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TERE. B EEF A TEITOARINE  EE R, Z XA, ZAES

HE 52 S P208 NERAREG A

47 & g8 2 A48 o B 22 47 S il B
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SR EA T Z 0N o BEE RS W 4 AR OE AL
BOR N 2l BLHR e 55 09 A e, 2 T B AR 52 )
2% (location-based social network, LBSN) Ik 5 1
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B P g5 1) — A B 5% B 115 B = At s
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HHZ RS A EOCER I LR B AT 348
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% 43 fi# (matrix factorization, MF ) J5 2 4% & b fil
A THAETFRAT B o B X Bk 5 4wt A a) &, SC
Bk [25-27 1 2% F In A5 BE 53 i (weighted matrix
factorization, WMF ) & 1t R 4 Jr 12 ok fift ke i (1]
U, 3 5 02 A A 0 3R Y — A A B AR A
T3 =R T ol 2 Bl A A5 0 O 20 X T AR Oy 1 2
FI AT B X8 B P B 45t £ P 1) 28t ) 32 8 187 0F 7 725 o

BEXT POTHERE 22 58 v 1 B0 f i 1, AR SO
FH R 238 T) 5 R 1Y J7 1k R 2 il iz Im) . >4 i Ao
FEIRE BT MR R A e g H 4y
Br 7 B 2R 5 o 5 2 L — R S DA 4 i) R
AR T % R R BRI, 5/ 2 i s 1] 4 b
E i A NITESIEE RS PRs R R EN PPN
RN G RSy o X T s ] b, =S ORI
B S AR E O P A AR 4 G R T REA
Wb B S ) BER A POTHERE =R 20 A SCAE R
A ZS(A) 5 ZR I, 23 ) 5 2R ik — 20 4l 7y g 3 [ B
HRAREENBII R, G T B
S

B B P S 45t 0l TR) AL, AR SR T WM #%
AR ok B2 fife MG IR) AL 4 M 5 A S A B O i A5 Y
(cooperative competition matrix factorization, CC-
MF) , 1 538 i 23 Br s mia POTHER AU AR K R,
W 2 1) 56 & R Rl B e A R N P
POT G & B9 ff B Rl A 25 1] BE B LR, L POL S
POT K A (4 1 2 Rl 75 18 25 8] 41 40 56 58 19 =5[] B
BHNR REHESENRSELRMTES LR
SR SR B0, Gl B SRR
WME LA K B 5l R W 3 i 455 280 58 )4 454 55 19 1
S NG FR A B G BT A ) O R R R R
FEHEZS 0] 5C R A B MF B8, 58 il POTHERE

AT

1.1 5] @ ik

TE POTHE TR H , W BE 19 2504l s 70 7™ B 5% i
POTHEFE 245 B R B o i, AR SCfl F i J P
POI % 3| Foursquare % #5 45 09 £ ¥ % & N
0.81% o i FE#E#E 7 4t J7 1 ¥ 47 1Y movielens £%
#i5 4E (small) 19 B4 % B2 o 1.7 %, d it 7] I POI
HEAEAT 55 T 3 ™ 0 . POTIE 77 A B0 s o
PEom T HEAE T 18 BT 2 M B T A M S

AR B8 S o A 3 B A 8 2 R AT LK A A
FAS A A 0 e 5 A R B A S R A A B
il 0% K BRLAE 91 Fn 651, 3 ok 1F 13K A5 P s kAT
2k 3RS RO R4, B U R
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1 >
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P 5 84 SR IR DR X i R S i B a5 dn
BRI ) R BB, BEA S 2 TR PR
B, P -POTAR B b A5 25 3045 B Y
TLERCH 1, WA ZE R 5 B TR bRic 0,
1R Xt 80A % 245 B A O0R , A RE
FH P AN B 0G4 J2 P B4 filid i PO, 502 A
JEDA o B RS BE ELEE AR 1 60 D 4, R
AE R & 3 B A, DR e b S 5 (R AT TR A
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v

1 0 1 1

0 1 1 1
1 0 0 0
l 1 1 0 0
BT P -POTAE
Fig.1 UserPOI Matrix

1.2 SEFED AR

MF £ R & P [7] i € (collaborative filtering,
CE)EAR P B AT W —Fpab 37 % . ¥ MF iz
FHEER S BT DL m AN P AE n 4> POL |
Y J e P 28 B 56 1 R, 53 % S — A P R AE
T P, Y SRR AEFE B Qo P Q 1Y B PR R AE
25 () B AEBE g ko P D 0 25 B0 R I R R —
Fofr A W ik 0 A6 B, ELAE BE b os R A Sl s i
)T 07 HZE LA, MEF 3 AR 7T AT 2500 15
it o 4 B A B RO R A IR A B .

7 7 {H 47 f# (singular value decomposition,
SVD) J& Fi B 77 fifk 19— B =X, AN ) 7 5 At 1 [
Gy M7 2, SVD adE HT T AT AT AR B . XF T AR B
Ao ATLLE 3 SVD 2] A, —>X,00 X Yo
N MF 3" e VR i A 5 1 S 3, 98 N D1 4 4
T Z R MF 86k, LU WA ] 4 75 4T 55 F s
HEJE R MF AR, SVD+ + J& MF i) — A4~ 42 it
BEAY B TP 00 8 28 Bk R i B RE 8 A
0] T Sz e P ) 2 i G 10 MR R A Y o SR
I B 4 I 32 18 (local low rank matrix approxima-
tion, LLORMA) J& i1 3Ciik [ 30 JHR 418 A [ 73 it thi
R 1 L R 5 S S A AR R R R B Y . WMIF
& SCHR [ 25 ] 446t JH Of fige e BAL2J6 a) 8 (14 — Fif S g
8T B 2 TRV Bk 2 T B R 5 A — R SR W 2 TR
K FE 4R o 22 IR W A (social regularization,
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SRy 72 H SCHR 3148 iy, B 4 B e i #E 32 G &
FlLAE] T ME A 1P i B R A 22 5 R L e
F AT e, Rt 2 oh A Rl G W2 &
P 2% I MF 19 75 R 2 )™ SCRE R 43 i 5 2
JERRBMBLES 5 55
1.3 wEEENER

HFAE B S AT AT B C, EE&TE
AT A 3% AR 4G 5 DL 1 2 058 3 s HAE
SR POTHERE BN A A % 8 . anSClik[12] 4%
B 48— B[R] POT 4 77 HiE 52 BEF 0 i 4
FAtAE 52 M DL K b 3R i ) #E 47 (user preferen-
ce/social influence/geographical influence based
recommendation, USG) ,# H] F i 4F 412215 &
b A B A R 2 AR PO 72 A5 R | 35 Bl 4
o X T HLERAR B, AT S Btk 2R AT SE it
Br L8RI5 AT B 4 SR vh 25 R 8 5 ) P 28 31 =2 )
MG FR . SCHRLA T3 Y TR AIE 25 18] 23 85 B 1 0 i
55 (feature-space separated factorization model,
FSS-FM)BERL,fin AT i ] P2 043 [ A3 952
Wi, B KA POT I B e AiE v a5 ik 1] 5 1) 455 iE
A [ALREAE , I 30 2ok i (] 408 Jis: A 2 [] &0 J ok i 47
HE— 2P BYSK AR . SCER L33 4y 1 — A fd AR
WA AR R R K S HER —
BE P 25 AN B Y i POT #E 4% (visual contents and
geographical influence for point-of-interest recom-
mendation, VCG) , i I [ i #2 i 2 £ 19 POI{5
Bk 38R B¢ % POT M Bk ] & o SCHR[34 138
U VAR N SR E R E N E o RIS N o
CAE R A& R E S A B I 25 F R SO
AL T BH 5 HE 4F HE 42 (spatiotemporal context-
aware and translation-based recommender frame-
work, STA) , EINEZI M & 48 T =58 5 H
PR AT R AR SCHME o SCER (35 16 POT #Y 3t 3

e

e D) b s JEES
H
Tmt

M POT B iy 38 RO K H W 34 5 B a0 A 2%
HEBR  WF5E T POTAFA Y Mo 5 0

2 CC-MF S REiEn

B X 5040 A R B B 4 ] A, BT 4
B[ SVD JHE B 4> AR AR SCHR T — oG R A
P AS AL HE A B CC-MF . 1 4E, CC-MF #
U H A &% TSR P nT DUHE S AT A &
H B i b /9 POT. ik, CC-MF 5 R & — B 5 14
A VAR B A S R B E SR RIS 4 ¢
FORAG MBI AT HAER RNy %
TR, —AH P Al e ) 5 X 1) 24> PO,
K It , % F POT, & J& Bl POT A #5151 I Boek 25 5
Z POT i ) Z [8] 77 A — B G AR C &, A SCAfE
WO ol R AT S X R G R SE R . B AR
F-POTZE B HH FE b, P A 4 22 SR 1 POLAS
—EJE R E KA, AT AT e P AR AR A
P2 fol 3ok 1, BT LA AT DA IX 5 1 5 R, MRk P 2
fil POT, 245 POTIK T — AL, ARG 25 )8 2 ] # b
O F N 2 1) BE B TR 2 % e O R 3R Y b 2
RJE R, e KRR AT, (DM
i R) ff R R W, TR — R R P AS R U )
POT, 33X J& 7 A7 B [a] 1 3 52 J& M 5 (2) N POT A B
KA, POIZAIFAE S LR, RIMAE KT POL
SRR E LA Z MU a P AN R, BT
LI POT 2 8] BE A 84 1% POT 8% 17 7] HE 2 (0 PR %
MAT BLAGZ POV ) (1 B 2. 48 e, AR SCHE s
AN W BN i N & ) PN ()
FRFR, CC-MF AR H B A6 R w4 ¢
FOM B A A PR AR B R A S T A M
FNPIF 23 [l B P 4R MF .

ARSI B R TR HE SR QI 2 i s, HL AR A 3R
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Fig.2 Overall Recommendation Framework
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[i] F) 5 ) B2 PR 3R 52 e F1 POT S POT 22 [6] 1 %
JE 23 (A4 FD 56 R 9 23 (A1 HE B 5

3) FE 43l o A HE Rl A 2 ) BE R P &R
J& 25 1) # FD 5 F Y 25 0] R DR 2R A0 0 B 0 iR B
R FRAF P15 POTEFAE ] 42 o

4) ANHEARHERE . A4 2 F P B Top-k 1~
POTH#ERHI 36, SE A PEAL POTHERE

X T2 G VE O RO S8 4 6 R IR
22 SCHk[36 ], FLHEA [ 30 A 2

Fu=0b,+b,+ p.q’ (1)

o, 7 R X, T ) —ANME L 7, B, R P
uPiln] POTL i (Y HE AR BK , S Z IR9K 5 6,72 POT i 11
s 005 0, 0% B P w0 i 005 p, 2 P w R AR
] 4 5 g J& POT 7 BURRAE 7] & A 55 &
21 ZTEEBEZEZME

Az 3 VB R AR A N AT Oy 1 B 2 RRAE L
PER R 43 0 — o 3 2 DX e, 2 A S A 9 AE 25 )
RIS IA SN BL M B 2 S S OR R
2014 4, i DUZR A Bl 27 B B~ 3R A5 3 O Keefe
2RI T L E M, Moser R I 1E O Keefe #
F2 0 AF 5 S Aty b 2 BT I A0, 3 e 40
VB R TE B 0 B 45 B . BT LA, AT RE 8 Xt 28
B B0 9 DX E K R Bl 0 A AR A A
b P AATT AT DAAE e R B — A A
AATS POT BB & 15 76 Al /K 3236 [l o T % T 11
TR N R R A A S B U B R R
S BB T A RIS — R &G KR,
DL H DR R T A4S PO TR) B % RS AR O o IR i
5 B B0 TR — A N 3% 22 28 B Y 8] B 5 — 4~ POT
S AT NAE IG5 B 1 8] B 3R K, T RE & JL/INE
W AT RE 2 JL R SUL A 3% T 04 1 vk 48
THOE FH P A 3 22 (0 28 84T o0 2 — A BRI HEK
Bk I 22 A Al g 2 2 Pl 8 SR IR B R R i
e R %) R S A e, LR I BE AN O L+ T2k,
R L TR R A A POTY,
X2 FE PO MR i 925 5 B K, i 4l
THE A 2 09 5 K0 7% B M R B W B/ I B B
MRS 7 A 5 SN AF RN L o T DL AR SCE S
N AR T R & A PR 51N B POT HfE 7 41
5, 7€ LBSN ¥R Jin 2B 3% B, AR 4 LUAH G A7
ESVE B2 o T B B R ) B TR S I
(AT R 3 SCBIF T DA B S B 15 O, 326 B A= 1 e 2
o R PR P LA S Sl et P
Vil 9 POT B (2846 5 ) S (B 541 POL
A AR IF B AR P Esh o, Z

Ja L AR S P g bl A AR E B T AT POTX T
BEAS PR 2 o S A R A3, B AR I LAY
POTFIZE % B A1 1 POL, 3 3 2= 106 18 ok 4 17 45 1]
B PR 3R A S, AT LY M ke POT R 43 A i
P DAY 1A 05 Pl AL fof 4 Ak 3 s ) B B DR R AT
B LB S TR EIR TR SR AR SO
A 2k pR K 2 T A T BE S TR R S R — AN R, AR
VAEWSR
1, (i) <d
"o, i) > d
X, D, = 1FR POLIFELL P w ik sh sk
o B A 3 B N R 2 R TE 5 02 POT B
B P AR B D BB d AR SCAR IR AR
I P B LA % S5 0 W0k 45 ) 00 e 0 P 2R AR
AR 2 2) XA VB POTHEAT FI W,
A 0 B A F P A7 7R 25 8] BE B 52 0 1 POT
SC RTINS Wl
Fu=0bt b, A p (gl +ar D) wegl) (3)

P, o) Ry 7S 1) B 6 R S A R B 1D, O B S
Fud® s /N T d km 59 POTAE S 5w B IP, 4
A KB 1808
22 FEZFTEHEIKXEMNTEESEEZZIN

TE Hiy B 2 o b B2 ] 96 RN A AL 9 43 ] B
BERAR BAZNIMIN LR, SRS T
b HE 2 — i B A% B OG &R, NS ) OG R 1 A
SRS AT AEEREEMNEM. BT m
P00 56 2 B S R g ISk AR SR TR A e &R
BT LAAR SCASAY Rl A T 45 ) B B O R RO R ) iR %
SR A 23 0 D 58 R A 2 1) R B R 2R AR I, O
DAL B POTHERE

R =2 i 32 30 1 A 1E R Mse 4 6 & L POL
F14) b, B 408 i 2 6 HL 7 A B ) BT LA S POT
b R AR R (1 R ' e R S W R S ] FR G R Y
SR N R, TR 2 B R
PLPOT M TE 3Ok 0 5% 25 [ 52 R 1, 3% 5 R 85 30
FIN 2 F A 2% B M A b P T AR S AR SR A
[ SIS ), S B EL 2 40 W7 4 408 11 25 ) S 44 OF
H WA~ POT JE B i 305 AR 2 & AT % Rz 1 23 )
TSR R . BT AR SCRAE S RN R Y
N il H £ 31 4B (£-nearest neighbor, ANN) i J7 7
ok T4k POT Ay M B4R, 5 DAL Sz 2 1] 52 A i
KFR . BSE, L LBSN FARYE POT (¥ M 2 48 b 1€
BB POLIE B9 24 POTAE R & 1 3t BE AT 5
(BT RHINERAR  LRFERAN) L]

(2)
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7038 2 B RCHE A 1 B )R B BRI, 22 S
B4 POT#R 3 ot 8 4B J5 5 R )5, X AF A POI
fhy by 2408 Ja % 17 1] 000 %R I MH 5 B e, xRS
POT Hb 38 4B J& 4 17 5] 431 3% 5 4 {6 0K 22, Of-3fe LA —
AN BB e, S P sigmoid B ECE POT Y 2% i 23 i)
P ¥ 5C FR (14 23 8] BE S 5w AT 00— fk o AR X
(4)~(7) 5 PO 75 JE 23 [ # Fh ¢ R 1Y 23 [H] BE

BRI

Gl= ZF]' (4)
G
6= caird(]) (5)
G,:a(/x((}/*é)) (6)
o 1
7 1+e ™ (7

o, G POT 7 i iy HRLAP J 4 17 ) 455 R, 36
7 POT ¢ i) iy 3 &R J5 78 Iy s 2 31 10 53 v (1 s g
Jeit s 1A POT G b 3 4R J& 4R 6 5 T8 A7 POT 4
A 5 F, 20 POLj 85 ] (30 5% 5 G oy it POT b 3
A0 Bk U5 1) A5 SR E B R A & — > POI
b AR AR B RN AR B L LTl POT
O3 R AL T B AR b X BN B AR X, BB AN B TR
FH A 2 F A I 5008 42 1 35 8 T N 2 [, TRk
Xt Al M KBRS — E W E Gl
POT 7 32 31| (1 7% JE 25 [ 1 1 0GR 119 25 (] B 25 5 1)
p AT R R AR SCHR 0.1, 35 G s bl
sigmoid PR AL S Sk T 3G K iy FHLAT SR 37 ) A % L AN
FE G BT POT i) 25 55, 17 U6k /)N b 2408 S 7 [v) 3
R AL KT 8 /N T G POTJa] i 22 5, AT L)
5 Ak 2 A (] Fh OC FR Y A 1) I R W T
Yoy £ Aty POT 45 0, i 55 4k X057 T 45 1) 246 4b
A POT B T 45 51 AN B AR A (1 POT Y5210 .

o T2 B B B R 2 8brie b 0 ot R If Ak
FH PR B X, 2 AN 038, BT RAAR SC AT 55 A A
PR P22 fuh PO, i B R P 1 288405 S5 9 177 1) 1) I
R RAE S — AT KR M (E TR TR
Fhas 18] 5C F 9 25 (8] HE B PR RS2 . 3XRE A5 R
PAET X TR H A & 2 POL, B AT
S/ —NMES 5 E SR A R0 b b 2 H
POIMARIE . A5 128 (B4R 40 5C R 19 25 [a] E B
S 1) 1 00 2 5K

Fa=b b, +p.(q +a D wegl +

n D
PE€l

a > wegp) (8)
i"e 18y

P, o J % I8 25 B #1415 R Y 2 (8] B B 52 R &

B 15N POL G KA M B AR TR 46 6 5w M (8
softmax bR FCAR 45 25 18] 40 $h & R 52 ) G, 153 11
&
23 HEMRILREE

A SOl R WMEF HP 8 A sz 70> - 3fe 14 D) ey 2
B B bR pR B, &2 X A T i AR T 2 R
T R A ALE R SOk [ 26 148 Hh A FH Ok A e
PR R ) R — Bh 7 %8 . b T AR AR B e TS
L PE R AT DARE AR TR B 7E TR S 80 i
B AGI SBT RS S8 X
Fofr kb 39 7 3R] LA 280 A A 3 B T, L A R
b (B R

bt E AR BRECH

Owyr = min >} wm-(r“, — f“,-)z (9)

A, w, M5 wfe POL 7 s 25 3150 5% 40
RHRMEEE , EZ2NERIEREREE RN
w,o TP -POLZE S4B 1 0 0 2 7] g &
KAE, T HA = 1 c R A AL .
FEASCH I A (8) T, HAr R -
Ocro = min Ew,(i(ru,»*fL,i)Z +All6]” (10)

KA, AR IE WAL R 8 0 R8T A T B S
Hm

XF T (10) , A SR AT BEAILES B T B 7% (sto-
chastic gradient descent, SGD) ¥ 244 .

a()GE()

0<0—s 20

EIRPL E
3 REEFHEIE

30 LRHBEFEESSHEE

AR SC A FH H 52 % #1) Foursquare 45 419 %
W BT 4 Y CC-MF BB M e o iz 8 45 1
5 2 321 H P05 596 4> POT, &3 194 108 4~
0 B BT N 0.81% . i AMLAF2E 2
O A RIE BB S &0 2 W E R
5, W BB EE S s R 0.001, IENIE RE AN
0.001, %5 [A] FE 2§ 5C R FZ W R AL o, N 1.8, 5 B 25 [H]
P05 R 1 23 (8] E B 5% W R 40 a0 R 0.004 5, 2B 1
Rl AR d ok 1.5 km, MR JE AN E0 6 10, SEHG(H
FHE ML H 28 (CPU) 2 i17-8700, NFEHN 32 GB.

Sy e 6T B A AT U e, e s TRDIG R (4 R
80% fE Mgt , 5 20% 1 Ak 4E . X (8)
TR A RS B 25 RS T AR B 7, A
HRR /NI, A B4~ F P 472 21> POL
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3.2 iEMIEER

PEAN 6 AR B THERE T 55 , CC-MF #28 f 4%
55 e HERE S P Top-k RUHEFE o A SOl A
R PR R R X R PE A 48 bR R A CC-MF
BEAY (R BE o iR 52 48 HE 7 IE 8 1 POLA 4K
WA BRI AE , B R R 48 7 E AR
POIA %5 P A8 DA v 52 B 2 ot (9 POTAS %L
ONER I

B 1 card(U )S ﬂM (}3) .
P= card(U) 2 Tx1ooA (12)
B 1 card(U S NM, () 0
R= card(U ) ; card(S,) X 100% (13)
K, URRHPES S, 2o H P AL 4L h
Vil 19 POT&E A s M, (£) FR CC-MF #f #2571

B A POTES .
33 HEERE
BB A SCAE T e X o B T P 25 B S0 B B m

ANH P n A POL. HE R 53 fif 2 B2 04 115858 2%
N O(mn®) . B 256 B & N 2 52 m 018 5 2
FE R O(n) , 2% 5825 [6) 3 40 56 Z 10 25 8] 15 25 52 i) (1)

WHRERER O) AR ELITR , Zid 2
Mt AR RERAEEAR ST EERE D,
PR, A SCHR I I HE R R it R 2 2R O
(mn”) o
34 ZWERKSH

A S R F I BR LR A AR T P
P [ it 3E (user-based collaborative filtering,
UCF)"™,UCF J2& — i 22 it (¥ 55 1 1 P 0[] 3 3%
W47 7 18 5 o il A Ak 5 IR BE R B (factorized per-
sonalized Markov chain, FPMC) "', FPMC & %
FH P Qi G- 8 Ak R A P A ) S R B G 6 B T HET
(1) Hhy L K 7 53 i J7 7 (ranking based geographical
factorization method, Rank-GeoFM) " | Rank-
GeoFM J2 ﬁmA*lEﬂI?mMF&ﬂ,HLFﬁT—
v HE P 00 Ak 380 5 R A 2 1) 43 8 TR 49 fif A AR
(feature-space separated factorization model, FSS-
FM/T) ", FSS-FM/T J& il A %5 [1] ] K ) WMF
AL iz THE Y DL A 3 s B TAE B v il i | °F
SO POT #7745 AU ( general matrix factorization
model, UCGSMF)'"*' | UCGSMF 2 fill & b 3 {5
SR HE B A3 il R SRR HERE SR o 7E Four-
square ¥4l 2 B4 A SCEE ) CC-MF Jrik 5
R JURRREZ Oy gk AT TN SR g, B T
[i] B2 DAL 2% 0 2% s () 4 1 06 R A 2 (8] R 1A
R S 25 RS 0 0 1 3 A 4R

H A R MR A 5 40 HE R A B Y HE T
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Integrating Spatial Relationship into a Matrix Factorization Model for
POI Recommendation

WEI Haitao'? LI Ke'? HE Xiaohui'? TIAN Zhihui'?

1 School of Geo-Science and Technology, Zhengzhou University, Zhengzhou 450052, China
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Abstract: Objectives: Point of interest (POI) recommendation is the prevalent personal service in loca-
tion-based social network(ILBSN), and aims to provide personalized recommendation services by using the
information carried by LBSN. The utilization of spatial relationship information as the side information sup-
plies a chance to product better POI recommend. However, thousands of users and POIs in the LBSN
make the user-POI check-in matrix very large and sparse.In addition, check-in record data is typical implicit
feedback data, which cannot directly reflect the user’s preference. To tackle the aforementioned challenges,
we propose a relational matrix factorization model based on cooperative competition matrix factorization
(CC-MF). Methods: The CC-MF model can simulate the relationship between users and POIs, and di-
vides spatial relationships into spatial distance relationship and spatial topological relationship. In order to al-
leviate the problem of data sparsity, the model excavates the spatial relationships among POIs, POIs and
users by integrating spatial relationships. Firstly, we use nonlinear function to establish the spatial distance
relationship between users and POIs, which can connect the relationship between users and POIs. Then,
knearest neighbor (ANN) algorithm is used to calculate the geoneighbors of POI by considering the spatial
distance factor of spatial topological relationship, which can further alleviate the sparsity of data. Finally,
the spatial relationship is integrated into the matrix factorization model. Meanwhile, the weighted least
square method is used as the objective function of the CC-MF model to relieve the implicit feedback prob-
lem. Experiments are carried out on the real-world check-in Foursquare datasets. We test the recommenda-
tion performance of the proposed model and baseline methods, and analyze the crucial influence of different
spatial relationships on POI recommendation. The precision and recall are used as evaluation metrics. Re-
sults: The results show that: (1) The CC-MF model significantly improves the precision and recall of the
recommendation results. (2) Considering the spatial distance factor of the spatial topological relationship can
further improve the performance of the recommendation system.Conclusions: Therefore, CC-MF model
can make use of spatial relationship better and more comprehensive. The proposed CC-MF model has bet-
ter scalability and better interpretability, and can alleviate the problems of data sparsity and implicit feed-
back usage.

Key words: point of interest (POI) recommendation;location-based social network(LLBSN);matrix factoriza-

tion; spatial relationship; space distance
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