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Abstract
In this paper, a new Kkernelized approach for use in a recommender system (RS) is proposed. Using a machine
learning technique, the proposed method predicts the user’'s preferences for unknown items and recommends items
which are likely to be preferred by the user. Since the ratings of the users are generally inconsistent and noisy, a
robust binary classifier called a dual margin Lagrangian support vector machine (DMLSVM) is employed to suppress
the noise. The proposed method is applied to MovieLens databases, and its effectiveness is demonstrated via
simulations.
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Table 1. The characteristics of MovieLens dataset.

Parameter Value
Number of users 943
Number of movies 1682
Number of ratings 100000
Value of ratings {1,2,34,5}
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Table 2. The structure of MovieLens dataset.
userlD itemID rating TimeStamp
196 242, 3 881250949
186 302 3 891717742
22 377 1 878887116
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Table 3. Information of movies in MovieLens dataset.

movielD Title Release date Genre
1 Toy Story 1995 animation, comedy
. action, adventure,

2 Golden Eye 1995 thriller
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Table 4. The dataset used in the simulations.

Data Number of | Number of | Number of
ratings users movies
Training set 90570 943 1628
Test set 9430 943 10 per user
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Table 5. Target values of the propose RS.
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Target rating value for given RS
1 2 3 4 5
Positive RS -1 -1 -1 1 1
Negative RS -1 -1 1 1 1
Combined RS -1 -1 N/A 1 1
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