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Abstract: Recommendation system is one of the most important technologies applied in e-commerce. Similarity
measuring method is fundamental to collaborative filtering algorithm, and traditional methods are inefficient
especially when the user rating data are extremely sparse. Based on the outstanding characteristics of Cloud Model
on the process of transforming a qualitative concept to a set of quantitative numerical values, a novel similarity
measuring method, namely the likeness comparing method based on cloud model (LICM) is proposed in this paper.
LICM compares the similarity of two users on knowledge level, which can overcome the drawback of attributes’
strictly matching. This work analysis traditional methods throughly and puts forward a novel collaborative filtering
algorithm, which is based on the LICM method. Experiments on typical data set show the excellent performance of
the present collaborative filtering algorithm based on LICM, even with extremely sparsity of data.
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Table 1  User scoring matrix

&1 SRR

em 'y 2 3 4 5 6 7 8 9 10
User
A 2 1 1 1 2 1 1 2 1 2
B 5 4 5 4 5 4 5 4 5 4
c 4 5 3 4 5 5 4 4 5 3
D 2 1 2 2 1 1 2 2 1 2

GEVk o0 AT 1743 43 8 AR AR L P48 SR 1 I8 U =(ul,u2,u3,u4,u5), 3 ul~u5
TP s AR T 5 AN ARGV OO VE 2 B Ji) e AN SO BRI L (V2 T 2 T 0] T
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Table 2 User similarity matrix
%2 ML

A B C D

1 0.95606 0.96475 0.99901
0.956 06 1 0.999 22  0.967 94
0.96475  0.999 22 il 0.975 45
0.99901 0.96794 0.97545 1

TP VP R AL 1 2 A5 T 0T 0 S S P S R RN R A R A 1) ) R 5 A
T SRLAT 2R AR LR TP A3 T I PR B GE VTR AIE, D51 T 45 280 RO ARBL P 2 & BE A0 A T 2R T (8, AT T I A
TR HHAUE B TT i LICM J7.

N T6 LICM J5ik5 %55 1 55 K 3 Pl A% S U5 3364768 B, 20 I LICM iy s AR ik . B IE &
SEARBIME T VAT L 45 D A,B,C,D X 4 1™ BIARALUYE O 1 A9 A S ARBLAE 736 28 (] T8 1E AR s AR PE
Jiik), @i R 3.

OO0 w>

Table 3  User similarity computed by three methods
F 3 3PP ETHE H R AR

LICM method Cosine similarity method Adjusted cosine similarity method
A B Cc D A B C D A B C D
A 1 0.956 06 | 0.964 75 | 0.999 01 1 0.93811 | 0.916 6 | 0.926 7 1 0-0.218 22 0.25
B | 0.956 06 1 0.999 22 | 0.967 94 | 0.938 11 1 0.978 47 0.950 33 0 1 0 0
C |0.964 75]0.999 22 1 0.97545| 0.916 6 | 0.978 47 1 0.896 53 | —0.218 22 | 0 1 -0.872 87
D | 0.999 01 | 0.967 94 | 0.975 45 1 0.926 7 | 0.950 33 | 0.896 53 1 0.25 0-0.87287 1
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Table 4 Result of similarity computation
x4 MOUETHEAR

LICM method  Cosine similarity method  Adjusted cosine similarity method

A D B D
B C C Unknown
C B B B
D A B A

LICM 5 i A AN S Y (10 Py [R] ek i 3 7 S0k ) it FL AT DL Ry
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Fig.2 User-ltem scoring matrix
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AR D 53 4303 1) 8 S0 1) 2 95 U SRS L IR VP23 RFAE T BV, = (Ex,, Eny, Ee))(L<i<m).
(3) TSI AR RE R

sim(,) sim(@,2) .. sim(m)

sim(2,1) sim(2,1) .. sim(2,m)

J P ARABLEE B T 27 O Sim = SLrRSim(ij)& s i ST A
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