








and collaborative filteringmay be the way to go in a high able immune system learning model,”IIBEE International
sparsity streaming scenario. Finally, and ironically, we have Conference on Data Miningvielbourne, Florida, Nov. 2003.
noticed how the presence of outliers is handled differently [11] C.J. VanRijsbergen,information Retrieval Buttersworth,
by the two techniques, and how the same strength (robust-  London, 1989.

ness to noise) of a technique may occasionally turn into a

caveat in a streaming scenario. Yet, we will not conclude Moving Average (15) of F1 using N = 5, T = 0.0, SS = 2, Cos similarity, with session order natural
prematurely thatobustnesso noise is a disadvantag@n ‘ ‘ ‘ ‘ ‘ ‘
the contrary, this may suggest a need for even more comple} os-
validation scenarios, as well as the need for a hybrid recom-
mendation strategy that draws on multiple recommenders’
strengths while circumventing their respective weaknesses o7 .
To summarize our results, for a website with a modest num-
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ten since all profiles are active simultaneously (Scenario M).
Both recommenders struggle with a high number of profiles,
high number of items/URLs, and sparsity. oLr )
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