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Motivating example: Objective: Leverage correlations between item-item pairs
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*** Correlative associations among items of a basket frequent ones.
*** Sequential associations across baskets of a sequence ** A pair with exclusive connection has a higher score than non-
to predict the next basket of correlated items. exclusive ones.

/ Basket Sequence Correlation Networks (Beacon)
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Datasets: TaFeng (E-commerce); and Delicious (Bookmark Tag)

Recommendation: B, .yt < {i\ri(s) < K}, where rgs) is the ranking of item i; and r(®): y(s) - {1,2,..,N}

Methodology: For a given testing basket sequence S, hide last basket B and generate the next-basket recommendation given < S\B >

Metric: Half-life Utility (HLU) measures the overall ranking performance. Higher is better.
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Conclusion: Experiments on the two datasets show that the modeling of correlation information contributes statistically significant improvements

as compared to traditional basket-sequence models in terms of top-K recommendations.



