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Outline 

•  Current challenges to complex reviews 

•  Direct and indirect evidence 

•  Diagnostic test accuracy data 

•  Supporting complex reviews 



Why are reviews increasingly complex? 

•  Increasingly complex clinical and policy questions  

•  More interests in complex interventions 

•  Existing evidence often limited and heterogeneous 

•  Multiple treatment/intervention options with no head-to-

head evidence 

•  Outcomes of interest have complex data structure 



Aims 

1.  Raise awareness of the challenges of conducting 

complex reviews with multiple comparators and 

diagnostic test accuracy (DTA) data 

2.  Offer potential (simple to more complex) solutions to 

some but not all of the challenges 

3.  Provoke discussion regarding how to ensure complex 

reviews answer clinically-relevant questions 



Direct and Indirect Evidence 

Olivia	Wu	
Neil	Hawkins	



A Taxonomy of Comparisons 

A B Direct Comparison (head to head) 

‘Naïve’ or ‘Unadjusted’ Indirect Comparison 
Absolute effect estimates from individual trial arms 

‘Adjusted’ Indirect Comparison  
Relative effect estimates between treatments 

Mixed Treatment Comparison or 
’Network’ Meta-Analysis 
‘Adjusted’ indirect comparison extended to more 
complex networks of trial evidence  
(i.e. head to head and indirect evidence) 
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An Example 



Multiple treatments and trial 
comparisons 



One of the comparisons summarised in 
a pairwise meta-analysis 



Full data set summarised in  
four separate meta-analyses 
1. Alteplase vs Streptokinase 

2. Acc Alteplase vs Tenecteplase 

3. Acc Alteplase vs Reteplace 

4. Reteplace vs Streptokinase 



This is difficult to summarise… 

“Definitive conclusions on efficacy are that streptokinase is as effective as non-
accelerated alteplase, that tenecteplase is as effective as accelerated 
alteplase, and that reteplase is at least as effective as streptokinase. 

 
Some conclusions require interpretation of data, i.e. whether streptokinase is 

as effective as, or inferior to accelerated alteplase; and whether reteplase is 
as effective as accelerated alteplase or not.  

 
Depending on these, two further conclusions on indirect comparisons arise, 

whether tenecteplase is superior to streptokinase or not, and whether 
reteplase is as effective as tenecteplase or not.” 

From Boland A, Dundar Y, Bagust A, Haycox A, Hill R, Mujica Mota R, et al. Early thrombolysis for the treatment of 
acute myocardial infarction: a systematic review and economic evaluation. Health Technol Assess 2003;7(15). 

 
Acknowledgements to Julian Higgins 



An alternative approach – network 
meta-analysis 



The network of trial evidence is 
analysed as a ‘whole’ 

Streptokinase Alteplase Reteplase 

PTCA Acc Alteplase 

Streptokinase 
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Acc Alteplase Tenecteplase 
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Network meta-analysis provides comparable 
estimates of effectiveness for all treatments 

 30-day Mortality Odds Ratio (Mean (95% CrI)) 

Tr
ea

tm
en

t 

Streptokinase 1.04 (0.91 to 1.35) 

Alteplase 1 (Reference Treatment) 

Acc. Alteplase 0.88 (0.70 to 1.19) 

Streptokinase+Alteplase 1.02 (0.78 to 1.51) 

Reteplase 0.92 (0.70 to 1.24) 

Tenecteplase 0.90 (0.61 to 1.35) 

PCTA 0.65 (0.49 to 0.86) 



(Bayesian) network meta-analysis can 
provide useful summaries of uncertainty  



The basic building block – adjusted 
indirect comparison (AIC) 

Streptokinase Alteplase Reteplase 

PTCA Acc Alteplase 

Streptokinase 
+ 

Acc Alteplase Tenecteplase 
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common comparator 



Indirect Comparison: PTCA vs Alteplase  

Streptokinase Alteplase 

PTCA 

Direct estimates from trials  
ORAlteplase vs Streptokinase 0.89 (0.54 to 1.14) 

Direct estimates from trials  
ORPTCA vs Streptokinase 0.49 (0.20 to 0.91) 

? 



Indirect Comparison: PTCA vs Alteplase  

Streptokinase Alteplase 

PTCA 

Direct estimates from trials  
ORAlteplase vs Streptokinase 0.89 (0.54 to 1.14) 

Direct estimates from trials  
ORPTCA vs Streptokinase 0.49 (0.20 to 0.91) 

Adjusted indirect estimates 

Adjusted indirect estimates 
ORPTCA vs Alteplace = ORPTCA vs Streptokinase / ORAlteplase vs Streptokinase 

                          = 0.49 / 0.89  
                          = 0.55 



Generic Assumption 

BC

AC
AB OR

OROR =

The generic assumption of transitivity 

BCACAB ∂−∂=∂

log(ORAB ) = log(ORAC )− log(ORBC )



Basic Assumption 

•  Similarity 
–  Trials are clinically and methodologically similar and comparable 

•  Exchangeability 
–  If patients in one trial were substituted in another, the observed 

treatment estimates would be expected to be the same (allowing 
for random variation) 

•  Transitivity 
–  . 

•  Consistency 
–  Indirect and direct estimates are consistent 

BCACAB ∂−∂=∂ ∂AC = ∂AB −∂CB



Network Meta-Analysis 

•  Extension of the basic indirect comparison to more complex networks 

•  Estimates treatment effects that best ‘fit’ the network of trial comparisons 

1.  βAlteplase, βReteplease, βPTCA are estimates of the Log Odds Ratio (LOR) of 

Alteplase, Reteplase and PTCA compared to a reference comparator 

(e.g. Streptokinase).  

2.  LORAlteplase vs Streptokinase = βAlteplase  

3.  LORReteplase vs Streptokinase  = βReteplase 

4.  LORPTCA vs Streptokinase  = βPTCA 

5.  LORAlteplase vs PTCA  = βAlteplase - βPTCA  (consistency assumption) 

   

 



Estimating Uncertainty 

BC

AC
AB OR

OROR =

logORAB = logORAC − logORBC

+ = 

var logORAB( ) = var logORAC( )+ var logORBC( )



Estimated uncertainty in indirect estimates 

•  95% confidence (credible) intervals are estimated by 
adding the variance for the contributing indirect 
comparisons 

•  Only represents uncertainty arising from the sampling 
error in the contributing trials 

•  Does not represent uncertainty in the fundamental 
assumptions  

•  Absolute ‘Best Case’ estimate of uncertainty 



“Indirect comparisons are not randomized comparisons, 
and cannot be interpreted as such.  They are 
essentially observational findings across trials, and 
may suffer the biases of observational studies.” 

Version 5.1.10 (updated March 2011) 





Discussion points 

•  Can we add value to existing reviews using 

network meta-analysis? 

•  Can this be readily incorporated in your current 

reviews? 

•  Is network meta-analysis within the remit of 

Cochrane reviews? 



Methodological Challenges of 
Diagnostic Test Accuracy Reviews 
Alex Sutton 
Nicola Cooper 
Rhiannon Owen 
Keith Abrams 

Biostatistics Research Group, University of Leicester 
NIHR Complex Reviews Support Unit (CRSU) Diagnostic Lead Centre  www.nihrcrsu.org 



Outline 
•  Background 

•  Challenges 

•  Possible solutions 

•  Moving forward 



Background: Evaluation of a diagnostic test 
• Consider a population to be made up of 2 groups: 

–  Those with a disease 
–  Those without the disease 

• A test aims to identify people as belonging to one of 
these two groups 

•   Often a ‘Gold Standard’ test can perfectly 
distinguish groups, but cannot be used in routine 
practice (eg pathology) 

• Other imperfect tests (often quicker and cheaper) 
are available, yielding continuous diagnostic markers 

–  Scale may be explicit (e.g. chemical level) 
–  Or implicit (e.g. interpretation of an image) 



Sensitivity vs. Specificity 
pdf 

Diagnostic variable, D 

Group 0 
(Healthy) 

Group 1 
     (Diseased) 

TP 

TN 

Group 1 
Diseased 

Group 0 
Healthy 

Test + TP FP 

Test - FN TN 

DT 

Test + Test - 

Threshold 
Sensitivity = number of true positives/total with disease 
Specificity = number of true negatives/total without disease 



Receiver Operating Characteristic (ROC) 
Curve: Selecting the Threshold 
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Point T gives Max. accuracy 
threshold BUT 
ignores relative opportunity  
costs of FP and FN results 



Aim 1 

Raise awareness of the challenges of 
conducting diagnostic test accuracy 

(DTA) reviews and offer potential 
(simple to more complex) solutions to 

some but not all of the challenges 



Challenges of meta-analysing diagnostic 
test accuracy data 

•  Two dependent outcomes – sensitivity and specificity 
•  Variable test threshold levels (either explicit or implicit) 

•  Different reference tests (imperfect gold standard) 

 

Other issues include: 
•  Different populations / study conduct (leading to between-study 

heterogeneity) 

•  Data quality / risk of bias 

More complex than for effectiveness data due to: 
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Two dependent outcomes  
- Sensitivity and Specificity 
•  Requires a meta-analysis model that models sensitivity, 

specificity and their correlation simultaneously 

Hierarchical sROC: 
sROC curve, 95% credible & 
95% prediction region 
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Bivariate: Point estimate, 
95% credible & 95% 
prediction region for 
sensitivity and specificity 

•  Statistical models are equivalent although 
presentation of results are different 



Challenges of meta-analysing diagnostic 
test accuracy data 

•  !Two dependent outcomes – sensitivity and specificity 

•  ! Variable test threshold levels (either explicit or implicit) 

- BUT data on test threshold in primary studies (if known) ignored 

•  Different reference tests  

 Other issues include: 
•  Different populations / study conduct (leading to between-study 

heterogeneity) 

•  Data quality / risk of bias 

More complex than for effectiveness data due to: 



Different reference tests  
 

Lees et al Stroke 2014 

Evaluating the Folstein’s 
mini-mental state 
examination < 25/30 for 
the diagnosis of 
dementia in stroke 
patients 

Studies included in the 
meta-analysis used 
two different reference 
standards:  

•  Neuropsychological 
battery (NPB) 

•  Clinical diagnosis 
 
  



Different reference tests  
 

Exploring whether 
results vary by 
reference test using 
meta-regression 
  

Blue = Neuropsychological 
battery 

Green = Clinical diagnosis 



Assessing study quality / risk of bias 



Assessing study quality / risk of bias 

Black = all studies 
Red = low risk of applicability bias 
for patient selection   

•  Exploring impact of 
risk of applicability 
bias due to approach 
to patient selection 
using meta-regression 

•  95% credible region 
reduced 



Challenges of meta-analysing diagnostic 
test accuracy data 

•  !Two dependent outcomes – sensitivity and specificity 

•  ! Variable test threshold levels (either explicit or implicit) 

- BUT data on test threshold in primary studies (if known) ignored 

•  ! Different reference tests (imperfect gold standard) 

Other issues include: 
•  ! Different populations / study conduct (leading to between-study 

heterogeneity) 

- Limited by the data available and number of studies 

•  ! Data quality / risk of bias 

- Limited by the data available and number of studies 

More complex than for effectiveness data due to: 



Software 

•  All analyses presented so far are possible to fit 
using Stata macros  

•  Similar functionality available in R 
•  Bespoke macro for SAS developed specifically 

for Cochrane use 
•  WinBUGS can fit all of the above and beyond 

(but not graphics!) 



Aim 2 

Provoke discussion regarding how to 
ensure reviews of diagnostic tests 
answer clinically-relevant questions 



How do we compare performance of 
different tests? 
•  Paucity of direct comparative studies of test 

accuracy 
•  Systematic reviews of comparative accuracy 

often undertake separate meta-analyses for each 
test and then compare their results implicitly: 
-  Does not ensure like-with-like comparisons 

(i.e. test accuracy may be confounded by 
patient group, study methods, etc.) 

-  Often no common control/reference test 
-  Diagnosis often requires the use of multiple 

tests in combination   



Beyond “simple” pairwise meta-analysis 

•  Methods have been generalised allowing 
synthesis of studies including multiple index 
tests on the same patients (ARHQ 2013) 

•  Similarly, methods generalised to include 
multiple threshold points for the same test 
from each study 

•  Several groups working on network meta-
analysis in a diagnostic test context 

•  Individual patient data potentially offers the 
ability to perform more powerful analyses  



Evaluating sequences of tests to 
optimise diagnosis 

Often single tests evaluated in studies but multiple 
tests used in combination for diagnosis 

Performance of tests may differ depending where 
they are in the diagnostic pathway (i.e. test 
performance is not independent) 

Ideally want to estimate (meta-analytically) the 
accuracy of combinations of diagnostic tests 
(reflecting clinical practice), acknowledging the 
likely non-independence of the tests 

 



Evaluating sequences of tests 
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Example: Evaluation of Ddimer (a blood test) and Wells Score 
(checklist of symptoms & clinical history) tests for diagnosing 
Deep Vein Thrombosis 



Deep Vein Thrombosis example 
Examples 
of data 
types 	

Wells Score	 Ddimer Accuracy data	

WS group	
Diseased/ 

Total	
True 
+ve 

False 
+ve 

False     
-ve 

True     
–ve 

TYPE A: 
complete 
data (n=11) 

high	 10/17	 8	 2	 2	 5	

moderate	 6/44	 6	 18	 0	 20	

low	 1/41	 1	 8	 0	 32	
TYPE B: high	 26/29	 25	 2	 1	 1	
(n=4) moderate	 4/15	 -	 -	 -	 -	

low	 2/32	 -	 -	 -	 -	
TYPE C 	 high	 -	 -	 -	 -	 -	
(n=4)	 moderate	 -	 -	 -	 -	 -	

low	 2/149	 2	 76	 0	 71	
TYPE D 	 high	 26/29	 -	 -	 -	 -	
(n=20)	 moderate	 4/15	 -	 -	 -	 -	

low	 2/32	 -	 -	 -	 -	

TYPE E  
(n=94) 

N/A	 -	 2	 76	 0	 71	

Novielli et al Value in Health 2013  



Is the data fit for purpose? 
•  Many DTA studies small and poor quality focusing on a 

single index test 
•  Are exhaustive all-inclusive systematic reviews of these 

studies the optimal way to answer relevant clinical/policy 
questions? 

•  i.e. Although this approach proven to be successful for 
RCTs of interventions, do we need to innovate rather 
than simply translate methodology?  

•  Alternative approaches:  
•  Review only large, good-quality studies 
•  Conduct new primary studies of multiple index tests 

evaluating the whole diagnosis/treatment pathways 
•  More reliable and efficient than trying to combine 

heterogeneous, often poor quality studies, on 
different parts of the “puzzle”??  



Discussion points 
What are the most clinical/policy relevant questions to 
answer when evaluating diagnostic test performance? 

•  What is the accuracy of test X (sensitivity & specificity)? 

•  What factors affect test Xs accuracy? 

•  At what threshold should test X be used at? 

•  Which test, X or Y, is the most accurate? 

•  Where in the diagnostic pathway should test X be used, 
and at what threshold? Should other tests (Y, Z, etc.) be 
included in the diagnostic pathway?  

•  What is the most cost-effective diagnostic strategy for a 
given disease? (i.e. test sequence and thresholds) 

- Requires modelling of full clinical pathway including 
subsequent treatments and beyond 



How can Cochrane reviews help to 
answer these questions? 
 
•  How well are we doing currently? 

•  What could be improved? 



Complex Reviews Support Unit (CRSU) 



ExperBse	within	CRSU	

Key	Areas	of	Support	
•  DiagnosBc	test	accuracy	

(DTA)	reviews		

•  Network	meta-analysis	
(NMA)		

•  Individual	parBcipant	data	
(IPD)/clinical	study	report	
meta-analysis	

Other	Areas	of	Support	
•  Economic	evaluaBon	

•  Realist	synthesis	
•  QualitaBve	reviews	
	

•  Use	of	rouBne	data		
•  Non-randomised	studies		

•  PrognosBc	reviews		
•  Prevalence	reviews		
•  Causal	pathway	analysis		



Conclusions 

•  We don’t have all the answers 
-  We do have some  

-  Perhaps we are (at least) starting to ask the right questions? 

•  Important to work closely with clinicians  
-  As analyses get more complex the results obtained are relevant 

to clinical practice (i.e. answer clinically meaningful questions) 

•  CRSU funded by the NIHR to offer support all complex 
reviews 

•  Please let us know how the CRSU can offer assistance 



Website: www.nihrcrsu.org 
Twitter: @NIHRCRSU 


