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Natural Noise Filtering Algorithm for Point-of-Interest Recommender Systems

ZHU Jun"?,HAN Lixin* ,ZONG Ping’ ,XU Yiqing' ,XIA Ji’an' and TANG Ming'
1 School of Computer and Software, Nanjing Vocational University of Industry Technology,Nanjing 210023, China

2 College of Computer and Information Engineering, Hohai University, Nanjing 211100, China

Abstract The inherent natural noise in the original dataset of recommender systems(RSs) causes error and interference to re-
commendation algorithms. Existing studies pay more attention to the malicious noise represented by various security attacks. The
natural noise which is more subtle and difficult to deal with has rarely been documented. Most researches about natural noise are
conducted for conventional RSs. However, the data feature and the causes and forms of natural noise in point-of-interest (POD
RSs are all different from those in conventional RSs. To filter the natural noise for POI RSs,a novel natural noise filtering method
(NFDC) based on dispersion quantification and clustering distance analysis is proposed. The dispersion of a subset of the original
check-in dataset is defined and calculated to indicate the data-driven uncertainty,and the accuracy metric F1 is adopted to repre-
sent the prediction-driven uncertainty. The measures of dispersion and accuracy metric vectors are empirically categorized to iden-
tify the proportion of the potential noise. The fuzzy C-means-based denoi-sing algorithm is performed to analyze the similarity of
user behavior patterns and then screen the potentially noisy points based on clustering distance analysis. A customized rule is de-
signed to further verify and delete the natural noise. Extensive experiments are conducted on two real-world location-based social
network datasets,Brightkite and Gowalla. The datasets processed by NFDC and the other four benchmark algorithms are respec-
tively input into five representative POI recommendation algorithms for comparison. Experimental results show that NFDC effec-

tively filters the natural noise and provides reliable input for RSs. Compared with the highest accuracy supported by other denoi-
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sing methods.,the accuracy in NFDC-processed Brightkite and Gowalla datasets is respectively improved by 15.95% and 5. 00%

on average.
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Fig. 1  Workflow of NFDC algorithm

3.3 BREX

EX VBB B o B U5 IR R 0T A A E
B G s PO U P w7 8] 2% B8 S L B — A I I S
Fb sl P RIALE MR SR LU w FEAE L R
ZBNREL.

EX 20 IER D B w U261 U
Koo E c NMHEBPIRBUE BT IERE. P w iR %
R L AR IERE B O c TR, Horh g — T P 2 IR
LB A P RIAE (R38R R o LUZ IR Ui ] 09567 1E R AL

EX SO ZR B EEE)  RETHP « BV R K
MR ES L NP v ZRERENEBOE NP o TEES L
r R A8 YR O LE B B 2 R — RO YR B S 2 R LU AE L

EX A S RETOAXIERD Bl 5%
Z s ceny, 22 I] Y 26 6T B ES O

dis, = | 3 (ry—cony)? @

EX SRR SR L MXTEEED KRR CH
(B SRS SR I B2 JE RS Mem , 86 € dic KSR B2 W R 0 ceny
B AR A TRk S B S PR B cen, 119 48 X BE B8 19 OF- 34
B B HACHE dismy, o BR85S R0 55 cen, Z 18] A0 Xt
PR 2 X BE B8 dis, 5V YRR R dism, 09 LAH .

4 ETEHRITIELERXEESTHNBRES
4.1 BEB ARG
40101 s B R A M B AR B AL

SEGHE RGN GRG0 A RS I
BRI P ZE BT N2 R B LR AL . X B
V14 25 B ) 22 0 A T 2%l 3 BF 20 Y B AT SRS L i
B R B E P . NFDC 573k 3 o 355 P 28 20 K8l 19 %
P32 ke kA B A0 K 8l ) A 0 A

TG TR JRUAR 45 BIRR A © v R T 1M Y BE AL 7R A
7 VR e B AR 2 TP B OHC D o 2 B T SR M AT RO R L A

B P AR & R p(0<<p<<D), MSLIRAT iter YKBEAL
HRIEF. BAZH FRIBENES C ={(C..C., .
Coiwbo WREADNTHIIESE C . A<r<<iter) h ik F M H P 4
BRU, = {wsurs s upenu ) & PR U5 18] 6L & A 50K
{mysmy s sy nu b o
B w, A<i<<p X NU) B Vi [0 {9 2% B 54 A N L =
(Lol seee s L b TEAS DL E BB BB A (crvens oo
Cui bo TH LAEG A AL E 09 B b0 SO KO AE P
T 1 TR s U5 IR0 26K 41— MO R EE B
dpi:
dp; =dis(P;,1[;) X, (€))
Horp, ATARYE t oG L PGSR B Clon,, s lat, ) FIGALE [ 194 4
BE Clon; s lag; ) V58 P 38 22 (0] 9 b 380 2
dis(P;,[;) =R * arccos| sinlat, * sinlat; +coslat, *
coslat; * cos(lon, — lon;) ] 4
Horp R Bk AR . R=6371 km,
FEMEE 2 7B s U 0] D68 R 1 18R T IE B S
dpy:
dis(P;,1;), =1

dp; = (5)

dis(P; ,ZJ)JréLdis(P, 1) X1ogou ks ;=2
HAr, cmax RFEHE G A H PSR E R RE . 7T L
F L IE R B A TP 7 Tl YRR 1 g i O BB
Wt P B R 1 ) S 2 R A A AR

TP w GRS L=l Lol ) 1%
BEOE SC3 MR P o 28 BV EHE W B

0, m; =1
disper; = Zldpu' (6)
7,:’7, m; =2
2dp;
i=1

(ELAS 25 02 1 P e, T 52 17 1) 0 5, 19 900 25 9
W IEIR B dp, WU ZE . dp,; §—IIRIEES dp, 20



136

Computer Science THEHLELZ  Vol. 50,No. 11, Nov. 2023

R T Z FIB LEAE I B/ . R, B BE disper; € L0,
1], e M/MUR I P /Y 2 8047 B BE T . Y disper; =0 B,
o M RIE 1A bk BRI S TG R Z L dis per R
FoR P A BT 0 B BRI BT 2, 2 disper; =1 I, R
P TE BT ik b 3 R )ik — 0, 2 847 8 9 B 0

A, Py

R o
R B FEIEE C P aE P WEBUE (disper, »dis-
pers s+ sdisper,. v ) i » VB AR FB0H6 5 1 -2 BB .

PANU

2 disper;

TE iter N F 5UHE 4 P DL B IR TR A A TR 4
B SF- 35 88 R, 0 SR drer IRBE AL EE SR AR M B B 45 RS
AD={AD ., AD ., AD .},
4.1.2 G TR R B R b 0 A 5 R R A

Sy Y R AL T B By 04 A B P TE A A 4 B0 SR T B
N REHIITEAY FRRE R, Q<r<liter) P L BT HEHEH
B Ars, P XA G R HEATRE B O AG 3 B R SRR TE Y W T
B 4 P 19O 5 K (Precision) . A 8] % (Recal) #1458 & 15 b
F11{H.

Wetr Bk Ars 76 T A0 £ R, P 0K 80 R A 4 0] 3K )
il

AD_r= <)

PNV | Rec(u;) (| Like(u;) |
> N
i=1 4 ¥ train

precision_r= SXNU (€))
PXX\‘“\Rec(u, ) (N Like(u,) |
1 = | LikeCu;) | (9
recall_r X NU
HA, N JETEHE VA B SRR TS LU BB Sy 1 D7 Al 4 7 A5 700

FI4 9 1 T 5 50 B Y AR 81 3 IS L Ree Cu ) S 4R (25 T
w; BIHETE S 35, Like Cu ) 52 P 0, FOIE B0 0 24 R A5

T RS AR T A 2 ) S LR R (E A
A7 B Al B2 v T K Sl A AN W E

Fl r— 2 X precision_r X recall_r

(10)

precision_r+recall_r

UL i ST AR IR AR irer NS TR S
B RS B, 2 o dter K F1 % RE G AF = (F1,,
Fl,.00F) )
4.1.3 WERHZEE AKX EIZIE

NFDC $ 3 2 Gt % 4 5005 5K 30 0 B0 5K 30 A9 K B 2
P HFREMITEHEES AD={(AD ,.AD ., AD ., } I &
WEMRBEAE A AF={F1,,F1,,,F1 ., } Z [ (A0 1 A 2
ZUG IR M U AR E AR A L

B KBTS A AD MER & A AF P RyC £ %
A= B 0 T HE T 8 HE R S 9 AD 4 & R 4y Sk HAD
MAD 1 LAD 3X 3 41,4 77 J5 19 i i B2 42 & AF X4y Ry
GAF .MAF Fl BAF 3% 3 ¢ (W3 2). HAD ¥ L B F %48 4
BA TS R A KL R T 45 BT Ol A0S R AE 51 A B die
AR BB BB KW 2 . MAD Rl LAD W5}
9 e i B v S R B M AR AS B S R Y T RO 4L T X
SO R BB A A Y HE TR 2 R 4 B 4 P AR P R R 25 K M 7
%,

2 BB MO S w5 A v B Y S 2R
Table 2 Computing scenarios for dispersion quantification and

classification for prediction accuracy

HEAX  ERrAX R T &
Y HAD BHER AD' 477 1/3 T &
SO BEHESSE  AD &5 FE 13 5k
LAD HE 1K AD' 54 1/3 T4
- GAF B o 4 b AT AF 546 1/3 T %
g MAF TUURREEE AR RS ER 19 TE
BAF B e £ AF &£ 45 1/3 1%

T DL B E AR 00 28 05 KR s ORI SR
HeAE WA AL G, 3 — 2D S AL TR AE B SRR S I AR AE R
WETE H AR S B ) 3 AN Much . Moderate 1 Little (UL
£ 3. N THE 3 AFCEFNN RN A B L BIE X Ab 3
SR (A 5% SCHR HEAT 40 56 R 4Y L R B B 4R R — IR AT A
FH A% ~10% A B SR Wm0 e gk, NFDC 55k
W Much FONBHE AR A SRS L6132 52 6% . ¥ Mode
rate BN B BE 0 F AR RS L 0 B2 Sl 426, 4% Litele S0 H
PEAR 1Y AR TE LB 2 2% .

F 3 THRAE AR [ AR RS A AR R L A R AL

Table 3 Quantification of potential natural noise in subsets

%‘ﬁk.ﬁfﬁfi’] ﬁﬁ%fﬁ‘cﬁﬁﬁa BEHKRE 3
&4 £4 BERA

HAD BAF Much AR R
HESHE T EEEHMEE ®%

MAD MAF Moderate BEBERRF
HEAHENTE HEEHEFSE L

LAD GAF Littte BEE KRS
AR EEEA M B3

F T SR R RS B R B3 A B L 2 AT R 22 B B
HLHE R AL G (AR iter=100) , T %045 48 ob ¥ 76 W2 75 B0 B9 1L
155 RS T BB A . B B A 00 4R B T TR 0
PR G (e v oo e, | BT S (EAE N TRBOE 4R e 24 19 8
TEME S LS5 2 e,

€=51+ez+~--+sw

iter (1D
4.2  BSRIRFE B i% (06 T 71 M RR

2 JE B DGR R I H R AE A 4 AR AN RT3k o b HL A RO
HH P 8947 R i B — 8 B 2 R0k P 0 2608 5 1 )
BRES S AT RE R NS B Ay L WA . NFDC 5532 % AR C ¥{E
BT LA B RS
4.2.1 HEBRERFFL

Xt FH -2 S P Ay R 4R R={r; ) GE[1,NUJ,j€[1,
NLDHF R AT C W EHBE AN c M REF L
Cen = {cen, sceny s+ scen, ) Fl i 24 0 S J@ Ji2 40 B Mem ,

B 5 AR A 7E SRR B A Mem Th L5 1 AT Y
T KAE R mem,, o FEBERE S 4 A2 T EIE S o 5 R
HRty ceny, ZIA] I A8 X HE 8BS dis, o [R5 B8 SC 5 T A B

r GBI T cen, Z IR AHXT BEES dis,”
. dis;
dis; = dism, (12)

55 3CHR 26 75 4k B MR 7 H0 408 I o I 7 S 3R Sy — 2R ),
D4R AR R G TR TP R M HE AR AR Y 2 R R B T MRS RO
TREAR WS T3 — R R, NFDC B8 £ % & A4



A AR AE T SR A RE R GERY [ AR A O IR A vk

137

BIE L HG BJ0N 0 B A AR T BE B AR B/ INHE T L A0 4k 1 7R
B SRR L ] e o o g A 2R 2 v R R 2 rh O AH U R B
7 T A BRSO A BN AE A AR S B 4E Up .
4.2.2 B RRBRIERRG

TR FI AR MR P B4 4 Up v 10 B0 i (U2 BE B 75, 2
AR IER AR SRS A T — L8k, R rh
BB A BR T KRR BRI O A cen Z AN B
Pt v 5 F M 5R SE rp o R 2 TE] Y A X R RS 8 R Diso=
{disor s+ sdiso. 1} o FEXPTA R, BATTEERIE T
WA Y A Dism= {dism, , -+, dism, ), RIPGRAE
B E 25 43 BT AR 20T NFDC Bk 58 T VB 7 B AR M 7 404 11
B GE R

XS Up PR TE F AR W RS 508, n 532 [m) ikl A2 LA
TEA KA

D ot r 5 R KRR BRI 0 45 ceny 1Y A X 2
dis;"/INTIZEHR B0 Diso 4 I ITTH

DHAE A, HH BRI R BE RS PO AL ceny BY AT R B
dis;" KT Dism £45 1WA IGE.

DU EA Ay 2 B0 AR A BELIE 0 AR R S A R A B A
SRR A B AR Un

R - IR IR 25 BB 4R © R P- 2480500 - e 4E R
TN B B SRR RS ARG Un 43 0045 23 38 B SR IS A 4% B4
W ORI BRER .

5 LWHERSHM

5.1 LIWHIEE

A SCHEPIAS A TF 00 AL B 4158 ) 45 55 35 4 Brightkite? il
Gowalla® T B 5280 . Brightkite £l 420 & 7F 2008 4F
4 A —2010 4F 10 A Wi 58 228 44 A )7 78 i M i b A9 4158 %
FMZEFHO T, Brightkite B4 4 i iy 248 540 79693362,
PGB A E 2B s 3k 4747281 Sk H P Z BT
214078 %4138 K R . Gowalla $UHEE M F7E 2009 4F 2 H —
2010 4F 10 7 HAME] 196 591 44 P 7E1% M sl - 4 52 56 R4
FMFEE . Gowalla BOHE 4 Hh i 24 R s 808y 1256 379, I P #E
MR E R RO R AL 6442892 &L H P Z B T 950327
FARKR,
5.2 HUETWALE

Hi F Brightkite fil Gowalla it 3% 48 H 119 248 55 F1 25 3130
SR B0 A A % [t X, G Al b DX A B0 0 A A R T O
36 i A R AN A2 S A0 B R T R 2 S B IR A5 AR Y
M2 Ik, N T X B AT R AN BT AR SO
60 YO0 0 5 ¥ PR P A S D X, SRR AR S R S R R A
JE U 26 M XY 48 2090 sk I AR A 38 E b S B
Ccounty) £, F£XF 454~ B 110 240 o5 5005 &8 3 i Bk A7 5231
FHEF 5, e 35 EE0E & i & 19 2 (Brightkite B8 4
i Los Angeles & fll Gowalla $¥5 £ TP 19 Travis B) /F b 5
56 WL X5 42

WEAE S TR B AR B R R RO 4 R A R A Sk 1
S HE— 2 o I I A B R RS AT BRI P w FIAS 3243

D https://snap. stanford. edu/data/loc-Brightkite. html

? http://snap. stanford. edu/data/loc-Gowalla. html

B4R S LT B L SRR AT

DMBRIRSL P R BAAEEE D 1 ZA3 LR WA P,

2) I B3 AS 15 BR 09 FH P - E Brightkite (19 Los Angeles $U ¥
Ferp BBV M 2= 2 D ALE B X T Gowalla H1
Travis 0984 K BIE TR R 10 DL A B 1 B0 2 2% 8
[t 2 10 S E M P .

3) MR ¥ IT 9 7 B - 5 e or & B 7 IR /9 P 400 F NV,
DTN R 2 1 i 98 T I AN 32 X030 1) 7] L 2% K T ) I 5
F Brightkite i) Los Angeles g % . NV=2; % T Gowalla
H1 ) Travis BB . NV=10,

it VB A A 28 O AR RN A8 B BOHE e IR X CD B Ak S T P -2%
S HEVE R, Fe 2K, Brightkite 119 Los Angeles (&
£ CF SCHP ) O “ Brightkite™) £ 5% 1233 & H 2 #2951 4>
MR, Gowalla A9 Travis 38 4 CF S 1 B8 “ Gowal-
la™) AL 7 3280 4 FI P A1 3335 A2l . B 4 i L AL ST T
F RN 4 g,

4 BUHETIALBE)S Brightkite Fil Gowalla £04E 5 ) 4811

Table 4  Statistics of Brightkite and Gowalla datasets after

preprocessing

Gt Brightkite Gowa.lla
(Los Angeles) (Travis)

AP EE 1233 3280

R BE 2951 3335
HEXEHKE 8432 36050
BEEEKE 61710 200817
FHENR WA RTEE 50. 05 61.22
FHE AP RXREE 6.84 10. 99
SRRy - A AL N 20. 91 60. 21
J P -0k R AT o KB T B R B 0.983 0.982

5.3 EHEFXEE
5.3.1 R MR HKLE

AR 4y ISR NFDC 835 FLLR 4 Ff 356 o 7 26 % #ff 7
ARG TRBIR AT TALBE L 4 Fh 7 R AR B A0 R .

1) Base 4% JR 55 4. 2 /N5 o 19 9 72 X 4 B 408 4 R AT
VE3 48 B 40 A8 A2 P 43 46 B J5 AN 547 A o] I s 4 28

2) Diff-based™ : Z Wk E KM R R G- B T H 215
FE I TR PR Y S, 2 R A [) I A BT M PR R K MR R
B2 U B AR RS S I A A B, A
B AR M 7 A TR A AR 2 T vk i B T 0 A R I
53 o B SR V43 5 B0 Y43 2 18] 1 — Sk Ll i LB — Btk
TR 5w T BRAE K I IR TP A3 5 O AR MR

3)NN-Crisp!"™ 1% 7 & 1715 %05 IR i BEHERE &R 5 1
H AR MRS JEAT U RN N TE . & 58 R PE 2 Sl P 3 H
FVE 53 BEAT 43 28 AR IR 3 28 45 L 1R 03 s T B8 M 75 B8R s SR )5
SR B () sk O A0 A B 0 (AT I 40 N i T TR (6 AN T
Z IH) Y 2 S 58 O 2 1E H AR RS

4 PCA-based™ . FI| 78 HUH8 F 45 . 0 A% T B A e 745 33 Bk
SRR A A Tz WY 3 L4 43 BT (Principal Components
Analysis, PCA) J7 % 3 17 M 75 %5 P 49 40 7, 3 28 51 X % & il
I P R AT A N I B

L b 42807k, Base Jr AU 98 T4 Z R R A



138

Computer Science THEHLELZ  Vol. 50,No. 11, Nov. 2023

T R A R P RUAS 52 00 1) D4R A s LA O ik B R AR I i 1
HE— 2 3 YR AN TR B 25 1Y M 75 250 - PCA-based 77 1 J2 % & 4
7V B B 28 175 ¥ s NN-Crisp J7 12 B 4F X [ 48 e 75 3647 %%
8 7 Uk s Diff-based J7 v WU e JB0 T 32 e 7 R 19 4K R A (AR 50
PRt s AR 52 X6 RN 92 5 Wik 7 LA I 4 Rk r ik 3 B
—E AR,
5.3.2 fEHFF LB

ST FRCECHE FAL 3 2 J5 T A AN TR Y B Ak P 2 R A
AR B L DL L AN [ Y A T B R X % 24 4 e B 9 A
PER T SRR B . 5 B AR MR RS —
TR LIS LRITREECEER MEERIEE RS
— WA . P, PR AR A M B O T L ISR 3 A LY
P I 2o il Bk L B0 3K P A B [ A B vk UBCER B+
T H A E ] 5 g 5k IBCFSY Ry 508 43 fift 55k SVDPH L 4k
J& 2 P B AL B 4 56 &R R SO E R ORI P 4
BT A 1 B 5 0], 4 91 8 4 3 F A 58 56 FR A MR A MR R A
T FCF& R F b BURRAIE 14 4% % B2 A 7151 KDES 15y
TR
5.4 FWEIHEMEMBEERASR

TESATVETE F AR M 75 LL 1A 1 B, SR G T BT A R AL TR
KM BT BUR A W B R T R S B p=
0.7, BEHLTE RAEUE N 200 Girer=200), K 2 K 3 4T
1 Brightkite 1 Gowalla H' 200 A4~ F $ 48 42 10 B BUE {AD , ,
AD 5500 s AD 900 ) Il FLAE{F1 W F1 5o+ s F1 550 ) BB RS
B P R R 2R FOR U R F1 E T E

25
20
| 20 I
20 | I
15 1 [
g, g . €15 .
¢ g : ¢ I
3 10 § 1 310 1
¥ R ¥ !
Ry LY ! LY !
5 5 [ 5 |
1 1
| 1
0 1 = 0 T 0 T
0625 0632 0640 0.001 0.004 0.007 0.006 0018 0.030
Dispersion F1_SVD F1_IBCF
(a) (b) (o)
1
[ 1
15 ] 201 20 |
I I
§ | § 151 § 15 !
210 ? 2 '
e | ] N |
3 | 3 104 310 !
3 : £ £ :
&5 | & & !
1 5 5 !
[ 1
0 I o : 0 I
0.004 0.010 0016 0.010 0.025 0.040 0.030 0.045 0.060
F1_UBCF F1_FCF F1_KDE
(d) (e) (€))

¥ 2 Brightkite 745 48 v & BOUZ M F1 RS0 A B07 18]
Fig. 2 Histogram of frequency distribution of dispersion and

F1 values in Brightkite subsets

FeT IR 2 ANEE 3 i 200 2 RS R R A% 2 A A B Rk 1Y
F1 {8, e85 UL Y Bz /R b #H 0C & %X (Pearson Correlation Co-
efficient) fF 2y S5z Wl w5 102 A7 HE 1 J3E =2 1] A1 G M 1) 48 11 48
T o B IR 3 AR 56 BB r B X I 1 2 K F- p B (p value)
Nk 5 il

F 5 AL A BRI 5k K FL(EAT S B8
JERA R EM K (p /N T 0.05), HYE AR KL KR

R R AMAR S B8 Y/ T 0, BRBCHR IR 3 Y 7 i 5 e 25 (g
FARE ), B A T A R ARG Ly o T L L AR SO
T RV A B A A B — R DT ST 0 AR AR R S
o2 47 HAF 6 3 B MY . i 2%, Brightkite Hl Gowalla %1
PR AE A MEFE G 7D T AE A SRS L5l an 2k 5 BT F .

2 15
10
g s g
Iy 2 g 10
N § §
X X 10 X
L y :
Y <y & 57
5
0 0 - - 01
079 0793 0796 0042 0064 0085 0018 0032 0045
Dispersion F1_SVD F1_IBCF
(a) (b) (c)
20 | .
I 20 4 I
15 1 I
<15 < <
S < 1 < 151 1
? ) | 2 i
o i ; $ i |
1 1 1)
1 1)
5 5 | & 51 1
1 [l
0 : 0 I = ol i
0055 0075 0095 008 o1 014 0007 0017 0027
F1_UBCF F1_FCF F1_KDE
(d) (e) (€3)
&l 3 Gowalla U845 b B HIURE AN F1 (B9 4503 43 A 77
Fig.3 Histogram of frequency distribution of dispersion and
F1 values in Gowalla subsets
5 EHUE S A MR FLEZ H A9 A G
Table 5 Correlation between dispersion and F1 values of each
recommendation algorithm
L B
Al K M 4 AR
! Brightkite Gowalla
r(Dispersion, F1_SVD) —0.3899 —0.5072
p value(Dispersion,F1_SVD) 0.0024 0.0095
r(Dispersion, F1_IBCF) —0.4078 —0.5217
# p value(Dispersion, F1_ IBCF) 0.0016 0.0015
x r(Dispersion, F1_UBCF) —0.4060 —0.5384
& p value(Dispersion,F1_ UBCF) 0.0004 5.24X10°7
#r r(Dispersion, F1_FCF) —0.3702 —0.4146
p value(Dispersion,F1_ FCF) 0.0063 0.0118
r(Dispersion.F1_KDE) —0.3514 —0.4513
p value(Dispersion,F1_ KDE) 0.0094 4,29X106
# BERF L e gyp 0.0421 0.0391
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Fig. 4 Precision values of each recommendation algorithm on Brightkite preprocessed by different methods
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Fig. 5 Recall values of each recommendation algorithm on Brightkite preprocessed by different methods
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Fig. 7 Recall values of each recommendation algorithm on Gowalla preprocessed by different methods

W 6 FE 7 B RAREEH R LU W
DFIESHRNEOKE NG EEMLEXR, X

I IR A RS R — SR B N RGOS R R A D B R — g N

WAEH

2) JIT AT A S TR T W M 2 U A B B o o A T RE R AT
TAE Base Bl 42 v B3R B L33 5 W1 44> 5 B A 52 T 285 B0 4
Hh R AT A TR A A S, LT S TR A e o A 7 Rk 1 LI P e
R ONUE A

3) 4 M S ILFE NFDC 5735 b #5119 Brightkite $04%
M Gowalla ¥ £ IRMG T IR MWIEEREFIE. 5
A 5 78 PCA-based., Diff-based # NN-Crisp %% #2 %
e FMERRE (3% 6 WA —4T 45 3—6 B I fi KD A L. SVD,
IBCF, UBCF,FCF il KDE #E#£ 5% 75 78 NFDC 5 i &b # )5 (1)
Brightkite $(# £ (19 F1 {HE N #9 4 FHIUE T 055 517 1y
BT 21.52%.8.06%.16. 22%,19. 53% I 14. 44% ; 1£
NFDC #3435 B9 Gowalla B4 88t Ay F1 (B 0 4 1] 3 2



A AR AE T SR A RE R GERY [ AR A O IR A vk

141

PR T 6.11%,4.56%,5.67%,2. 83 % f1 5.85% .
F 6 AR R F J7 1 Fi 4k B 9 Brightkite
B b F1H
Table 6 F1 values of each recommendation algorithm on Brightkite

preprocessed by different methods

t : % ) PCA- Diff- NN-
a\;ﬁ #&z;% Base based based Crisp NFDC
5 0.0008 0.0013 0.0012 0.0017 0.0019
10 0.000 7 0.0014 0.0011 0.0016 0.0020
SvD 15 0.0006 0.0015 0.0012 0.0017 0.0023
20 0.0004 0.0017 0.0016 0.0020 0.0025
5 0.0073 0.0189 0.0177 0.0198 0.0211
. 10 0.0066 0.0198 0.0183 0.0203 0.0218
IBCE 15 0.0064 0.0202 0.0191 0.0198 0.0224
20 0.0063 0.0196 0.0190 0.0197 0.0212
5 0.0040 0.0104 0.0083 0.0099 0.0113
UBCF 10 0.0034 0.0094 0.0082 0.0092 0.0111
15 0.0031 0.0095 0.0084 0.0098 0.0114
20 0.0029 0.0088 0.0081 0.0092 0.0112
5 0.0147 0.0297 0.0331 0.0347 0.0434
10 0.0152  0.0364  0.0367  0.0382  0.0453
FCE 15 0.0135 0.0337 0.0359 0.0379 0.0454
20 0.0117 0.0326 0.0333 0.0349 0.0399
5 0.0123 0.0208 0.0195 0.0186 0.0288
10 0.0151 0.0338 0.0337 0.0328 0.0356
KDE 15 0.0153 0.0345 0.0370 0.0366 0.0406
20 0.0156 0.0387 0.0402 0.0400 0.0420

F T OBMERIRAER AT T BB G Gowalla
Bola by F1H
Table 7 F1 values of each recommendation algorithm on Gowalla

preprocessed by different methods

&= F PCA- Diff- NN-
;%»E #&z;% Base based based Crisp NFDC
5 0.0520 0.0661 0.0744 0.0777 0.0821
. 10 0.0489 0.0693 0.0709 0.0720 0.0741
sV 15 0.0466 0.0683 0.0718 0.0760 0.0821
20 0.0427 0.0659 0.0677 0.0686 0.0740
5 0.0110 0.0146 0.0158 0.0156 0.0168
. 10 0.0128 0.0186 0.0189 0.0188 0.0195
IBCE 15 0.0146 0.0245 0.0248 0.0250 0.0259
20 0.0158 0.0273 0.0274 0.0275 0.0288
5 0.0578 0.0693 0.0770 0.0788 0.0837
UBCF 10 0.0578 0.0821 0.0851 0.0855 0.0909
15 0.0525 0.0789 0.0845 0.0859 0.0901
20 0.0490 0.0768 0.0795 0.0804 0.0845
5 0.0721 0.1138 0.1209 0.1239 0.1301
10 0.0834  0.1231  0.1255  0.1257  0.1279
FCE 15 0.0742 0.1221 0.1323 0.1341 0.1394
20 0.0690 0.1159 0.1178 0.1183 0.1190
5 0.0082 0.0111 0.0119 0.0125 0.0136
10 0.0088 0.0123 0.0125 0.0127 0.0140
KDE 15 0.0092 0.0145 0.0144 0.0150 0.0154
20 0.0095 0.0150 0.0153 0.0157 0.0160
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