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Set#1 Set#2 Set#3 Set#4 Set#5 Total
Genre\Set

Train Test Train Test Train Test Train Test Train Test Train Test
Action 31344 11022 30990 11147 27434 9686 30954 10891 30 661 10924 151 383 53670
Adventure 24 134 8561 24306 8679 21295 7528 23980 8611 24704 8763 118 419 42 142
Animation 5576 2 559 5661 2533 5206 2275 5707 2520 6 046 2722 28 196 12 609
Children 9317 2 945 9180 2988 8220 2602 8907 2 819 10 115 3122 45739 14 476
Comedy 42 591 14162 42343 13892 37222 12000 40770 13269 44719 14 557 207 645 67 880
Crime 18 343 6071 18 627 6178 16251 5478 17945 5953 18 248 6207 89414 29 887
Documentary 906 800 897 799 760 750 875 786 941 848 4379 3983
Drama 48 023 16793 49602 17172 42774 15218 47443 16580 49 783 17 723 237 625 83 486
Fantasy 11 197 4472 11210 4498 9873 3881 10979 4357 11578 4562 54 837 21770
Film-Noir 1274 276 1223 324 1063 276 1278 306 1324 316 6162 1498
Horror 9156 3095 7674 2619 7544 2552 7678 2 655 8451 2707 40503 13 628
IMAX 2175 1424 2276 1485 1825 1268 2130 1374 2391 1491 10 797 7042
Musical 4828 1560 5025 1 609 4298 1443 4814 1440 5256 1710 24221 7762
Mystery 8 895 2961 8707 2929 7734 2624 8 494 2 827 8817 2 966 42 647 14 307
Romance 21 445 6704 22305 7008 18970 5936 21486 6452 23 009 7135 107 215 33235
Sci-Fi 18223 6129 17597 5988 15823 5342 17444 6001 17 545 5949 86 632 29 409
Thriller 30174 10228 29597 10126 26384 9126 28868 9893 29 582 10 154 144 605 49 527
War 5959 1732 6 025 1836 5119 1520 6 049 1816 6251 1855 29 403 8759
Western 2 608 893 2357 805 2 085 693 2360 798 2399 870 11 809 4059
Total 296 168 102387 295602 102615 259880 90198 288161 99348 301 820 104 581 1441631 499 129
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S CV@n A=1 A=2 A=3 A=4 A=5
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
CV@5 1.1673 1463 1.1224 1.4084 1.1498 1.44 1.1348 1.422 1.1265 1.4117 1.14016 1.429
NormalPredictor CV@10 1.1666 1.461 1.1241 14106 1.149 14385 1.1373 1426 1.1273 1.4124 1.14086 1.4297
CV@15 1.1689 1.464 1.1225 1.4083 1.1476 1.4386 1.1349 1423 1.1301 1417 1.1408 1.4302
CV@5 0.7346 096 0.7118 0.9326 0.7336 0.9537 0.715 093 0.7132 09244 0.72164 0.9401
KNNBasic CV@10 0.7288 0.953 0.7064 0.9256 0.7283 0.9465  0.71 0.925 0.7085 0.9190 0.7164  0.9337
CV@l5 0.7272  0.951 0.7049 0924 0.7265 0.9449 0.7082 0.922 0.7069 0.9173 0.71474 0.9319
CV@5 0.6753 0.884 0.6533 0.8589 0.675 0.8807 0.6581 0.857 0.6601 0.8608 0.66436 0.8683
SVD++ CV@10 0.6706 0.879 0.6481 0.8529 0.6692 0.8742 0.6532 0.852 0.6558 0.8562 0.65938 0.8629
CV@15 0.6681 0.875 0.6465 0.8507 0.6687 0.873 0.6519 0.850 0.6533 0.8536 0.6577  0.8604
CV@5 0.7173  0.939 0.6938 0.9074 0.7195 0.9346 0.7023 0911 0.6986 0.908  0.7063  0.9199
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CV@l5 0.7102  0.928 0.6878 0.8998 0.7115 0.924 0.6944 0.902 0.6929 0.9001 0.69936 0.9108
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Personalized Recommendation Based on Predictive Analysis of User’s
Interests

Ding Hao Li Shuqing
(School of Information Engineering, Nanjing University of Finance and Economics, Nanjing 210023, China)

Abstract: [Objective] This paper tries to construct a time series prediction model based on the fluctuation of users’
historical interests, aiming to improve the recommendation results. [Methods] We added time attenuation factor to the
ratings by each type of users and linearly fit the data fluctuation with neural network. Then, we chose the optimal
parameters to compare the effectiveness of the proposed method. [Results] We conducted five rounds of user simulation
tests and found the MAE and RMSE errors of the proposed method were reduced by 47.63% and 44.61%. [Limitations]
Analysis of time fluctuation relies on users’ historical data, thus, additional cold-start algorithm is needed to preprocess
the data. [Conclusions] The proposed method could effectively analyze and predict the changing of interests in
different commodities, and provide more accurate recommendation lists.
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