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Abstract

Daily life is increasingly governed by decisions made by non-human agents due to the avail-
ability of big data sets. Algorithms decide on whether we get a job, to which college we are
admitted, whether we are creditworthy or which medical treatments we need, just to name
a few. While complex models trained on big data greatly improve prediction or classifica-
tion accuracy, these models base their outcomes on correlations alone, but correlation does
not imply causation. Measures of correlation are symmetrical, whereas causation is usually
asymmetrical and therefore tells us the directionality of a relation between variables. Cor-
relation which is not causation often arises if two variables have a common cause, or if there
is a spurious correlation such that the values of two unrelated variables are coincidentally
statistically correlated. Predictive models, e.g. decision trees and neural networks, do not
make a distinction between correlation and causation and only learn correlations to increase
their prediction accuracy. The relationships learnt by the model may be unstable or wrong,
leading to unreliable predictions which is undesired for decision making. If a model would
learn causal relationships, we can make more robust predictions. Furthermore, such a causal
discovery model can provide us with a deeper understanding of the causal interactions in a
complex system.

We have therefore developed a deep learning framework that learns a causal graph struc-
ture by discovering causal relationships in observational time series data. It uses attention-
based convolutional neural networks to discover causal relationships and interprets the net-
works’ internal parameters to discover the time delay between cause and effect. Experiments
show state-of-the-art performance of our framework compared to existing, usually statistical,
causal discovery methods [1–3] when applied to financial and neuroscientific data.
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