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Abstract In this talk, I argue that techniques developed in the field of explainable AI (XAI) have potential applications in
computational human sciences. In typical XAl scenarios, artificial intelligence is seen as a technological Other that is obliged
to win human trust by explaining the black box. In computational human sciences, however, it is humans that are the black box,
and artificial intelligence serves as an approximation of human functions. This observation motivates us to use explanation
methods to explain humans. As a concrete example, I show that neural network-based classifiers can be applied to contrastive
studies. We begin by training a classifier to discriminate texts written by two groups of humans and then apply an explanation
method to analyze how it performs classification. A major advantage of this approach is that the high expressive power of
modern neural networks allows us to investigate context-sensitive words and long expressions in an explorative manner.
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