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Survey on Fake Review Detection Research

LI Luyang QIN BingLIU Ting
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Abstract With the development of e-commerce sites and review sites, review information increasingly affects
the daily life of people. More and more network users like to post reviews to share the consumption experience
and discuss the quality of products; meanwhile, they rely on the reviews from former consumers before making a
consumption decision. The dependence of reviews promotes the constant emergence of opinion spam. By the
explosive growth of user-generated content, the number of opinion spam in the reviews increases continuously.
This phenomenon attracts researchers’ attention. Opinion spam is quite different and more craftythan web spam
or email spam, which contains opinions of users about products and services.Opinion spam is firstly investigated
by Liu et al. who also summarize the opinion spam into different types. In terms of different damages to users,
we can further conclude the opinion spam into two types which are deceptive opinion spam (fake review) and
product-irrelevant spam. In the former spam, the spammers give undeserving positive reviews or unjust negative
reviews to the object for misleading costumers. The latter spam contains no comments about the object.
Obviously, the deceptive opinion spam (fake review) is more difficult to detect. The fake reviews are the reviews
with untruthful consumption experience and evaluation of products, which may be good reviews about the
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products of cooperators or bad reviews about the products of competitors driven by commercial profits. The fake
reviews likely mislead users on doing decisions which disturb people’s daily life. It is very difficult for people to
distinguish fakereviews. In the test of Ott et al., the average accuracy of three human judges is only 57.33%.
Hence, the research in detecting fakereview is necessary and meaningful. Because of the low accuracy of
detecting fake reviews by people, it has far-reaching significance in academic research and industry application
that uses technology of natural language processing to resolve the task. The reviews are commonly short
documents. The objective of the task is to distinguish the document whether is a spam or a truth. The task can be
transformed into a 2-category classification problem. The majority of existing approaches follows Ott et al. and
employs machine learning algorithms to build the classifiers. Under this direction, most studies focus on
designing effective features to enhance the classification performance.Feature engineering is important, however,
can hardly learn the inherent law of data from a semantic perspective.In view of the good performance of neural
network based models in the natural language processing tasks currently, the document-level representation can
be learnt by neural network based models, and be used as features of the review. There are three research
directions which are fake reviews detection,fake spammer detection and fake spammer group detection. The
paper starts from the introduction of three views of fake review research. Specifically, it makes a conclusion
about the feature designing and fake review detection models of the current research works and make a
comparison among different types of models. Then it introduces the dataset and evaluation indicators and finally
looks into the future of the field.

Key words fake review detection; spammer detection; collective spammer detection; opinion mining; content
mining
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T PU S BERH B, 3RS T S
state-of-the-art 7772/ 7308408 . Hernédndez &6 A\ 7E

BG4 100 1EGI ) 564, IERAR 3R U273 96 4%
BRA3R1S 83.7%1 F1 fi. Ren i T MPIPUL
( Mixing Population and Individual property PU
learning) 7772, B RO ARFRIEREAS i TR SR AR,
BISETRFEAS 3 5 iR o KR AL MPIPUL
J5 5 5638 FH DPMMU 5t [ 5ERE AC HEAT K, 4kiT
23 PR R A A 2k 79 e SR X T R AR A 2R )
AT TRAIFEABRE, 288 bR BRI 2R 2% 2 5
PRI EAL KA. Li AP E T cPU ik
( Collective Positive and Unlabeled learning) X
PU-learning i 47 ceidt, #9000 25 SR () IR I 2
AIEGIEA T, IAER ) S B [F) i 4 k), 58
TFHIINGR Iy K45 . JiRE @ar 1 “ A -IP-pHig”
K, Kok BARTE] 1P R [R]— 7 5 A AR PR 257
KHK

BT SR AN ST o M AR 4 R AR P8 SO
R, G 2 POCARHIE, 2 H AT W
R 532 Forh Rl 2 FRRAE A~ B VR REE A
RAERLZ BRI A . XL K PU ) ikia
M BTN G  2K8s, TR EAE R R 728
R A bR T, T R IgRiERE . 1R
T REHI D RBEN
22 ETF TR AETRERESHERITIEX

A

WA, X TREFRRMEN S, R
G — 2k HT PRI IR (Rl A, #5 DU Bl it ) SR
PEARIN TA) SAAG o REAR IR [ PR AH B H% D12 B V7
WRAE —AH HFB. Mukherjee %5 A7E Yelp
B AT R BL[LL], 70%LL R RS Kk
A BT R AT PR R AL KT 0.3, TH SR
KA R AT RIS R AR AL AR T 0.18, X T [F) —
PR KA VIR HEAT WA AL V5L, RS S ik
PELE IS AT Vs B . Mukherjee 28 AR &K
FRALLEE 22 ERHU N A HHALLEE (Content Similarity,
CS) . Fei & N[ALRHFEIARBUE A Xt H e A
AU -

fl:.s = maxl"i_.l."jER;_.i.{_." CGS{:I'-L, I'J} (6)

PRI 7E Yelp £l B0 Hr R BL[L1],
RATPRR T B B 9/ T 135 BRIV IR KA &
2915 80%; 11 92% ) AR REAR Ve KA & B PFE T34
KEERT 200 WLEZAME T, AMIAEELE
WRZ I EAEAR AT N Lo BBRVFIR I
i L ELSEPF IR A -
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BEWEAT RN X E— =0 2 P HAT AN,
ST PR IR AT M B SR S W R
P MR RGBT RAT A R AR
WK

IR IPEAT A K77 it P-4 e v B A1 27 B0
— PR VP RAT R, AFTEVE IR WO B BN S ™
an A RerE. BRI E B, ETREIFRIE RS
XrE s E N — B MR, & — MR RAT A
[11]

FRRAPH I ELB] . B R B R TR KA K
G PNEZ a2 R e LAy A Y N B o e V.Y A E R
VPRI, AT B VT 53 ) 2R Gt BRI BT B
FI7= ST oNVU AT T A . Mukherjee 76 Yelp s
4 AT R B, 8591 REBIFIR & KA PFie

(13 G,y 517 B BT P20, 2 T 20

Fei % NHZAFAEE LT AR R, Forp o8
WA N Z IR R G KA RE 22, 27 PR HdE ok
WIIPFR RGN TR, WERKKIPFHmWZEN 4.

: |Frp_5rp|
fap = AVfper, — ; 7

EREFRAT A HIPX R it 2 FEE
(PP, oA AR — R A, SXIURHIE ) 1
SE TS A B FETIME, Liu 25 N5 el 1 PR 3% 4
HY L ) R AR A SRR AT SR AL () P X )
$AZ 2 YA TR PR AN LA N E 9 B AT RE R VTIE
P — P 22 A userl DY Bl -4 A 1R 3

. | ‘ o
Coooo O . o { dpuser775923401612‘ £
& Lgr—-----
o e VHRPREAESR, RSB : e TR e er | Evee
e 1
fe o e e b o e e e e e e e e e e e e e e e e e e e e e e
EFE) EEE
[ [ [ [ 17 g4 R4 SEmaE 26 £ Je 1REFR
e@miEs  dmE @.'.\
sopumpay | T RO, ARASME RHSHEENAE T ! I
560 EERT(ELE)
Lol 2
| [— FRETE ARE AT S
| [ [ [ e [ I w22 a4 i) Bai 102 : ® EE R
inon | THETES BE VR BEETE o> wmnnn
w 7
< | e
_________________________ e — - — ooooo
TRITSRA, BEITOILUE! H—Kk
COCoo Oms Fig4 BRS4 LEageos ®oE =R
puser 750 TORTESRE. BERTEILN! Bk RETUER )
34016
—F =0y Bl EeE Toansng
e = = o e e e e - —————— - - - 6062 1 ® EE #E
i _————
}
P ooooo O Fig4 AR -
EERRELE
)| oorqs T IR S TR
8 E%ﬁtﬁlﬂi»’:ﬁ?- leFE, MHEALL. T
1 : # o EE BR

B2 KA PR EEIPHEe MR B R . RN EBUE R H P PRig, 22 IERIZIAE R PR Ie 0 T B RE VP8

A B PF R IR N NE B I, M EETS . A B AR LHER R i 7 SR T AR

AP

NGB UL AR (8] B BRAREIRI RGN E, MLBONT, KR IREER D HAR A [ 5+
FEF—Re Zier LRRFAE, M R BRI MR BEVEIR K

H1 80% I PEIR AR VE L, T 7E L VFE 3 BIPER
HH IR B ) 40 AT SE S5 1

WERRZE . PEIRE X 5 VPR T i)
PERIME, W Tz RS ERAT N . TFR
f# (Rating Deviation, RD) APFIEE R 5 p

W

WL HAEEB . IZRFE TR FP e R A
T A PR A “ LS E K ARic T & A e
BN 7 3 3t 2 A TR R VR IR TR
B EIAEE” ARl BIYHCI AP XTI
Yo it VPR TSR e AR IR
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BRHAERMPFRHE. — RN KENIEL
R AT AN, g ok B R AR IES
% (Maximum Number of Reviews, MNR) , &%
AR ARV K AT ) R W AT N R AE .
MaxRev(a) X H P 5 KPR 4. Mukherjee £

Yelp ##hide B M I, £ 75%HH REAR VIS K AT #
BER KA 6 2 LA ERIPFL, 17 90% LA b SL1FiR
FERRMPFREAZ T 3%

MaxRev(o) )

founr = MUY e g (MaxBRer(m))

SR RATAT R . B e RO e K A
O VE N R AR, R ATV B R K.
Mukherjee™ i@ i 5 SUFRERMEE 1, $REUR KK
FifFAE (Reviewing Burstiness, RB) . it A A
I [H] L ()5 W46 AT I TR)F (ad) B B 8] %5 B2 /N T —

ERIMET (28 R, PHEH M EATTNE T RE
M.

0,L(a)— Fla) =t

Lig}-F(al
1 - HEEE g

RRMEFB B R — NI R R VT
W SR E T A TFC LR, MHZIES )
RAAT NIRRT REIT N REMEFE S (Burst
Review Ratio, BRR) , it®& R KMIFIEER, EIF

WE L E SR, I )Y,
fonm = % (10)

SLEVFR LB . T R A R, X A
T R s oY, S &R (Ratio of
First Reviews, RFR) K& —AH F AT KA ITER
HE R L= il B — AN PR R e A

=|hﬂ§rﬁiﬁﬁﬁﬂ(ll)

|2l

J‘:?FR

BHIHRARE. FH P R AT VRIS 5 s T 0
P (Early Time Frame, ETF) PY, 78— ffE b

ST P AT RS T R A 23 e
AV, AR PR AT IR AR ) AR
WRAE
221  ETVFRSTARSIFEEME A IR 7%

FEXF R ABVTAS SCAR BRI e, B0 F 9%
A KVERFH LEE TR, 2 s R
SRR A S, Mukherjee™ %5 A 7E Yelp $0iR4E -
KA L FREN A, B8R USRS
65.6%~67.8% I HER 5 . FEMATFIRHE IRHEZ S,
R vl B HR TH 4 84.8%~86.1%. %M 7T 1 I VRiE
HRRIEA BT T X 6 AR VE 8 SCAS A DU R
Lil*% A 32 AN 2 DL ST vk A & U i L), R
FHSCA K VR F REAEXT SR B SPE 356 Epinions 1) 5
AT HEATRN, #5453 61.3%F) Fy {f. Hammad™"
S NTERTHAA 1 bas P AN 2= DU 592 oS AR . A
JIA4T N 4R 4E X} tripadvisor.com . booking.com F1
agoda.ae % Xl (1) PEIR B HEAT R AR PR A, 3R
3 99.59%¥ Fy 1K .

Xie %5 NP2z Y 22 i 1) ROBEAG I 7725, g i
JF o i REUEAR VPRS2 R AR & O, HAN
Z 2RI A E O A RS (singleton review) 2
BIFIR AT RE IR K . Horh PP IR FE VIR VI8
H R AT IR — 2P0 1% 9T IS FH RS I 7 v
NI LS T7iE, FERA T VR R AR ] K P
W S B AT IR, Wang 2 A PuhiE it
Sk B R T 1R ST S YRR M I RS i R PE IR I
FEFRRN, SRS bigram 454, 24 SVM
MIVES 1 AR VE AT FIWT . VBRIV AE S I BT
PRI B i (PAH L IR) 5 R @ L F PR R, i3t
138 F 5K & 7 i A AN FH P B 7= it 350 A R
—ANSF R AR AN . X PP IR AR X A R R
TEBHAT M EAER R, A3 TR, HATTE
yelp B 85 FaZ vl v REFeAfe -
2.3 ERTFLXAHEE

B0 & BV ES AR B FE AN . B
AT A I SEIe B4R, H SRRk B T mvEM
Uhio AR PERARIE A FRIE AT LA AW, RE R
S ST PR R A LT S G PR . LR
43 AT P BRI M ARVE T B s AT
Xif EL A3 HT o
231 Mo HdEk

Wb PPEEE Wk 2 thEdESE 1-8 iR, XK
FORA I MR A BEERIUEOR, 1BV U AT RE
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i RIS FHE A, (HEIE R IR 2
Bk AMh, BE PR MR EFEE .
ISR EE S, BB FH AT e BT iRl K A
e . BT RV AET I, ST R R
AE BB, O R AR B BT B 4R R 3R U
AR DU PR A PR RS, HobR
TE 5 A A T RN SR ) A A N
MR IR . LN AR AN R B 5 S0 b T i e
BT/

(1) F TR G A b Hda £

S FUBRETIEAMIIN T, AREEAA,
SPAFRKEIIERSE, B& - EREEE . Jindal AN
Liu 383 7347 I S 3dh R (e i R 3L, LR =
TS (1) B 52 T AL PP 0 9 RE AR VAR AR K

® [F—/7dh. AR ID MEEZIE;

® A[=f. F—HF ID FEE ik

® AN[E. AR ID KEEITR,

SEBRbRyEH, X LA E =28 PRiE A Jaccard
B B P SR ORI AL, AU KT 0.9 (1
PR SCAFRE N RIS . F T bR 5 0
M. Gilbert 25 NI x I Zigh pi 3k | 100 7317
WM R, 41 10%~15%HI1EE 5% 5l 5
ISP AR X B — S LS P SR
TSH B EEE RN PTFL .

BT B s A IIARE, ATEEMERLE,
SR EVE R TR . WA AL, HiEse
6. 8 FIH bRVEREBITEEE /3 @ Yelp M
FRAR S PEM 3k B i IR AR . Mukherjee 55
NPUZE Yelp i i i bRy 1 s 42 b St ot

® 2 RBRTRBIERIRS

e Hdadk Hdla fe st & KA ] Hyn i A5 U PRTEHOHE B
751
1 580 /j Amazoni¥  Amazon. com YEiE 2006.6 580 Ji1Fit B H & 5 SbRE
AR 214 TIH DVD T Wk
670 737 i il it
FKELSAE https://www.cs.uic.edu/~liub/FBS/fake-reviews.html
2 400 J Amazon & Amazon. com YiE 2009 400 FiiFit K+ TohRit
e 67 Ji/" i
3 98 73 Amazon ¥  Amazon. com Earh 2013 98 Ji vt Tolk TobRE
#®B7 5 I
11 577
4 TripAdvisor 5%  TripAdvisor BiE 2010 3 Jivkie I TobRit
PRRE
5 Epinions 3715 Epinions..com HEIG 2011 6 JitEiE Nl
6 Yelp ##igM Yelp.com Earh 2013 6.4 JivEie TEARARLE Yelp W3k 9E
HE
7 FIHAEIFEEY  tripadvisor.com.eg, [ 7 /1 2007.6-2012.10 2848 iFit eI bR
booking.com agoda.ae &
8 KA AIEMIEL  Dianping.com PR 2011.11.1-2013.11.28 9765 i¥if W& KAR RVE M
138] 9067 Fi /7 UK AT
5535 1~ IP
9 ott % AP#@st  AmazonMechanical Y 2011 2013 1600 PFi T ANE)
AREIRIUERE Turk
it KRR http://myleott.com/op_spam/
10 Li S AN@d &t Amazon et 2014 3000 PFif FIPUEE e
FKHUEMETET Mechanical Turk s
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FRELEAE http://web.stanford.edu/~jiweil/Code.html

Yelp B EEATHEN: [RIE iz A 1 )R A A
FUTNRFIE . AT RFE I8 3 % sy 28 FF K% Y
BRI MRS, W 1P Btk HUERA B AE
B Mg K atEHE BAREE. S v AEe
HAE WG AL A AT NS . W S AR
AW R E, (HE FRAK[38], 1A KEE
VP AR IR FRE

(2) FEF N TARE A R EEE

Fangtao Li £ A [8JHE4E T 7241 15 .45 Fr 30 4 k&
ABCUP- R 110 0 Wi b 1 16T ASCPF 9 3l PR P43 L 3EAT A
THRE. BFFREPAIRENRARE, G5
B, A = AR N A A AERERE 5
6000 &Pt A 1398 s&Anit AR IR AN THR
T BRI — 2 VP HIRRUE, (EAT AN 1) 32 W0 )
W, AN EE S R AE LE — S EE 1R A R HI A
PURTER R AUIK[B], Aridah BT SEMEA
232 BTSRRI

AT ETFREdESE (WHEESE 9. 100 B
PRER 7 Hi, ELSEVPR OB IRVFG . ELSEVFR N A
PP I 3 22 3o 0 (R VP8, TR BV 8 R H AR
B FAREERET 6 KM MIES, A%
Z5FFES 515, B EERgwIE BIFRE R
YE R REIRIFAL o

Ott 2 N\ PIE T 538 -+ FH AL 38 A\ F & KA 400
NLEREAES (400 Human-Intelligence Tasks), #
%2 5EX 20 MRIERAT G, JLlicdE 400 %R
BIFie . ZAREESHHNAENS HE W E T#RE
B, DA W TR AE R RE
AR, NEMELIEM, FEELHEEG%E. G,
Ott® J LitVa AT St s, MGt (R
WRAEND . TH A CRIE. ISR %M
i AL P S X Bl e 04T T4 7.

REF S TR —E RN T RUA, #E
M, BRI . A R R VP BRI
MR AR PR 1 — 815 5 JODBEARAE, (HEdREE b
BV 5 R AR VP8 B 3800 o A 5 St o
DAAASF, REEN—E R X RE MR T IR
E,

1 https://consumerist.com/2010/04/14/how-you-spot-fake-online-review
s/

233 HdEAHr

K B S VE Ik P B S AR S R
PP 2 IAN ] BB a4 mi o R PP R0k X i 4 et
M S AR PR I SR B T AR, AP e — B HE N
WHFEG] . A B SRR FREEEE R A TR
i, AEERFIREG] .

KB S VE Rl 1 R RS 5 B PIRETE B
R BB, TAVESE & RIS S BT
WHIE S Z R MR K. kB R & Wi i 8B
W, BSOTFR S R ARTEL B E ) S S A S bR
THEOARE, ARETE G H S F I ERE 7 A .

7 Yelp #if4E (HdladE 6) LizH SVM 43
FHAN n-gram FEAEAERG RN 67.8%, il T FFETiE
FENT SRS 4E 9 1 89.6% K iy =M,
Mukherjee &5 N AOERZE A B 704 1R A Yelp
sl R R AR VP10 %5 0 ik e ROV AR LSSV —FF
b AEMR, fERE. Wk B S ESRe . A
TR I8 ) R ARV 18 R B T8 Sy dh = B LA A
Y&, PR ETNEESEETRRES. £
%z 5¥FH BB RWGETIL, BE AN HER
VPR, 1K R R Ve 5 Rl B SR (8]
I8 & 2 K.
2.4 TN IERR

X R ARV AR (A I B 7 J T SCA A 2K . AE
ARG, SERERE VAN FE bR, ARPEAE
A TEAG) o3 A A 75 5 T LA

(1) X T R ARVFL 5 FL VPR 43 A A8 1 R i
TPREIREE, W HIFM IR A R KR, o
[a] A0 Fy AR

TR (Accuracy), XLV TI IE 17451 68 7110
LEE TR . OttPOURT Lil™as A 70 A TR 2 i B
g FHER R VAN B PERE . TR IE S5 35 i s
£ b, EHTIE IR PN EIEE 8. KR
(Precision), X &y 1E A U 1F 451 ¥ §E 77 3k AT P
fro HEZE (RecalD), XEEEHRIEHIIEE JI3EAT
P FifE (Fi-Score), J2 el [ml 2 2 [a] 1)
WAUE, ZRE VPN BIERT IEGIR TN GE 77, Fr B RE
PP A 72 R — AN PR PR RIS 28 734,

(2) X R IFie 5 2 Se it 4 A A 2 i
R ECHEEERES, W TEFRA ROC Hh4k.
AUC %%,

ROC M4k (Receiver operating characteristic
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curve), HTHiIA =/ REEH 70 RVERELFA . ROC
26 i ) B T P 4 bR, FLIEZE (true positive
rate) AERIEZ (false positive rate). HIEZRFRIRIE
il LR 3 R LA, AR IE 2R 3R A R IE
(= 17 P e s <3 LT R s S D= 1 K o
(A H bR 2 21 P IR AR 1] (1)1 . ROC 14 LA
FAERRAASR, RIEAR NS, [F—dh2k BAE
— R RIS T), ANE S 8 X E A
CAnZ 48 [m] VAR ) e e AN ] ol ZhBkoze 29 0] #7126
FEIT e AL bR e B AR U 2 SR AR I A e )
Gt

AUC ( Area Under the receiver operating
characteristic Curve) AUC fi§ ROC #hk Fif, H
HIRAT 0.5 Al 1 i) E X BEHLPIE ) — N IEFE
AR AN AFEAE N 73 RASHATHT 70, IEFEA B
KT AR ERAER A AUC. AUC {HER K i B

Iy RIS HERR bk . AT ROC 2k, AUC &
— M E BV FebR . AREARTEARNEZR I AR
PIMTIT,  WERFEAS BEA 2 1 I B A 2R 88 1) o ek
e, AUC 2 —MaHMTEMFEhr . 7EHET R pPEm
PP EOEAE FiomT o TAER® 2 230, i T 1F el o
AT, 2% H AUC F8FR1TFN T I BE
2.5 ERITSSTAMFT N

FF SO B AR PE 8 ST I BT 70 A0 5 M
TES B S SUAR TEEHRE =N L I SO A A T
1Eo FEFBE T BB SCAR I 7, 2
TEVEAFAE @ I F AR SRR B AL A2 X 4 A5
TS IEAL IO R AR PR AT T o 3538 S4BT I R
A SCAKG I g%, B SCRF R s X%
TN 35 SR IS S TG P18 16 R A P 3t
1T HIWT . T SO TSR 7 WA 45 A B e

*® 3 ERITEXAM G AR D AT HIRE LRI REXTEE

e 5k FHIE 580 /i Amazon  Yelp ity ott Z APSEIT & Li 25 Al A 3R EUE
PR ARoNEe] (VRS A73) A SRIUE e TRPER T (UR I 4)
1 SEEEER) PEECA, PEEH K AUC=T8% — —_ —
R RHE
2 SRR SCASHFAE — — Accuracy=89.8% —

(Bigram+LIWC)

3 EFREHS SCREBigram) —

4 EFREEHE SRR Bigram)+ —
VPR H AR

5 HIENAK  SCREEHTE —
A 472 SR

6 L AL SCAHHIE (Unigram) —

Accuracy=68.5% Accuracy=88.8% —

Accuracy=86.1% — N

Accuracy=89.9% — N

Accuracy=81.7%

SCAKEIN T5 3%, IR BT VR SO R SR R
fiE. JCEURAFE, 5%, W SURHES S ],
L3 FIWTPEe Y REAR A -

B T MSCA A LR TR VI8, B SCAKHIE S
PRREAT NERHEM A S B2 — KRB ARt
FHPE. BETUESRAEY], BRINEMB T3 T30
RN T35, RERS A BT REARITAR STA R ARG I 25
Ko EREITELN AT, SR RAARGRGE 1
XS PRI FUIERER] . HRE S S PRE SOk
LAFeEPIRTRR, BRSO SeE L &
R 75725 BE % 58 A R AGTI RE ARVE 18 o
FRATx R AR PR AR SCA G TN 55 78 38 70 24 T 1) K dfs
S EREATIEREXTEE, 3R 3 PR . BEMEE BT 2.
3 MELEL, SCARRHEMATHE B RS, R dilvkae

AHEARTT. T35 581 T IKE DB RIR
AEAIRERE i o R VIR K i R &, AT
BE— AR T R STA H AL T 1 i

3 ERITLESN

REMBTR i R Al EARVF I (2B 1),
X PR R AT B B IRE AT & LR I
e . BEIFRERNZILLEERI AN, B
AT TAE T LGNNI AL, 2T
FAASE I AT 7C B JE 1R SOA 5 1F IR A 45 & ke
DT o
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31 EFIFLENSRERITILZRN
RRTPEELIZIRPPREFFIE, WP )
AT %t B BT AT B« Feil % A4
KAEMBLIPFE BT RN B IR, JEL N P
MRS . WU IEH SR W R EERL
(MRF) HERLEFPPig 3 2 18] i) R SR PP &
2, KPR NS L, B PPIRE I E SR
BINEEE /G X MR R B e
FUEOARERE . BALRBR R Ia HIRHIEA T i

B SEEL] PP ZE . RRMERANAT

N REEERLEE  MARHME o BT

V. G 30 A ) I L AR X — R AL 6T R AR VA8 2 A
WEAR SR EE ST, WX — R E AR W)
WIRE . BH WA AR BT IR 4R R E
(Overall Spamming Indicator , OSI) FHilliFit#
KA AR RAT A

05f£a} — fF:Ap'P+fF:D+::F:a+faF (12)

3.2 EF L XASIFLEBESHRM

PUSEH T, BRI DA ST e
e AL L THIFE. ez, piEs
PR SCA K PFAR KT RIAIIAAAE 4 SR S50« B9
FATRPFRE . PRESCAR, BFFRN RWERR
W28, I T R AT o R RS AT AR
DA ARG T HITS S5 iR A 2 1 1
IR AT ML (RS AT

® Wang % A 702 «ipip i )
. “VRRE-VRL” WZE K “PRIe-r= 5~ W%,
Kl 3 B SCH i ST VR T SE 1 (trustiness )
PEE ) H 92 Chonesty ) BL K 77 i FR A5 2%
Creliability ) o 13X =25 & (1) B 73 73l EH LAt P e A
BUE, IHERFALT HITS ZyEP AT R AR

— @ o _———»
'/ [e )] \‘\
~
A
-
\_"_-__-; < T —p ARE —»
° N TN EXH ——
\ 4> EEE — >
N, A
~. ~ —EtE <>

&1 3 7 T I o % T ] % R
PRI I TS S T R PR I LS M TR ARG,
BT A e Ese bl s, YRR n S . YRR
B DI, PEE ISR & 10 AT S i B
Ko BE TOFRREH | A5, HERITE
BRI VR I S R, T() AT
AT

T() =—— (13)

14 H

DB TS S BN K, P R
L B 6 5 S T B A V47 SR TR
FO. HORRIFIS 1 0HSHE, RUDEFIFE ¢
PRSI dh T 0L, S REIFHEP A 1
BV R, S0 R SV r AR SO

WHES. A OB RERRE DK MPES
LA S WHVER ¢ 5 E I R P FTA R I
P, An(re IE—ALE(-1, 1) ER)A R PRI —E
1.

A(r.At) = Yies, T —Ejes,, (14

A, (v AL) = HB_—EMJ: 15

H(r)=|R(T)IA. (1 (16)

WEFE NN S SR R 5% T
PR AT R A O, B EXEOCR. K Us

RUP RTINS e AR

PR, RORTRRTE (N EVFR ARG =
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O

R(I,) =—

14+e~!

(17)

g = Zreus,r(r]::u Tr¥. (18

® Rayana 25 Nhz I WE R “IFibE-
PE- 7 &S, 4G METEIRE RHE IvE e KA
IR 7= S VPR, i8S R T R B LI B
SpEagle XiFig# . PFE 7= X =Rt R PR
I [E S AT P . By /R A) KRB (MRF) #5854
ALFEPI AR BT i, W& s (observed node)
MBS 4 Chidden node) . WS 5 R s B0k AES
MEEBIE . FAFRE T RS — AT R,
TR B B I B SRS, 1T 7t i s i v T
WP RS AR, T o2 75 AR P
WHE LG, FEIPHe 2SR IES .

® Akoglu 2 AU ypit 2 K fh iy g — 5
K, $2 75T SR R EEHLY ) FraudEagle #5274 .
BB R PR (B YRR AE A AU (I oF
VO RN AR R, B T 3o Xof B 23 4 5 1 231 T
DT P 288 H T 3 B0 L RV AT SR VEAS I

BT HITS BEpar el et im i oF 5128
DRl 25 2 1B AR S 5 A b g R 2 A O v S
XTI BORE A 5 2 AT 2 W s, 3
JePEAN TR, BT /R Al REEHLIZ R EA, s
TET12 H M 2% B S5 R e % TR IS I R R PER . 7

FVFIRE Z [ RER R, R T RbrEHdE A
IRIFHIY R, Retl i 28 25 /) EAT (5 25 AL
i, HET RGBT RN . R AU H AT TRR
TEH G B FBONE R, NERE 5 B MR 2L
F RFRHEZ A BAFE AR ME R RE R ZR, $eth &
BRI G H T
33 ERITLERIESE
331  WHIBVFSHHE

Lim 25 A PHZE 7 T 300 00 I 3 15 1 e s T
54 (MProducts) . HdlE 4005 11038 A iFiR# .
18 AR EE X H AT 50 MR T T EARE
TR KA 5 BV KA PP SERIAR . bR
N TR PR I 10 2600 AT NRHIECH
XF [F2E i B PFRAT . 0 i PR S 1 3y
R ZER . TFRNE R T EITRIES HATER
GHIWT, SPREFATIRE, R 2 B RIS
RN PEIRFE 7 A B 2 R R BR 25 o
3.3.2  Resellerratings% 44

WANG %5 \®2I7E resellerratings.com 3=
343,603 WL H, MMITHEETEEL 100 4 5EALKE
PHBRATE . bR N IR e H =
KER, WENRET XS B X 100 4 4
LR ABPEE R AT EH AT hRE . =288 1o Bds
B8 IR R IR 2 75 5 i T3

® 4 ERTRABERNGEER D ATFHIREE LR REXTEE

e Jrik FEIE Resellerratings Yelp’Chi Yelp’NYC Yelp’Zip
VTR
1 HL VFR R AT TUARTVE Precision=3%
'L/B[51]
2 FraudEaglel®”! PP e A — AUC=61.24% AUC=60.62% AUC=61.75%
A R 248 ek AT
3 Wang S A% P2 TFRRITFIRE Precision=49% AUC=61.67% AUC=62.07% AUC=65.54%
AR PRI G &
4 SpEagle!® SOA PR A — AUC=69.05% AUC=65.75% AUC=67.10%
K R (VAR AFAE

PR M FE N E R E S £S5 Better
Business Bureaus HLf4.45 HIKIVE4E ;. PRISE X

1Better Business Bureaus f&— ™% 7= i K i 15 25 B EAT VR4

RSSO S TR . &M F iR
FHPT LS LRI N AR R %,

AT EUEERMEIR Y, SRR AL R IERE, IR g S il
[ETHIAH EAS AT
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BRI . it N ThrE, ZEIRER
B A9 MBI KA I 51 N H IR R AT -
3.3.3  YelpChi. YelpNYC % YelpZip%iit 4

Yelp X3k i & TF i 8 S VE T F - R A Y
PPRIHTIEIE, ER TR X BRI e S
AIEEVPIL . AU R DT R B, RSB B
IR RUE BT . B FE N RAT T R
BRI P BN R AR PR R AT, KA SETFIR HoR
AT AR PR - By B kA . 1@ iX
Fi77 0, Mukherjee™ i £ 7 YelpChi %t ¥ 4k,
Rayana®t & 7 YelpNYC % YelpZip ¥4,
YelpChi $i#E4 7 38,036 MEMEIEEE, HEHE
P P ) 20.33%: YelpNYC 45 160,225 4N i
Bvies, HEARENAH R 17.79%:; YelpZip
fE 260,277 NMEEGFRE, SEARETA
23.91%.
3.4 TR IEIR

— LA 5T 7k DAE R F5000 ) 77 ZOR s 2
R AR VAR AT AT FIT . 73 2 10) R A A
¥ IR, AT RE MR VPR HE T SRR, PRI I
B TS BAT R AR S5 PR B R AR VT8 R A
HART I 2 AT VR o PR REABCVT AR 2 A 7 V25 1)
PEREMI bR AE B 3G . KW (Precision) . # [ %
(Recall). ROC HZk. AUC.NDCG@k ( Normalized
Discounted Cumulative Gain) 4.

NDCG@k = 255C% (19)

IDCGER

DCG@k = TF  —2

1=11ogy(i+1)

(20)

NDCG@k R ATk NG R 5 B AR I A 12

JE, ARASRC A VA ) P R AR AT, Forh R
FRAESRI MR IR (U R BERVFRE : 0K

B E) . IDCG@K 25 FDCG @k Tt IE

MIHE PR AT U5, P L U E L.

35 ERITILERNARNE
T PP PR ARG DN A 7Y 368 3k 7 4 52 I 1] T B
PR R IR PRI, AR hiz FH I e 23

Mr, BERE BT [RI4EJE F A AKX 7 B Fie # 5 B R
TR HE . A RS VR ISOARKRAE, Kl
Rel =R — it

BT SIS HE ML A RN, A
B RORTFIR A VPR R 15 5 4 I 9 2% 45
4, FIF T SRS B AR G AT R R VTR 3 1
Rl o A% RN S R A, RS
B AT RE SR — AR A
BATAE LA b A 254 £ % R AT XoF LU 1R 77 92k B
GERBEAT T AR, WE 4 P, BEWSE B H AT
Yelp 25 8E4 E, SpEagle J5 k3R A6

+
4h

4 RERRVFLEFLAEN

RIS TE4L (collusive spammers B spammer
groups) 988l — s B TR il U RS MR
Y LN FEAS = AT RS . R IRVPS T
FEe fEE MR . X A 38 Y TE — 52 B 1R [R] B
W RPN S Gt B = A K E A SV, sem A
FEHIVE N R . REEFIR BT A &
EIRVECRL, oy T R (BT A0 T 4 R AR 1 I (] 5
W, BT R AT I R AR PR AE [F) — = i P A A 7EAH
AL E . FHEHEY, O R AR VR T 2L O 2
Ko

J AR VR T A A MU 78 0T GO A, BTN
R M B IS5 R AT N AT AR H)
WA P R A ot U B PP VR B 2 A AT 55
AL EREA R . BEALARE T2 AT 5 HI R 4L
TAFE, Mukherjee S5 5T fE A5 AT 55 SLIR HUH
T, R “EEFR AT RIS E N —
AR B, R,

TEAH R 2E A A LA — 58 I 28 S5 R A R, Gn P
4 FoR, BELLRR L VTR N 25 B AT N A R ) %
SRR SO AR ) AR PR I T35 e o %o R AR T
TREZH A IR 7 32 B FE =AM 9T, T
HEH N SAT AT BRI . T
ZH S5 K6 43 AT () R AR VTR B LA U AN I T N AT N
I3 M5 W 48 S5 AR 45 A 10 AR PR IR B LA DT 9 o
BATEAR U FRAE AT T AT A, FR5 Tk
BEAT X EE A3 HT
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WB AT R W8 L HIHFE
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AW A - g/\’}
VWA \ e I M
AT / =\
r \
b

LR LY -
m Bf4d1 e

B2 e %
m B3 = /\ S

B 8 & &
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K 4 BRI R R R R A

41 ETFEHERNBSRITASHNERITICEAR

|

HIF 503 A N AE) R (VP 18 B 2H I VP8 3 2 1]
BARE R, B #E Z [A I RS Rk
BT VR & 0B AR AE R AT R 2R AR 8 X R R PE 18
A R R AL AT ARG
411 BEHWE AT AT

FELELIRT N2 TAT 9 43 A AL 9 0 4 2H 9 R 2 e
RATIIVER N B0, JOek B 20 B 53 1 AT 4%
BT o FELL PN AL E G TRELL P9 25 AR AL AR 2 ol 52
WA . BELEAT NRFAE CLFE B AT B) 5 1
MR ZE . B SRR AR PR R IE

B AR, B NS E KRB EES
W, MBS BIS . BRSO ES FIFe
A5 OK AT RE R B OB AT e R 4B

gFoTEE, cnBRBE IS E X p

TFIR N A, KA cosine THEL—XfPFib#  F1 4

X p AU, hes GHEEREA P PFIR

FAVRT T p TR, R Br LA 2™ b
ERIA AL R I . FEH A A AALE (Group

Content Similarity , GCSTEFTIFR I~ S

DR 18 P4 28 ARADLE S K AELAE D izt 401 (4 P 25 4 A
JEAE -

focs(g) = maxpepg{hcs{é 2D

hes(g.p) =

a'l‘jgm,;.mj Eg.i<j {EG-"-" ine {E{mi ! Fl c {m_f* F}}}
(22)

FEH A AU . AR P IEE A B
PrIE], o R B R A BRI, T 95 DL A

2R AT hes (UHREFE —PFiRE m )

AN p I A AHALRE o B ZH RS A 25 AH AR
% (Group Member Content Similarity, GMCS) X
FEH g A A AN AU IUAME, T E0R
FEAH R0 B S PR DU LI 256 R .

Zm gg fles
lgl

(23)

fomes =

hes(gom) =

GV Gp,p,cnpi<j (COSE(c(m. py).c(m. p;)))
(24)

FEARTEE O . EEEFREHT, PHeEA]
A0 1) 1 7 — A B[R] B P 0 AN PRAR X G800 R A
PR . BELLNE % 1 (Group Time Window, GTW)
ST PR g MVFIRAT NTE— I 1AL L1

L, R rw GZIZRELLN = p BIPFIR IR )
w, it LOWER b sodiiig iR AR I ),

FONB B PR IR I R AT R, D9 BRAH

fervEft4l g XPTPFRII MRS A
fin PR PPV IR 1) B 11 o s K o T

ferw (8) = MaXpep, (herw (L (25

herw (g.p) =
0, if L(g.p) —F(g.p) <7 _
1 _tlep)-Flap) HE

(26)

FEAVPRmMZE . B BTSN = B VPR &
SRS PR RE, mZEBK, BANE
I AT ik 3 Y B4 22 (Group Deviation
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GD)  fuftBFdl g TEFTE FTIF = B VR AT

T — R ZZ R hep CNREZL g X740 p 1Y

P, Fol FORBHEL R p TR,
TFICE BRI p TR L 2 RS

NIURVFG, MR BERIVE S 2209 4, has(
i Bk BA e K AT RE A VP 2 22 3E AT IEALAE -

fGﬂ'[g} = maxpEPg '[ha,l_}'[,E 27

hep(g.0) =52 (28)

BRASTRFR. WATviR, AR SR HE TP
WEAT M — 2, B2 1= i b A — 8k,
FEAL S A IR VE 1T e RS BEAL SRR (Group
Support Count, GSC) S B T Bf4H g /£ Bl
A1k R B,

B B HIVPRRRIE . TE77 S R VR IR SRS
H, H I I R AR VP8 2 7= i R P A A
A TSN, A v R R R R T BRI
W, DU 2 T 5 5 4 0 7 o VT AR PR 155 SR 1 12k

RN p VRN A, LZRREA g

K= p WIBGE—RVEBRT[E], RIS 8] 18] F&
IR ME (Mukherjee 2 A% 6 M H).
Rore(RIL T BEAS = 0 p IR IR RFIER

R, AEOR UL A B2 R R VPR I (R L . 2
Y B Ja R R VPRI [A] 5 0% i BR 8 R R VE R Y
I )55 2 DR TR, U A A AL R SR B VFAR IR R
TR, AT R B AT R ETR 1
FIWLA T . FEHF PR REIE (Group Early Time
, GETP) KM THAWRKTA M
{14 L S B TRV RF A1 A KA

feers(g) = MaXpep, (hgre( (29

Frame

0. if L{g.p) —Alp) <B
1 Lig.pl—-Alp) P
_ T

herz(g.p) =

(30

412  EETHHNE AT N B 7%

RTINS A, B AN &
FATRFFAE, ROV R 01 2 8] () R, 1t i@
I HE P B SRR TR IR AR PR B L. BLR XA AR
KM T EAT A

o R FCNIILE Z A KEME S Z A
FHEA K, BRETFIRE X ILE P g mzE . 17
I T 22 PRI 2 IOARARLRE o ot L ) PP
iz HET R PFE R R Z . PR T A RIIE R
PE VT 18 35 5 16 5 A I R) 1R IR B 1 . Xu
Zhang! ® V37 T 38 FH & B0 T ( pairwise
features) 12 PFILHE Z MK R, W HET 7%
Fraudinformer X} B F IR B HEA TR I F L34 A
NIFRE BT RS & IR S, BT R T
WHEHPIMER B S . AN E BRI
A RN E R U BE AT R A BERVEAT N R s
TRV | MR E, METFRHE R ME
HZ VPR & A S PR E (BB s TFRE 2

I RBME P RRBRMEREGRE Q3EFE R

E o JIEE FTHE IR Z A SRR SRR ) &
{5 RE, JEIIZ T AR RERBEH L R4 T 4
-

5= ZkEP[ZEJ'EEiCE_f ' ‘I’(l,j} . ﬂ_l {! (3D

®  Xu % NS I SCARHE AR & (AT
THE RO PRI 2 [A] A ALRE , 32 BGdE i) KNN 5§
FREEATIRIS, JRES kK DM ARIT S F @i 4%
SENLHIA B2 5 A R VPR A

BT R E RPN ik, HEF
7732 FraudInformer, S BAREW . ¥R MELF. 6t
AR T R BN TN A R ) B AT B e, X
L R AR I e 5k . BT TR 7 VR R 1 A TR
PR E RN —I, FIEBNEW. iRl
PR RERIEH IR E 2 — e, TIUeTE R e £
H B %2 B B 4 TR IR
42 SEEBABHS RIS EHERN

TR KRR 8 S5 MR AE, RS
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FELE R S5 - BT — B R . S5 4 45
A 43 W7 BCD R BOP V8 ok 2ELAG T 7 v e s A KR TH AR
MERE .
421 AT

TE 2L &35 A PR AUE Xof 0 2L T A ARG 1 VR 448 435 ) 12 B
FRIE, EIRREAL A TR LL . A R
FHART A2 R A B AR

FHAAMBE. BEALFIBE (Group Size , GS) Jet
TR BN RSB AL AT et . A REAL AR B ]
KB E B AE R ATTEB, B HRROR, BE
AT B RN, RE 2, SR
FEAL UL 01— BT N, BRI AT A R VE
MR S . G RN IRERAMES, g &R
B g.

FRAABLELR] . FEL hPFIe 3 B H H AL i T
A PR BT &I ) Sk T R AL AR PR AT N

PRI S B p X R

R, FEREA g 457 i p BITA PR Th
IR/ . BEZH AL LE 1 (Group Size Ratio
fastRRFAL B AT P PRI T =
P RT & Hotgit,

fesr(9) = avgper, (Mgsn (s (33)

GSR)

hGSR = (34)

FRHRTRE . MR B 2 182 B R R
IR B T HELE G R VE (R AT RE T (s

G m XS p PR ], L(FI - F(or il
FORTEAL g X7 p BB B T PR I ]

avg (Wt T AL g T A A A it p EIRP
BIvFgm s . S % (Individual Member

Coupling inagroup , IMC) Fraac R T FEAH

s m SEEA T T R R R, R T
GLIRN AT AR ARE BT . AR T EREAL T I
(IRITAT 7 it L PR 28 B P A D i 25 UL

— rr |{rim.p)—Flg.p))—avg
fizac(g.m) = AVGpee, ( EFSECTAR RS )

Emi sC- [m:,(?(-‘?l[..;ﬂ —F

avglg.m) = (36)

lgl-1

AR B AR . 5 2E 1 R Al e A WU 7T 7
t, YR E R R T B IR R B AN . FEESKE
WL PRI, 47 s SAHAR Y S — e JE M EAT N |
LR 2 S, RO A A R R BT
KM H STEAAES 2, R
TR i KO LIP3 4 1 B O 4y o LA
ML K K pagerank BB S 2R, 3B
FAJ Haegs Hpr AATETT R BEAN pagerank {E P>
FFE.

FIH@D)=P(H=F (3D

H() = —XE ., pPlog (38)

EAEARE . 4 1) J 350 5 Ak 2 [R) A — S
b EA AR R TR TR B T A A
pagerank {H1/EARFEEAT T &, AxUhiEgH KL #
FE R KLgegn KLy 18 5L 28 H1 5 £ 1) AR
P [74] .

fIKL(D)) =1—P(KL =K. (39)

KL(PD Q) =—FE_,p"lo (40)

422 EEGHEALAER ST BRI g i

—RIPIEIERL 7 PP iR & Ik B 2% S5 4,
SRHUHHEHIRHIE, 2T RT3k BA M B4
ZERIRFIE PP O — 3K, BETIE R R aEidk
SENLAI TR 5 8 BB R 4L
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Ye A1 Akoglul™ 2 Hy 7 FE T34 44 25 ¥ 43 W
K 7. J7iEFET 2-hop TR ILVTEE E 1F it
HEAMREIT NI BHERELITIE
GroupStrainer fa il B PFIRHEL . WFAEETFRE
TR 2 i v, 32 B AR QST s 2R AT S S
W28 E AR AUME PSS BF LR, 38 PR R PE i
H IR LS BT M . R E 2% ) 8
(Network Footprint Score, NFS) JzMt 1 47 MK [
e, BRI IS B RARE T SRR

f(NFS()) =

||'ch deg (LI [ (e (D014 (L 3ag (D)4 F (HLpyr (D))
“‘ 4

1—
41

XA — 2 7532 [ I o) 0 2L il 53 T e 4L 425 1) 3
7oy, B E R A AT E TR R TR A A
AT A W SRR AL R AT REE s s
FH A 25405 I8 I BB R A I R (VT AR B 4

® Mukherjee % ANz FiHEF 1% GSRank
BT BTSRRI . J7 R FH 2 AP B 4y
1k, THERIERFHE T R Te R R MRE, I
3 HE T T R T L, Tyt R P
FHES G AN RES M, B =D TJ0RR
R, P S-S (Product-group, PG) . ik
T2 i (Member-product, MP) FIEEL kL A
(Group-member, GM) BLAY, =AML IE L5 B
TAAEHIOCVE RS, MR THELE . RO B b 2 TR )
RN

TETHE P - FEH R R Weg B, G2 T

BRI A B 1 forr s BEALOR 2 fop BEALRIIIEIL
B fopme~ BEALIR 5 0 BN Fonpes S BELHJUAEL

HB fosn T BEALRAE (CREAXS I 411 K

421,

1
WPG = [EUGTI-V_'_I-GE +Jf-|:'r'.ETF +f£'r‘ﬁ-:|’|$‘$ +

fas&]‘] |Pl=e]
(42>

FETE SRR 5177 i 2 8] B SRR TR RS Wie 1
IEH T VR AR P VS 2 fap . N B BAE

fos KR IR L fore o

Wye = [E'[ﬂw + fes +fﬂ'm}]|; (43)

-
]

FEVH SR - A SRR S Wen I, BT
TR RS frape TR o BRI R fpse =
MRS E

Wan = [%'U:wc + fas + fasc}]lj (44)

M Ve X BFAES G h i 2 RIS
HEARIMER, R =RRABRM L (8] RERK R .
271381 GSRank A RIEARAE V.

VI = (ZTZ)V (45)

Z = WepWhy: (46)

®  Xuf \¥HE T o R Bl R g VO T
WVEEIRAD (Colluder Graph Model, CG) *f &1l
PERTFAL I TR TE o iRV B 1 1T A
BRI, SRICPE SR VIR EOMAR AR A, [RIESXT
FH P -J@ PR ST B G R K Il A Ak Ry is FH R 1
BRSO R B B . RS T RO, @il
PEAR & R AT PR SCA B I 28 vhoAH <0 vF 18 25 1)
PERERE T 25 P IS 31 S 2R . 1% 578
B AN T R S S AR R A RO Y B AR

L={L, RRUESH, WRIFLHV. IEH
CKFEN B TR) P9 S8 AR [ 7= i S oK T
C oo (Lol A={AFFIFRHR

BB 4 T
VIR S . BT 4 R 5 A -

A = (AipAiz
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log (Pr(l|ICG)) =

Yo l0g (9:00) + gy peslog (i (1:1)) —

logZ
47

Wi (1) Wiy (R (L L )RR L B T =368%L; € L,
(L A;) € ER(L:, L) € EMMER . ZRIEMLE T

@: (L) = ¥: (L) Lz npec e (48D

EIBAL CG 1 H sl 7 i i e KAk LR A
TS 2R bR2s, 3k X BT e R 2L AT KB AR
HEALIF 5 o

[ = argmaxlog (B.(1]|CG)) (49)

FET-HE AR GSRank #5752 F 46 FE R m T
WA, PFEE M= PR I e &R, X ) il
—E RIS SR 73R 2 e = 1) () 3L [ R
%%, A%SHRENEN. ETRERK CG Jf
EXEHMA RIS E T 8 Ry, 3y
VERERS I T HAR T SHZ T SRS AR e
4.3 ERITFHLEEHIESE
431 WHIIE RIS EEA SR E

WF7t#% Mukherjee 2 AM7E 7 Db 18 Kot
£ FIE N ThRvE T SAni B v, iz
F 4 & 1248 5 (frequent itemset mining),
W TEAS TR = i PP L AT 2 VR e o SR A 1E
R VFR T . BB I T I BB T 3,
FEHRANEORT 2 RISV NGIE IR T, (%
R 7052 AN, 4RSI 8 AL H A AIRE IR

IR GONHB I BEZH H) S EAT AR o AR N i
&K E T Rediff Shopping & eBay.in /A & )& i ,
HA& AU AR S — 5 IR AR PRI BE T o bRiE
N SRR T 22 R AR DY V0 AR P Rk 3 T 2H R AT R AR
PERIWT, WAE S S HOETE . AEKELE LI
R — R R 35 DRI N R A 2 kTR SR . B
LN A 2,431 DMYFRHEFH R T — B RS I
FbriE (x=0.79), HITNEHE “BR”. “HL”
S “ANEHAR
432 SO AE S

WA Xu 25 N8 7 2 s r ] X 35k R 1=
iz FH B2 38 7 (FIM), 8T 8,915 Mk vF
WHH . XU 5,055 MFRE . BFFLE
PRl HFR 0 VPR #0275 N & W VE & - T AR
BIVFR 2 5 B T A B IR T . BT Hadh
PR 3 2 S SR I D9 sy ) 1 1 R AR PP, F 9 5 T
B& LN H O BB PR3 B R AT PR BB R U
£, RIFHA 1,822 LV kAT T EIFL.
B 50 8 0 ) % R VPR I N AR 7 kAT T
FrvEe 8 LA EJ7 O PRR & (1) & IR VE S gk AT
ThrE, BREHART 1,937 A G HIRVETF IS
3,118 L AR A I VES .
4.4 TN IERR

H T 6F R ARV 1 A A U P B 0% 1) A
R R AR D o A6 FH R PEI AR e 5 AR VP18
I 1) RPN AR AR T, R ELEE . KRR
( Precision ) « AUC . NDCG@k ( Normalized
Discounted Cumulative Gain) %,

5 ERITRAMERNGEER D ATFHIRE LR REXTEE

5 Jii%: AR W RIe AL B SOTIREA
1 GSRank[*! FrmBES . BAES RIHA T AR AUC=95%

2 SvmEeE BE MEITA BEEAT NREE F1=83.4%

3 KNN L5404 5 4 08 EE AMEITR . BT RRE F1=90.9%

4 cgl® AMEAT R BEAAT AR F1=91.9%

45 EERITFLEBERNIAR NG
BT VR R B DF 18 2 A A R A4
PR BB REATRAE T HEFr 2 M i 2R

M RPF R . 1ZIBR R TA b B R
AR AL, X RS T A PR
BB SRSV I AE E

BT PR AR ) R RPN, 5 T
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LR R BVFIR AL Z A R, PR R
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AR SON RE ARV Ve AGL I A7F 7T v S FH AL 25 2 >
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I (SAGE)

WARGHY oAl J # = R A TR

EEEHE AP J 18 i FMB T, RN,
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) R iEE 4T O
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R
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(1) BB bRyt BRI 2 B (1) ] 5t

BLath b R RS T BERE
K, AEMECAAERRPRVE . AR — 8 BRAIFEG] . —Fb
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1%, HES5HBEHERRMEFREE, WHEE
BATR IR . SRTTA 20 B KR 1 0 A
FRPE . BRSSPt g vrie (i
yelp.com Wi PFie) A—E M ZETM, RErE—E
FERE ISR SVEA Ak . WAl 3RS K & A B A bR E
F A A AT S5 TR F0 I b i £ T i 1 — A A
B, KE. BHEA RIS BT i EdE
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