Abstract

With the rise of e-commerce in the last decade, particularly in the retall
segment, customers have to choose the products they want from a
wide selection which makes customers’ shopping experience
exhausting. From a service provider's perspective, there Is an
associated risk of losing the customer. In this project, we discuss how
we buillt a “Buy-again® personalized recommendation engine
that monitors customer behavior and provides personalized
product recommendations to customers.

The engine is designed to consider customers’ frequency, recency,
monetary, price sensitivity as well as product prices and discounts. The
engine uses information from In-store and online purchases for
products purchased by customers at least once for the last two years.
After identifying the probability of a customer purchasing a specific
product on his/ her next visit, products with highest probabilities are
listed in the “Buy-again” section on the retailor website.
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