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Abstract

Existing recommender systems do not take full advantage of personalization. To address this problem, a

novel approach is proposed to mine the opinions and preference of users to build a personalized model for each

user or item. Experimental results generated from a real data set show that the proposed approach can improve the

accuracy of rating prediction.
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Table 1  Topics distribution based on LDA
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Table 2 The development data’s experimental result of User-
based model

MAE
FiF

FUR/LIE] FS U/

2 0.6091 0.6395
3 0.5944 0.6393
5 0.5850 0.6389
10 0.5673 0.6392
15 0.5556 0.6393
20 0.5518 0.6396
25 0.5486 0.6398
30 0.5485 0.6396
35 0.5489 0.6402
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Table 3 The development data’s experimental result of Item-
based model

MAE
Pl

Ukl Ridig

2 0.5986 0.6383
3 0.5897 0.6381
5 0.5802 0.6377
10 0.5624 0.6380
15 0.5511 0.6382
20 0.5438 0.6388
25 0.5425 0.6393
30 0.5423 0.6397
35 0.5424 0.6409
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Table 4 The main experimental result

PR ES2 MAE
1 Baseline 0.6765
2 User-based Personalized Model 0.6418
3 Item-based Personalized Model 0.6359
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Fig. 1 The compare result of two personalized approaches
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