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Fig.2 Distribution of the number of users who purchased
an item at times after its release.
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Fig.3 Recommendation algorithm based on PID.
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Table 1 The data sets used in the experiments.
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Table 2 Top N precision of personalized recommendation with the different

models on Music, Video and Netflix datasets.

Data set top N Popular Cosine Pearson Item bPLSA EABIF RID PID
oo 1 6.50 6.90 6.91 6.10 5.98 13.12 17.79 20.62
5 21.69 23.01 23.03  20.34 19.93 26.24 29.85 33.97

10 33.12 32.25 31.47 29.84 27.85 34.18 37.25 38.11

ooog 1 7.84 8.31 8.31 7.35 7.20 15.62 19.72 23.98
5 26.14 27.73 27.75  24.51  24.02 32.43 38.32 39.97

10 32.27 34.23 34.26 30.26  29.65 37.19 41.33 44.91

Netflix (h) 1 5.88 5.12 5.32 4.76 5.23 6.81 7.53  8.21
5 7.35 6.33 7.21 6.35 8.12 8.85 10.71 11.59

10 9.82 7.56 8.46 7.22 10.21 11.32 14.43 15.58

Netflix (P) 1 6.37 5.83 6.01 5.26 6.68 7.72 8.53 9.32
5 9.21 7.27 7.54 6.98 10.37 11.51 13.26 14.56

10 10.32 8.32 9.57 8.51 12.86 13.44 16.79 17.62
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GiniOODOOOO

Table 3 Top N precision of personalized recommendation with the different

models on Music, Video and Netflix datasets.

Data set gogoo Popular Cosine Pearson Item bPLSA EABIF RID PID
oo goooooooo 98.9 98.9 98.9 98.9 98.9 97.7 97.7 97.7
goopooooooog 6.50 6.90 6.91 6.10 5.98 13.12  17.79 20.62

Gini 00O 0.51 0.47 0.51 0.49 0.51 0.45 0.42 0.39

oood goooooooo 99.2 99.2 99.2 99.2 99.2 98.6 98.6  98.6
gooooooooo 8.43 8.87 8.72 12.31 11.56 18.55 26.39 32.41

Gini 0O 0.46 0.42 0.47 0.43 0.46 0.21 0.29 0.27

Netflix (h) 000000000 92.3 92.3 92.3 92.3 92.3 91.5 91.5 91.5
ooooooooog 5.36 6.12 6.17 6.88 9.54 10.32 11.57 12.11

Gini 00O 0.72 0.76 0.74 0.71 0.69 0.58 0.52 0.51
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