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Pearson sim, (1))
simy( 1 J) A
1
23 sim(ij) = (1= A)sim (i ) +Asimy(i j) =
2.3.1 [(1 =Ul/ Bsimy(i ) +(UL/ B)sim(i j) UL <B (3
K sim,( 1)) Ul =p
3 :Pearson sim (i) = Z(Rci_]{-)(ch—Ej)/
14 ceUi]-
Pearson PC( Pearson Correlation) : ( 2{ (R, -R)’ 2, (R.; - R) 2) (4)
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.= ﬁi + k

'R, b
usim( a b) a i

Userset

(iii) .
a i P,
usim(a b) (R, - Eb) (7)

ab

= 2 usim( a b) .

be Userset,

b e Userset

1
k
(iv)

N a.

Input: Userdtem ; a
i

Output: :

(1)

foreach j in Item

sim( 1 j);

if < SI,
i s
else if sim(i j) > SI,
iost
Sort( SI.) ; // :
(ii) :
foreach b in User

if a b SI

foreach k in CSI,( a b)

ACC a b

usim( a b) ;
if < Userset, ,

b Userset, ,
else if usim( @ b) > Userset, ,
b Userset, ,
Sort( Userset, ,) ; // ;
(iii) ;
foreach iin a
sumRate = 0;

sumStm = 0;

RateSet = {};

foreach b in Userset

ab

sumRate + = usim(a b) * (R,, = R),)
sumSim + = usim( a b)
P, . = E@ + sumRate /sumSim;

P RateSet;

(iv)

2.5

Precision = z ‘R( u)

Sort( RateSet) ; //
N a.

(i)
MAE( mean absolute error) .

( )

qy
Py . MAE

/N (8)

N
WAE = 3 I, -

(ii)

( Precision) .

3 |k 0700 [/ 3 1RG0 | (9
R(u) }

(i) ( Recall)

Recall = UZL ‘R(u) N T( u) /l;jT(u) . (10)

3

3.1

350
3.2

3.2.

MovielLens
1 682
100 000

943

471 100
1 346

1 3

PC. CcC
ACC. K 5

MAE



5 485
2 PC.CC.ACC
3.2.2 B A
5
B B
B
B 3
6
3 B
3 B 30 ~ 55 4
MAE B =50 MAE
B 50 PC.CC.ACC
3
3.2.3
MAE 4
Pearson
MovieLens
2
4
4
K 5
MAE 2
1 Sarwar B Karypis G Konstan et al. [tem-based collabora—
6 tive filtering recommendation algorithms C . New York:
> ACM 2001:285-295.
5 6 2
2 J 2009 19( 1) : 145.
3

J . 2010 33(8) : 13694377.



486 ( ) 2016

4 Liu Qi Chen Enhong Xiong Hui et al. Enhancing collabo— 9 . J .
rative filtering by user interests expansion via personalized 2014 50(4) :126431.
ranking ] .IEEE Trans on Systems Man and Cybernet— 10 .
ies-B 2012 42( 1) :218233. J . 2011( 11) :3063-3067.
5 11
J. 2003 4(9) :16214628. J. : 2012 36(1):
6 Zhao Zhidan Shang Mingsheng. User-based collaborative— 106410.
filtering recommendation algorithms on hadoop EB/OL . 12 . J.
20154247 . https: //www. researchgate. net/publica— 2009 26(5) :244-246.
tion /221306166 _User-Based _CollaborativeFiltering_Rec— 13 . J .
ommendation_Algorithms_on_Hadoop. 2011 32(9) :30193021.
7 . 14 Teng Shaohua Li Junlei Li Rigui et al. The calculation of
J. 2013 24( 11) :27212733. similarity and its application in data mining ] . Lecture
8 . Notes in Computer Science 2014 8351:563-574.
J. : 15
2014 39(6) : 13164323. J. 2014 31(2) :398-400.

User Multi-¥aced Interests Recommendation
Algorithm Based on Hybrid Similarity

TENG Shaohua' MAI Jiajun' ZHANG Wei' ZHAO Gansen’

(1. School of Computer Science and Technology Guangdong University of Technology Guangdong Guangzhou 510006 China;

2. School of Computer South China Normal University Guangdong Guangzhou 510631 China)

Abstract: The traditional collaborative filtering recommendation’s sparse data will affect the quality and it fails to
take into account the user multifaced interests to determine the projects nearest neighbor set. Coupling with the tra—
ditional similarity measure method without considering user’s behavior leads to lower quality of the recommenda—
tion. In order to improve the recommendation accuracy the hybrid model improved similarity measure calculated by
Pearson correlation linear combination of adjusted cosine correlation has been used and then an user multifaced in—
terests recommendation algorithm of hybrid similarity computing is proposed in the paper. The experimental results
show that the similarity calculation of recommend dation method is more efficient improve the accuracy of recom—
mendation and make the better recommendation of user experience.

Key words: user multi-faced interests; recommendation algorithm; collaborative filtering; hybrid similarity computing



