Mixed treatment comparison of repeated measurements of a continuous endpoint
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Disclaimer While the authors have made every effort to ensure the reliability of this algorithm, they will not accept responsibility for any errors, omissions, inaccuracies or any consequences arising from the use of the algorithm. Users do so at their own risk. The values shown in tables in this document are purely for illustration and do not represent real trial data. Unfortunately we are not able to supply the dataset used in the meta-analysis.
Data layout for all mixed treatment comparison models:
We entered the data into WinBUGS in 2 tables and 1 list:
· List of constant terms, etc
· Data table with 1 row per timepoint per study
· Data table with 1 row per study
The list of constant terms was entered into WinBUGS as a list:
list(NTrt=40, NStudy=50, NData=278, NClass=11)
NTrt= number of different treatments evaluated across all studies
NStudy = number of studies

NData = number of rows of data across all studies (i.e. mean no. timepoints*NStudy)

NClass = number of classes of drug across all studies (required only for Models 5 and 6)

 

The table of data with one row per timepoint per study was laid out like this for all models except model 4 (which requires the additional column “bin”):
study[]     y[,1]         sdev[,1]   n[,1]         y[,2]         sdev[,2]   n[,2]         y[,3]         sdev[,3]   n[,3]         y[,4]         sdev[,4]   n[,4]         y[,5]         sdev[,5]   n[,5]

1              16.2         0              85           17.5          0              91          NA           NA           NA           NA           NA           NA           NA           NA           NA

1              16.9         0              84           15.3          0              89           NA           NA           NA           NA           NA           NA           NA           NA           NA

2              15.6         2.6           142         16.7          2.3           141         NA           NA           NA           NA           NA           NA           NA           NA           NA

Numbers in square brackets in column headers indicate which arm of the study the data relate to.

y[,X] equals mean outcome in study arm X.

sdev[,X] equals standard deviation in study arm X.

n[,X] equals number of patients in study arm X.

For models 1-4, the table of data with one row per study was laid out like this:

study.s[]  t[,1]          t[,2]          t[,3]          t[,4]          t[,5]          na[]         

1              1              2              NA           NA           NA           2              

2              2              3              NA           NA           NA           2              

t[,X] indicates the code number for the treatment used in the Xth arm of that study, where treatments are numbered sequentially from 1 to Ntrt.

na[] indicates the number of arms in each study.

Additional fields indicating treatment class are required for models 5-6

Again numbers in square brackets in column headers indicate which arm of the study the data relate to.
study.s[] is an optional field indicating the study number for the user’s convenience; if this column is included, you will need an additional line of code to generate a temporary variable (e.g. “dum1<-study.s[1]”) to avoid error messages from unused data. 

Models using arm-level or study-level covariates also require a third table with one row per study giving the covariate data for each arm of each study, such as:

studyCOVAR[]
geldrop[,1]
geldrop[,2]
geldrop[,3]
geldrop[,4]
geldrop[,5]
unfixed[,1]
unfixed[,2]
unfixed[,3]
unfixed[,4]
unfixed[,5]
daytime[,1]
daytime[,2]
daytime[,3]
daytime[,4]
daytime[,5]
BLIOP[]
PubDate[]

1
1
0
NA
NA
NA
0
0
NA
NA
NA
0
0
NA
NA
NA
23.2
2001
2
0
0
NA
NA
NA
0
0
NA
NA
NA
0
1
NA
NA
NA
26.9
2004
studyCOVAR[] is an optional field indicating the study number for the user’s convenience; if this column is included, you will need an additional line of code to generate a temporary variable (e.g. “dum2<-studyCOVAR[1]”) to avoid error messages from unused data. 
Covariates can either be entered all together in one table or in several separate tables. In order to load datasets with more covariates than are being used in the current model, additional lines of code will be needed to generate temporary variables (e.g. “dum3<-geldrop[1,1]”, “ dum4<-BLIOP[1]”)
Data inputs for Model 4

For Model 4, the table showing what row per timepoint per study is formatted like this. 
study[]     y[,1]         sdev[,1]   n[,1]         y[,2]         sdev[,2]   n[,2]         y[,3]         sdev[,3]   n[,3]         y[,4]         sdev[,4]   n[,4]         y[,5]         sdev[,5]   n[,5] 
bin[]
1              16.2         0              85           17.5          0              91          NA           NA           NA           NA           NA           NA           NA           NA           NA         4
1              16.9         0              84           15.3          0              89          NA           NA           NA           NA           NA           NA           NA           NA           NA
      4
 
2              15.6         2.6           142         16.7          2.3           140        NA           NA           NA           NA           NA           NA           NA           NA           NA
      3

The bin[] column shows which time "bin" each measurement falls into. Other fields are defined as above.
Data inputs for Models 5 and 6

Models of treatment class need a larger version of the table with one row per study, in addition to requiring one more constant term (NClass) to be specified in the list.

For Models 5 and 6, the table of data with 1 row per study requires one additional column per study arm:
study.s[]  t[,1]          t[,2]          t[,3]          t[,4]          t[,5]          na[]          class[,1]  class[,2]  class[,3]  class[,4]  class[,5]

1              1              2              NA           NA           NA           2              1              1              NA           NA           NA

2              2              3              NA           NA           NA           2              1              2              NA           NA           NA

class[,X] indicates the code for the treatment class that the treatment used in arm X falls into, where classes are numbered sequentially from 1 to NClass. Other fields are defined as above.

Full code for Model 4
Changes are needed to further lines of code in addition to those identified in the Appendix of the paper. The full code for Model 4 is shown below with the differences between Model 4 and Model 2 are shown in red typeface.

model{
for(i in 1:NData){ 


     for (k in 1:na[study[i]])  { 



sdev1[i,k]<- sdev[i,k]*(1-equals(sdev[i,k],0)) + sdev.imp.cut*equals(sdev[i,k],0)



se[i,k]<-sdev1[i,k]/sqrt(n[i,k])


#Calculate SE from sd and n


            py[i,k]<- pow(se[i,k],-2)

                      #Define precision from se

                y[i,k] ~ dnorm(my[i,k],py[i,k])                    # normal likelihood

my[i,k] <- mu[i] + delta[i,k]*(1-equals(weeks[i],0))           # model 





dev[i,k]<- (y[i,k]-my[i,k])*(y[i,k]-my[i,k])*py[i,k]





residual[i,k] <- y[i,k]-my[i,k]



} 

        mu[i] ~ dnorm(0,.0001)           



# flat priors for baseline


dev.i[i]<-sum(dev[i,1:na[study[i]]])

}

resdev<- sum(dev.i[])

sdev.imp.cut<-cut(sdev.imp)

sdev.imp~dgamma(11.76,3.352)    #Alpha and beta parameters estimated in the previously mentioned 
















#meta-analysis of SD data  

for (i in 1:NData){

    w[i,1] <-0

    delta[i,1]<-0

    for (k in 2:na[study[i]]) {

                 delta[i,k] ~ dnorm(md[i,k],taud[i,k])             # trial-specific LOR distributions

                 md[i,k] <-  equals(bin[i],1)*(d1[t[study[i],k]] - d1[t[study[i],1]]) +equals(bin[i],2)*(d2[t[study[i],k]] - d2[t[study[i],1]]) + equals(bin[i],3)*(d3[t[study[i],k]] - d3[t[study[i],1]]) + equals(bin[i],4)*(d4[t[study[i],k]] - d4[t[study[i],1]]) + sw[i,k]   
                  taud[i,k] <- tau *2*(k-1)/k                                    #precision of LOR distributions

                  w[i,k] <- (delta[i,k]  - (equals(bin[i],1)*(d1[t[study[i],k]] - d1[t[study[i],1]]) +equals(bin[i],2)*(d2[t[study[i],k]] - d2[t[study[i],1]]) + equals(bin[i],3)*(d3[t[study[i],k]] - d3[t[study[i],1]]) + equals(bin[i],4)*(d4[t[study[i],k]] - d4[t[study[i],1]])))          #adjustment, multi-arm RCTs
                  sw[i,k] <-sum(w[i,1:k-1])/(k-1)                # cumulative adjustment for multi-arm trials

        }   

 }

d1[1]<-0

d2[1]<-0

d3[1]<-0

d4[1]<-0
for (k in 2:NTrt){


d1[k] ~ dnorm(0,.0001)                       #  vague priors for basic parameters


d2[k] ~ dnorm(0,.0001)                       #  vague priors for basic parameters


d3[k] ~ dnorm(0,.0001)                       #  vague priors for basic parameters


d4[k] ~ dnorm(0,.0001)                       #  vague priors for basic parameters

}

sd~dunif(0,20)                                            # vague prior for random effects standard deviation 

tau<-1/pow(sd,2)
}
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