Supplementary material and methods section on additive Bayesian networks (ABN)
For the ABN analysis, first the optimal model in terms of the one with the highest marginal likelihood (model score) was determined by increasing subsequently the number of parents per node from one to nine. The marginal likelihood was considered as a goodness of fit metric including an implicit penalty for model complexity and was estimated using Laplace approximation at each node [1]. This process of identifying an optimal Bayesian graph is referred to in the literature as structure learning [2,3]. To allow for an exact search method approach [4] 19 variables (one scenario, seven demographic and eleven statements) were selected [5]. With respect to the structure a uniform prior was chosen assuming that all Bayesian graphical structures were equally plausible. Second in order to adjust for overfitting, bootstrapping with Markov chain Monte Carlo (MCMC) simulations in JAGS [6] were performed. Simulated datasets with an identical size as the original one were generated and an identical exact search was performed. At least 256 bootstraps were run for each of the nine scenarios with the demographic variables and eleven statements. Arcs or lines, representing associations between two nodes, present in less than 50% of the globally optimal Bayesian graph estimated from the bootstrap data were considered to be not robust enough and trimmed off from the Bayesian graph generated in the first step. A threshold of 50% structural support is the usual cut-off in Bayesian network analysis [7]. The analysis were performed using the software R [8] and the package abn [9]. The resulting networks or Bayesian graphs were visualized with GraphViz [10].
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