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Abstract With the rapid development of Internet technology.drastic Internet information explosion makes information overload
as an increasingly serious problem. Faced with the massive Internet information,users consume a lot of time to search for infor-
mation or products,but the search solution is constrained. The recommender systems is hence proposed to address the problem of
information overload. The recommender systems use users’ historical behaviors to speculate their needs.interests,etc. ,and rec-
ommend the information and products users may be interested in. As an important type of recommendation approach,the memo-
ry-based collaborative filtering methods establish the rating prediction function based on neighbor information of the user or pro-
duct. The essence of the function is to precisely measure the similarity between users or products. The traditional similarity mea-
sures such as Pearson, Cosin and Spearman rank correlation coefficients,only take into account the linear relationship between
users, while the heuristic similarities,such as the PIP measurement based on three special factors and its improved version,only
depict the non-liner relationship between users. Indeed,in the recommender systems,it is neither the linear relation nor the non-

linear relation is good for measuring the similarity between users. In order to describe the similarity among users more finely. this
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paper proposed a similarity measure index of the correlation level considering the extreme rating behaviors based on a nonli-near

function. By integrating this index with the traditional linear correlation coefficients, this paper constructed a novel similarity

measure. Comparative experiments were conducted to test the practicability and validity of the proposed approach on MI(100k)

and Ml-latest-small datasets. The results demonstrate that the proposed method performs better judged by indicators of MAE and

RMSE.
Keywords

larity

1 3l

if

IR O B R 0 A A L R ) AR B 48 i (AN S Bl HL O
SEAEED BT A A A T R 2R E B # )
R RN W, THT I R 0 B A B, P AR AR AR 2 K
1 B ) >k 34K 7 A A5 B B0 A R 4 0d W] R — T i 3R
FffPE B A R R s AT RGN
T4k A B A 2 AR AR 7 s A R P A A Y
— R RE RS . EAER L METE RGN I N T A A S G
Wi BEEHERE R A  Netflix HEHERERLKY Jester BE
G HERE RS FIl Facebook M AHERE R " &5, Bl % ix &6 i H
RGEWA R U6 i uE D A MR R G — R ML B 3
AL ZBN T AR T A S el

P B )2 8 b i — 28 F S HE A O kL B T2 1 P I
3o 8 O ST (LU BR ik 3 40 1 B R) 2 0 Dy ) E i A B
B P B8 i B 35 A8 FE OG5 B SF g 3 0 R 45, L SR E AR
FH PR SR 0% 0 P o U o G AR BRI P 0 3 S A
BT, BV ASR B AR 0 G S R e A8 . Rtk 1
FE T 30 A8 0 B ] 5k 0 T ik b, AR R P R S 0 R 0 A e T
00 3 8 2 T EAR P 30 48 P X320 i B BT 43 AT N A
FH, Bk AR ES U=t uss o w, ) TERMES
V="{vsvs 0, L H= 5 2Z 005 R=
Homp,u, ARESE A 50, ACEH AT R
80 AP XS G AT S B R R 5 L1 AR
5 55 1 e 2 5 40 AR doe TR D B . TE R T AZ 19 P 1) i ik
Ty, HAR PO A S0 I A 000 2 8 A AT 4 0 R
ek AR O LU S i 28 548 5 B AR P A L 6] e 4 09
AR R 5 A 33X L I SR X I R 43 09 AT 34 4 S
gig, @ G HPUEAEX B XA MNE, DR REPEEW
A F P (0 R ARLEE 93 T8 T 356 45 T 40 A K H0 N TN R B P AN
TR, BRI 0ol o e P ™ R D R L L R
T35 A8 U [ o g T 1 v Ay G Y (R A

TE S bR 0 VP43 B0 vy FH P -7 i 22 ] B4 B 43 MR AR A R
I S B B 5 X R, B P TDAE AR S RV 4 0 7 B
HAEAE D G T 2% T AR AR i 19 AN 4 5 0% e 00 A LB
BE BT B (U4 8% 48 8L B (Cosine Similarity, COS)P #1 fz /R
# M R B (Pearson Correlation Coefficient, PCC)M* 4) yfi
DAVE AR T 58 0 P Bl il 22 TR] 4 AR ARLRE | 3 T 5% el dee 2 1 1 4

(VU )m><n °

D https://www. amazon. com

2 https://www. netflix. com

Recommender systems,Collaborative filtering, Memory-based collaborative filtering, Extremely rating behavior, Simi-

TINKE R o S SRR B PR AR R /7 2 8] (AR AL
VEZ AR LR Jy B B3t A0 355 - o A% 498 I AR BE L 00 3 43
X3 9 1E 28 1 47 2 19 Bl BR T 119 B¢ 2R b AR G R #K (Constrained
Pearson Correlation Coefficient, CPCC)Y ;2% & T £ 43 i H
A 5 2 M 0 0 S A 2 R b AH AL (Frequency- Weighted
Pearson Correlation Coefficient, WFPCC)™ 3 % 4F 4> HE IF 5
T 6 R B 0 B A 5& R #0 (Spearman Rank Correlation Co-
efficient, SRCO)* 4, 78 J 5 AR ULBE v A7 25 1 4504 1 4R
i #7514 3 A~ TA R BURY PIP A RLEETS s 3 A 22 B R
RIX 3 AN E L R I R A P 2 (A0 U5 22 B9 NHSM A A
BEPVAE . M R MR R L) — R R AR P/ 2 )
ALLBE A BE ek v P (ELR AR R IE TS — Ry C &R . il
FE AL G ML BE 1 B3k 7 3% i . CPCC, WFPCC, SRCC % J5 1k
ATHSRAN 25 SBT3 R e P P I R 5C 2R 5 JR k =XAR L
AEETHPZEMAERMECR. FX L EMRERE T M)
FH P Z 18] B AR ABL G 2R 75 A 4 1 B0 4 1 vk 5Ok
PPRAMES N . AHE @R M E A R ARSI T
— Rl ) 4R R R S AR AL 4 T 3, 3200 T SRR R B
BAELLT WA J7 1 -

(1) P 2z 1) e [m) iy 5 2040 4 A7 S ¥ Jim i P 22 18] 1) AR
RLPE L FH AR £ ok Sk 200 i R P 22 1) S 8] i A% s 3 4347 R 19
AR AL BE 5

(20 ¥ W i P43 A7 S 149 A B2 B A A AT A A% 5 1 AR
SEFR A, DA B AIORS 40 H BE ] P Z R ARG R R L A B T
X534 SE AR AL B TT ¥ IX 2 19 155 20 » A S 4 THD b il 34 T P 22 1]
MRER.

ASCE 2 WA BT M IAR 5 3 WA IR T B B
i S AT A AR B A 3 U7 V65 8 4 R N T LR 5 A R
B s s Ja M 2 SO R A K,

2 HXTIIE

F /7 b 22 18] A AR AL AR R 3 i AR T IR a0 ik
B A% B A T35 S8 [R5 8 9 vkt R AR o T g A
TP/ 7 i 22 ) R AR AR, G 32 A A A X £ 8 AR LR Y Bl
7 AE kAR LB T Tk

FE X A% G2 AR B (9 B0k J5 1, Shardanand %P $2 1 T
CPCC, %7 i R Ge P A AR A P 39 0 o0 b o AR B30 , B 1%
HEPPr 43 Ry 1 26 A 41 2K, A5 F) T B0 B 861K L 4. Breese

® https://www. thisisjester. com

Y https://www. facebook. com



T SR A8 < B T A T 24T A A AR B T

33

ZEU gy 7 SR T AR B B  JRA R R JR Eh AR G B
# WEPCC., BIXF 3% 7= ah 4T 43 i N BB £, TA R 3% 0™ o 72 1
AN P AR LB B B STk 3t /. Shardanand %PV 4R T
¥J77 2% (Mean Squared Difference, MSD) J§ H , H # 4% J{] 3t [
V43 25 1B 04 - 05 R 308 00 B B0k T B % B AR LU, (H
IREB K. Kendalleﬁ[”]ﬁtHTﬁUfH%%if& SRCC, % & % 3
T4 HE P AR AR S TR T B SO R AT bR
WA ARHERF J5 A I i A ) 5T 300, ok 45 Bk AH DG R BOR
Wi, 3150 T8 LAY JLFD A 13 1 0 1% G0 AR o1 B B e
Hu ik,
1 ARG M B R O T v

Table 1  Traditional similarities and improved metrics

AN E B JE
> (ry; —r, o) (g — T )
PCcC €L
PCC By = -
2 Gry—r, ) 2 Gy =71y,
JE€I, FASR
Z: r . r
cos o{0s ):M
JEI JE Iy
e ]z; i = e Taj T inea?
~ N —_ #
CPCC Ol = — —
> (r 7 med) > (r 7 med)
jer, Y €I
> A; (r —7r )(1‘,’.77“ )
EWPCC JE€ Ly ’ '
FWPCC Ol s = ‘
' X2 A =)t
i, JEI, ‘
oMSD I P T
MSD G = 75 (ry—r)?
JET,
> (/1 *h )(/xﬁ 1“£)
€l
SRC Pl = —
% iy —h)’ JZ Chyy —ho)?
J€1,

R raasry, s rg MHFERRGEPE IS v WHTH
VORI H BT A BT we B BT ISR T H B 5 4 0E
A RRTUH v; BWEBE by FoRAF w, TEBH o; ERHET

h, BARMP w FEA S TS E LW TFSHT; L &
AP w WM EES, L #om AP w, AP w, 1938 [
W HES

FE It % 2R AR BE B B TG, Ahn ST AR S TR &
PR AH O 2R B0, 12007 6 TR AR B 1 B A TR i 1 2 i AT R
R EEREA R, SCERC23 ]38 I, IS P X ™= AR 45 1 5 43 8L

143 A UM L PR 25 0 3 A AR U =, BLXTF R P B
B R UL, 45 7 AR S T 43 LG 4 AN 7 A8 DR AR AT 43 B
HEX. ﬁ’IﬁEJKEXTWAH:JF‘ L[R]3 43 19 48 3 o 4K
(Proximity) .5 M b8 £% (Impact) K K Ak B8 L (Popularity) , 3
o H A B 2 FAE R PIAS FE P AR BLEE L 122 PIP,

Liu %00 7 e Rl B 42 T — Flolr 09 5 & XA L B2
(NHSM) . % & 56 3 4> bR B e [0, 1198 R A 1Y 3% 22 3R
{8, [R5 1 T P B AN 25 A . EAHE R R
FH P X 2 1) 1) 3 5] 37 0 i B R B S AN AH A5 0 L i LA SR AR

RLRE T 500 B TR TR B R A Al 5 SR T L FE SR 32 R A
BRREAS 8 B T B Y R S N B AT LR . A R X — ()
F, — S T A A AL AR . UL P T P 3 [ 3
SrBOIE 2 AR RLE LR A X BT e TR o B R A S I
S TE AR SR A T R T S R, 2 P 3 I
PRI N [ L R SR R [ i AR R R, R 2 B T
B EL A AR R Y B PR
#2 HANFNERAE R

Table 2 Representative weight functions
NE JE X
min{ | I« | ,7}
@ w(, ) y
8 _ Il
© Wl T |48
- I
© W ~TLULL
wd, =
{ Ta
@ ! 1+exp(— i | )

2

F2HHT 4 MAEREHE AP LIRRXAES P T
EIABGEME P w WA EEG [ L VP w FUH P w,
M 38 [ P43 E BBy SRS il bR B2 C T | 1 |

MRAEAEL0, 12 1] 1Y 14 ek 40, b sl A D 2 1 82 R A
PR Sk R D 2 *Jmﬁ)rﬂ{uri B,

2% T A RS Z M A AR B 5 25 5 1 5 s @ 2 Sigmoid
PR R — ol s B st 20 [0, 1]21@841 SHEVREL, ¥ 2
A PR ORISR 1 R AL AR S A TR T — S i A
LB, AN B EE Fz /R 3Eh AH % R B (the Weighted Pearson Correla-
tion Coefficient, WPCC) \ 3£ F Sigmoid pi % 1 iz /K # #1126 £
% (Sigmoid Function Based Pearson Correlation Coefficient,
SPC) (& TN 18 1 35 Jr 22 AR WL B2
Mean Squared Difference, JMSD) %,

(Jaccard Function Based

3 WIRTES 1T HRIEME

AR Se gy R s 3 2 AT O B AR B AR B R A R B R R
R AL 7 S0 R & BIAL S0 i AR 56 R H0h . LU B o 2w
b 2 i AN R Z B AR DG R AR

IE AN SCHR[23 142 64 55 % AR U — 1T P 69 A o 3
AT RBEB R T Z A E R . AR T 4 tH)L#TMZ%]EF'
2 MBS P O 3T 2 A S BT 23 R 0 6 4
AT IRARTE 23 (4 TR A B0 LSR8 T P 0 H P 235
TA N5 i 15 B . BAME LI
1

S! =
(”ij '“ch)

T Tmed ‘ ‘rkj 7;mod ‘ )

1+exp(—|r;

. 1
Sty g =

i '“/\'])

1+exp(—|ry 7y |17y *7’% D
1

S =
(u’] '“lc/ )

1+exp(—|r, *;,,’. |17 T, D)
Hodror, FRIE o BrA WM S L, R w
AR w, Xt R G0 b (8 00 2 6] 4% 0 37 4347 28 19 B &L [l 38,



34

Computer Science THEHLEIZ:  Vol. 47.No. 2, Feb. 2020

Stuy > Sty SX RN v R w JE B R AVE 53
B R, RAMFE M RNFR 3 M REENT
TRBL 3 PR RAT A AR B R A B2 4. M 3 A
o P w FUAPY w, Z RIS H o, W17 R 1Y 5 &
Hp
Sty > =St > * St > * St

AL0, 1] [ 3% S2 R0, B RAF I 8

I_JHT»mFHJ%LL_ R I SN T i~
hu?ﬁ*&ﬁﬁﬁ%ﬂﬁ%ﬁﬁﬂvﬂ@&ﬁc ETR U BB T NS B i
T — A7 0 3 T AR 0 3T AT S AR LR 38 o5FP

ERB
P —

S L)IE

ZS(

€l

o * (rij = rmed) (raj = Fiea)

% Sa,.

JETL

ES“

*Hf“iﬂz a3 2 AR — BUE R BT A5 B A P
w, AP w, BRI R B

O = @l ur * PEE

IFE 2 I 4 A RCE R BOR R AR RAEACE
SR, R B IR I DA SO B bR AL

ST .
4 LTWEHERIW

A SCH R T % 150 J2 95 3k k% GroupLens F9 91 H if
FE T A B0 A2 MI(100k) A Ml-latest- small, 3X 19 4~ 5 95 4 19

PRSP DL 5 rml 4 Bl s o 5 L ko 1 4. Ho,
MI(100k) 1A 943 A~ P %5 1680 A3 H 45 4 #9100 000 4

2 2
o) * (ry = Tmed) w; ) * (ry = Viged)

PR BT
HEAT 5

E1v4

P4y, B R 6. 3% 1 M-
9125 NI H 4 HAY 100004 NPES, BN 1. 6%, 7 Bom

VLR ST 2347 S 76 T 22 T B AR LR

A 671 A HH P Rt

latest-small

#3

VA 1S , 3X S B AR 4 Y 9 43 [R] B K [\ 72 MIL(100k) Hr L 1
18] B . 1M AE Ml-latest-small H1LL 0.5 18] b .
4.1 TEMIERR

AR T - 45 % iR 25 (Mean Absolute Error, MAE)
A J7 #R1R 2% (Root Mean Squared Error, RMSE) 7 i 45
i I SR I AT 38 SR IIE 7 5 SR 3T 56 5 04 B ADLEE 1 4
KR, BARAXIT .

2wy =yl

€ Rvut

R |

RMSE= |21 S
Rel, €k

H,R. %rﬂﬁxk?ﬁﬁé&tﬁ%m
IR | R ZIEA PAAERTEHE .
4.2 ZWREFRERSH

FH G 3 A . B — AN T SRR AR SCHR Y AH
R Hb HG il ) AR L B A S G B A AR L B A LR 6 RIOR )
AR BLEE (9 355 0 P (9 By ) 5 08 O vk 19 MAE R RMSE SE #E47
BOUE, 5 TR B AL BR B B by — S84 4y L ik HAE AR
SN B AT SR b b3 O iR HEAT LB, 88 =Ry Rl T 4
i 1 28 P 136 1 302 408 2 B0k T 45 2R 1) % 0

50 M A SO AR LB 5 A% G2 A BLEE (PCCL COS,
CPCC,JMSD) Al 5 & =X A B B (PIP,NHSM)VE)%»?EJ&
A A T T 0 W R et 3 vk v 3 o T A i
WA BT . S T O B, K 3 2 ik ) 5 ¥ 43 03l id o UB-PCC,
UB-COS, UB-CPCC, UB-JMSD, UB-PIP, UB-NHSM; # A %
P AR e T 4347 SR A ABLE B By R 5 D8 D 92 S8 UB-ERB,
£ 3GV T LR E L 98 J7 B MAE Fl RMSE %53 .

MAE="

A
— r!} )2

BB — 3Tl

B AN [ AR RLJE B 4 7 A LE

Table 3 Comparison of recommender accuracy with different similarities

. MI(100k) Ml-latest-small
T MAE + std RMSE+ std MAE+ std RMSE+std
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Table 4 Comparison of recommender accuracy with different densities on MI(100k)

TR L AR

. Subl Sub2 Sub3 Sub4
A MAE RMSE MAE RMSE MAE RMSE MAE RMSE
UB-PCC 0.7412 0.9462 0.7637 0.9745 0.7880 1.0053 0.8926 1.1408
UB-COS 0.7447 0.9490 0.7604 0.9680 0.7742" 0.9852" 0.8521" 1.0855*
UB-CPCC 0.7405 " 0.94187 0.7600 " 0.9658 " 0.7760 0.9871 0.8608 1.1013
UB-JMSD 0.7990 1.0222 0.8125 1.036 0.8193 1.0432 0.8874 1.1338
UB-PIP 0.7463 0.9569 0.7624 0.9747 0.7788 0.9884 0.8633 1.1293
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Table 5 Comparison of recommender accuracy with different densities on Ml-latest-small
. Subl Sub2 Sub3 Sub4
A MAE RMSE MAE RMSE MAE RMSE MAE RMSE
UB-PCC 0.7034 0.9200 0.7267 0.9523 0.7604 0.9893 0.8143 1.0608
UB-COS 0.7054 0.9269 0.7211 0.9455 0.7465 0.9732 0.8060 1.0516
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UB-PIP 0.7109 0.9355 0.7245 0.9511 0.7463 0.9752 0.8028 1.0472
UB-NHSM 0.7140 0.9381 0.7281 0.9548 0.7496 0.9795 0.8089 1.0564
UB-ERB 0.7002" 0.9200" 0.7185 " 0.9412"" 0.7420"" 0.9669 " 0.8027"" 1.0470""

T R ZME IR .« * FoRZER K

WG A SBT3 0. AEIRABERE T, B AR P AL 4B
MR RE—AFEENSE . A 10 B 100, LL 10 S A b i
AT TR T AR A Hm SE 5, S g 25 SR an sl 1 Fnigl 2 FJ?/T;o M
FE AT LUF L 24 k=20 B, T 25 3R 0 4 L ax LT i
TR BB, Lpﬁ?,ﬁmi)\ﬁi&@ﬁﬂzﬂiﬁ?,@%ﬁiﬂﬁﬁ
P A 2 T B 1, g U B AR P B 2 A AR L (AR X LB iR
ARt B AR P B W00 AT H A WS R TS EE S 1

Bl 1 78 MIC100k) B df 45 48 580 k 5t MAE #1 RMSE 5%

T AR 43 B I 5 A A B A TR

ﬂzﬁj\”lﬁﬁfﬁiﬁ .

AR SR T A 0 B A R B T i AR X I B A (3 B A
BN, 24 k=100 B}, BARH P 100 43T 48
A B 3T 4B R PR RREE T B BB A VT 4, B S PR S
B ISR I A 100 4, F Hax tﬁ"%ﬁl%lﬁlﬂﬁﬁﬁﬁﬁ
F';&llv‘%'ﬁ SR AR AN B R — BRI, R EUR A

R

1.02

1.00

098

RMSE

0.96

094 4

K-neighbors

Mg

Fig. 1 Impact of neighbor parameter £ on MAE and RMSE on MI(100k)

0804 T —=— PCC
v M v —e— CPCC
4 —a— COSIN
079 —¥— JMSD
B e PIP
078 —4— NHSM
w 077 < —»— WES
E 0.76 4 '\
) AN
0754 AL T g e 4 —4—
!\\ TR g g Ak Ak
0.74 1 g
7 e e o = _,_-cr—l
073 T T T
0 20 40 6[) 80 100
K-neighbors
0.74
vy v vy v vy v v v
v
072 4
EN
g \
§ ~ o S SR SRS S S
A ¥ e« a4
070 4 N
=~:\ A A A A A A A A4
=R SR S
T T T T T
0 20 40 60 80 100

K-neighbors

0967 vv v v v v v v ¥ e
v °C
*— CPCC
—a— COSIN
v JMSD
*— PIP
094 H 1\ —<— NHSM
) N\ —»— WES
§ \\h e S R
¥ e
So092q A A T e B
N
N A A A A A A —A
- - - m m m—mm =
g —gp—p-—9—9—%—8—8
090 T i T T T T
0 20 40 60 80 100
K-neighbors

2 7£ Ml-latest-small 5354 UL 48 S 80 & XF MAE #1 RMSE 15 11
Fig. 2 Impact of neighbor parameter 2 on MAE and RMSE on Ml-latest-small

ERE MMUEARE U [R] d 9 07 5 R S B BOR L 7 HfE
ARG PRE B XEENEM . ARG AMRRITEIT R
AR DL JEE R A A R LR AR GE Y MR S R B
$2T T — 0 T M VTSR AT O BT A AR ADLEE . A S I 43

HMRLIE BT 5 T Z A 3 il s
HEM 20 T R AR LG R SRR A R R AR AR SR
1 T W A 4 5 T LAAS B T R A A A RS
JE L T LS8 T A SOy vk B RS E M. R ok AT R R A 0L BE Y

YRR AL 15 13 ]

KRS RN IR



36

Com puter Science

THEPLEE  Vol. 47,No. 2, Feb. 2020

RO BN 22 IR AR SR T AR O T T E— P R BIEIE .

(1]

2]

(3]

[4]

(5]

(6]

(7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

2 % X w

GOLDBERG D, NICHOLS D, OKIB M, et al. Using collabora-
tive filtering to weave an information tapestry[ ] ]. Communica-
tions of ACM,1992,35(12):61-70.

RESNICK P, VARIAN H R. Recommender systems[ ]J]. Com-
munications of ACM,1997,40(3) :56-58.

ZENEBE A,NORCIO A F. Representation: Similarity measures
and aggregation methods using fuzzy sets for content-based re-
commender systems[ ] ]. Fuzzy Sets and Systems,2009,160(1) :
76-94.

SCHAFER ] B.KONSTAN ] A,RIEDL ]J. E-commerce recom-
mendation applications[ J]. Data Mining and Knowledge Disco-
very,2001,5(1/2):115-153.

BOBADILLA J,ORTEGA F,HERNANDO A,et al. Recom-
mender systems survey [ J]. Knowledge-Based Systems, 2013,
46(1):109-132.

AAMIR M,BHUSRY M. Recommendation system: State of the
art approach [ J]. International Journal of Computer Applica-
tions,2015,120.:25-32.

XIAO Y Y,ZHANG H Y. Friend recommendation method
based on users’latent features in social networks[ ] ]. Computer
Science,2018,45(3) :220-254.

ZHANG S,YAO L,SUN A,et al. Deep learning based recom-
mender system:A survey and new perspectives [ J]. ACM Com-
puting Surveys,2017,1(1):1-35.

HANG L V,JIANG B T,LV S Y,et al. Survey on deep learning
based recommender systems[ ] ]. Chinese Journal of Computers,
2018,41(7):191-219.

HSU C C,YEH M Y,LIN S D. A general framework for impli-
cit and explicit social recommendation[ J]. IEEE Transactions on
Knowledge and Data Engineering,2018,14(8) :1-14.
KATZMAN J,SHAHAM U,BATES J,et al. DeepSurv: perso-
nalized treatment recommender system using a cox proportional
hazards deep neural network[ ]J]. Bmc Medical Research Metho-
dology,2016,18(1) :24.

QUADRANA M, CREMONESI P, JANNACH D. Sequence-a-
ware recommender systems [J]. ACM Computing Surveys,
2018,51(4) :373-374.

BREESE J S, HECKERMAN D, KADIE C. Empirical analysis
of predictive algorithms for collaborative filtering[ ] ]. Uncer-
tainty in Artificial Intelligence,2013,98(7) :43-52.

SU X Y, KHOSHGOFTAAR T M. A survey of collaborative
filtering techniques [ ] ]. Advances in Artificial Intelligence,
2012,2009(12) :1-19.

SHI Y,LARSON M, HANJALIC A. Collaborative filtering be-
yond the user-item matrix: A survey of the state of the art and
future challenges[ J]. ACM Computing Surveys,2014,47(1) ;:1-45.
LEE S. Using entropy for similarity measures in collaborative

filtering[ J/OL]. Journal of Ambient Intelligence and Humanized

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Computing,2019. https://doi. org/10. 1007/s12652-019-01226-0.
HE X,HE Z,SONG ], et al. NAIS: Neural attentive item simi-
larity model for recommendation [ ] ]. IEEE Transactions on
Knowledge and Data Engineering,2018,30(12) :2354-2366.
LIAN D,GE Y,ZHANG F,et al. Scalable content-aware colla-
borative filtering for location recommendation[J]. IEEE Transa-
ctions on Knowledge and Data Engineering, 2018,30(6):1122-
1135.

SARWAR B M, KARYPIS G,KONSTAN J A,et al. Analysis
of recommendation algorithms for e-commerce[ C]// Proceedings
of ACM E-Commerce. Minneapolis, Minn, USA,2000:158-167.
RESNICK P,IACOVOU N,SUCHAK M, et al. Grouplens: An
open architecture for collaborative filtering of netnews[ C] /
Proceedings of the ACM Conference on Computer Supported
Cooperative Work. New York: ACM Press, 1994 :175-186.
SHARDANAND U,MAES P. Social information filtering: algo-
rithm for automating’ word of mouth’ [C] // Proceedings of
ACM CHI’95 Conference on Human Factors in Computing Sys-
tems. New York: ACM Press,1995:210-217.

KENDALL M G. Rank correlation methods[ ] ]. British Journal
of Psychology.1990.25(1) :86-91.

AHN H J. A new similarity measure for collaborative filtering
to alleviate the new user cold-starting problem[ ] ]. Information
Sciences,2008,178(1) :37-51.

LIU H,ZHENG H,MIAN A,et al. A new user similarity model
to improve the accuracy of collaborative filtering[J]. Knowl-
edge-Based Systems»2014.56(3):156-166

HERLOCKER J L,KONSTAN J A, BORCHERS A,et al. An
algorithmic framework for performing collaborative filtering
[C]// Proceedings of the SIGIR ’99 International ACM SIGIR
Conference on Research and Development in Information Re-
trieval. New York: ACM Press,1999:230-237.

JAMALI M,ESTER M. TrustWalker: A random walk model for
combining trust-based and item-based recommendation[ C] //
Proceedings of the 15th ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining. New York: ACM
Press,2009:397-406.

FENG Chen-jiao,born in 1977, doctorial
student, lecturer, is member of China
Computer Federation. Her main re-
search interests include data mining, big

data correlation analysis and recommen-

der systems.

LIANG Ji-ye, born in 1962, Ph.D, pro-
fessor, Ph.D supervisor, is member of
China Computer Federation. His main

research interests include granular com-

puting, data mining and machine learn-

ing.





