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Network meta-analysis
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Extending GRADE into NMA
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Based on….

An alternative equivalent approach is presented in:

J Clin Epidemiol. 2017. Advances in the GRADE approach to rate the certainty in estimates from a network meta-analysis. Brignardello-Petersen R1, Bonner A1, 

Alexander PE2, Siemieniuk RA3, Furukawa TA4, Rochwerg B5, Hazlewood GS6, Alhazzani W5, Mustafa RA7, Murad MH8, Puhan MA9, Schünemann HJ1, 

Guyatt GH10; GRADE Working Group.



Time for CINeMA
cinema.ispm.ch

Explicit rules that classify each network meta-

analysis effect for each domain to No concerns, 

Some concerns, Major concerns as described in 

the documentation

The rules can be overwritten!

Advantages

1. Semi-automatic process

2. Fast

3. Results easily reproducible

http://cinema.ispm.ch/


Example
antihypertensives & incidence of  diabetes
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A=placebo

B=beta-blockers

C=Diuretics

D=CCB

E=ACE inhibitors

F=ARB



Example
antihypertensives & incidence of  diabetes

A

B
C

D

E F

A=placebo

B=beta-blockers

C=Diuretics

D=CCB

E=ACE inhibitors

F=ARB

study id t r n rob

AASK 1 ACE 45 410 1

AASK 1 BBlocker 70 405 1

AASK 1 CCB 32 202 1

ALLHAT 2 ACE 119 4096 1

ALLHAT 2 CCB 154 3954 1

ALLHAT 2 Diuretic 302 6766 1

ALPINE 3 ARB 1 196 1

ALPINE 3 Diuretic 8 196 1

ANBP-2 4 ACE 138 2800 1

ANBP-2 4 Diuretic 200 2826 1

ASCOT 5 BBlocker 799 7040 1

ASCOT 5 CCB 567 7072 1

CAPPP 6 ACE 337 5183 2

CAPPP 6 BBlocker 380 5230 2

CHARM 7 ARB 163 2715 1

CHARM 7 Placebo 202 2721 1

DREAM 8 ACE 449 2623 1

DREAM 8 Placebo 489 2646 1

EWPHE 9 Diuretic 29 416 2

EWPHE 9 Placebo 20 424 2

FEVER 10 CCB 177 4841 1

FEVER 10 Placebo 154 4870 1

1 LOW RoB

2 UNCLEAR RoB

3 HIGH RoB



Data upload



Data upload

…Evaluation starts!



Configuration – network plot
Sample size

Number of  studies



Configuration – network plot



Setting up the evaluation



Contribution matrix

Direct comparisons in the network
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Configuration – network plot



Study limitations (Risk of  bias)

 In each study, we assign an overall risk of  bias across the risk of  bias domains (low, 

unclear, high) 

 We assign numerical scores to these risk of  bias judgments: 1 for low, 2 for unclear 

and 3 for high risk of  bias

 In each direct comparison, we judge the risk of  bias as low, moderate and high

considering the risk of  bias assessment for the majority/average/highest of  the 

studies included in the comparison 

 Then, we derive the judgment for study limitations for each pairwise network 

estimate (direct and indirect) considering the combination of  the risk of  bias 

judgments from all direct estimates and the contribution of  each direct estimate to 

the network estimates from the contributions matrix
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Inference for study limitations
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 Importance of  imprecise treatment effects depends on whether their confidence intervals 

include values that could lead into different clinical decisions. 

 Set a ”margin of  equivalence”: the range of  relative treatment effect around the no-effect 

line that do not signify important differences between the interventions

 Could be set using the Minimum Clinically Important Difference (based on the scale of  your 

effect measure)

Imprecision

Margin of equivalence

Rules implemented in the software



Inference for imprecision



Heterogeneity

between-study variance 

within a comparison

Incoherence

disagreement between 

different sources of  evidence

Inconsistency



 The major driver in judging heterogeneity is whether it impacts on clinical decisions

 Heterogeneity is represented by the predictive intervals: the intervals within which we expect to 

find the true effect size of  a new study

 They are extensions of  the confidence intervals

 We make use of  prediction intervals and their agreement with the confident intervals in relation to 

the clinically important effects

Heterogeneity

Prediction interval:

Where is the true effect in a new study?

Heterogeneity changes conclusions!

Rules implemented in the software

Prediction interval

Confidence interval



 Pairwise meta-analysis heterogeneity variances (τ2) can be estimated (they make 

sense when you have enough studies)

 The observed values of  τ2 are can be compared with the expected values from 

empirical evidence (Turner et al Int J Epidemiol. 2012, Rhodes et al. J Clin Epidemiol. 

2015)

 The expected values depend on the nature of  the outcome and the treatments being 

compared

 The common heterogeneity variance (τ2) estimated in the entire network is also 

reported in the software

Heterogeneity



Inference for heterogeneity



Heterogeneity

between-study variance 

within a comparison

Incoherence

disagreement between 

different sources of  evidence

Inconsistency



Coherence
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Only a closed loop can be coherent 
(or incoherent)

B

C

A 




Direct and indirect 

evidence are in 

(statistical) agreement: 

the loop is coherent



B

C

A

Open loop: there is no 

indirect evidence

Incoherence cannot be evaluated



 We propose assessing incoherence using :

 the Design-by-Treatment Interaction Model (globally)
 the Separate Indirect from Direct Evidence (SIDE, or node-splitting) (locally)

• Compare direct and indirect relative treatment effects using a Z-test

 We judge comparisons that only direct evidence exists as ‘No concerns’ with respect to 

incoherence

 The same judgement is made for comparisons that both direct and indirect evidence 

exists with the contribution of  direct evidence being more than 90%

 For comparisons that only indirect evidence exists, we judge incoherence as ‘No 

concerns’, ‘Some concerns’ and ‘Major concerns’ depending on whether the p-value of  

the design by treatment interaction model is more 0.10, between 0.01 and 0.10 and less 

than 0.01 respectively

Incoherence



 We use the rules described in the table below to infer about our confidence regarding 

incoherence in network estimates informed by less than 90% from direct evidence

Incoherence

Design by treatment interaction model
p-value>0.1 0.01<p-value<0.1 p-value<0.01

SIDE p-value>0.1 No concerns No concerns Some concerns
0.01<p-value<0.1 Some concerns Some concerns Major concerns
p-value<0.01 Some concerns Major concerns Major concerns

Summary of recommendations on judging incoherence of NMA treatment effects for mixed 
evidence comparisons which are informed less than 90% by direct evidence.



Inference for incoherence

Design by treatment interaction model

SIDE test



 Considerations similar to those in a pairwise meta-analysis

 How relevant is the study PICO and setting to the research question?

 Score each study at 3 levels

• Low indirectness to the research question

• Moderate indirectness to the research question

• High indirectness to the research question

 Then study-level judgements are summarized within pairwise comparisons and across 

the network using the contribution matrix exactly as with the Risk of  Bias.

 This also addresses the condition of  transitivity!

 If  the studies across comparisons have differences in important characteristics (e.g. 

effect modifiers) compared to the target population, then the transitivity assumption is 

challenged

Indirectness



Inference for indirectness



 We look at the search strategy

 We look at the comparison-adjusted funnel plot to check the presence of  publication 

bias

Publication bias
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Inference for publication bias



Comparison Number of Studies Study Limitations Imprecision Heterogeneity Incoherence Indirectness Publication bias CONFIDENCE

Mixed evidence

ACE vs BBlocker 3 Some concerns Some concerns No concerns Some concerns No concerns Undetected

ACE vs CCB 3 No concerns Some concerns No concerns No concerns No concerns Undetected

ACE vs Diuretic 2 No concerns No concerns Some concerns No concerns No concerns Undetected

ACE vs Placebo 3 No concerns Some concerns No concerns No concerns No concerns Undetected

ARB vs BBlocker 1 No concerns No concerns Some concerns No concerns No concerns Undetected

ARB vs CCB 1 Some concerns Some concerns No concerns No concerns No concerns Undetected

ARB vs Diuretic 1 No concerns No concerns Some concerns No concerns Some concerns Undetected

ARB vs Placebo 2 Some concerns Some concerns No concerns No concerns Some concerns Undetected

BBlocker vs CCB 5 No concerns Some concerns No concerns No concerns No concerns Undetected

BBlocker vs Diuretic 2 No concerns Some concerns Some concerns No concerns No concerns Undetected

BBlocker vs Placebo 1 No concerns Some concerns No concerns Some concerns No concerns Undetected

CCB vs Diuretic 2 No concerns Some concerns No concerns No concerns Some concerns Undetected

CCB vs Placebo 1 No concerns No concerns Major concerns No concerns No concerns Undetected

Diuretic vs Placebo 3 No concerns Some concerns No concerns No concerns No concerns Undetected

Indirect evidence

ACE vs ARB -- No concerns Some concerns Some concerns No concerns No concerns Undetected

Report



Comparison Number of Studies Study Limitations Imprecision Heterogeneity Incoherence Indirectness Publication bias CONFIDENCE

Mixed evidence

ACE vs BBlocker 3 Some concerns Some concerns No concerns Some concerns No concerns Undetected

VERY LOW

ACE vs CCB 3 No concerns Some concerns No concerns No concerns No concerns Undetected

MODERATE

ACE vs Diuretic 2 No concerns No concerns Some concerns No concerns No concerns Undetected

MODERATE

ACE vs Placebo 3 No concerns Some concerns No concerns No concerns No concerns Undetected

MODERATE

ARB vs BBlocker 1 No concerns No concerns Some concerns No concerns No concerns Undetected

MODERATE

ARB vs CCB 1 Some concerns Some concerns No concerns No concerns No concerns Undetected

LOW

ARB vs Diuretic 1 No concerns No concerns Some concerns No concerns Some concerns Undetected

LOW

ARB vs Placebo 2 Some concerns Some concerns No concerns No concerns Some concerns Undetected

VERY LOW

BBlocker vs CCB 5 No concerns Some concerns No concerns No concerns No concerns Undetected

MODERATE

BBlocker vs Diuretic 2 No concerns Some concerns Some concerns No concerns No concerns Undetected

LOW

BBlocker vs Placebo 1 No concerns Some concerns No concerns Some concerns No concerns Undetected

LOW

CCB vs Diuretic 2 No concerns Some concerns No concerns No concerns Some concerns Undetected

LOW

CCB vs Placebo 1 No concerns No concerns Major concerns No concerns No concerns Undetected

LOW

Diuretic vs Placebo 3 No concerns Some concerns No concerns No concerns No concerns Undetected

MODERATE

Indirect evidence

ACE vs ARB -- No concerns Some concerns Some concerns No concerns No concerns Undetected

LOW

Final GRADE judgments



Final judgment

 The final rating of  confidence is not necessarily obtained by aggregating the domain-

specific judgements and may be different from the degree of  downgrading suggested 

by the separate considerations for each domain. 

 Imprecision, inconsistency and indirectness are related

 Intransitivity could produce inconsistency

 Incoherence can produce imprecision

 Heterogeneity: confidence interval narrow and the prediction interval extends into 

clinically unimportant effects but it does not cross the null hypothesis of  no difference 

which might be considered ‘no serious’ instead of  ‘serious’

 See ACE:Diuretics and ARB:BBlocker



Discussion

 Applications of  network meta-analysis surge in medical literature 

 Critical appraisal of  results should become every-day practice in the field

 A user-friendly and freely available tool is necessary to facilitate the evaluation process 

and force researchers to incorporate such considerations in their manuscripts   

 CINeMA is the only tool so far that applies GRADE into network meta-analysis using the 

most up-to-date methodology and considering the totality of  the evidence



NMA toolkit
http://cmim.cochrane.org/network-meta-analysis-toolkit
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www.mtm.uoi.gr
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Cochrane Training on NMA
http://training.cochrane.org/search/site/network%20meta-analysis
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http://training.cochrane.org/search/site/network meta-analysis


CINeMA
http://training.cochrane.org/resource/cinema-%E2%80%93-

confidence-network-meta-analysis

http://training.cochrane.org/resource/cinema-%E2%80%93-confidence-network-meta-analysis
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