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Abstract: Traditional collaborati

ﬁlte@g personalized recommendation algorithm has the shortcomings of low
accuracy, low ranking performanc mendation list and low accuracy of preference classification prediction. Aiming
at these problems, this paper pr esign a user similarity measurement method for collaborative filtering and rating
prediction by reducing the neighbor users with small number of common rating items or low quality of common
rating, after comprehensi sidering the quantity and quality of users' common rating items. Through experiments,
compared with several typical collaborative filtering algorithms in the field on MovieLens rating dataset, it is found that the
proposed collaborative filtering personalized recommendation algorithm, which incorporates the quantity and quality of user
co-ratings, can reduce the prediction error by 8.41%, improve the performance of recommendation list sorting by 10.21%,
and improve the accuracy of preference classification prediction by 2.55%.
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Fig.1 Comparison of MAE results of different algorithms
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Fig.2 Comparison of RMSE results of different algorithms
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Fig.3 Comparison of HLU results of different algorithms

Fl42 %M Accuracy 1543 X 1, Accuracy R F 1A
T RS W RS, FTAHI R G KRB AE
M. CRQQA LRI 4ET, HHE—
Entropy 57 7£ , HERE T BEL B
EMLCF(0.70Q#190S(0.699), CRQQIH B IEE T
0.14%—0.71%, AFRASCEIETEN P25 E R i

Pearson

—e— MLCF

-=— Pearson Entropy
—o— UOS

- CRQQ

50 100 150 200
A e %

B4 R FE ki Accuracy % B2t bk
Fig.4 Comparison of Accuracy results of different algorithms
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Fig.5 Comparison of F1 results of different algorithms
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