
Since our primary aim is to develop a prediction model and not to get a precise estimation of the 

treatment effects, all the analyses will be based on IPD only. Therefore, we will neither analyze 

aggregate data together nor investigate the robustness of the IPD-MA including aggregate data, 

for they are beyond the perspectives of the present study.  
2.6.1 Average relative treatment effect: IPD-MA 

We first synthesize the data using one-stage Bayesian hierarchical IPD-MA [34]. We will 

estimate the average relative treatment effect in terms of odds ratio (OR) for efficacy. 

 

Let 𝑦𝑖𝑗 denote the dichotomous outcome of interest (𝑦𝑖𝑗 = 1 for remission or low disease 

activity), for patient 𝑖 where 𝑖 = 1, 2, … , 𝑛𝑗 in trial 𝑗 out of 𝑁 trials, 𝑡𝑖𝑗 be 0/1 for patient in 

control/intervention group, and 𝑝𝑖𝑗 is the probability of having the outcome. 

 

𝑦𝑖𝑗  ~ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝𝑖𝑗) 

log (
𝑝𝑖𝑗

1 − 𝑝𝑖𝑗
) = 𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗) = 𝛼𝑗 + 𝛿𝑗𝑡𝑖𝑗 

𝛿𝑗 ~ 𝑁(𝛿, 𝜏2) 

 

Where 𝛼𝑗 is the log odds of the outcome for the control group, in trial 𝑗, which is independent 

across trials; 𝛿𝑗 is the treatment effect (log OR), which we assume to be exchangeable across 

trials; 𝛿 is the summary estimate of the log-odds ratios for the intervention versus the control 

arm, and 𝜏2 is the heterogeneity of 𝛿 across trials. and normally distributed across trials. 

 
2.6.2 Predicting treatment effect for patients with particular characteristics: a two-stage model 
(1) Data pre-processing 

Within each study the outcomes and the covariates will be evaluated for missing data, and we 

will further look at their distributional characteristics and correlations between the covariates 

(listed in section 2.4.2). We will use multiple imputation methods for handling missing data [35]. 

We will consider data transformation for continuous variables to resolve skewness and re-

categorization for categorical variables if necessary. If two or more variables are highly 

correlated we will only retain the variable that is most commonly reported across studies and in 

the literature or the variable that has the least missing values. 

 
(2) Stage-one: developing a baseline risk model 

In this step we will build a multivariable model to predict the probability that a patient, given her 

or his baseline characteristics, is likely to achieve remission or low disease activity irrespective 

of treatment, we will refer to this model as the baseline risk model. The risk model can be built 

using the patients from the control group only, or from both intervention and control group. The 

former is more intuitive, however, a simulation study indicated that models based on the whole 

participants produced estimates with narrower distribution of bias and were less prone to 

overfitting [36]. We will fit a multivariable logistic regression model: 

 

 

𝑦𝑖𝑗~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑟𝑖𝑗) 

𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗) = 𝑏0𝑗 + ∑ 𝑏𝑘𝑗 × 𝑃𝐹𝑖𝑗𝑘

𝑝

𝑘=1
 



𝑏0𝑗  ~ 𝑁(𝛽0, 𝜎𝛽0

2 ) 

𝑏𝑘𝑗 ~ 𝑁(𝛽𝑘, 𝜎𝛽𝑘

2 ) 

 

𝑟𝑖𝑗 is the probability of the outcome for patient 𝑖 from trial 𝑗 at the baseline. 𝑏0𝑗 is the intercept, 

which is exchangeable across studies. 𝑃𝐹𝑖𝑗𝑘 denotes the 𝑘 prognostic factor (in total there are 𝑝 

prognostic factors) in study 𝑗 for patient 𝑖, and 𝑏𝑘𝑗 is the regression coefficient for 𝑘 prognostic 

factor in study 𝑗 and is exchangeable across studies. 
 

In order to select the most appropriate model, we propose two approaches: (1) use previously 

identified prognostic factors and through discussions with rheumatologists to decide the subset of 

the most clinically relevant factors and estimate the coefficients using penalized maximum 

likelihood estimation shrinkage method; (2) use LASSO penalization methods for variable 

selection and coefficient shrinkage [37]. 

 

For each possible model, we will examine the sample size first, in order to assess the reliability 

of the model. We will calculate the events per variable (EPV) for our model, using all the 

categories of categorical variables and the degrees of freedom of continuous outcomes [38]. We 

will calculate efficient sample size for developing a logistic regression model [39]. Validation is 

essential in prediction model development. Since no external data is available, we can only use 

internal validation. Via resampling methods like bootstrap or cross-validation we can estimate 

the calibration slope and c-statistic for each model, to indicate the ability of calibration and 

discrimination. 

 
(3) Stage-two: developing a meta-regression model for treatment effects 

We use the same notation system as that in section 2.6.1. The 𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗) from stage-one will be 

used as a covariate in the meta-regression model; both as a prognostic factor and as an effect 

modifier. Let 𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗)
𝑗

 denote the average of logit-risk for all the individuals in study 𝑗. The 

regression equation will be: 

𝑦𝑖𝑗~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝𝑖𝑗) 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗) = {
𝑎𝑗 + 𝑔0𝑗 × (𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗) − 𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗)

𝑗

) , 𝑖𝑓 𝑡𝑖𝑗 = 0

𝑎𝑗 + 𝛿𝑗 + 𝑔0𝑗 × (𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗) − 𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗)
𝑗

) + 𝑔𝑗 × (𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗) − 𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗)
𝑗

) , 𝑖𝑓 𝑡𝑖𝑗 = 1

 

𝛿𝑗 ~ 𝑁(𝛿, 𝜏2) 

𝑔0𝑗~𝑁(𝛾0, 𝜎𝛾0
2 ) 

𝑔𝑗~𝑁(𝛾, 𝜎𝛾
2) 

 

𝑎𝑗 is the log odds in the control group when a patient has a risk equal to the mean risk, which is 

assumed to be independent across trials. 𝑔0𝑗 is the coefficient of the risk score, while 𝑔𝑗 is the 

treatment effect modification of the risk score for the intervention group versus the control 

group; both are assumed to be exchangeable cross trials and normally distributed about a 

summary estimate 𝛾0 and 𝛾 respectively.  

 



(4) Predicting the probability of having the outcome for a new patient 

Assume a new patient 𝑖 who is not from any trial 𝑗, has a baseline risk score 𝑙𝑜𝑔𝑖𝑡(𝑟𝑖)̃  calculated 

from stage-one. In order to predict the absolute logit-probability to achieve the outcome, we use: 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖) = 𝑎 + 𝛾0 × (𝑙𝑜𝑔𝑖𝑡(𝑟𝑖)̃ − 𝑙𝑜𝑔𝑖𝑡(𝑟)) , 𝑖𝑓 𝑥𝑖 = 0 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖) = 𝑎 + 𝛿 + 𝛾0 × (𝑙𝑜𝑔𝑖𝑡(𝑟𝑖)̃ − 𝑙𝑜𝑔𝑖𝑡(𝑟)) + 𝛾 × (𝑙𝑜𝑔𝑖𝑡(𝑟𝑖)̃ − 𝑙𝑜𝑔𝑖𝑡(𝑟)) , 𝑖𝑓 𝑥𝑖 = 1 

 

We would have estimated 𝛿, 𝛾0 and 𝛾 in the meta-regression stage. We will estimate 𝑙𝑜𝑔𝑖𝑡(𝑟) as 

the mean of 𝑙𝑜𝑔𝑖𝑡(𝑟𝑖𝑗) across all the individuals and studies. For 𝑎, we will estimate it by 

synthesizing all the control arms. Then we can calculate the individual probability of the 

outcome both for the control and the intervention and estimate the predicted absolute and relative 

treatment effect. 

 

To evaluate the performance of the two-stage prediction model, we will use internally validation 

methods via both the traditional measures, like c-statistic, and measures relevant to clinical 

usefulness. 

 
(5) Publication bias 

Considering that we will probably not be able to include all the relevant research works, as some 

studies or their results were likely not published owning to non-significant results (study 

publication bias and outcome reporting bias) [40, 41]. We will evaluate this issue, by comparing 

the search and screening results (as we will try to retrieve possibly unpublished reports) with the 

IPD we can get. If necessary, we will address it by adding the study’s variance as an extra 

covariate in the final IPD meta-regression model (see section 2.6.2 (3)). 

 
(6) Statistical software 

We will use R for our analyses. Stage 2 will be performed in a Bayesian setting using R2Jags. 

For the development of the baseline risk model, we will use the pmsampsize command to 

estimate if the available sample size is enough. We will examine the linear relationship between 

each one of the prognostic factors and the outcome via rcs and anova commands. The LASSO 

model will be developed using the cv.glmnet command. We will use the lrm command for the 

predefined model based on prior knowledge, and then for the penalized maximum likelihood 

estimation we will use the pentrace command. For the bootstrap internal validation (both for 

the baseline risk score and for the two-stage prediction model), we will use self-programmed R-

routines. 

 


