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— RS X RMBIFX RN KSR EAETNH

g2 xR A
(LVGRE ARSI S J 2B, I S 6105005 2. 76 R A1 Ik N T BERFSEBE , U] AR 6105005 3. 76 £1 K
FHLES BT LG, I R#R 610500)

WE. AN BANAS N E BRI AL E BB T LSS EZMGABEXLLE, FREFEARFE, AT HhX—F
BRSO T W& X W 742 AR H W 2 (adjacency network, AN)MEAS, A% T AN AR M EFT kA TZM AL HIE
AR, R AN BEA WS AE AT S ARAE P e P R PR, H ARG IS A S AT R e AR b, B B A XMk,
AR MEA GRS BEXAZE AR AN AL, KA RE 5 Kok shat st AndRad W B st S oA TR 4 B ad 4 5
REBMA B RIRAHE, ALE N AEEHEEERITT LR, AR LERS5280RATEL LR ETHIBAIHE
BHESHATT G, SRAN AR B A E LRI OIRERER,

KGR M XE BT AN A AR N E IR E B EE AL

R E 425 TP181 XHFRETS A

S| AR e XA I — il A X SR HE ¢ 2 10 I 45 MR B HERE R [ J] . IR A2 i (B2 ) ,2025,60(7) :56-68.

A network concept incorporated adjacency relationships between objects and
its recommendation application

LI Xiaolan'”, LIU Zhonghui'’, MIN Fan'*’"

(1. School of Computer Science and Software Engineering, Southwest Petroleum University, Chengdu 610500, Sichuan, China;
2. Institute for Artificial Intelligence, Southwest Petroleum University, Chengdu 610500, Sichuan, China; 3. Lab of Machine
Learning, Southwest Petroleum University, Chengdu 610500, Sichuan, China)

Abstract: The traditional concepts only include the relationship between objects and attributes, while the adjacency relationships
between objects are ingored, resulting in poor recommendation performance. To solve this problem, the adjacency network concept
based on the network formal context is proposed, and a method for constructing an AN concept set is designed, along with a recom-
mendation algorithm based on this set. The AN concept is consisted of extent objects, adjacency intent and intent attributes. The
adjacency intent is formed by adjacent nodes of extent objects. A heuristic construction algorithm is proposed, which utilizes the
concept volume as heuristic information to construct the AN concept set. Different strategies are adopted to make the pre-recommen-
dation for extent objects and adjacency intent objects. The final recommendation result is determined by the recommendation frequency
threshold. The algorithm is verified on eleven real datasets. It is compared with the classical collaborative filtering algorithms and
recommendation algorithms based on the formal concepts. The results show that our algorithm has better recommendation effect.

Key words: network formal context; adjacency network concept; adjacency intent; recommendation confidence; recommendation

system
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TH, BURRNSZAEEZ B IR, DS 5SS Z )2 )R, BHETLFCA &) M H
FLER2A T 2 BRI IR RRE T AR B AR, b AN, FCA iR 5 A BEIS R A, InARR
AT RN HUREEE T AR = SR Y R 2R A T R T R

FCA EZ XML GEMEZ IR, 20 T X5 2 (8] (4 W 46 258, T 04512 0 00 26 45 44 L) 48 2
ML ST R gk 21 T T 5, & 0T ML S LR AR AR, 98 T [ 4%
MR A AR I, YUAAE O FCA SRS T TRESE T &, $2 A B mT RE B 7, Tl HL 5 M 4%
FRIE(ELZS A, 8 LT M 5MES . BEAh, Yan %70 458 2015 565 = SO 4T 45 & o047 50088 40 #r
[F) S 78 R 2 T 3085 56 T 4R 4 = S04, OR 4t T 4 = SZ b iR IRETL . 53 4k, Fan %5100
L 5o = O IE T R — e R — DM EZE T R4 T 5 T B M 48 59 & B R 0 T 5T
PR % 553 MR 25 TR 5 B ) XL 1) OB D BB R 249 T B 3K S B R B IR 1 TR R 2% T8 28 S5 1Y)
R 58 T =

FCA TEHERE R GERY I 5 BEIETMEAA% 7 SR, A s b s A7 A o I 25 R A, — SE Bk A A
ARG . BETHE &85 AOMETE (the concept set based recommendation, CSBR) 3% F| FH i & 205 1k
P A S e S A T R e R . TR S A A9 AL HEFF ( concept set based-personalized recommendation,
CSPR) 535" 2% 18 T WA P ANIE T 52 22 ) B A AR, SR FASEPDLAR vk A0 it A A 4, S B PEAR A7 . X
SRR SV AE = ST R BIAT PIRRRLRE = S MEA 12 &l ANEE | 1E P TR LB B PR 2K, 5 S E T
PG DA B TR R S AP A XA RS R A X 2 SR PER R R IEX R Z B¢,
SRR AME,

R, —SE b5 EE R 28 TR 8 5 T AT HEREOF 9 . v, 66 7 55 A oRH B8 19 4H 477 ( group recom-
mendation algorithm based on weaken-concept similarity, GRAWS) 5.7 FE ML X5 R, il L %
TR A DX I T A S FRAFRLEE X4k DX b B X G AT, S T PR T A 4R 3fE 7 ( neighborhood
recommendation algorithm based on causality force, NRACF) 5.3 ¥ g 3 J&@ M in A 21 W 45 92 203 5t p 1y
BTG X 5, 856 T ASKE B 7 | SR 0 AU 72 1 SRR 30 oy e DX (%) Oy Ok XA 53 147
GUAHERE . FIRERR TR A X Oy AT (HUR B = 0 28 A R A A Al A

ASLFEMEIEATT ST 3 T AN S IR T AN SR il i ik SOHHEE A . 150, B Xt
G Z ] 1 SR G 2 L ARE2 ik T8 2 A B ke il AN BEE: . SR, AR E M 200 B s S 2
RARAL BAR, SRR X G AR AR Y AN RS 4558 AR 0T G AEABE A8 1 S D SE B4 422 PR, R FHAS [] 174 5 g
WATIHERE . A RAEMESAME D S8 AR 8 PR 7 b B B 5 B FI W A TR, A X4
TEME SR N D a2 R S IR B YE . 55, 8 I AR I (WA B e A R 2 2R . S
SERF AR TSR PRI U8 S RN T8 SO S O T AR SR Bk BT B M R ERICR,

1 HxHEHDH

A1 SR FCA A SCES AR ARG 51 A ML 5, IR T M4 U S AN A,
1.1 EXE=s
EX 1 JBERY BAERRE A=A T=(0,A,R) , Hrh 0 IX54 A NEESE RCOXA Ny
O MA ZIHI_ICKR,
X FAHA ,x €0, a€A, (x,a) €R FRME x PWHBIE a, M (x,a) & R FRME x RIHBIE a,
EX 2 /0T, BRI 7= (0,4,R) WA HE XCO, BIEE BCA WD/ 0 H i
SCHh
X“={ac€AlVxeX, (x,a) €ER}, (1)
B°={x€0IYa<€B, (x,a) €ER}, (2)
A XOHR X A R I A R B FoRANA B A IR 4
EX 3 BAME", AR T=(0,A,R) ", % XC0, BCA L X7 =B, B =X, W G
4L(X,B) FIBAMES, b X WRSHISME, B FWES 09 P,
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F 1 H— PR S 0R A0 T 10 MATERT 8 MBI A HN, 1% 1 £#aRIE,0 BaRAH
A, X% x, FAEBEYE a, , 54 x, AEEYE a,.
#£1 —MEXERAHF

Table 1 An example of formal context

o A

a, a, a, a, a, as ag a,
X, 1 0 1 1 0 1 0 1
X, 0 1 1 0 1 1 1 1
X 0 0 1 1 1 0 1 0
X 1 1 0 0 1 0 1 1
x, 1 0 1 0 0 1 1 1
Xs 0 1 0 1 1 0 1 0
X 1 0 1 0 0 1 0 1
X 1 0 1 1 0 1 0 0
X 0 1 1 1 1 0 1 1
X, 1 0 1 1 0 1 0 1

Bl 1 AEFE1F, S ={x x,x| ,A8X =la,,a,,a,} ,> B=1a,,a,,a,} /A B°=1{x,x,,x} , A X" =B,
BY =X, AR (1 x, %, x5, {a,y,ay,a0) ) B—DEMEE, b {x,,x,,x ) Bl a,,a,, a6t 530 0 IEREE Y
AN FT PN T
1.2 MEERXES

XoF G 22 () P O 4% 235 4 LA S 42 4 P T SR A BB 308 e b i T I8 T 0T 35t 8 LAnF

EX 4 MHEEAEHRD, MEEXEFE—CH 0=(0,M,A, 1), Hf,0={x,x,, x| &
XRE M= M, M, M, | SRS EEFIHE M, = (m) ., (1= 1,2+ k) FTRIZE I 1 BB 4, %
Gox, Bl x, S8 DBAREE B0 ml =1, 800, m} =05 A=1{a,,a,, - a, | REWHEI= 11,1, D, |00,
JE 0x0 B ZI0 KRR, & (x,,x;,) € LRI G x, Tl x, & 1 4BHE0 51, 2 OxA B ZIJC KR, A&
(x;,a;) €1, FRMNER x, FHIEE o,

22 B AMEILATE 5, RIERPEE 7 M, MRS my, =1 B (x,,x,) €1, FRRXE x, F

x, BB AR, T A XPRRHERE T, (X, ,a,) €1, FmXER x, AEME a,
£2 MEIBAFF

Table 2 A network formal context

0 M, M, A

Xo X X Xo X Xn ay a, a,
X, 0 1 1 1 1
x, 0 1 0 0 0 0 1 1 1
X, 1 0 0 0 1 0 0 1 0

ARSCITIE FA — B AR A B 1) I 26 20T 55, J 2 HH B I 245 1 2 S L AR MR 38— B
1.3 AN A&

ARCIETF RIS AN S IZE ST A T X 2 MRS E R, T I AR AN 4,
ML S T IABE T, HTFRRNZZH P LR,

EX S AFT, HE—"MBELER 0=(0,M,A 1) SRE XCO, M AR FELH

XA={x/EO|Vx,.EX, (x;,x;,) €1}, (3)

L X4 R X TR R I A 1 — B a8kt 4 . 2 AN T R R E T M AT o,
Fi(1) L (2) 1 R FFRITF ML s iy 1, Bk AN BEE R @ LanF

EX 6 AN, 4GE ML E 0=(0,M,A,1),% XC0, BCA #ifi/e X7 =B, B° =X,
D=X" W =754 C=(X,(D,B)) N AN &, Ho | X WHEEIISME , D AL &R P, B A&
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B L,

AN HEEAEIE M S A SEAE AT S SE X G ) QB4 1 AR g AR HEE VIR, IR, 4R3I D= O,
AN RS BACHIE AN &

B2 K3 EDMEIEATT R, ICHKT 10 DXFRZ B —Br&BHE 00, & 10 xR X 8 4N Jg 4
AIENR, 2 X=1x,,x5] ,ﬁXD:{amawasg , X0 = [x, x5, %1 W% B={ay,a,,as} A B = fxy, x5} o B2
XD:B, BO:X,—[HTA( [y, x5 b, Clxy,xs,xg ), Las,ay,a6t ) —A> AN B Horb ) x| WAME {x),xy,
xg | BN, L as,a,, a0t NIRRT,

#3 MBI AE R T

Table 3 An example of network formal context

M, A
0 X, X, X, X5 X, X5 Xg X, Xg Xy a, a, a, a a, as ag a,
X 0 1 1 0 1 0 1 1 1 1 1 0 1 1 0 1 0 1
X, 1 0 1 1 1 1 1 0 1 1 0 1 1 0 1 1 1 1
X, 1 1 0 1 1 1 0 1 1 1 0 0 1 1 1 0 1 0
X3 0 1 1 0 1 1 0 0 1 0 1 1 0 0 1 0 1 1
X, 1 1 1 1 0 0 1 1 1 1 1 0 1 0 0 1 1 1
Xs 0 1 1 1 0 0 0 0 1 0 0 1 0 1 1 0 1 0
X 1 1 0 0 1 0 0 1 0 1 1 0 1 0 0 1 0 1
X, 1 0 1 0 1 0 1 0 0 1 1 0 1 1 0 1 0 0
Xg 1 1 1 1 1 1 0 0 0 1 0 1 1 1 1 0 1 1
Xy 1 1 1 0 1 0 1 1 1 0 1 0 1 1 0 1 0 1

2 At G A

21 AN BEREMHBIE

ARSCHAE AN AR I FERN T SCBLAEE , Btk et 1 LA P8 0 55 BES S B DAL B AR
Jit R A A O T S S AT AN BRI BT i, 8 LR,

EX T WEEERL, Hig—A AN#S C=(X,(D,B)) & C MAERIE X

V(C)= V(X.(D.B))= IXIXIDIXIBl, D#J, ”
IXIxIBI, HeE,

Al - I RREA S

ME SR AR, iz & B i B, L & {5 B2

Ef 1 AN #ESATE

WA WX E R 0=(0,M,A,I) , NIRIEEBIE o,

Wl ANMESES(O),

AREH 1 U pp) csioX=0

WREMHE2 Y (X,(D,B))eS(C), |Bl=a,

ALBFR max(V(C)), CeS(0O),

i A I AT S A R R BN o, TR i AN AES 4 ZURAH 1 BLE , AR i AN HES
L T TR NG LR SR 2 B, AR A P IR PR B ASN T o, 20 G2 22 (Rl [ 3 A 00 1 2
W2 HeAE NIRRT REtERR R, Ptk BAn B 7E s R A & i 25 R, PREA: i A S B A T 4 i o o, DA 2
T SR HERERICR .
22 ETF AN BEEmERE

HT AN HESEMHERE , A IMEFSRIE P P Y 2 EXF R BT PR RN R ik, MR ERERT e S
(4 PR TR PR R FE A FEE o 2 AT 2 R T 5 ) A 4 R o G A 3 7 DRI 40 1 8% B A/ A A A R A4 P T
HEFEBFRE
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EX 8 IMEMEFEFEE, HEMBEAT R 0=(0,M,A, 1), AN #7 C=(X,(D,B)) , M{EEH
x€D, acA-{x}{ " JEME a TEMES C TRISMEHERE BE N
{xeXl(x,a) €l

1X1-1 (5)

EX 9 APHENBMEFEGEE., HEMBIEXE R 0=(0,M,A,I) ANH#E& C=(X,(D,B)), i D#J
i SHEER xeD, acA-{x| " J@t a TEMES C FROARIE NIRIEIE BAS N
{xeDl(x,a) €l} |

D] °

24 AN HEE AR 42 PN A Ry 28 BRI AN 25 R A HZ P R A A R AR

B8 2 HET AN MM,

wWAN MHEXE R 0=(0,M,A,I) , AN BEESE S(C) SMEHESF B AR LM B, , B4 N R B AR
{E B, , HEAEMELH(E 6.,

Wit MEREERE L,

AREH1 YCesS(C), VxeX(C), YacA-{x|Z WHE R, (a,X(C))=B,,8 R, (a,D(C)) =
B, B2 Q(x,a)++,

WREZMHE2 YCeS(C), VxeD(C), YacA-{x}|" W acB(C) 4 Q(x,a)++,

HREHE 3 VYVxe0, YVacA, ME Q(x,a) =0 P4 L(x,a)=1,

LB max(F1),

s ALFE TR AT 5 L I 1 M3 1 AN RS AR S(C) , FEOR Il T0UHE A2 19 B 05 B BUE B, . B, , A K
I e 2 B AEFE R ARE R 0, Ba i L R — 101 x| ALV KRANRIAG SRR fE it e X HERE 2SS, 2
WA B Q RERAFIUIHER S5 R . AR A 1 30K, I BES IME X AT HERR B, 1 ST
TR SR PEAE ML & P RSN B L, A R T45 T B, WIHEAT LA 5 70 DDA T G515 2 30T T 9 4084 1A e
WeARBGE AR TETB,, FIFEAT RS, 2R 550 2 3RR, I HEAS AR 2 A A X R AT AR B, 2
Hete J@ PETERE S IR B b W RT DL AT IHERE . YR 3 3R, Y IR R AR T4 T 0, it e &
W3ERE . Ak BARRR i RAL F1HE, DA B AE

3 HEuf

T fRY FTEE ) 2 AN AR EBERTT 2 MR AN RS SE M 1 ( AN network concept set construc-
tion, ANSC) B 7 FlIJE T AN M2 4E  HEZE ( AN network concept set based recommendation, ANSR) %%,
[ e N = RPN VA UK B R v AW s T = A7 DR =R i i - e i A e ey e W L
31 ANBIEEMERZE

Hik1 AN BEGEMERL,

AN WMEXE5 0=(0,M,A, 1) , NIFEEBEE o

mH AN #ELE S(O),

(1) C—@, PO,

(2) while (P#Q) do

|
REr(a’X):

I
RAr(a’D>:

(6)

(3) v=0;/ # ICRBES AR WILR R 0 + /

(4) B—J;

(5) x” =argmax, ., (| {x} T 1+ {x} 2 1) 3/ = P AP J@ RSB G A BUR 2 14 = /

(6) a” =argmax, . ol {al ° 13/ * X% x" P4 RS2 R PE + /

(7) B=BU {a" | ;/ * PG INIREPE « /

(8) while (true) do

(9) a” =argmax,. .. o | (BU{af) L/ R X  PRIRIRE TS B 45 A B G )

J& M« /
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(10) V=V((BU{a"})°, (((BU{a"})%)", BU{a"}));/ = I BRSO AT « /
(11) if ((v'>v)V (IBl+l<a)) then

(12) B=BU {a" |/ = B NHEM «/
(13) v=v'y/ % BRI AR« /

(14) else

(15) break ;

(16) end if

(17) end while

(18) C=(B°,((B°)",B));

(19) S(C)=8(C)UicCt;

(20) P=P-X(C);

(21) end while

(22) return S(C) ,

Bk 1 BT R R UE BAR U S A M R AN S AE . Horh JPBR (1) MR AL S 4R S(C) FIAF O
RIES P, IR —(4) VIR LSS M BRIE T, IR (5) il P A Jm RSB S B 2
HIXR x" o BBR(6)—(T) R x ™ I 32 WM A JE YEAE A Wi AR R i s e, 2P BR (8) —(17) B NI E e S
{7 PRI JE PSS G 5 A5 3 A RE A 2 AR K [T e Ay e s P 5 e KT o, OB P W J e AR A
B I e A B S BUR RIS B TR R PR . AP BR (18) —(20) MRS N IR M BT & T I ABIME &5, A P i S
FRIZMEERAMEXT G, iR MIAEESE S(O) .

32 ETF ANBISENEEFEEZE

ik 2 T AN BUSEMHERE A

AN MBIEXER 0=(0,M A1) AN BLEAE S(C)  SMEHETE B A5 B BI(E B, , AP HE W7 B 5
BI{EL B, , HEXAIRLI(E 0.,

B AR L,

(1) L\OIX\AI(—O’ Q\le\m‘_o;

(2) for (x€0, acgA) do

(3) for (CeS(C),CS(C)) do

(4) if ((xeX(C))A((x,a)&I)) then

(5) if (R (a,X(C))=p,) then

(6) Q[ x,al++;/ # iCFEHEFEREL = /
(7) else if (R, (a,D(C))=p,) then

(8) Q[ x,al++;/ % ICRHELFIREL * /
(9) end if

(10) end if

(11) if ((xeD(C))A((x,a)¢I)) then
(12) if (a€B(C)) then

(13) Ol x,al++;/ * ICFHEAAREL * /
(14) end if

(15) end if

(16) end for

(17) end for

(18) for (x€ 0, a€A) do

(19) if (Q[x,a]=6) then

(20) L[x,a]=1;/# iCRmAMIELELER «/
(21) end if
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(22) end for

(23) return L,

Ak 2 MU 1R HORRORE SR BEA T . b 2PIR (1) MR AEHE RS L F1 Q. PYR(2)—(3) |
S P X G BV SRR TERE S S(O) M &R R TTEM 74 S(C),, JFxr Hak iy, ¥R (4)—
(10) R, GARAEMEESME D | E e R I R e Jm P R AME A B AR . A R T 5T B, Wi iz s 1
EXG Z R R AR R M R B N AR B, AR TS T B, MR R A X R, D5
(11)—(15) 27, X RAEAL S LB H VIR 1a 6 A& IR s P b RR A 1 E M, PPR(18) —
(22) PR BRI BOE R R TAET 0,450 A T E A RIS . 5o iR M A A5 R L,
33 ERESW

A SO ) A 2 B O R | R 2 IRV 2R B 2 f . WEIE A SRV R nx (nvm) JHirbn 3R
IR GEAE, m TR RS

S 1 A% LR AN TR DA R B 1 D AR A R A A 2 B A 1 AN M, 195 30 8 o i A 0T 2 R
. HIEm I 5E P HPMZE) I RIE AR O(n) . #HERS] P hIA BB Z AR Z N4 x
IRV S 2 B O (ntm)  FEAR BN G x B 32 WG I & PR 19 S R IN TR B2 2% Bl O (nm) o SR 545 31 Y Tk 1
AT S 2 BE SR O (nm) | fJE AR AR PR TR B PR TE BT R S B R 2 BE S O (nPm) o IRIIGEREE 1 RIS [) &2 2 JiE
H O(nx((ntm)+(nm)+(nm)+(n’m)))=0(n'm)

L 2 MO AT B 1 AN LS B SR AT HERE . 1 S i D A X G R 1 1 I R A 4R R
O(nm) FEME S DA R R AR T4 00 D A I TR S22 B0 O (n) o UXFRAEME & IME T, 15 HM E HE
T A RN AR 5 BE IS RIS AR BE SR O () 5 XS XFRAEARHE P IR T 40 07 1A o i M A 7 25 X 1Y
WHESEZREER O (n) o HJaid B B A W A RN R O (nm) o PIHCE 1 2 0 I 18] 52 % s 2R
O(nmxnx(n+n) +nm)=0(n’m) ,

JFLLE B T AR O(n’m)

3.4 BITEA

AU —ASLBHER T AN M B R 3 LA S T RE AR 0 R B, T I 2808 9 St an & i
NP E PR a=2, AMEHEFEAS L BIE B, = 0.55, 4R 4% P ¥k 77 B 5 FE BIME B, = 0.6, HEFE A AL (A
0=2,

AN HE B AAR 5 i AR - SRS I 26T 277 5 TH R B X R AR 1Y s B B N X
A HOREIRTIE A PP B P={xg,x,0, 05, X0, Xy, X5, X0, Xy, X, | o ARG P APRXT S, At
GAETEAAR BIMERS . DL xg R, xs BIEYERN (x5t D= 1a,,a,,a,, a6t , R RZHGI B IS ag, BT a4
VE 0 B R R P R TR AR TR M S N R R AR AS $ Bl O IR B E S R m A, TR
B R A AR, ISR K TR AR, LN E AR T o BB A PR M b, 5550 )77 | x|
R R IR PR, 2 R B R A A R R I B oA TR s P, R A B X I A, B S AR RO T X BIBERS R
Co=(lxy,x5), (1 x5, x5 1, tay,ay,a01)) 854 C, PRISMEX R | x,, x; 1 NP TPREBR, 8 P=P-
(X0, X5 = 10,2, X5, X, X 4 X, Xy X, | o AREEIR T P R A S, B2 P s 5 B e 9 B RE S A i 45
Fnk 4 s,

F4 2 PEMEIERE RS LAY AN SR

Table 4 AN network concept set constructed under the network formal context in example 2

PUE [ AN &

Xs (o (g, xs b, Clag,xg,xgh, tay,a,,a60)

X6 G (ixe,xg %6, %0 b, (1x, %1, 1ag,a5,05,a;1))
X7 G (x5, %01, (1xy,x, %61, ag,a,,a5,a51))
X3 C, Clay,xg,xg b, (1, x,,x5 0, g, a5 ,a, 04,051 )

FET R 4 PRESE TSR DR x, A0, R R YR {a,,a;,a5 ) ,x, IRBLTE C, MISMERT C, BY4R
FERWT, x, 7E C, B, 3 5 NFE C, TRHERES R  THR IR TR B R 2 ITE €, SIE TR 42 Py Ik rh A HE TS
Erﬁ‘F}"Zo REr(az ,X( C4) )= 1>B, ,Fﬁl’J a, ﬁ*ﬁi%;REr(aS ,X( C4) )= 0<B,, RAr<a3 ,D( C4) )= 0.66>p, ’Fﬁw‘ a,



57 W PRI A PR R A AR 1Y P 2 MR B AR o A 63

PAEAE R, (ag,X(C,) )= 0.5<B, H R, (as,D(C,))=0.33<B,, FTLL a; AYHELE, x, 16 C, I, B 15 R
PEFE C, BIPNIR B PR o] AR o oy (RFHERE IR ME D W ay € B(C)) FTUULRA a, B
#£5 WG x, (S C, PR

Table 5 The recommendation process of x, in C,

TR
Pt Re(a.X(C,)) Ro(a.D(Cy)) AR
0, 1(>B,) 0.66(>,) Wt
a, 0(<B,) 0.66(>p,) et
as 0.5(<B,) 0.33(<B,) N

1E C, WA IEREA a, Fla, 16 C, P B IRTE R a, L a, BIfEFE 2 U0, KT 60, I
KR YE a) HERELRTGE x,

4 L5

4.1 FUEE
R T IS UEA SCRE R A SO, L T 11 A EL SR AR AR L A 4 S8 B 84 28 MovieLens-100k
MovieLens-1m Filmtrust 24 & M\ MovieLens-1m Jester ,Eachmovie ffiF£ 1) 8 N5k 4E . 38 6 A% 4 40
HE . RPAIREBLE E SCH IR (R BRI |
F*o6 BUREMRGE

Table 6 Datasets information

FUEIIES P3¢ JE £ i
MovieLens-100k 943 1682 0.063 0
MovieLens-1m 6 040 3952 0.0419
Filmtrust 1508 2071 0.0114
ml-10m-s 3660 1100 0.214 1
jester-s 10 000 140 0.248 6
Eachmovie-2k 2 000 1648 0.0114
Eachmovie-3k 3000 1648 0.0117
ML-1m-1 2 000 1 000 0.042 4
ML-1m-2 2 000 1000 0.050 8
ML-1m-3 2 000 1000 0.052 6
ML-1m-4 2 000 1 000 0.0572
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A ] 7R IE B HELE AR o5 AR v B He ], s ol
:|L(0)ﬂT(0)| (8)
recall IT(0) | °
F1Z55 T HERR AR [l 5 SOy
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i = precison Trecal (9)
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Table 7 Precision of different algorithms on different datasets

BRE ANSR KNN(k=3) IBCF CSBR CSPR GreConD-KNN
MovieLens-100k 0.2526 0.2015 03213 0.1957 0.2256 0.1813
MovieLens-1m 0.2116 0.188 4 0.2622 0.124 3 0.156 1 0.243 9
Filmtrust 0.656 3 0.450 9 0.201 9 0.5756 0.5539 0.536 2
ml-10m-s 0.243 4 0.233 8 0.283 5 0.281 1 0.3115 0.203 2
jester-s 0.628 7 0.740 0 0.698 5 0.552 1 0.597 6 0.261 4
Eachmovie-2k 0.223 1 0.203 6 0.140 9 0.207 4 0.209 4 0.140 7
Eachmovie-3k 0.2346 0.207 6 0.200 7 0.2120 0.2359 0.1827

8 RFEBCRE TR A [

Table 8 Accuracy of different algorithms on different datasets

LIEiES ANSR KNN(k=3) IBCF CSBR CSPR GreConD-KNN
MovieLens-100k 0.279 1 0.3450 0.190 2 0.2839 0.2749 0.2389
MovieLens-1m 0.2358 0.338 4 0.280 3 0.3239 0.204 8 0.2332
Filmtrust 0.4865 0.4367 0.363 6 0.464 1 0.548 8 0.5143
ml-10m-s 0.348 5 0.4757 0.443 9 0.268 2 0.3314 0.2359
jester-s 0.570 1 0.6360 0.7211 0.549 5 0.5873 0.272 1
Eachmovie-2k 0.274 1 0.276 4 0.2297 0.260 8 0.2524 0.1520

Eachmovie-3k 0.277 1 0.2775 0.2837 0.269 8 0.2349 0.1970
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Table 9 F1 of different algorithms on different datasets

R ANSR KNN(k=3) IBCF CSBR CSPR GreConD-KNN
MovieLens-100k 0.265 0 0.254 4 0.2386 0.2315 0.247 4 0.206 0
MovieLens-1m 0.2230 0.2420 0.270 9 0.179 7 0.2377 0.117 1
Filmtrust 0.5579 0.443 7 0.259 3 0.5130 0.543 7 0.524 8
ml-10m-s 0.286 6 0.3135 0.346 0 0.274 4 0.3207 0.218 3
jester-s 0.596 3 0.684 1 0.709 6 0.549 9 0.583 7 0.2659
Eachmovie-2k 0.250 0 0.2344 0.174 6 0.230 9 0.228 6 0.146 0
Eachmovie-3k 0.253 8 0.2375 0.235 1 0.2372 0.2352 0.1895

10 AFEBHEE T ARE LS 17

Table 10 Runtime of different algorithms on different datasets

Bk ANSR KNN(k=3) IBCF CSBR CSPR GreConD-KNN

MovieLens-100k S5s 2s 15s 2s 1s 3s

MovieLens-1m 2 min 4 min >1h 20s S5s 7 min
Filmtrust 2s 45 42's <ls <ls ls
ml-10m-s 4 min 1 min 38s 3s 3s 23s

jester-s 13 s 6 min 2s <ls 14 s 5 min
Eachmovie-2k 3s 7s 37s <ls <ls 2s
Eachmovie-3k 6s 18s 58s <ls <ls 7s
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