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Heuristic construction method of fuzzy concept set and
its recommended application

LIU Zhonghui', JIANG Shuai', MIN Fan'**
(1. School of Computer Science, Southwest Petroleum University, Chengdu 610500, Sichuan, China; 2. Institute for Artificial
Intelligence, Southwest Petroleum University, Chengdu 610500, Sichuan, China)

Abstract: Aiming at the problem that fuzzy formal concept analysis is difficult to apply to large-scale datasets in recommendation
applications, a recommendation method based on a heuristic construction of fuzzy concept set is proposed. Sub-contexts are construc-
ted for each user based on the similarity between users. Then, new heuristic information is used on the sub-contexts to generate fuzzy
concepts with users and items as clues, respectively. Finally, using the internal information of fuzzy concepts, a recommendation
confidence integrated with user weights is designed to achieve personalized recommendations for users. The experimental results on
six real datasets show that the proposed method has higher recommendation efficiency, and can achieve better recommendation
results on sparse data sets compared with classical collaborative filtering algorithms.

Key words: formal concept analysis; fuzzy concept; concept construction; recommender system; user similarity
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MEAHARRD IE45 T BT SO 5 5309 s Krajei! ™™ Fl Yahia 5515 58 SRS T SR BERIME & ; Zhang 2511
R BMIAEEE I REAR, RE SCT 3 MK BEME A . BRI XM A IR e JR it , 9F 907 1) = A0 S A5
MESRE RS R TR AR 2 T X (RO S A

TEMERE ZR G, T2 S & AT il T RERS A2 o I B E 25 1 iR T S H Z M A 5C 2, P2 31 12
HHITTR . D10, Zou 5% 455 RIFHUMIZ AR5 5 DRI SRR e B0t T — b RS 1A 1
17 355 ; Fang 55 0 K BORIZHE ] FROBIME S, 32 10 T — Rl T ROBIE 2UME A& 43 (9 b 8] o I 4 93 0 125 9K
FEAEAE T A A AR (DR A BRI AR R OIE SR T A A U R . R TR U 4y
BT A PR DR 20000 o M SR S B, (LA ) i A7 v P 25 S 2R BE TR R, A D, L 4502 1 T —Fib
i i h5 A 7 A A S S AT U R DR HERE A9 7 1 AU S S 5 B USSP THERR AR (B
ZIT I AWTIE T A MM R S A A, R SRS s 1) A A B0, LA BN 220 TR T Z MG AR
A AR A S 5 A TR AR AN

BT LA AN, AR SO A A RS e X7 AT 1 B0t 4R 1 T — Pl ik TR B AT A 2 T o 3
1071k, BETTALUR 2070 . 1) Mg - 715 SRS U5 R MBS &, RAIEH Pz
VA AEBLRE | S FH P AR T8 357 SRS 7 5 LR TR A8 e XA UL, 23l U P Rt H Ol 4R R A
BRI , BRI S 20, 2) FIIRSMIRE S A& e B P HEvs . AUHTBOMIBE & AR5 8, it TR A
PUORCE (3 B AR, S8 T X D B APEARHERE ol IR B E , A D7 I AR R E £ B Rk
AE-S BUUF AR

1 MxITfE

AT FEZAN Y S W S EORIE sCREE o3 B Hh (A DG B 5 0, DL ROBETIE S & o A AE 4 77
REHREN . FEA TR 1,
x1 EE/S
Table 1 Main notations

i &S s L
U P4 c WSS
M JE M4 H=(U,M,1I,) P uFH5 5
I TV D(u, ,u,) F P AL
K=(U,M,I) A = S(e) BRI & I/
i 3PS w(u,,uy) P AL E
H=(UM,T) BRI U 5 R (u,m) o e
p( ) feJm B A, P u RRES
@(*) EES B, HUH m RRES
c=(¢(A),B) RO & L P

1.1 EAHEER
TE A& AT (0 FE AR T 20T 5t il DR 38 SR AL A% MORTEA TR & 05 £ R AR, AHSE
e T,
EX1 BAEED, —MERERRE—D=J0H K=(U,M, 1), v P E M mESE IC
UxM} U5 M ZIMZJekR, SMEEN ueU, meM, (u,m) €13 ulm FomHF u FHTH m,
EX 2 feHF™ ., A ERK=(U,M,DT, 2 ACU, BCM,WET f5 g milE LR
f(A)={meMIYueA, ulm!|, (1)
g(B)={ucUIYmeB, ulm! (2)
IR f(A) FoRBYSE A PSRRI E RS g(B) FoRIENA B HETAWEM TP £,
EX3 AWML, % K=(U,M,I)WEXTFR ACU, BEM, #W e f(A)=B H g(B)=A, K
JCAL(A,B) ML MEE, RS, Hoh A 5 B 205K S ME 55 Y
2 MR ERH], FAC T 5 A S AT H AT, £ 1 2RI ,0 R A PA,
WHFP w, WAHEIE m, , P u, AEH m,,
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#2 AT
Table 2 Formal context

M

U

m, m, my m, ms
u, 1 1 1 0 0
u, 1 1 1 1 1
Uy 1 0 1 0 1
u, 1 1 0 1 0
Us 0 0 1 0 0

MR 2 AL — S L, uy ), {my ymy my ) HEHRANE N fu, uy b NN {m, ymy ymy |
1.2 EMEXES

AT A 2 2 AT 0 SRR ASORTE 2035 5, TERORDE =0 5o, P 530 B Z 8] /9 ¢ RN 2 19 0
B, MDA T [0, 1] 89— SRR Bkl . XAy A H BB 0% H] T e BV 2 b 97 e TIE A&
5

EX 4 BBED ) & U R—AHPESNES U LB o(U) 2 SH

e(U)= 1 (x,py) (X)) IxEUL, (3)
Hbw, gy (x) :U=[0,1], H py () BRI x€ U KT o(U) BIRIRIE

EX 5 BT EY —ABMES SR A=t H=(U,M,T) , b U A4 M I
HEE THES U S M ZIRMERICR  IIAEAE— DBt p: UxM—[0,1] ZHERMW ue U, me M 56 —4
KEE u(u,m)e[0,1],

BRI A R B TE UL S A L F A A, B RTBSBIE &S 22002 2 B — U2 A E 5 P IR AR
88 3 93—l HNIE 8 Y A RO AE | 3 AR RAE A B Ry B BRI AE 7 AR SO R AIME RS 4 | PN
R 2 LA A RSORIRE & 0 BIHERE R G, AHOCE AT

EX6 (x,x)ETY BE— MWL R H=(U,M,T) L REERMET,ACU, BCM,N|—
X, o ) T RE SR

A"={meMIVYueA, u(u,m)=T}, (4)
B ={ueUlVYmeB, u(u,m) =T}, (5)
Hrel0,1],

EX T BB, Ae - MEWERE R H=(U,M,T) SREERE T,ACU, BCM,#51
A" =BHB" =AMt (e(A),B) &— MBS, MAKMME, K o(A) BEXAEA LY
— IR BN we A A —DRIRE w4 (u) 8 LN

M¢<A>(u)=§nn6igu(u,m)o (6)

WK B= WIHER u BA w0 (u) =1,

F3R—AEWIERE S H=(U,M,T) , P U={u, uy,uy,u,,us} M= {m, ,m,,my,m, ,mg} , FH
MEUE R sk 8 AR T P A I B YRR EE

#3 ERIEAE R

Table 3 Fuzzy formal context

M

U

m, m, m m, ms
u, 1.0 0.2 0.6 0.0 0.0
u, 0.8 0.4 0.8 0.6 0.8
U, 0.6 0.0 0.2 0.0 0.4
u, 0.6 0.2 0.0 0.6 0.0
us 0.0 0.0 0.6 0.0 0.0

BEE T=0.2, TLAFR 3 FHH— MBI (1 (1,,0.2), (uy,0.4) |, {my ymy ymy ), Ho (,,0.2) R
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AP u, Xt m, ymy ,my | A R AL T 0.2,
1.3 EMEEERNEEN A

WEFE R GLRENE A FH P R4 T B UR 8 , G2 (5 S i il 4 n i, DRI AR 2] 1)z ik Sk e, B F i i
PSR T N R R DR e A A S R S vk TN T IR T 2 o e i AT

I ) DR B 1 2 ) FH R A A (] M P A O S A 7 4 TR XA T LA AR 2 3 ok oA TR 0T FH P ) 2R
Js, PR L ) e 8 3 vl LS5 98 sUME S AR i i 45 A 82 K . Boucher-Ryan %5 >8I XM & 2 A7 FH T Db ] it 0%
et 240, R AME SRR P 5500 H 2 856 R, i A% 0 3400, NI SE B iR, SRk
Shy gt R I ) Ao A B v A S A )L, R A A Ry FH P 4RSS 30 &0 FH P o0 L i AR
FRIEE B4R ™ WIS At AR RURE 1538 H b P EA T 1720 T

BRI T MR &0 AT BB 06 38 I AR 21 5%, R B8 2 1945 8., DR DG 70 77 2R 0 40t A5 A1 G A 9T, Fang
L0 A A S TS AL, B RS RO P PR A 3 BRI AR (OSBRI ER) TR
UEAR R ASDRIAE 5 | Jo i R AR L ASTRIME S A T U IR . Sk B AE 2 2 R 1 A7 A A L AR A AR s
WIS Z A Z R OE R, ST % A PR AL R #E . Mezni 267 ARSI AE &4 R = BR8E, Sl
AR A% LA 115 B AR BOH F P AT R 55 4

H AT BRI & HE T HERZ I 85 2D, 22 R AR A T4, TR (448 et 2 2 1l Jor A M R A
B AR R, PRI RIS 2% B 3 3 A R A BORIRE & , R R AR A i D5 B S B P e

2 8] A

FIFHBORINE S AR G A THERE , FEAS 2 TR, — SR BOMIAE S AR 5 A 3 I — R TR & 4R
A HELE )

21 EMBSESHE

EX 8 MR, He— MBS R H=(U,M, 1) UR—AREERE 7,2 H) u,,u, € U,
EATZ IR AR LR &

D(u,u,)=1{meMlu(u,,m)=T, u(u,,m)=T}|, (7)
Hopl - 1 R A R

FHPARRUERE R TP Z M 6 & E MR X E3RoR 2 AN P Ae sk e B2 T R S [m90a 0 5 i,

EX9 P TIEE, B BB R H=(U,M, 1) LI ESRIEEBIE T SHILERE 0,4 u b U
Hr R — AP W —A TR w HEABIE 0 TSR H,=(U, M, ,1,), £ U,={xeUID(u,x) =06},
M,={meMlu(u,m)=T}, I,CTRER U, 5 M, ZIREHER,

FHP 5 SO 5 ST P AU R T45T 0 (0 P AR RIS 8 B2 R T45 T 7 s HAR M, A+
SCHEATASORIE 26 1, Rt S FH A D R I i e 5, (R ik i E B o P 45 B I DRASEAS AR 3 2 ok, B2 e
MR Y BT

R T AR E N5 A S TEASORIARE 8T e AR B T BT A DGR A 0 A ORI T

EX 10 WS/, W H=(U,M,T)ZE—MEWIERE S, c=(0(A),B) 2 H EA— M-S, Wl
BOWIME S ¢ 2 H

S(c)=min(a * |Al,(1-a) * |Bl), (8)
Hrae[0,1 ]2 MUERT,

B/ INE BRI B T AMNE 5 TR A BE A5 L, 7T LA RCPR TR AR B0 M 2 A1 A 5 1 TR 5 (4 —
B AL S E 25 R 48 s e SRR

BRE 1 A S S,

A RIS (UM, T RIRERME T,

il BOIRE SRS C,

WP 1. YVueU, I (e(A),B)€C, u,,(u) =T,
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AR FM2: Y (9(A),B) €C, 1A1>1,

Ptk 5 :max(S(c)), ceC,

b SRIEBEBE T 2R THP S50 HZ PR, T 2R HAART st T8, AR | FoRBO
AT S iR BB X 2B DA TE T — BRI b R R SL e Rl 2025 2 SRR AR LR
SR RA D MEHE S IERHERETC IS . Pifk B s i AR KN 3 B B2 A B A i
MIRE S & 2 05 B, e m S e RUR .

22 ETEMBMSESNER

WESA B SRR T DAE VR R i 3 5 X P i SRS FE [ — e i F P o] DUE AR BAT AR Rl 4, ALk
FET U] DR A AR mT AR R A B B SRR

RORIRE S/ NE P SR Jm AR T P X300 B A G O, EATT 2 B A8 22 (B0 AT DA i FH - AR R | PRt
AT DA ISR a8 B2 22 (A Bt FH P A SR R s AN [ X R 5

EX 11 FHPRE, & H=(U M, 1) E— BB, c=(e(A),B) BH EH— A, 4
P u, u, € AJERES ¢ PP w, RFHFP u, WAGEEE X H
=1 /'L<p(A)(ul> _M¢(A)(u2) [

S (U g () =g () 1)

XTI T I L 54 T e ST — AT AT B2 B e i
B 12 AR, B H= (UMD R R o= (o(A) B) R H Ei— S,
E I we A SIH me M, MRS ¢ I m TR u fOERER 5 LY
> (Tule,m) T *w.(u,x))

XEA,xFu

(9)

WC(M] ?u2):

R.(u,m)= (10)

Al -1
Horp [ T m) FHCE

7B G B CAE AR & b HEYE R [ 0,1 ], TR EGERA T H P ACE , A e
BEMFEE,

B 2 LTRSS T,

B CBRIE TS R (UM, T B S S ORI A,

b M L,

NREM . YueU, YmeM, Hu(u,m)=0, ceC,ff R.(u,m) =X Wi u#EFE m,

A BAR :max (F,) o

Horb A RIBOIRE S S R | A, SRR B AR P AT HERE R e B R E A
FEIRE] A AT DERE , DiAb Bbr i RAL F B ROCR TR,

3 FEuif

ARATBETT T AR M A3 4 44 i ( fuzzyconcept set construction, FCSC) 83k 5 L T RO ME & 45 & W I 77
(recommendation based on fuzzy concept set, RFCS) 8 fden] il 1 S[n] @i 2, 25 1 TR sk 5048
ith o3 M 7RI R A 2R B Jm 4 s AT S
3.1 EHE S EMEE X

TERARE A8 B ) 3 B S R P AR BE A B A FH P 2B B 5, P SO AR & 26 B (fuzzy concept
generation, FCG ) 5.2 ACHINE &, SCBUBOMIE & 48 & 191 | FCG Sk B P 5 50T 403 DA
FHPVRNIEH 4 R4 T A A AL 2

ERANH P FE LA TS S EEE T, BIEREERN S(e) RTRER, R A &7 XN
P 5IUE 2 A A TR & 2R B

W H, AP u B985 5, DN P A B A TBORIAE S A Bl AR 1B SRR DL B e K P I A P e & 4
FALHA,=A,U farg maxD(u,x) | R ESREGE RIS ¢ = (0(A,7) A, AR EHIES
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FIHE 10 7158 S(c,) o HBHES R/ANARFIEKERRE: ¢ IMABRIIE S EA
I H A A S EIAE S 2 ARG I SE P I 2 I H N AR HLRES B, B, =B, U
{arg max | {m} * |}, FIFHIHLRESE WA S ¢, =(e(B)) B ), FEEIHE S(c,) . MU & KPR

meM,

PRI RIIHE o, IMABIRE SRS
Bk 1 FCG#ik,
APPSR H,= (U, M, 1) RIBERE T, BEERE T o, 17 u,
iy  BOIEE AR, S DUT P R RAE IS ¢, LA H LR A RIHEE ..
1. Au<—@, Co<—(®,@) H
2. U«U,, s<0;
3. while (true) do
4. t=arg max D(u,x);

xeU;

A1=AuU {t% H
St:S<(§D<A1** ) ’Al*));

A=A, s=5,;
. U, = UI—{ t% ;
10. else
1. ¢ =(@(A"),A]);
12. break ;
13. end if

14. end while

15. B,<—, ¢, (J,D);
16. M<—M,, s<0;

17. while (true) do

18. t=arg max|{m}| " |;

me M ’
19. B =B, U {1} ;
20. St:S((go(Bt*)’Bt**));
21, if (s,s V B I<1) then

22. B, =B,, s=s;

23. M =M -t} ;

24. else

25. c,=(e(B,),B, );
26. break ;

27. end if

28. end while

29. return C,={c,,c,|;

0%~ a

B VA w PR BRI P A B R R, AR & 07 ik A e i, B 1—14 17
RSB FH S H, U RERZ NP u RS A R, KRR EE S o MR R
KEHPESMEHPLRES A, 8T A, RITERE RN, FIUR AR &0, REG B P IR E
BB . 55 15—28 A7ARRB IR LIS H 2R R S TROMIME & AR B, 5 DU P o R A TR AL A A A
L, K HLRES B, TR IR i E S A P 2 WmiE .

&%k 2 FCSC &k,

B CBRIERTS R H=(U,M,T) ,RBERE T, LERE 0 AENT a.,

o BRI SRS C
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1. C—J;

2. for (each ue U) do

3. U+, M,«—T;

4 for (each 0o € U) do

5 if (D(u,0)=0) then
6. U,=U,Ul{o};
7 end if

8 end for

9. for (each me M) do

10. if (w(u,m)=T) then
11. M,=M,U{m} ;
12. end if

13.  end for

4. H,=(U, M,I,);

15. C,=FCG(H,,T,a,u);

16. C=CUC,;

17. end for

18. return C;

B 2 TERWDIE 08 5 AT RO & A5 A i, i o P BODIE 5 o B P O AR T
S, RIS 1 XS P A TR &S I A i, IR S TR BRI S5 & 0 5 3—14 17 P
PR E, FHERTOHP S w ARUEAET 6, B WA P o 7RSI T A RIE, 8
15—16AT AR IR FHAA 2 1 FE T 50 NP w 2R B E: A BB IRE &5 &b
32 ETEMBMSESHNEFEERE

RFCS S 5 70808 2 AR U BOMINE & 88 & o e TR 7 A5 O B P AT I H e . A
FHBOBIRE &4 G 0 P i ] OB Al .

B U P M oA R R BIIE S S H= (U, M, T),C N5 H A RS & 4R
AR (u,m) FETEMEE ¢ WITH m X w B EAR B, A R B, WX I w e U HER Y45 R 200
R.(u,m)=A Hu(u,m)=0IH s,ll s={meM|l IceC, R(u,m)=AAu(u,m)=0},

% 3 RFCS #ik,

A IR 5 H= (UM, T) BB 4 C, SR BE R T, 2 B A

s  HEFEHE I L

Lo Ly yjipn <03

2. for (each ue U) do

3. C={ce€Cluy, (u)=Th;

4. for (each me M) do

5. if (u(u,m)=0 A R, .(u,m)=A) then
6. L= 1;

7. end if

8. end for

9. end for

10. return L

Bk 3 BT RIS GO B — PRI AR I o 56 3 TRV w B HERIEERT T
AIRSHIRE S . 20 4—8 AT TRIMIBE G N FI P w HEATIOUE m 4R AR AR 05 B A i AL R A, B
THER? , i ST B R
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33 HiEMRBERESW

LT RIATIR L 1—3 MBI R 4 i . (BIRTE T S KN nxm, Horbon WP, B8 1 LA
FUNERZ A B S IR IS U ZE A n IR IR IR 4R R O (n’m) |, LA H A 283 A IO A &
I BTG 22 LA m K BB SR 22BN O (nm?) o 535 2 v P -5 S A i 2 280030 P AR DL B B ) 2 4% B
K O(n*m) BRI T BRI 1 BT Soh i R P AR U &, LR R 2 420 O (n’m+
n’m®) . FL 3 AR THERART 7 R TP 530 E | SR IR O i D R AR A S LA 4E
JRORIME S B KON 2n , HAME R Bk n, RIBLSR T 3 BB SR 2420 O (n’m) .

BRI A% 38 o S A 2 SUME AR PRI ABOI AR 2 S A 21 28 M g AE A A il B R 2 A T A R
R ER A, U0 Next Neighbor By [R] & 2% E~ O (nm® 1 C 1), Object Intersection 5.2 i [6] &2 2= & hy
O(nm|C1) , Ganter Next Closure B iLIHAIZ 22BN O (n’m | C1) P 3% B C 1 ER & B0, 760 0 1
DU oA 2 AN . AT T HUAR G R, AR T LA A RS A AR B IR A B ) A 2
3.4 iB1TEHI

M4 3 MRRIE 0 5, DU P w, 0] SR SO E & i 2k i S e 72, b T=0.2, =2, «=0.3,
A=0.7,

NP w, A EINE S T w, SHP uy s uy ug Rd ou, WTHE
FORBLEE A3 300 3.2 2 1 FEARE 0 B2 BT 155 H, Wk 4, T ]“W‘““wmfmm“%
AL H,, AR BILUE PRI e R A TR A i, R U, . e
WFS.6, DRV R, KU IAS 0 0 o2 oe
PP RS SIMAZE] u, B BN, TR R, 135 " 0s 04 os
BOIMES ¢, =11 (14,,0.6), (u,,0.8), (uy,0.2)}, {m,,my} |, LA u, 0.6 0.0 0.2
51 R HEAT M T B, A BB ¢, = || (u,, u, 06 02 00

02) ,<M2,0.4) 5(”450'2) } ’ %ml 7m2% % o
RS5O u, TS TP LR A A S R

Table 5 The process of concept generation by taking user as the clue under Hu1

A, e(A") A, S(e)
oy f {(u,,0.2),(u,,0.4) | tm, ,m,y,my} 0.6
Py uy {(u,,0.2),(u,,0.4)} {m, ,m,,m,} 0.6
oy uy uy {(u,,0.6),(u,,0.8),(u;,0.2) | {m, ,m,| 0.9
Ly uy uy uy {(u,,1.0),(u,,0.8),(u;,0.6),(u,,0.6) | tm, | 0.7

RO A u, TR LI A

Table 6 The process of concept generation by taking item as the clue under Hu1

Bu QD(BM*) B:* S(C)
{m, | {(u,,1.0),(u,,0.8),(u;,0.6),(u,,0.6)} tm, | 0.7
{m, ,m,} {(u,,0.2),(u,,0.4),(u,,0.2)} tm, ,m,} 0.9
{m, ,m,,m,| 1 (u,,0.2),(u,,0.4)} tm, ,m,y,m,} 0.6

SETEMMEE ¢, 5 o X w, PEATHERE  u, WORHEAZ I E N {my ms | T8 ¢ ARSI 11 ARAR u,
Y5 uy WA S35 0.57 55 0.43 AR 4R E 12 AI5RAG R, (u,,m,)=0.57, R, (u,,ms)= 1, [FFEHL, 7T LIRS 5
R, (u,,m)=1, R, (u;,ms)=044, fTHELZHE A =07, FUILBINES ¢, Al o, P u, HEFSTH m, 5 my,

4 SLE 5 pHr

41 HIEE

J T I UERE A S IR R 6 BSR4 Hoh movielens-100k Al movielens-1m 454
GroupLens T F 21 4E | 43 605 T 10 J7 1 100 J7 45 L2140 3% ; eachmovie B4 4 i DEC B¢ H 0
Wtk 3 72 916 SR 1628 TG 2 811 983 ZIE/ric 5%, FEHLIESE T 2 0003 000 4~ FH 1 X1 628
FRELSEAYTESY , A BIRCAE eachmovie-2ku 5 eachmovie-3ku ; filmtrust ZHE 42 S A FilmTrust R 35 H1UE A4 %k
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Table 7 Experimental datasets
VG S % it H 4L A4 %% i
movielens-100k 943 1682 100 000 0.0630
movielens-1m 6 040 3952 1 000 000 0.0419
eachmovie-2ku 2 000 1628 38571 0.0118
eachmovie-3ku 3000 1628 59 247 0.0121
filmtrust 1508 2071 35497 0.0113
jester-s 8 000 100 577379 0.7217
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Table 8 Comparison of RFCS recommendation effect with other algorithms

€T S Ak precision Pcan F
RFCS 0.2487 0.243 9 0.246 2
CSBR 0.1925 0.239 3 0.2132
‘ KNN 0.199 4 0.3442 0.2525
movielens-100k IBCF 0.203 8 0.406 1 0.271 4
GreConD-kNN 0.199 6 0.3424 0.252 1
NCF 0.194 6 0.3352 0.246 1
RFCS 0.216 0 0.186 4 0.200 0
CSBR 0.142 1 0.204 0 0.167 6
KNN 0.188 3 0.3390 0.2420
movielens-Im IBCF 0.200 1 0.3942 0.2655
GreConD-kNN 0.188 5 0.338 0 0.242 1
NCF 0.1395 0.359 3 0.200 8
RFCS 0.2236 0.2518 0.236 8
CSBR 0.187 5 0.2272 0.2052
KNN 0.201 4 0.2729 0.2318
cachmovie-2ku IBCF 0.148 6 0.3520 0.208 9
GreConD-kNN 0.199 0 0.269 8 0.229 1
NCF 0.1297 03178 0.184 1
RFCS 0.2315 0.2713 0.2497
CSBR 0.203 0 0.236 2 0.218 3
eachmovie-3ku kNN 0.1123 0.276 8 0.1596
IBCF 0.1510 0.389 4 0.2177
GreConD-kNN 0.1043 0.247 8 0.146 6
NCF 0.1319 0.363 2 0.193 4
RFCS 0.486 2 0.477 6 0.4814
CSBR 0.360 2 0.6417 0.461 2
KNN 0.438 6 0.441 8 0.441 0
filmtrust IBCF 0.1826 0.5328 0.2717
GreConD-kNN 0.4679 0.406 6 0.435 0
NCF 0.2079 07422 0.3247
RFCS 0.714 8 0.846 9 0.775 3
CSBR 0.5727 0.839 7 0.681 0
jester-s KNN 0.880 3 0.9029 0.891'5
IBCF 0.891 0 0.8517 0.8709
GreConD-kNN 0.895 2 0.614 0 0.728 4
NCF 0.9710 0.853 4 0.908 4
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