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Study on Improved Clustering Collaborative Filtering Algorithm Based on Demography
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Abstract The traditional user based collaborative filtering recommendation algorithm in large data environment has the
problem of high dimensional sparse and low recommendation accuracy. A collaborative filtering recommendation algo-
rithm based on the combination of demographic data and improved clustering model was proposed to improve the accu-
racy and generalization ability of the recommendation system. Firstly, this method calculates the similarity among diffe-
rent users through the user demographic data attributes and the user-item score matrix. Secondly, hierarchical neighbor
clustering of user and project, calculates the similarity between users or items by the user’s score data for the project,
and generates interest in a neighbor of a target user or project. Finally, according to the recent interest in the nearest
neighbor to recommend. Simulation experiments on Epinions and MovieLents data set, the simulation results show that

the proposed algorithm improves the recommendation accuracy compared with the traditional collaborative filtering al-

gorithm, provide reference for the traditional collaborative filtering recommendation algorithm.
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train=0, 60 train=0, 80
Method D=8 D=16 D=8 D=16
NDOG@20 ERR@20 NDOG@20 ERR@20 NDOG@20 ERR@20 NDOG@20 ERR@20
MF 0. 7344 0. 7652 0. 7344 0. 7652 0. 7393 0. 7516 0. 7393 0. 7516
BiasedMF 0. 7344 0. 7652 0. 7344 0. 7652 0. 7393 0. 7516 0. 7393 0. 7516
WRMF 0. 7212 0. 7374 0. 7233 0. 7424 0.732 0. 7343 0. 735 0. 7397
BPRMF 0. 7216 0. 736 0. 7216 0. 7367 0. 7331 0. 732 0. 7326 0. 7305
WBPRMF 0. 7366 0.77 0. 7374 0. 77 0. 7459 0. 7676 0. 7467 0. 768
SMRMF 0. 7239 0. 7408 0. 7237 0. 7396 0. 7339 0. 7305 0. 7343 0.734
QMF-PL 0. 8233 0. 8691 0. 822 0. 8692 0. 8265 0. 8624 0. 8248 0. 8634
QMF-COS 0. 807 0. 85 0. 7996 0. 8419 0. 8058 0. 8331 0. 7994 0. 8246
DCCF 0. 8349 0. 8604 0. 8354 0. 8629 0. 844 0. 8576 0. 8433 0. 8606
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(b)Movielens(1M) , train=0. 60, D=16
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train=0, 60 train=0, 80
Method D=8 D=16 D=8 D=16
NDCG@20 ERR@20 NDOG@20 ERR@20 NDCG@20 ERR@20 NDOG@20 ERR@20
MF 0.6112 0. 6801 0.6112 0. 6801 0. 6393 0. 6725 0. 6393 0. 6725
BiasedMF 0.6112 0. 6801 0. 6112 0. 6801 0. 6393 0. 6725 0. 6393 0. 6725
WRMF 0. 7120 0. 8051 0. 7049 0. 7972 0. 7304 0. 7895 0. 7265 0. 7835
BPRMF 0. 7043 0. 7872 0. 6967 0. 7749 0. 7304 0. 7869 0. 7245 0. 7770
WBPRMF 0. 6290 0. 6956 0. 6252 0. 6893 0. 6663 0. 7010 0. 6660 0. 7000
SMRMF 0. 6668 0. 7424 0. 6710 0. 7524 0. 7027 0. 7493 0. 6987 0. 7427
QMF-PL 0. 7470 0. 8231 0. 7467 0. 8235 0. 7710 0. 8174 0. 7709 0. 8174
QMF-COS 0. 7239 0. 7885 0. 7051 0. 7693 0. 7525 0. 785 0. 7335 0. 7619
DCCF 0. 7594 0. 8059 0. 7562 0. 8032 0. 7979 0. 8134 0. 7964 0. 8143
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(d) Movielens(100k) , train=0. 80, D=16
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train=0, 60 . train=0. 80
Method D=8 D=16 D=8 D=16
NDCG@20 ERR@20 NDCG@20 ERR@20 NDCG@20 ERR@20 NDCG@20 ERR@20
MF 0. 6092 0. 6464 0. 6092 0. 6465 0. 6476 0. 6372 0. 6476 0. 6372
BiasedMF 0. 6092 0. 6464 0. 6092 0. 6465 0. 6476 0. 6372 0. 6476 0. 6372
WRMF 0. 7101 0. 7595 0. 7026 0. 7583 0. 7516 0. 7691 0. 7448 0. 7551
BPRMF 0. 6961 0. 7401 0. 6904 0. 732 0. 7421 0. 7561 0. 7402 0. 7498
WBPRMF 0, 6421 0. 6733 0. 6388 0.6716 0. 6972 0. 6827 0.6911 0. 6745
SMRMF 0. 671 0. 7239 0. 6674 0. 7035 0. 7164 0. 7057 0. 7186 0. 7179
QMF-PL 0. 7628 0. 8145 0. 7619 0. 8157 0. 7988 0. 8067 0. 7992 0. 8077
QMF-COS 0. 7106 0. 7605 0. 6873 0. 7287 0. 7451 0. 7516 0.7242 0. 7237
DCCF 0. 742 0. 766 0. 741 0. 7649 0. 7957 0. 7692 0. 7941 0. 7674
085° 085+
e g =
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0.70 - MF 070 -
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train=0, 60 train=0, 80
Method D=8 D=16 D=8 D=16
NDCG@20 ERR@20 NDCG@20 ERR@20 NDCG@20 ERR@20 NDCG@20 ERR@20

MF 0. 5240 0. 6113 0. 5237 0. 6127 0. 5704 0. 6037 0. 5704 0. 6037
BiasedMF 0. 5240 0. 6113 0. 5237 0. 6127 0. 5704 0. 6037 0. 5704 0. 6037
WRMF 0. 6513 0. 7555 0. 6468 0. 7460 0. 6764 0. 7399 0. 6748 0. 7304
BPRMF 0. 6569 0. 7530 0. 6504 0. 7437 0. 6858 0. 7469 0. 6857 0. 7413
WBPRMF 0. 5881 0. 6668 0. 5839 0. 6636 0. 6373 0. 6710 0. 6314 0. 6651
SMRMF 0. 6092 0. 6961 0. 6051 0. 693 0. 6442 0, 6847 0. 6464 0. 6916
QMF-PL 0. 6983 0,7772 0. 6989 0. 7751 0. 7325 0. 7636 0. 7328 0. 7636
QMF-COS 0. 6471 0. 7239 0. 6230 0. 7034 0. 6842 0.7134 0. 6598 0. 6909
DCCF 0. 6914 0. 7349 0. 6911 0. 7346 0, 7441 0. 7412 0. 7426 0. 7354
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