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Abstract

In order to make the user receive more accurate and more personalized recommendation infor-
mation, this paper improves the influence of the current recommendation system due to the
sparse data and the cold start problem. This paper takes the basic attributes of the user, the score
timestamp and the user's rating, The similarity factor of the project is combined with the coopera-
tive filtering algorithm, and a cold start recommendation algorithm based on the combination of
basic attributes and similarity factors is proposed. This method exhibits better recommendation
accuracy and good adaptability to data sparseness by comparing experiments with traditional
methods on the Movie Lens dataset.
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B WEB2.0 MIFIR, MG E 2P0 KIS — MR RE B0, X eE B P
Yo B, A P R R IX S EL R E B . P R B E B A SO R F, Xt 2 P i
#%{5 B (Information Over-load) in) @, Jff ix L BB E A &, HBH P PJUR R e 5 O A8 2
214, HE3F R4 (Recommendation System, RS)NIE AR HEFE R Gilid o0 H P i A 1E Bad s, R
F A AR AR AT RE TR B B P SR BT HES . BE B AR)HEE ok . R RGN O AE TR
FHEFEFVE[L] b, RIEEREEERAE, B i R 505 IR i € (Collaborative Filtering, CF)
HEFE RS F:T N % (Content-based) FIHETE R 48 & TN (Rule-based) I H#EFE R 4e[2] [3]. HA N &S
2 BRI Y E Y F S pE A R G, 1 R R R R By e BT N AE 1 W R O R
(memory-based CF). & #5174 ) ¥ [7] i i 5292 (model-based CF) [4] [5]. TiAHBLEE i & R A IR A
FITLE, LB WA 52 54 . AR5 ALY (cosine) . & /R IMAH 5% 2 $i(Pearson correlation). 1&1E
ASEATLLPE (adjusted cosine). Jaccard AFLL/% (Jaccard) [6] [7] [8], EAHMBIE P15 SR AL AT i JEAT V¥ 43
T, 552 top-n HEFE[9], 15 H B A MHEESIR.
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Sim(u,v)=ASim,, (u,v)+(1-2)Simg, (u,v) (1)
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GV B u = {5, 24, RN, BHL, 2017/2/13Y, P vy = {27, 1R, F R, 2017/3/1%.
Sim,,, =0.2x0+0.4x1/3+0.2x0+0.1x0+0.1x1/2 =0.183.

HFP u={%, 24, itEHL, &K, 2017/2/113}, HF v, ={5, 22, iFEHL, 1T BB, 2017/4/16}.
Sim,, =0.2x1+0.4x1/2+0.2x1+0.1x0+0.1x1/3 = 0.633.
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Figure 1. Algorithm recommendation flow chart
in this paper
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Figure 2. The effect comparison of the algorithm
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