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We need to learn how to teach Machine Learning

‘I INTRODUGTION 2 RESEARGH QUESTION

Despite artificial intelligence’s and machine learning's How does domain specificity influence analogy-based explanations in
widespread presence, the inner workings of these technologies supervised machine learning for first-year bachelor computer science
are a mystery even to most users. Even to computer science students?

students, learning in this area can be quite a challenge. The use
of analogies to explain concepts proves to be useful [1] in
general but can it be applied to machine learning? Literature on
teaching machine learning through these methods has a
significant gap [2]. Furthermore, is it possible to target a specific
domain a person is familar with to make analogies more
understandable? The video game domain is an interest possiblity
given computer science students’ tendency to understand this
area [3].

« How effective are analogy-based explanations using domain-
specific concepts from computer gameplay in helping
understand supervised machine learning for first-year bachelor
computer science students?

e What insights do expert evaluations show about the strengths
and weaknesses of domain-specificity in analogy-based
explanations for teaching supervised machine learning?
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