons

having a P value < 0.10 for SIDE (Separate Indiftech Direct Evidence) splitting (19).

2.2 Characteristics of the networks

For each network, we recorded the total numbetudfiss, the total number of interventions, the
direction of the outcome (beneficial or harmfubdahe type of the outcome (objective, semi-objectir
subjective). The type of outcome was defined adngrtb the definitions given by Turner et al. In
particular, objective outcomes refer to all-causetality. Semi-objective outcomes refer to causestic
mortality, major morbidity event, composite mortalbr morbidity, obstetric outcomes, internal strue,
external structure, surgical device success anrilwithdrawals or drop-outs, resource use, and a
hospital stay or process measures. Subjective mgsoefer to pain, mental health outcomes,

dichotomous biological markers, quality of lifefanctioning, consumption, satisfaction with care,



general physical health, adverse events, infectiorew disease, continuation or termination of the

condition being treated, and composite endpoimting at most one mortality or morbidity endpdint
(20). We derived several characteristics relevatiié network structure. In particular, we categgdithe
shape of the network according to the presenceserece of at least one closed loop (hon-star or sta

network), and for each network, we derived the grdgnsity, radius and diameter (21). Graph density

. . 2D . .
shows how well connected a network is and is catedl asT(T—_l) whereD is the number of comparisons

with direct data (at least one direct study) @&nd the number of treatments in the network. THendien
of the density can be understood as the numbesrparisons with direct data over the number of all

possible comparisons. As the minimum number ofctlicemparisons i — 1, density is always equal or

larger thar2 /T. This implies that the minimum density is smaftarlarger networks, ag; > T, = Ti <
1

Ti. For example, a star network with five treatmdrats a density of 40%, whereas a star network of 10
2

treatments has a density of 20%. The eccentri€ityride is the maximum length of the shortest path
from this node to any other. Graph radius is defiag the minimum eccentricity and graph diameter as
the maximum eccentricity of a graph. We also reedrthe degrees of freedom from the design-by-
treatment interaction model. A review of metricayatgd from graph theory to report on NMA geometry

can be found in (22).
2.3 Contribution of different direct and indirect pathsin NMA

Each relative treatment effect in a network isneated using direct and indirect evidence through
various sources. Consider for example the netwlntkgh a published NMA in Figure 1 (23). The
network consists of 16 studies comparing four irgations for the treatment of achalasia of the
esophagus: laparoscopic Heller myotomy (LHM), eodpg& balloon dilation (EBD), endoscopic
botulinum toxin injection (EBTI) and open Heller otgmy (OHM). Clinical success expressed as odds
ratios (OR) was the study outcome, as defined ibjcal scores, manometric findings, or clinical

interviews at 12 months. The summary OR from NMAnparing EBD and OHM is derived by



considering direct evidence from studies of EBOIDIM and indirect information via LHM or via the
EBD — EBTI - LHM — OHM paths. Paths can have défarlengths; paths of length 1 represent direct

evidence, paths of length 2 represent indirectengd with one intermediate comparator, and so on.

The calculation of the contribution of a path te #stimation of a relative treatment effect is
complex. We previously suggested a method (14)utilizes the observation by Konig et al. (10),ttha
each relative treatment effect can be transformtda flow graph. We briefly describe the methoithgis
the example of Figure 1. NMA is performed as a stage regression model (6); in the first stage, we
perform classic pairwise meta-analyses for all carispns with direct evidence to obtain the summary
estimates from the head to head trials. As the ortplot of Figure 1 shows, direct evidence existsall
except the OHM vs EBTI comparison. In the secoadetwe combine the five summary treatment
effects from the direct comparisons to derive sumrtr@atment effects for all combinations of
treatments. The projection matrix that maps theatlieffects on NMA effects involves the variancés o
the direct summary effects and depends on the miegswvstructure. As heterogeneity is included/irthe
assumption of common or different heterogeneityeslacross comparisons impacts on the calculations
of the projection matrix. Each row of the matrifems to a single NMA summary treatment effect and
columns refer to direct evidence. Elements of eashgive information on the contribution of each
treatment comparison with direct data to the paldicNMA effect and can thus be seen as a

generalization of pairwise meta-analysis weights.

Our method decomposes each row of the matrix teriboitions of direct and indirect paths (14).
Supplementary Material Table 1 shows the projeatiattrix of the network of interventions for the
treatment of achalasia. We focus on the compai®ip vs OHM; _Figure 1 shows the row of the
projection matrix corresponding to the NMA relat®® between drugs EBD and OHM. The particular
row shows how much each direct comparison congibtd the estimation of the EBD vs OHM NMA
effect and in particular, it shows that the infotima “flows” from EBD to OHM via three paths of

evidence. This flow of evidence is illustrated iqWe 1, which shows the contribution of the diraat



the two different paths of indirect evidence in éstimation of the EBD versus OHM NMA relative
treatment effect. Direct evidence contributes 56%he estimation, the EBD — LHM — OHM path follows
with 30% and the EBD — EBTI — LHM — OHM contribut&s%. Note that the comparison LHM vs OHM
is involved in two paths (EBD — LHM — OHM and EBCEBTI — LHM - OHM) and thus contributes

more than the other comparisons that provide intlizeidence to the EBD vs OHM comparison.

Each row of Supplementary Material Table 1 carrdesformed into a flow graph such as the

graph of Figure 1 by using a general algorithm. e the flow graphs to identify the paths that
contribute information in each NMA treatment effeantd we derive their contribution. Described itade

in (14), the generalized algorithm can handle nets/of any size.

In this empirical study, we address the contributid different paths. However, it is also possible
to split the contribution of paths to contributiasfscomparisons and studies. For the achalasia geam
the contributions of comparisons and individuatifs to all NMA treatment effects are given in

Supplementary Material Tables 2, and 3, respegtiaet the general algorithm is described in

Supplementary Material Text 1.

2.4 Analyss

We re-analyzed each network usimgt met a (24) by including the effect sizes reported in the
original publication in a random-effects model gsencommon heterogeneity parameter. We then
identified the paths of different lengths (e.g. flahs of three different colors shown in Figuredgl
calculated their percentage contribution to eachA\#fect. The paths’ contributions were then
aggregated by network and across networks. Weepldibx plots for the contributions of paths acanydi
to their length. We also derived the mean contidloudf paths of length between 1 and 5 and cunvdati
contributions of paths up to length 1 to 5, andponesented them separately according to the nuniber o
treatments in the network, the degrees of freedberadius, the graph density and the diameterthafe

studied the relationship between the cumulativerimrtion of paths and the number of treatments in
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network. For direct paths (of length 1) the relasioip is derived analytically as 2/(number of tnests).
For indirect paths of length 2-5, we fitted regsat cubic splines, weighted according to the ldagariof
the inverse of the standard errors. We also pldttedelationship between the cumulative distritruiof
paths and the derived characteristics relevartametwork structure (degrees of freedom from the

design-by-treatment interaction model, graph dgnsidius and diameter).

For the calculations of contribution of paths, wegsammed the packagera- cont ri buti on
in the Haskell programming language, which is fyeelailable (25). We provide an R markdown file to

reproduce all analyses of this paper as Supplemeltaterial. There was no protocol or registration

this empirical study.

3 Results

3.1 Network characteristics

Out of the 456 published NMAs included in (15), 2i8works met the inclusion criteria. The full

selection process for the included NMAs is prestimeSupplementary Material Figure 1. About three

guarters had a binary outcome (n=165, 77%) andjaager a continuous outcome (n=48, 23%). Among
NMAs with a binary outcome the odds ratio (OR) wzes most popular effect measure (n=104) while the
mean difference was most commonly used in NMAs wittontinuous outcome (n=35). The number of
treatments varied from 4 to 45 with a median dhéefquartile range [IQR] 5-9) and the median of
included studies per network was 19 (IQR 11-33bhifd of networks (68, 32%) did not have any closed
loops. Most networks addressed either an obje€ti8e37%) or a semi-objective (87, 41%) outcome.
Median graph density, radius and diameter were, . 42d 2, respectively. Table 1 summarizes the mai

characteristics of the included NMAs.

(Table 1 here)



3.2 Contribution of paths of any length in NMA treatment effects

Figure 2 shows the path contributions for all neksmrdered by their length. The median
contribution of direct evidence (paths of lengthwhs 33%. Around half of the information (46%) came
from paths of length 2 (indirect paths with oneeimtediate treatment). The contribution of path wit
lengths 3 and 4 (indirect paths with 2 and 3 intliate comparators respectively) was also subatanti
Among networks of any size, paths of length gredign 6 contributed only minimally (less than 2%

each) to the estimation of NMA effects.

The contribution of paths of different lengths deged on the size of the network. Figure 3 shows
the cumulative path contribution for paths of léngjtto 5 per number of treatments in the network. W
excluded the largest network with 45 treatmen®vimid predicting the contribution for network sizes
29 to 45 treatments based on a single networkr€igshows that the contribution of longer paths wa
more important for networks that include many tmeatits. For example in a network of 10 treatments,
direct evidence and indirect evidence with onermtsliate comparator (paths of length 1 and 2)
contributed 70% of the information to the estimatid the relative treatment effects. To achievesiume

level of contribution in a network of 22 treatmergaths up to length 3 need to be considered.

Table 2 summarizes the length of paths one hasrsider to achieve a contribution of a certain
level given the number of treatments included erbtwork. We considered four thresholds of
cumulative contribution (70%, 80%, 90%, 95%). Assaample, to achieve a contribution of 90% in a
network with 20 treatments, we would have to comsmhths of up to length 5. In contrast, for a mekwv
with eight treatments, paths of up to length 3 widag sufficient to achieve the same level of contion.

Figure 2, Figure 3 and Table 2 show the importarf¢the number of treatments involved in the network

in the relative contribution of longer versus shogaths. For instance, among networks of any eize,
third of contribution comes from direct evidencel atbout 80% from direct evidence and indirect paths

with one intermediate comparator (Figure 2). Howghass than 50% of contribution comes from direct



evidence and indirect paths with one intermediatagarator for networks with more than 16 treatments

(Eigure 3).

(Table 2 here)

The degrees of freedom from design by treatmeataction models, graph radius, density and
diameter also played a role in the relative contidn of longer versus shorter paths (Supplementary

Material Figures 2-5). In networks with no closedps (degrees of freedom equal to 0), direct exielen

was more important compared to networks where legsted. The relative importance of direct

evidence decreased as loops, graph radius andtdiaimereased. Supplementary Material Figure 4

suggests that dense networks have larger contiimifrom direct evidence. The greater contributions
could be because density is, by definition, laigeretworks with a small number of treatments.riral
networks, where there are fewer indirect paths thdarge networks, we expect that the direct evide

will contribute more to the total results.
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4 Discussion

In this study, we found that the contribution afedit and indirect paths of evidence to the
estimation of NMA relative treatment effects depend the size and the structure of the network. @ne
the main characteristics and advantages of NMAifieke synthesis of direct and indirect eviderde
extent to which each piece of evidence contribtdghe summary results has, however, been unknown.
To our knowledge, this is the first study empirigassessing the relative contribution of patharof
length to the estimation of NMA relative treatmeffects. Authors and reviewers interested in figdiut
from which sources of evidence the estimated NMatiment effects originate can do so by using our

freely available code (25,26); the two packagedtaesame in terms of functionality, but the Hakkel

package is superior in terms of speed. Alternatjielgure 3 and Table 2 can give an approximation o
the cumulative contribution of paths of length® Btaccording to the number of treatments in the

network.

Empirical studies have investigated whether thémthtical advantage is important in practice.
Re-analyzing 44 networks of interventions, we shibiirat in 20% of comparisons, the evidence for the
superiority of one of the interventions was stemgith NMA than with pairwise meta-analysis (2)nL
et al. derived the distribution of the relativerig&se in precision in 40 NMAs. They concluded that
increase in precision of treatment estimates fravtANvill depend on the availability of at least two
studies contributing direct evidence and a netwdtk well-connected treatments (3). Caldwell et al.
examined the percentage increase in precisiortrebment comparison of interest in fictional netigo
of varying structure and amount of direct and iadirevidence (4). They found that, while including
indirect evidence always increased precision,itiieease was modest when direct evidence is sandg
minimal when all indirect paths of one intermediedeparison are present. The empirical investigatio
provided insights into the conditions under while gain in precision associated with NMA is

substantial. While the relative increase by addndliyect evidence is well documented, it was unclea
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until now what shorter, or longer paths contribiot¢he estimation of NMA effects, and whether this

depends on the size and shape of the network.

One important implication of this study’s resultmcerns the evaluation of the confidence in the
relative treatment effects from NMA. Studies in@dddn NMA may have a high risk of bias, e.g. due to
inadequate blinding or concealment of allocatior)(Zhe information on the paths that include such
studies, and their contribution to each NMA treatheffect, is critical to judge the confidence that
can place in the results. Two systems have begroped to evaluate the confidence in the resulta fro
NMA (CINeMA (Confidence In Network Meta-Analysishd GRADE (Grading of Recommendations
Assessment, Development and Evaluation)) (7,8,28t88 two systems follow similar considerations in
some, but not all, of their recommendations. Ongoirtant difference lies in the fact that CINeMA reak
use of the contribution matrix described in (149 ased in the present study. In contrast, the GRADE
system somewhat simplistically focuses on the rnimflstential path of length 2, along with the direct
evidence (28,29). The results of this empiricatigtamphasize that the GRADE approach is problematic

as it discards a large amount of information, irtipalar in networks with many treatments.

Our study has several limitations. We excluded nédte/that demonstrated evidence of
inconsistency to make it less probable that NMAiltss which inform decisions, are unreliable. Hoeev
we cannot exclude the possibility that inconsisyesxists in some of the included networks becalse t
power of tests of inconsistency is limited (30,3)other limitation lies in the fact that there inidpe
more than one way of selecting paths in each NMAttent effect. We have elaborated on this issue in
(14), where we showed that the consequence cathisguity does not substantially influence the itssu
We have not taken into account that the includedddivhay not be independent. Naudet et al. found that
many NMAs “exhibit extensive overlap and potentedundancy” (32). It is not known how such
dependencies between NMAs might have affectedellagionship between the contributions of different
paths and the size and structure of the networlisTiteaders should take into account that the same

studies might have been included in different NM#een interpreting our results.
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This study is based on the collection of NMAs diesat in (15) and is to our knowledge the most
extensive empirical study of NMAs conducted so Tdnis database was initially constructed (33) and
subsequently updated (15) to be a useful resoarcwéstigators planning simulations or empirical
studies. The development of the R packagadb that renders the re-use of the NMA outcome data
possible constitutes a further step towards tmt(84). Apart from this study, several empiricabjpcts
have been undertaken (2,35-37) or planned (38yutkia NMA database. Empirical studies using
different collections of NMAs have also been cortddq39-41). The networks included in these studies
differed due to differences in inclusion criteriadahe recency of the literature search. The sobata
increase in NMA publications in recent years readke update of the NMA database challenging. Its

transformation into a regularly updated registriNdAs might be the way forward.

In conclusion, systematic reviewers need to comsidkether strengthening the evidence with
additional indirect evidence is worth the additiomssumptions required. These considerations should
take the broadness of the research question intmuat, and are informed by the findings of this &ioal
study. In summary, we showed that the amount bghkvlinger paths contribute to the estimation of
treatment effects from NMA is substantial, espégia networks with many treatments. The results of
this empirical study reinforce the importance ahgdNMA in comparative effectiveness research and

considering all paths of indirect evidence, inchgdcomplex routes, when evaluating their results.
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8 Figurelegends

Figure 1. lllustration of the method used to estimate the contribution of different paths, using the example of a
published network meta-analysis[20] comparing four interventionsfor the treatment of achalasia of the
oesophagus.

Thecoloursillustrate the three pathsinvolved in the estimation of EBD vs OHM along with their percentage

contributions.

LHM: laparoscopic Heller myotomy, EBD: endoscopéatibon dilation, EBTI: endoscopic botulinum toxin

injection, OHM: open Heller myotomy.
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Figure 2. Box plots of contributions of pathsfor all NMA treatment effectsin the 213 network meta-analyses

included in the study according to their length.
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Figure 3. Cumulative contribution of paths of length 1to 5to NMA treatment effectsin the 213 network meta-
analyses as a function of the number of treatmentsin the network.

Dots indicate the average cumulative contributienqpumber of treatments; their size is proportiadodahe
logarithm of inverse of standard errors. Curvesfitterl using restricted cubic splines, weightedaxding to the

logarithm of the inverse of the standard errors.
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Table 1. Characteristics of 213 network meta-analysesincluded in the study.

Values are frequencies (percentages) for categorical and median (IQR) for continuous characteristics.

Characteristics of network meta-analyses Values
General characteristics
Number of studiesincluded 19 (11-33)
Number of trestments compared 6 (5-9)
Network structure characteristics -
Shape of None closed loop included (star network) 68 (32%)
network At least one closed loop included (non-star network) 145 (68%)
Degrees of freedom from the design by treatment interaction model 2 (0-6)
Graph density 0.42 (0.32-0.50)
Graph radius 1(1-2)
Graph diameter 2(2-3)
Outcome characteristics -
Binary 165 (77%)
M easurement
Continuous 48 (23%)
Odds Ratio 104 (49%)
Risk Ratio 58 (27%)
Effect
Risk Difference 3 (1.4%)
measure
Mean Difference 35 (16%)
Standardized Mean Difference 13 (6.1%)
Direction Beneficid 94 (44%)
of effect  Harmful 119 (56%)
Objectivity  Objective 78 (37%)




Semi-abjective 87 (41%)

Subjective 48 (23%)




Table 2. Cumulative contribution threshold per length of path to estimates of treatment effectsin the 213
network meta-analysesincluded in the study, according to the number of treatmentsin the network.
Cellsrefer to number of treatments included in the network that correspond to achieving the cumulative

contribution indicated in the column including paths up to the length indicated in the row. NA: non applicable.

length threshold: 0.7 threshold: 0.8 threshold: 0.9 threshold: 0.95
2 49 4-7 4 NA

3 10-21 8-13 5-8 4-6

4 22-29 14-29 9-19 7-13

5 NA NA 20-29 14-23

6 NA NA NA 24-29




Row of projection matrix corresponding to the comparison EBD vs OHM
EBDVSEBTI EBDvsLHM EBDvsOHM EBTIvsLHM LHM vs OHM

EBD vs OHM 30 55 30+15=45

EBD

OHM ® LCBTI

LHM

Contribution of paths
EBD — OHM EBD—LHM-OHM EBD-EBTI—LHM — OHM

EBD vs OHM 55% 30%
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What is new?
Key findings

* The contribution of different paths of direct and indirect evidence in network meta-analysis

depends on the size and structure of networks
What thisaddsto what is known
» Considering long paths of evidence is very important in networks with many treatments
What isthe implication

» Disregarding long paths of evidence is problematic when judging the confidence that one

can place in network meta-analysis results

» Authors and reviewers can use our freely available R package to examine contributions of

different paths of evidence
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