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Table 3 Recommendation Accuracy in MovieLens 100k
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WHHER TemCF  (Uh LemcE ;lfa]; ItemCF ;‘/a];
P@5 0.0612 0.0645 0.0533 00614 0.1425 0.1402
P@10 00574 00573 00523 00534 01143 0.1090
P@20  0.0486 0.0459 0.0453 0.0426 0.0863 0.0820
R@5 0.0462 0.0566 0.0485 0.0530 0.1590 0.1662
R@10 00938 0.0931 0.0945 00919 02436 0.2496
R@20 01724 0.1594 01727 0.1529 03543 0.3639
NDCG@5 00719 00774 0.0630 0.0760 0.1938 0.1893
NDCG@10 0.0838 0.0851 0.0779 0.0846 02126 0.2068
NDCG@?20 0.1083 0.1048 0.1031 0.1019 02462 0.2420

¢4 MovieLens latest ZHEEHE A1 B

Table 4 Recommendation Accuracy in MovieLens latest

Bias EMDP+ EMDP+ RZF+  RZF+
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PORER TtemCF 0D [emCF BiasSVD TtemCF BiasSVD

P@5 0.0429 0.0462 0.0259 0.0285 0.0952 0.1059
P@10 0.0346 0.0401 0.0252 0.0250 0.0709 0.0838
P@20 0.0276 0.0326 0.0209 0.0222 0.0540 0.063 2
R@5 0.0291 0.0335 0.0221 0.0212 0.0805 0.0932
R@10 0.0435 0.0532 0.0396 0.0342 0.1218 0.1459
R@?20 0.0695 0.0887 0.0607 0.0593 0.1694 0.2081
NDCG@5 0.0514 0.0546 0.0355 0.0344 0.1177 0.1321

NDCG@10 0.0521 0.0569 0.040 2
NDCG@20 0.0585 0.0658 0.047 1

0.0361 0.1196 0.1399
0.0435 0.1328 0.1571
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Table 5 Experimental Results of Pre-use Preference Modeling
in MovieLens 100k

W HE IR WRMF eALS UTV-eALS
P@5 0.4017 0.418 4 0.439 0
P@10 0.342 1 0.344 8 0.358 7
P@20 0.2720 0.268 8 0.287 1
R@5 0.147 1 0.149 4 0.158 2
R@10 0.2352 0.2312 0.240 4
R@20 0.350 2 0.340 3 0.358 0
NDCG@5 0.428 2 0.446 8 0.469 7
NDCG@10 0.4190 0.416 3 0.434 5
NDCG@20 04179 0.408 3 0.431 6
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Table 6 Experimental Results of Pre-use Preference Modeling

in MovieLens latest

WA EDR WRMF eALS UTV-eALS
P@5 0.3159 03195 0.3373
P@10 0.2720 0.270 4 0.2814
P@20 0.220 6 02184 0.226 4
R@5 0.090 3 0.093 2 0.097 0
R@10 0.152 1 0.1518 0.154 4
R@20 0.2302 0.2329 0.2352
NDCG@5 0.3339 0.3392 0.3575
NDCG@10 03143 03129 0.3287
NDCG@20 0.309 8 0.309 3 0.319 4
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Table 7 Pre-use Preference Distribution

At FH AT i £ MovieLens 100k MovieLens latest
[0,0.2) 92.64% 97.24%
[0.2,0.4) 5.40% 2.03%
[0.4,0.6) 1.48% 0.52%
[0.6,0.8) 0.38% 0.15%
[0.8,1] 0.10% 0.06%
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Table 9 Experimental Results of Data Filling in MovieLens 100k

e bn ItemCF BiasSVD UIMLF+ItemCF UIMLF+BiasSVD ItemKNN PureSVD UTV-eALS
P@5 0.0612 0.064 5 0.188 3 0.213 4 0.142 3 0.186 5 0.178 6
P@10 0.057 4 0.057 3 0.1456 0.161 6 0.118 3 0.144 0 0.1392
P@20 0.048 6 0.0459 0.108 4 0.114 5 0.089 1 0.104 8 0.103 1
R@5 0.046 2 0.056 6 0.204 0 0.248 5 0.166 9 02155 0.209 1
R@10 0.093 8 0.093 1 0.316 4 0.345 4 0.268 6 03156 0.310 4
R@20 0.172 4 0.159 4 0.460 1 0.480 2 0.3878 0.440 7 0.4415
NDCG@5 0.0719 0.077 4 0.246 7 0.303 7 0.193 4 0.258 4 0.2472
NDCG@10 0.083 8 0.085 1 0.267 8 03195 0.2199 0.276 7 0.270 0
NDCG@20 0.108 3 0.104 8 0.3119 0.358 1 0.256 8 0.314 6 03108
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Table 10 Experimental Results of Data Filling in MovieLens latest

W FEbR ItemCF BiasSVD UIMLF+ ItemCF ~ UIMLF+ BiasSVD  ItemKNN PureSVD UTV-eALS
P@5 0.042 9 0.046 2 0.152 2 0.168 5 0.116 7 0.150 3 0.144 8
P@10 0.034 6 0.040 1 0.1159 0.1251 0.0919 0.117 4 0.114 4
P@20 0.027 6 0.032 6 0.091 6 0.094 2 0.0711 0.088 4 0.087 6
R@5 0.029 1 0.0335 0.113 6 0.1317 0.1057 0.122 1 0.1189
R@10 0.043 5 0.053 2 0.171 4 0.1915 0.153 8 0.182 4 0.179 7
R@20 0.069 5 0.088 7 0.262 6 0.282 1 0.228 6 0.255 4 0.268 0
NDCG@5 0.051 4 0.054 6 0.183 9 0.204 5 0.150 8 0.189 5 0.1820
NDCG@10 0.052 1 0.056 9 0.183 0 0.202 8 0.148 2 0.1913 0.183 3
NDCG@20 0.058 5 0.065 8 0.206 2 0.224 8 0.168 0 0.207 6 0.205 4
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Mining Uninteresting Items with Visibility of User Time Points and
Collaborative Filtering Recommendation Method

Shi Lei Li Shuqing
(College of Information Engineering, Nanjing University of Finance & Economics, Nanjing 210023, China)

Abstract: [Objective] This paper proposes a new method to improve the collaborative filtering algorithm based
on explicit feedbacks, aiming to address data sparsity and user selection bias issues. [Methods] First, we retrieved
the negative preferences of users who have seen the items but did not interact with them. Then, we measured the
visibility of items along with user activity, item popularity and time factors. Third, we introduced the concept of
pre-use preferences to construct a weighted matrix factorization model based on user time point visibility. Finally,
we identified items that users were not interested in, and marked them with low values. [Results] We examined
our model with the MovieLens datasets, and found the recommendation accuracy of ItemCF and BiasSVD
increased by an average of 2 to 2.5 times. [Limitations] There may be empirical bias in modeling pre-use
preferences based on the users’ negative preferences from the “seen-but-not-interacted items”. [Conclusions] The
proposed model could effectively reduce the impacts of data sparsity and user selection bias, and make accurate
recommendation results.

Keywords: Collaborative Filtering Explicit Feedback Selection Bias Pre-use Preference
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(IR : https://www.sciencedaily.com/releases/2022/03/220331 151457.htm)
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