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crosnma:
To synthesize 
cross-design evidence and 
cross-format data
using network meta-analysis
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1

NMA/
NMR

IPD AD

RCT NRS RCT NRS

- Lengthy process, 
increased costs

- Inability to 
include IPD from  
all trials 

- Overcome the AD 
shortcomings
- a gold standard
- Standardize the 
analysis

- Heterogeneity 
across trials

- M R on aggregate 
inform ation
- Ecological bias

- Data is 
accessible in 
the published 
literature

- Idealized settings
- Restricted 

inclusion criteria
- Lim it 
generalizability  

- ‘Low’ Bias
- Most reliable

- Bias
- Confounders are 

not addressed
- Concern about 
transitivity and 
consistency

- More 
available
- Reflect 
the reality
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not ignore AD
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NMA/
NMR

IPD AD

RCT NRS RCT NRS

Cross-
NMA 
Model
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NMA/
NMR

IPD AD

RCT NRS RCT NRS

4

v IPD vs AD models for a single study 
v … for multiple studies
v Combine IPD and AD for multiple studies
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IPD vs AD model 1-study

𝑟~𝐵𝑖𝑛 𝑝, 𝑛
AD Likelihood

𝑦~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝
IPD Likelihood

!𝒑𝑨𝑫 =0.25
n=16, r=4

What is the probability of disease?

!𝒑𝑰𝑷𝑫 =0.25

𝑝 𝑝 𝑝 𝑝

𝑝 𝑝 𝑝 𝑝

𝑝 𝑝 𝑝 𝑝

𝑝 𝑝 𝑝 𝑝

$
&

𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝 = 𝐵𝑖𝑛 𝑝, 𝑛
For 
estimation
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IPD vs AD model 1-study

𝑟~𝐵𝑖𝑛 𝑝, 𝑛
AD Likelihood

𝑦~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝
IPD Likelihood

/𝑶𝑹𝑨𝑫

What is the treatment effect?

/𝑶𝑹 𝑰𝑷𝑫

𝑝 𝑝 𝑝 𝑝

𝑝 𝑝 𝑝 𝑝

𝑝 𝑝 𝑝 𝑝

𝑝 𝑝 𝑝 𝑝

$
&

𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝 = 𝐵𝑖𝑛 𝑝, 𝑛
For 
estimation

n=16, r=4
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IPD vs AD model 1-study

𝑟~𝐵𝑖𝑛 𝑝, 𝑛
AD Likelihood

𝑦~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝
IPD Likelihood

What is the treatment effect?

log𝑖𝑡 𝑝' = 𝑙𝑜𝑔𝑖𝑡 𝑝( + log 𝑂𝑅'( log𝑖𝑡 𝑝)' = 𝑙𝑜𝑔𝑖𝑡 𝑝)( + log 𝑂𝑅)'(

log𝑖𝑡 𝑝*' = 𝑙𝑜𝑔𝑖𝑡 𝑝*( + log 𝑂𝑅*'(

.

.

.

.

.

.

.

.

.
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/𝑶𝑹𝑨𝑫 /𝑶𝑹𝑰𝑷𝑫

7

IPD vs AD model multiple studies
AD Likelihood IPD Likelihood

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)
log𝑖𝑡 𝑝)'
= 𝑙𝑜𝑔𝑖𝑡 𝑝)( + log 𝑂𝑅)'(

Study 1

𝑟*~𝐵𝑖𝑛 𝑝*, 𝑛*
log𝑖𝑡 𝑝*'
= 𝑙𝑜𝑔𝑖𝑡 𝑝*( + log 𝑂𝑅*'(

Study 2

𝑟+~𝐵𝑖𝑛 𝑝+, 𝑛+
log𝑖𝑡 𝑝+'

= 𝑙𝑜𝑔𝑖𝑡 𝑝+( + log 𝑂𝑅+'(

Study 3

𝑟,~𝐵𝑖𝑛 𝑝,, 𝑛,
log𝑖𝑡 𝑝,'

= 𝑙𝑜𝑔𝑖𝑡 𝑝,( + log 𝑂𝑅,'(

Study 4

𝑦!"~𝐵𝑒𝑟 𝑝!" , 𝑦#"~𝐵𝑒𝑟 𝑝#" , … , 𝑦$"~𝐵𝑒𝑟 𝑝$"
log𝑖𝑡 𝑝!"% = 𝑙𝑜𝑔𝑖𝑡 𝑝!"& + log 𝑂𝑅!"%&

Study 3

log𝑖𝑡 𝑝#"% = 𝑙𝑜𝑔𝑖𝑡 𝑝#"& + log 𝑂𝑅#"%&.
.
.

.

.

.

.

.

.

𝑦!!~𝐵𝑒𝑟 𝑝!! , 𝑦#!~𝐵𝑒𝑟 𝑝#! , … , 𝑦$!~𝐵𝑒𝑟 𝑝$!
log𝑖𝑡 𝑝!!% = 𝑙𝑜𝑔𝑖𝑡 𝑝!!& + log 𝑂𝑅!!%&

Study 1

log𝑖𝑡 𝑝#!% = 𝑙𝑜𝑔𝑖𝑡 𝑝#!& + log 𝑂𝑅#!%&.
.
.

.

.

.

.

.

.

log𝑖𝑡 𝑝##% = 𝑙𝑜𝑔𝑖𝑡 𝑝##& + log 𝑂𝑅##%&
log𝑖𝑡 𝑝!#% = 𝑙𝑜𝑔𝑖𝑡 𝑝!#& + log 𝑂𝑅!#%&

𝑦!#~𝐵𝑒𝑟 𝑝!# , 𝑦##~𝐵𝑒𝑟 𝑝## , … , 𝑦$#~𝐵𝑒𝑟 𝑝$#

Study 2

.

.

.

.

.

.

.

.

.

What is the treatment effect?

8

𝑦!'~𝐵𝑒𝑟 𝑝!' , 𝑦#'~𝐵𝑒𝑟 𝑝#' , … , 𝑦$'~𝐵𝑒𝑟 𝑝$'
log𝑖𝑡 𝑝!'% = 𝑙𝑜𝑔𝑖𝑡 𝑝!'& + log 𝑂𝑅!'%&

Study 4

log𝑖𝑡 𝑝#'% = 𝑙𝑜𝑔𝑖𝑡 𝑝#'& + log 𝑂𝑅#'%&.
.
.

.

.

.

.

.

.

/𝑶𝑹𝑨𝑫 /𝑶𝑹𝑰𝑷𝑫
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IPD vs AD model multiple studies
AD Likelihood IPD Likelihood

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)
log𝑖𝑡 𝑝)'
= 𝑙𝑜𝑔𝑖𝑡 𝑝)( + log 𝑂𝑅)'(

Study 1

𝑟*~𝐵𝑖𝑛 𝑝*, 𝑛*
log𝑖𝑡 𝑝*'
= 𝑙𝑜𝑔𝑖𝑡 𝑝*( + log 𝑂𝑅*'(

Study 2

𝑟+~𝐵𝑖𝑛 𝑝+, 𝑛+
log𝑖𝑡 𝑝+'

= 𝑙𝑜𝑔𝑖𝑡 𝑝+( + log 𝑂𝑅+'(

Study 3

𝑟,~𝐵𝑖𝑛 𝑝,, 𝑛,
log𝑖𝑡 𝑝,'

= 𝑙𝑜𝑔𝑖𝑡 𝑝,( + log 𝑂𝑅,'(

Study 4

𝑦!"~𝐵𝑒𝑟 𝑝!" , 𝑦#"~𝐵𝑒𝑟 𝑝#" , … , 𝑦$"~𝐵𝑒𝑟 𝑝$"
log𝑖𝑡 𝑝!"% = 𝑙𝑜𝑔𝑖𝑡 𝑝!"& + log 𝑂𝑅!"%&

Study 3

log𝑖𝑡 𝑝#"% = 𝑙𝑜𝑔𝑖𝑡 𝑝#"& + log 𝑂𝑅#"%&.
.
.

.

.

.

.

.

.

𝑦!!~𝐵𝑒𝑟 𝑝!! , 𝑦#!~𝐵𝑒𝑟 𝑝#! , … , 𝑦$!~𝐵𝑒𝑟 𝑝$!
log𝑖𝑡 𝑝!!% = 𝑙𝑜𝑔𝑖𝑡 𝑝!!& + log 𝑂𝑅!!%&

Study 1

log𝑖𝑡 𝑝#!% = 𝑙𝑜𝑔𝑖𝑡 𝑝#!& + log 𝑂𝑅#!%&.
.
.

.

.

.

.

.

.

log𝑖𝑡 𝑝##% = 𝑙𝑜𝑔𝑖𝑡 𝑝##& + log 𝑂𝑅##%&
log𝑖𝑡 𝑝!#% = 𝑙𝑜𝑔𝑖𝑡 𝑝!#& + log 𝑂𝑅!#%&

𝑦!#~𝐵𝑒𝑟 𝑝!# , 𝑦##~𝐵𝑒𝑟 𝑝## , … , 𝑦$#~𝐵𝑒𝑟 𝑝$#

Study 2

.

.

.

.

.

.

.

.

.

What is the treatment effect?

Heterogeneity across trials 

Trials are conducted under different 
settings

Different populations

Adjust for potential interactions

Only aggregate 
data 

(Network) meta-analysis

Individual data 

9

𝑦!'~𝐵𝑒𝑟 𝑝!' , 𝑦#'~𝐵𝑒𝑟 𝑝#' , … , 𝑦$'~𝐵𝑒𝑟 𝑝$'
log𝑖𝑡 𝑝!'% = 𝑙𝑜𝑔𝑖𝑡 𝑝!'& + log 𝑂𝑅!'%&

Study 4

log𝑖𝑡 𝑝#'% = 𝑙𝑜𝑔𝑖𝑡 𝑝#'& + log 𝑂𝑅#'%&.
.
.

.

.

.

.

.

.

/𝑶𝑹𝑨𝑫 /𝑶𝑹𝑰𝑷𝑫
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Meta-regression model
AD

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)
log𝑖𝑡 𝑝)'
= 𝑙𝑜𝑔𝑖𝑡 𝑝)( + log 𝑂𝑅)'(
+ 𝛽'𝑎𝑔𝑒)

Study 1

𝑟*~𝐵𝑖𝑛 𝑝*, 𝑛*
log𝑖𝑡 𝑝*'
= 𝑙𝑜𝑔𝑖𝑡 𝑝*( + log 𝑂𝑅*'(
+ 𝛽'𝑎𝑔𝑒*

Study 2

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

The interaction between 𝒍𝒐𝒈 𝑶𝑹𝑩𝑨 and age?

Lo
g(

 O
R)

mean age

10

IPD

𝑦!"~𝐵𝑒𝑟 𝑝!" , 𝑦#"~𝐵𝑒𝑟 𝑝#" , … , 𝑦$"~𝐵𝑒𝑟 𝑝$"
log𝑖𝑡 𝑝!"% = 𝑙𝑜𝑔𝑖𝑡 𝑝!"& +log 𝑂𝑅!"%& +𝛽"((𝑎𝑔𝑒!" −𝑎𝑔𝑒")+𝛽%𝑎𝑔𝑒"

Study 3

log𝑖𝑡 𝑝#"% = 𝑙𝑜𝑔𝑖𝑡 𝑝#"& +log 𝑂𝑅#"%& +𝛽"((𝑎𝑔𝑒#" −𝑎𝑔𝑒")+𝛽%𝑎𝑔𝑒".
.
.

.

.

.

.

.

.

𝑦!'~𝐵𝑒𝑟 𝑝!' , 𝑦#'~𝐵𝑒𝑟 𝑝#' , … , 𝑦$'~𝐵𝑒𝑟 𝑝$'
log𝑖𝑡 𝑝!'% = 𝑙𝑜𝑔𝑖𝑡 𝑝!'& +log 𝑂𝑅!'%& +𝛽'((𝑎𝑔𝑒!' −𝑎𝑔𝑒')+𝛽%𝑎𝑔𝑒'

Study 4

log𝑖𝑡 𝑝#'% = 𝑙𝑜𝑔𝑖𝑡 𝑝#'& +log 𝑂𝑅#'%& +𝛽'((𝑎𝑔𝑒#' −𝑎𝑔𝑒')+𝛽%𝑎𝑔𝑒'.
.
.

.

.

.

.

.

.

Association between studies

10

Meta-regression model
AD

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)
log𝑖𝑡 𝑝)'
= 𝑙𝑜𝑔𝑖𝑡 𝑝)( + log 𝑂𝑅)'(
+ 𝛽'𝑎𝑔𝑒)

Study 1

𝑟*~𝐵𝑖𝑛 𝑝*, 𝑛*
log𝑖𝑡 𝑝*'
= 𝑙𝑜𝑔𝑖𝑡 𝑝*( + log 𝑂𝑅*'(
+ 𝛽'𝑎𝑔𝑒*

Study 2

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

Lo
g(

 O
R)

mean age

mean age logOR
11

IPD

𝑦!"~𝐵𝑒𝑟 𝑝!" , 𝑦#"~𝐵𝑒𝑟 𝑝#" , … , 𝑦$"~𝐵𝑒𝑟 𝑝$"
log𝑖𝑡 𝑝!"% = 𝑙𝑜𝑔𝑖𝑡 𝑝!"& +log 𝑂𝑅!"%& +𝛽"((𝑎𝑔𝑒!" −𝑎𝑔𝑒")+𝛽%𝑎𝑔𝑒"

Study 3

log𝑖𝑡 𝑝#"% = 𝑙𝑜𝑔𝑖𝑡 𝑝#"& +log 𝑂𝑅#"%& +𝛽"((𝑎𝑔𝑒#" −𝑎𝑔𝑒")+𝛽%𝑎𝑔𝑒".
.
.

.

.

.

.

.

.

𝑦!'~𝐵𝑒𝑟 𝑝!' , 𝑦#'~𝐵𝑒𝑟 𝑝#' , … , 𝑦$'~𝐵𝑒𝑟 𝑝$'
log𝑖𝑡 𝑝!'% = 𝑙𝑜𝑔𝑖𝑡 𝑝!'& +log 𝑂𝑅!'%& +𝛽'((𝑎𝑔𝑒!' −𝑎𝑔𝑒')+𝛽%𝑎𝑔𝑒'

Study 4

log𝑖𝑡 𝑝#'% = 𝑙𝑜𝑔𝑖𝑡 𝑝#'& +log 𝑂𝑅#'%& +𝛽'((𝑎𝑔𝑒#' −𝑎𝑔𝑒')+𝛽%𝑎𝑔𝑒'.
.
.

.

.

.

.

.

.

𝛽'

The interaction between 𝒍𝒐𝒈 𝑶𝑹𝑩𝑨 and age?

Association between studies

11

Meta-regression model
AD

.

.

.

Lo
g(

 O
R)

age

age logOR
12

IPD

𝑦!"~𝐵𝑒𝑟 𝑝!" , 𝑦#"~𝐵𝑒𝑟 𝑝#" , … , 𝑦$"~𝐵𝑒𝑟 𝑝$"
log𝑖𝑡 𝑝!"% = 𝑙𝑜𝑔𝑖𝑡 𝑝!"& +log 𝑂𝑅!"%& +𝛽"((𝑎𝑔𝑒!" −𝑎𝑔𝑒")+𝛽%𝑎𝑔𝑒"

Study 3

log𝑖𝑡 𝑝#"% = 𝑙𝑜𝑔𝑖𝑡 𝑝#"& +log 𝑂𝑅#"%& +𝛽"((𝑎𝑔𝑒#" −𝑎𝑔𝑒")+𝛽%𝑎𝑔𝑒".
.
.

.

.

.

.

.

.

𝑦!'~𝐵𝑒𝑟 𝑝!' , 𝑦#'~𝐵𝑒𝑟 𝑝#' , … , 𝑦$'~𝐵𝑒𝑟 𝑝$'
log𝑖𝑡 𝑝!'% = 𝑙𝑜𝑔𝑖𝑡 𝑝!'& +log 𝑂𝑅!'%& +𝛽'((𝑎𝑔𝑒!' −𝑎𝑔𝑒')+𝛽%𝑎𝑔𝑒'

Study 4

log𝑖𝑡 𝑝#'% = 𝑙𝑜𝑔𝑖𝑡 𝑝#'& +log 𝑂𝑅#'%& +𝛽'((𝑎𝑔𝑒#' −𝑎𝑔𝑒')+𝛽%𝑎𝑔𝑒'.
.
.

.

.

.

.

.

.

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)
log𝑖𝑡 𝑝)'
= 𝑙𝑜𝑔𝑖𝑡 𝑝)( + log 𝑂𝑅)'(
+ 𝛽)' 𝑎𝑔𝑒)

Study 1

𝑟*~𝐵𝑖𝑛 𝑝*, 𝑛*
log𝑖𝑡 𝑝*'
= 𝑙𝑜𝑔𝑖𝑡 𝑝*( + log 𝑂𝑅*'(
+ 𝛽*'𝑎𝑔𝑒*

Study 2 𝜷𝟑𝑾 𝜷𝟒𝑾

The interaction between 𝒍𝒐𝒈 𝑶𝑹𝑩𝑨 and age?

Association within studies

12
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Meta-regression model
AD

.

.

.

13

IPD

𝑦!"~𝐵𝑒𝑟 𝑝!" , 𝑦#"~𝐵𝑒𝑟 𝑝#" , … , 𝑦$"~𝐵𝑒𝑟 𝑝$"
log𝑖𝑡 𝑝!"% = 𝑙𝑜𝑔𝑖𝑡 𝑝!"& +log 𝑂𝑅!"%& +𝛽"((𝑎𝑔𝑒!" −𝑎𝑔𝑒")+𝛽%𝑎𝑔𝑒"

Study 3

log𝑖𝑡 𝑝#"% = 𝑙𝑜𝑔𝑖𝑡 𝑝#"& +log 𝑂𝑅#"%& +𝛽"((𝑎𝑔𝑒#" −𝑎𝑔𝑒")+𝛽%𝑎𝑔𝑒".
.
.

.

.

.

.

.

.

𝑦!'~𝐵𝑒𝑟 𝑝!' , 𝑦#'~𝐵𝑒𝑟 𝑝#' , … , 𝑦$'~𝐵𝑒𝑟 𝑝$'
log𝑖𝑡 𝑝!'% = 𝑙𝑜𝑔𝑖𝑡 𝑝!'& +log 𝑂𝑅!'%& +𝛽'((𝑎𝑔𝑒!' −𝑎𝑔𝑒')+𝛽%𝑎𝑔𝑒'

Study 4

log𝑖𝑡 𝑝#'% = 𝑙𝑜𝑔𝑖𝑡 𝑝#'& +log 𝑂𝑅#'%& +𝛽'((𝑎𝑔𝑒#' −𝑎𝑔𝑒')+𝛽%𝑎𝑔𝑒'.
.
.

.

.

.

.

.

.

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)
log𝑖𝑡 𝑝)'
= 𝑙𝑜𝑔𝑖𝑡 𝑝)( + log 𝑂𝑅)'(
+ 𝛽'𝑎𝑔𝑒)

Study 1

𝑟*~𝐵𝑖𝑛 𝑝*, 𝑛*
log𝑖𝑡 𝑝*'
= 𝑙𝑜𝑔𝑖𝑡 𝑝*( + log 𝑂𝑅*'(
+ 𝛽'𝑎𝑔𝑒*

Study 2

Combine parameters across studies

Treatment effect
log 𝑂𝑅H

'( ~𝑁(log OR'( , 𝜏*)

Within-study covariate effect
RE: 𝛽H

I~𝑁 𝐵I , 𝜏I
*

FE: 𝛽H
I = 𝐵I

Between-study covariate effect
𝛽'~𝑁(0,10J,)

Covariate effect

13

NMA/
NMR

IPD AD

RCT NRS RCT NRS

14

v naive
v Bias adjustment 1
v Bias adjustment 2
v Use NRS as a prior

14

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)

Lo
g(

 O
R)

Treatment effect in study j: 𝛿I

Cross-design model naive

15

NRS

RCT

15

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)

Lo
g(

 O
R)

Cross-design model naive

16

Treatment effect in study j: 𝛿I

16

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)

Lo
g(

 O
R)

𝛿I

Cross-design model adjust1

17

Bias ( 𝑅H )
No Yes

NRS

RCT

+𝛾I 𝑅I

17

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)

Lo
g(

 O
R)

𝛿I

Cross-design model adjust1

18

Bias ( 𝑅H )
No Yes

+𝛾I 𝑅I
How do we classify them to high RoB
or low RoB?

We use the data from RoB tool
Either directly (high=Yes ( 𝑅H= 1), low=No ( 𝑅H= 0)) 
à RoB is subjective, uncertainty

high RoBlow RoB

Give distributions
𝑅H~𝐵𝑒𝑟𝑛(𝜋H), 𝜋H~𝐵𝑒𝑡𝑎(𝑎, 𝑏)

Low RoB

𝛾H

High RoB

18
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4

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)

Cross-design model adjust1

19

𝜃I = 𝛿I

low RoB high RoB

𝜃I = 𝛿I + 𝛾I

𝜃I

𝛿H

𝜃I

𝛿H + 𝛾H

19

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)

Cross-design model adjust2

20

𝛿H 𝛿H + 𝛾H

𝜃I

𝜃I = 1 − 𝜋I 𝑁 𝛿I , 𝜏N + 𝜋I𝑁(𝛿I + 𝛾I , 𝜏N + 𝜏ON)

low RoB

𝛿H 𝛿H + 𝛾H

𝜃I

high RoB

20

𝑟)~𝐵𝑖𝑛 𝑝), 𝑛)

Cross-design model adjust2

21

How we find the weight of each peak, 𝜋H?

1. Give distributions
𝑅H~𝐵𝑒𝑟𝑛(𝜋H), 𝜋H~𝐵𝑒𝑡𝑎(𝑎, 𝑏)

high RoBlow RoB

𝛿H 𝛿H + 𝛾H

low RoB

𝛿H 𝛿H + 𝛾H

𝜃I

high RoB

2. Use study characteristics’ 
𝑙𝑜𝑔𝑖𝑡(𝜋H) = 𝑎 + 𝑏 ∗ 𝑧

21

1. Conduct MA/NMA 
only with NRS

0
-.2

-.1
0

.1
.2

.3

Cross-design model prior

22

1. Conduct MA/NMA 
only with NRS

0
-.2

-.1
0

.1
.2

.3

2. Conduct MA/NMA for 
RCTs with NRS as prior

Cross-design model prior

23

Network meta-analysis

24
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5

IPD + AD NMR model multiple treatments
AD Likelihood, logistic IPD Likelihood, logistic

log𝑖𝑡 𝑝##% = 𝑙𝑜𝑔𝑖𝑡 𝑝##& + log 𝑂𝑅##%& + (𝑎𝑔𝑒## − 𝑎𝑔𝑒#)+ 𝑎𝑔𝑒#.
.
.

.

.

.

.

.

.

.

.

.

For j study with k treatment

𝑟!"~𝐵𝑖𝑛 𝑝!" , 𝑛!"
logit (𝑝!") =

𝑢!#+𝛽$,#"& 𝑥! + 𝛿!#"

For i individual in j study with k 
treatment

𝑦RIS~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝RIS
logit 𝑝RIS =

𝑢IT + 𝛽UI𝑥RI + 𝛽N,TSV (𝑥RI − 𝑥I)
+ 𝛽N,TSW 𝑥I + 𝛿ITS

𝛿ABC~𝑁 𝑑DC − 𝑑DB, 𝜏E , 𝛽E,BCF ~𝑁(𝐵DCF - 𝐵DBF , 𝜎FE), 𝛽E,BCG ~𝑁(𝐵DCG - 𝐵DBG ,

𝜎GE ), and 𝑢AB, 𝛽HA~𝑁(0,10E)

Combine AD and IPD

25

25

Cross NMR model naive
AD RCT and NRS IPD RCT and NRS

log𝑖𝑡 𝑝##% = 𝑙𝑜𝑔𝑖𝑡 𝑝##& + log 𝑂𝑅##%& + (𝑎𝑔𝑒## − 𝑎𝑔𝑒#)+ 𝑎𝑔𝑒#.
.
.

.

.

.

.

.

.

.

.

.

For j study with k treatment

𝑟!"~𝐵𝑖𝑛 𝑝!" , 𝑛!"
logit (𝑝!") =

𝑢!#+𝛽$,#"& 𝑥! + 𝛿!#"

For i individual in j study with k 
treatment

𝑦RIS~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝RIS
logit 𝑝RIS =

𝑢IT + 𝛽UI𝑥RI + 𝛽N,TSV (𝑥RI − 𝑥I)
+ 𝛽N,TSW 𝑥I + 𝛿ITS

𝛿ABC~𝑁 𝑑DC − 𝑑DB, 𝜏E , 𝛽E,BCF ~𝑁(𝐵DCF - 𝐵DBF , 𝜎FE), 𝛽E,BCG ~𝑁(𝐵DCG - 𝐵DBG ,

𝜎GE ), and 𝑢AB, 𝛽HA~𝑁(0,10E)

Combine AD and IPD

26

26

Cross NMR model naive
AD RCT and NRS IPD RCT and NRS

log𝑖𝑡 𝑝##% = 𝑙𝑜𝑔𝑖𝑡 𝑝##& + log 𝑂𝑅##%& + (𝑎𝑔𝑒## − 𝑎𝑔𝑒#)+ 𝑎𝑔𝑒#.
.
.

.

.

.

.

.

.

.

.

.

For j study with k treatment

𝑟!"~𝐵𝑖𝑛 𝑝!" , 𝑛!"
logit (𝑝!") =

𝑢!#+𝛽$,#"& 𝑥! + 𝛿!#"

For i individual in j study with k 
treatment

𝑦RIS~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝RIS
logit 𝑝RIS =

𝑢IT + 𝛽UI𝑥RI + 𝛽N,TSV (𝑥RI − 𝑥I)
+ 𝛽N,TSW 𝑥I + 𝛿ITS

𝛿ABC~𝑁 𝑑DC − 𝑑DB, 𝜏E , 𝛽E,BCF ~𝑁(𝐵DCF - 𝐵DBF , 𝜎FE), 𝛽E,BCG ~𝑁(𝐵DCG - 𝐵DBG ,

𝜎GE ), and 𝑢AB, 𝛽HA~𝑁(0,10E)

Combine AD and IPD

We introduce 𝑅A
which reflects the 

risk of bias in study j

This assumes NRS and RCTs of 
high risk bias contribute the same 
(according to their precision) with 
low risk of bias RCTs

27

27

Cross NMR model adjust 1
AD RCT and NRS IPD RCT and NRS

log𝑖𝑡 𝑝##% = 𝑙𝑜𝑔𝑖𝑡 𝑝##& + log 𝑂𝑅##%& + (𝑎𝑔𝑒## − 𝑎𝑔𝑒#)+ 𝑎𝑔𝑒#.
.
.

.

.

.

.

.

.

.

.

.

For j study with k treatment

𝑟!"~𝐵𝑖𝑛 𝑝!" , 𝑛!"
logit (𝑝!") =

𝑢!#+𝛽$,#"& 𝑥! + 𝛿!#" +𝛾! 𝑅!

For i individual in j study with k 
treatment

𝑦RIS~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝RIS
logit 𝑝RIS =

𝑢IT + 𝛽UI𝑥RI + 𝛽N,TSV (𝑥RI −
𝑥I) + 𝛽N,TSW 𝑥I + 𝛿ITS +𝛾I 𝑅I

𝛿!#"~𝑁 𝑑'" − 𝑑'# , 𝜏$ , 𝛽$,#"& ~𝑁(𝐵'"& - 𝐵'#& , 𝜎&$), 𝛽$,#"( ~𝑁(𝐵'"( - 𝐵'#( , 𝜎($ )

Bias assumptions
𝛾A~𝑁 𝛤, 𝜎IE , 𝑅A~𝐵𝑒𝑟𝑛(𝜋A)

Combine AD and IPD

𝜋A = J

𝜋XYZ~𝑏𝑒𝑡𝑎(1,20)
𝜋[\]X^_`~𝑏𝑒𝑡𝑎(1,1)
𝜋aRba~𝑏𝑒𝑡𝑎(20,1)

28

28

Cross NMR model adjust 2
AD RCT and NRS IPD RCT and NRS

log𝑖𝑡 𝑝##% = 𝑙𝑜𝑔𝑖𝑡 𝑝##& + log 𝑂𝑅##%& + (𝑎𝑔𝑒## − 𝑎𝑔𝑒#)+ 𝑎𝑔𝑒#.
.
.

.

.

.

.

.

.

.

.

.

For j study with k treatment

𝑟!"~𝐵𝑖𝑛 𝑝!" , 𝑛!"
logit (𝑝!") =

𝑢!#+𝛽$,#"& 𝑥! + 𝜃!#"

For i individual in j study with k 
treatment

𝑦RIS~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝RIS
logit 𝑝RIS =

𝑢IT + 𝛽UI𝑥RI + 𝛽N,TSV (𝑥RI − 𝑥I)
+ 𝛽N,TSW 𝑥I + 𝜃ITS

𝛿!#"~𝑁 𝑑'" − 𝑑'# , 𝜏$ , 𝛽$,#"& ~𝑁(𝐵'"& - 𝐵'#& , 𝜎&$), 𝛽$,#"( ~𝑁(𝐵'"( - 𝐵'#( , 𝜎($ )

Bias assumptions
𝜃ITS~ 1 − 𝜋I 𝑁 𝑑S , 𝜏N + 𝜋I𝑁(𝑑S + 𝛤, 𝜏N + 𝜏ON)

Combine AD and IPD

𝜋A = J

𝜋XYZ~𝑏𝑒𝑡𝑎(1,20)
𝜋[\]X^_`~𝑏𝑒𝑡𝑎(1,1)
𝜋aRba~𝑏𝑒𝑡𝑎(20,1)

𝑙𝑜𝑔𝑖𝑡(𝜋!) = 𝑎 + 𝑏 ∗ 𝑧 29

29

𝛿ITS~𝑁 𝑑S − 𝑑T , 𝜏N 𝛽N,SW ~𝑁(𝐵SW - 𝐵TW , 𝜎WN) and 𝛽N,SV ~𝑁(𝐵SV - 𝐵TV , 𝜎VN )

Priors

𝑢I , 𝐵SV , 𝐵SW~N 0, 10c , 𝜏, 𝜎W , 𝜎V~Unif 0, 10 ,𝑑C~N 𝑑CWXY, 𝑉WXY

Cross NMR model prior
AD RCT and NRS IPD RCT and NRS

log𝑖𝑡 𝑝##% = 𝑙𝑜𝑔𝑖𝑡 𝑝##& + log 𝑂𝑅##%& + (𝑎𝑔𝑒## − 𝑎𝑔𝑒#)+ 𝑎𝑔𝑒#.
.
.

.

.

.

.

.

.

.

.

.

For j study with k treatment

𝑟!"~𝐵𝑖𝑛 𝑝!" , 𝑛!"
logit (𝑝!") =

𝑢!#+𝛽$,#"& 𝑥! + 𝛿!#"

For i individual in j study with k 
treatment

𝑦RIS~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝RIS
logit 𝑝RIS =

𝑢IT + 𝛽UI𝑥RI + 𝛽N,TSV (𝑥RI − 𝑥I)
+ 𝛽N,TSW 𝑥I + 𝛿ITS

Combine AD and IPD

𝑑Sdef , 𝑉def are data

First: NRS model

Second: RCT model

30

30


