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Abstract: Monte Carlo simulations, multiverse analyses and multivariate prior distributions are all

core elements of modern data science. However, interpreting each of these elements is frequently a
cumbersome ordeal that leaves much to be desired. Monte Carlo simulations are frequently presented
as a large multi-way table that can be both intimidating and difficult to extract key findings from.
Similarly, multiverse analyses may have so many branching decisions that it becomes difficult to parse
which decision may have been most critical to the final results. Multivariate posterior distributions
are featured heavily in Bayesian data analysis, but selecting the dimensions to visualize the largest
changes in probability is challenging due to their high-dimensional nature. In response to these
challenges, we investigate and 1illustrate the use of the classic machine learning technique of decision
trees to extract the key aspects of each of these elements. In a typical machine learning context,
decision trees are a powerful way of discovering the largest main etfects and higher-order interactions
in an interpretable fashion. The adoption of effective applications of decision trees to each of these
elements offers a human-friendly interpretation of Monte Carlo simulations, multiverse analyses, and
multivariate prior distributions.

Decision Tree Multiverse Analysis:
Which analytical decisions were most dramatic?

Decision Tree Multivariate Posterior Distribution:

Which variables best predict Tau?
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