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Understanding the cause and effect relationships that govern natural phenomena is central to the
scientific inquiry. While being the gold standard for inferring causal relationships, there are many
scenarios in which controlled experiments are not possible. This is for example the case for most
aspects of Earth's complex climate system. Causal relationships then have to be learned from
statistical dependencies in observational data, a task that is commonly referred to as
(observational) causal discovery.
When applied to time series data for learning causal relationships in dynamical systems, methods
for causal discovery face additional statistical challenges. This is so because, as licensed by an
assumption of stationarity, samples are taken in a sliding window fashion and hence
autocorrelated rather than iid. Moreover, strong autocorrelations also often occlude other
relevant causal links. The recent PCMCI algorithm (Runge et al., 2019) and its variants PCMCI+
(Runge, 2020) and LPCMCI (Gerhardus and Runge, 2020) address and to some extent alleviate
theses issues.
In this contribution we present the Ensemble-PCMCI method, an adaption of PCMCI (and its
variants PCMCI+ and LPCMCI) to cases in which the data comprises several time series, i.e.,
measurements of several instances of the same underlying dynamical system. Samples can then
be taken from these different time series instead of a in a sliding window fashion, thus avoiding
the issue of autocorrelation and also allowing to relax the stationarity assumption. In particular,
this opens the possibility to analyze temporal changes in the underlying causal mechanisms. A
potential domain of application are ensemble forecasts.
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