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Evidence-Informed Medicine

A B
RCTs

Meta-analysis

A vs C

A vs Z

A vs B

…

If multiple comparisons  are 
available

Network Meta-analysis
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Network Meta-analysis (NMA)
NMA has become increasingly popular over the last two decades with ~500 publications 

Temporal distribution of publications (n=494)

*2015 sample is not complete

0.2%

0.2%

0.4%

0.2%

0.2%

0.4%

1.0%

2.8%

6.3%

6.7%

11.7%

12.5%

18.3%

23.8%

10.5%

0 25 50 75 100 125

1997

1999

2000

2002

2003

2004

2005

2006

2007

2008

2009

2010

2011

2012

2013

2014

2015*

2.4%

2.4%

• When policy makers are considering 
what interventions to cover through 
health plans or what safety labels to 
put on medications, they need evidence 
from an NMA because this method uses 
all available RCTs for a specific clinical 
topic

• The validity of the results from NMA 
rests on the assumption of transitivity, 
requiring that the pairwise 
comparisons are similar in factors 
which could affect the relative 
treatment effects.
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Transitivity assumption
The two sets of trials AC and CB do not differ with respect to the 
distribution of effect modifiers.
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Transitivity assumption
Treatment C should be similar when it appears in AC and BC trials
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Might be an inappropriate 
common comparator
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Transitivity assumption

Lumping or splitting nodes? 
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Placebo

Ondansetron (O)Granisetron (G)

Dolasetron (D)

Tropisetron (T) Ramosetron (R)

Our initial decisions on the 
network structure might 

affect validity of NMA results!
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A

B

C

Consistency assumption

8

When the common comparator is transitive, it allows a valid indirect comparison of the 
treatments to which it is linked

BUT
Lack of transitivity can create 

statistical disagreement between 
direct and indirect evidence

Inconsistency!
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Assumption underlying indirect comparison and NMA 
(in addition to considering homogeneity)

Assumption for indirect and mixed 
comparison

Conceptual definition 
(Transitivity)

Clinical Methodological

Property of 
parameters and data 

(Consistency)

Statistical

Cipriani et al Ann of Int Medicine 2013
9
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Appropriate statistical methods
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None reported

A database of 186 NMAs showed that…
In 24% of the networks the authors used inappropriate methods to 

evaluate consistency

- Comparison of direct with NMA estimates

- Comparison of previous meta-analyses with NMA results

In 44% of the networks the authors did not report a method to evaluate 
consistency

Network Meta-analysis (NMA)

Nikolakopoulou et al 
PLoS One 2013 10
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Consistency assumption

Network Meta-
analysis (NMA)

Results

REMEMBER!
Evaluate the assumption of 

consistency

Indirect evidence

Direct evidence

• What is the extent of 
inconsistency in complex
networks? 

• Which factors control its 
statistical significance?

• Which would be the most
appropriate approach to 
employ?

11
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Aim: To update our previous empirical evaluation by 
employing different statistical approaches to detect 
inconsistency and to estimate empirically the prevalence 
of inconsistency in a set of published networks. 
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Forms of Inconsistency
Loop Inconsistency

AC

AB

Direct AB

Indirect AB
B

C

A

BC

Lu and Ades JASA 2006

If they statistically differ : Inconsistency!

13
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Forms of Inconsistency
Design Inconsistency

AB

AB

Design AB

Design ABC

If they statistically differ :

B

C

A

Inconsistency!

White et al RSM 2012
Higgins et al RSM 2012 14
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Approaches for evaluating…

LOCAL INCONSISTENCY

Loop-Specific (LS)

Node-splitting / Separating Indirect and Direct Evidence (SIDE)

Separating One Design from the Rest (SODR)

GLOBAL INCONSISTENCY

Composite test for inconsistency

Lu and Ades (LA)

Design by treatment interaction (DBT)

❑ Note: There is also Comparison of model fit and parsimony between consistency and 
inconsistency models approach

- Requires Bayesian framework – uses the measures of model fit & parsimony (e.g. DIC)
- Does not provide inconsistency estimates
- Infers on global inconsistency

15
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Approaches for inconsistency

Fictional Dataset
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Approaches for local inconsistency

Loop-Specific (LS) Method

Bucher et al. JCE 1997; Veroniki et al. Int.J.E. 2013
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𝜇𝐴𝐶

𝜇𝐴𝐵

𝜇𝐵𝐶

Multiple tests evaluating inconsistency within each closed 
loop

𝑦𝑖,𝐴𝐵 = 𝜇𝐴𝐵 + 𝛿𝑖,𝐴𝐵 + 𝜀𝑖,𝐴𝐵
𝑦𝑖,𝐴𝐶 = 𝜇𝐴𝐶 + 𝛿𝑖,𝐴𝐶 + 𝜀𝑖,𝐴𝐶
𝑦𝑖,𝐵𝐶 = 𝜇𝐵𝐶 + 𝛿𝑖,𝐵𝐶 + 𝜀𝑖,𝐵𝐶

𝛿𝑖,𝐴𝐵~𝑁(0, 𝜏𝐴𝐵
2 )

𝜀𝑖,𝐴𝐵~𝛮(0, 𝑣𝑖,𝐴𝐵)

𝛿𝑖,𝐴𝐶~𝑁(0, 𝜏𝐴𝐶
2 )

𝜀𝑖,𝐴𝐶~𝛮(0, 𝑣𝑖,𝐴𝐶)

𝛿𝑖,𝐵𝐶~𝑁(0, 𝜏𝐵𝐶
2 )

𝜀𝑖,𝐵𝐶~𝛮(0, 𝑣𝑖,𝐵𝐶)
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Approaches for local inconsistency

Loop-Specific (LS) Method

Bucher et al. JCE 1997; Veroniki et al. Int J Epidemiol 2013 

Statistical Evaluation: 𝐻0: 𝐼𝐹𝐴𝐵𝐶
𝐿𝑆 = 0

A

B

C 𝐼𝐹𝐴𝐵𝐶
𝐿𝑆 = 𝜇𝐴𝐵 − 𝜇𝐴𝐶 − 𝜇𝐵𝐶

𝑦𝑖,𝐴𝐵 = 𝜇𝐴𝐵 + 𝛿𝑖,𝐴𝐵 + 𝜀𝑖,𝐴𝐵
𝑦𝑖,𝐴𝐶 = 𝜇𝐴𝐶 + 𝛿𝑖,𝐴𝐶 + 𝜀𝑖,𝐴𝐶
𝑦𝑖,𝐵𝐶 = 𝜇𝐵𝐶 + 𝛿𝑖,𝐵𝐶 + 𝜀𝑖,𝐵𝐶

𝑊𝐿𝑆 =
෢𝐼𝐹𝐴𝐵𝐶

𝐿𝑆

෢𝑉𝑎𝑟 𝐼𝐹𝐴𝐵𝐶
𝐿𝑆

~𝑁(0,1)

Multiple tests evaluating inconsistency within each closed 
loop

18
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Approaches for local inconsistency

Node-Splitting or Separating Indirect and Direct Evidence (SIDE)

Multiple tests evaluating inconsistency for each comparison
in the network

Dias et al. Stat Med 2010

B

C E

F

D

A

B

A

𝐼𝐹AB
𝑆𝐼𝐷𝐸 = 𝜇𝐴𝐵 − 𝜇𝐴Β

−𝐴Β

𝜇𝐴𝐵
Network Meta-analysis

19
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Approaches for local inconsistency

Node-Splitting or Separating Indirect and Direct Evidence (SIDE)

Dias et al. Stat Med 2010

inconsistency 
factor

random-effects

mean of the distribution of 
the study-specific effects in 

the network after the 
comparison AB has been 

removed

within-
study error

observed 
treatment effect

𝑦𝑖,𝐴𝑇 = 𝜇𝐴𝑇
−𝐴𝐵 + 𝐼𝐹AB

𝑆𝐼𝐷𝐸 + 𝛿𝑖,𝐴𝑇 + 𝜀𝑖,𝐴𝑇

B

A

Statistical Evaluation: 𝐻0: 𝐼𝐹𝐴𝐵
𝑆𝐼𝐷𝐸 = 0 𝑊𝐴𝐵

𝑆𝐼𝐷𝐸 =
෢𝐼𝐹𝐴𝐵

𝑆𝐼𝐷𝐸

෢𝑉𝑎𝑟(𝐼𝐹𝐴𝐵
𝑆𝐼𝐷𝐸)

~𝑁(0,1)

Multiple tests evaluating inconsistency for each comparison
in the network

20
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Approaches for global inconsistency

Design By Treatment Interaction (DBT) Model

Global Test assessing both design and loop inconsistency

White et al RSM 2012
Higgins et al  RSM 2012

B

C E

F

D

AA B C D E F

21
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Design By Treatment Interaction (DBT) Model

Global Test assessing both design and loop inconsistency

B

C E

F

D

A

Statistical Evaluation: 𝐻0: 𝑰𝑭 = 𝟎

𝑊𝐷𝐵𝑇 = 𝑰𝑭′𝜮−1𝑰𝑭~𝜒𝑙
2

The joint significance of all 
IFs is evaluated using the

Global 𝜒2 test

𝑦𝑑,𝑖,𝐴𝑇 = 𝜇𝐴𝑇 + 𝐼𝐹𝑑,𝐴𝑇 + 𝛿𝑑,𝑖,𝐴𝑇 + 𝜀𝑑,𝑖,𝐴𝑇

Approaches for global inconsistency

White et al RSM 2012
Higgins et al  RSM 2012 22
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Approaches for global inconsistency

Lu and Ades (LA) model

Global test assessing loop inconsistency

Lu and Ades JASA 2006
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F

D

A

𝐼𝐹1

𝐼𝐹2
𝐼𝐹3

𝐼𝐹4

𝐼𝐹5

𝐼𝐹6

𝐼𝐹7

The joint significance of all 
IFs is evaluated using the

Global 𝜒2 test

𝐼𝐹𝐴𝐵𝐶 = 𝜇𝐴𝐵 − 𝜇𝐴𝐶 − 𝜇𝐵𝐶

𝑦𝑖,𝐴𝐵 = 𝜇𝐴𝐶 − 𝜇𝐵𝐶 + 𝐼𝐹𝐴𝐵𝐶 + 𝛿𝑖,𝐴𝐵 + 𝜀𝑖,𝐴𝐵

Statistical Evaluation: 𝐻0: 𝑰𝑭 = 𝟎

W𝐿𝐴 = 𝑰𝑭′𝚺−1𝑰𝑭~𝜒𝑓
2

23
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Properties of the inconsistency approaches

Loop-
Specific

SIDE/
Node splitting

SODR LA DBT

Simple to compute     

Insensitive to 
parameterization of 
multi-arm studies

    

Indirect estimate 
derived from the 
entire network

    

Does not suffer from 
multiple testing     

Power   ?  ?

24Song et al BMC Med Res Methodol 2012, Veroniki et al BMC Med Res Methodol 2014
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Out of the 303 loops :

The loop inconsistency rate ranges between 2% and 10%

Statistical inconsistency does not importantly differ between the 
four effect measures:

Database with 40 networks of interventions

Loop-Specific (LS) Method

OR RRH RRB RD

Within-loop heterogeneity 8% 9% 10% 10%

Within-network heterogeneity 5% 6% 6% 5%

Veroniki et al IJE (2013) 25
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The different assumptions and estimators for heterogeneity can 
importantly impact on the assessment of inconsistency:

Evidence loops that include comparisons informed by a single study 
are more likely to show inconsistency:

- 2% to 9% depending on the estimator and assumption for heterogeneity

Loop-Specific (LS) Method

OR RRH RRB RD

Within-loop heterogeneity 8% 9% 10% 10%

Within-network heterogeneity 5% 6% 6% 5%

DL REML SJ

Within-loop heterogeneity 8% 7% 5%

Database with 40 networks of interventions

26
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Distribution of IF in loops

Loop-Specific (LS) Method
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The median IF is 0.34 
with interquartile range (0.15, 0.79)

27Veroniki et al IJE 2013
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Inference on networks

Design by treatment interaction (DBT) model

The consistency models 
display higher

heterogeneity accounting 
probably for inconsistency

in the data

28
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Veroniki et al IJE 2013
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❑ Inconsistency can occur in one in ten of the loops and in one in 
eight of the networks.

❑ Lower statistical heterogeneity is associated with more chances
to detect inconsistency but the estimated magnitude of 
inconsistency is lower

❑ Care is needed when interpreting the results of a consistency 
test as issues of heterogeneity and power may limit its 
usefulness

❑ Results and inferences on the prevalence of inconsistency are 
sensitive to the estimation method of the heterogeneity.

❑ A sensitivity analysis in the assumptions of heterogeneity may 
be needed before concluding the absence of statistical
inconsistency, particularly in networks with few studies.

In summary…
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