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Abstract:

Web marketing is one of the important company activities. Here, its data is often

high dimension and sparse. This sparseness disturbs the analysis of web marketing. To alleviate

this problem, various approaches are studied. For example, clustering of users and items are used

to improve collaborative filtering results.

Predictor variable reduction is used to estimate user’s

response from web-advertisement. In this paper, we classify purposes of web marketing in three

objective (i.e., Customer Attraction, Customer Retention, and Cross-Sales), and survey solutions

for sparse data problem for each objective.
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