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Research Problem:

Unfairness in Cross-Domain Recommmendation

* Cross-domain recommendation (CDR) leverages
overlapping users to transfer knowledge from the
source domain and improve target-domain performance.
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* CDR overlapping bias: non-overlapping users

see less improvement or even performance
degradation compared to overlapping users.

This unfairness may erode user trust, and, consequently,
negatively impact business engagement and revenue.
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UGF measures absolute accuracy
difference (e.g., NCDG@10) between
overlapping and non-overlapping users.
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