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Abstract This paper proposes an enhanced recommendation technique for personalized
e-commerce portal analyzing various attitudes of customer. The attitudes are classifies into three
adding product to shopping cart”, and “viewing the product infor-

LI

types such as “purchasing product”,
mation”. We implicitly track customer attitude to estimate the rating of products for recommending
products. We classified user groups which have similar preference for each item using implicit user
behavior. The preference similarity is estimated using the Cross Correlation Coefficient. Our
recommendation technique shows a high degree of accuracy as we use age and gender to group the
customers with similar preference. In the experimental section, we show that our method can provide
better performance than other traditional recommender system in terms of accuracy.
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