EIHFEELY EIRLAE ISSN 1672-0334 Vol.31 No.1 3-14
201841 A Journal of Management Science January ,2018

BETFRENBEEN
B3 3 i 958 £3 X\ B #3033
ANEF Kk B BEA

L bR UE ALK K LB BB, b5t 100191
2 LA MR RS S PP E2E B, b AT 100876

BE HFLTFHLHABELARA O THELEFETHERAAISZEE, “R4ETH
HEREHA AL LT RASN D AFBEFAA, YLy EFEST, B, ARHE
BHRRAE . ANGEGERAOS TRELTHSF L LA FTERAKFAAELZEL, £X
BEFFTT.LEFHFLLRETAIHE BRFEPFSRAMHHUE, TETHEERA P
EOFHSTFETHERBRGTAHAEX, 3/ TN EE A&,

HHEFHETETFTHRERA SR IIA_FAL AR L BERLR, F P AY
KA B LY EHNASPMA, REERSAFPRER "L MR E AR —HE
b SCRALE AN ARERBRAEERE RS ApZAeyiEd, PHEPFGER AR
FIEALBRG R, MR ReREAAMLGE P, sosh, F BB FGHRMEP
M —FIAYRBERARA PR FELHE EARAFEAN LRGSR, AMRH—F
A4 AE 69 1R 5F FLRE TR 5 ok .

HNREGTAMUE R AAAZRA—PHRAAZERBBRTER, SRERAW, R
BOERREAMNS 2SR E 55 (WSVDANMFF ) ML AF 250 M4, A48
EAFIAAHRATHEAGTAMNRA  HFHATRORFRRERE S TAASELARZEFY
#H.

BH N TLFRS LA RERY AR MBE P PSR LARENEFE
Lo —FE, TAFHALLFEHNEAZBERRCHEF , F B TEPFOLATE, 5 —F
wB,TARSES THERA LSO, B ERE mROESF,

KEBEA: L TFHSH B —FB MALHEA

hESHEF713.36 MRRFRIRE A doi;:10.3969/]. issn. 1672 — 0334, 2018. 01. 001

MERS:1672 - 0334(2018)01 - 0003 - 12

518 BRI R BLI RS, HARAROH T R R R 4

EER, MEBWPHEEAFERENEE,E B4 UEENEHMINNES - EME, X
SRANMNE—MEF TR, RAMEH TR FE BERSHERAS - EXMERT, W& TRk
FHERE, AT, B TFRFHEUREEBRELE FEERTH, BREIRARHERNTERN

I 58 B 9 : 2017 - 09 -20 BEBH:2017-12-10

BEMAB: BHF A KB 24 (71701007,71772017,71402007 ) ; Jb 52 i 41 22 B 22 B 4 (17GLB009 )

fEEEM . ES BN L, bl S MR R LT E AR I, R RS E s R S %,
R B2 AR B SR 8 Fused latent models for assessing product retum propensity in online commerce” , % 3% 712016 4E 4591
{5 { Decision Support Systems ) , E-mail ; liugn@ buaa. edu. en
56 , LA A A2 0 U A B A B A BE A, BE YT 1 M BCIR IS S R 4 R TS %, Eomail,
bhjg_z1@ 163. com
DR, EMYE L, bR R e g MR e R v B RS R SRR BIHAT K
B B RYS RS AR A Content & structure coverage ; extracting a diverse information subset” ,
% FAE2017 4E 58 4 9] { INFORMS Journal on Computing } , E-mail ; mabaojun@ bupt. edu. cn



4 H HP4= ( Journal of Management Science)

201841 A

RERMB K, 0G0 % 8 55 L AR 3% B B 5 & K
DLHEAT PR AT R T OR B K B2 5 AR B 5 AR,
ERATRERAELE RS, BRER, EX
H,8FEAN"RBR&EENEARERD ETL
£, WEHEF ARG, BB A&
¥BRBFE=02Z—, HI, BB FEHFHFR
Fh R R BT XU R R R T R A5 ol 7 B R LAY ()
Ao

Lk HEERBESTERFERPHRA
REA, RZ R F 74 20k B 29 16 EF 3 e X
TEHNEREL HAGTRAIMANETFS XA
BHAZ EFEENHEEERS WEAKMEAT
KEMHE EPMBRICRFHE. HEXNTHE
T 55 BT R RUBGR 547 O B SU R 43 i A 5 4
REEERZ , dLXE LY B K 1R A BB 57 R B
¥,

T, AW T E A SR PO T
RIS T B R AT R, TR
11438 5% BRI LB TR R TP R AR A S (R 2R
B, B AT UK B 530 R b O — R B, A A
G50 T YT A i HE PP AT LUGE A s SCSE A (] B AR R R 1
BB ERRB. BETH, AMERITTXTHRA
7= 6 B 3 E A AR, R AT P R 0B 1R
Mg AT E R E Z Y. R, %5 &3 %R KK
APURTSAGHELXER, RE —FRASHE
BB S B U7 i R A B BUR ST R, B
TEJ7 3 B A R

1 EXHARER
L1 BENREER

B £ 2B BT A A S BT 9T 3 B R B B Az fE
EHMAELE, ATEREBRHEEER, IFER
FARBRBORY TZ2EEHNY R, £iB%HE
Wi B E WS L Ll et al. 283 T AR MR B KL K
T8 25 W ) 7P 1B 5% MUK | B o5 O A% R A OB X T 9%
FUEXBEEMBREENER, RAXERRNE
Wl A L A I FIAR & B s WALSH et al. 53 A KU I 78
W, 8 S B A B AR A PRAIE | 7 A O 98 A0 G R 6 AR
B3R TR AP BSAT N R W, &3 KRR
AT = RAB R, W AEFESZ MR, B
T mmBER BRERREBERIFENBETH
BAFEREZRW. XEHREIH > HHHE. -
FREFSAGHBEEERETANBMN S 5EE
EEMMAL, PhoK B T S E AT BT P
WEGTASBREGNZAMREK, RAATBRRE
AP REEZNMETARTUBEZTEEREE
CRETH. X8 RUIRE T LN PR AR
FARVE B AT 9 B . 4% 53, DE et al. i i1
SCHEJ7 ¥R BT 5 W P 6 R AR R B AR B R R AR Y
R, AL T HE AR S F AR % FU et al™
IHBEMRERB MRS -2, MEHE
MR MBS LB MR EA—3, LK

HamBHEEBHEFZWRIMEGBEZE A -2, it
Eit A AEARTENBMBEESEBN TS
HB FEHE R

7E 3B 5% B % 75 1 , PASTERNACK' 8 9% 52 #r % g
R B8 UK , 32 W — #h X F A 0 A B B R RE
MR RERET BRI B RTNFIABER
FEAUMERBAERNENITRERTFR P,
ERBRBEEAERTZE S W EMEME, W5ITHK
Tk R A A6 . DX BB R ER RO A P A AR T
TREMEm, EARFHETHMEE NS RN
By, 2EREECMRETHTERMERE > HMGE
MBAHENHAT MEFZEFRWTE RS AL
fike P AR BF 1] R, 2 B A A0 A OB BR OR g R 8 R BB
A, HRMB M A= RORANE. B
TR P ZRET 7 TR A SRR A B
KRR ZHMBRR, LUHRBOTEETHESE"
BEFE s, BB % | A A A W AR 1R
o [ 3R 6% B0 X £l Bk R B R 4 95 1 SR R
I ; MUKHOPADHYAY et al.!'™ % 1 $2 fit A& 4F 11438 4% B
TRARE SR WA, (H R Bt 2 h T 5 5 AR 57 i
TR AR MR, AT IR — R AR R R
95 K {1k B Y ; ANDERSON et al.'"'42 th — 4 il 3k iR
W B PR BT BUR R 25 M L B, 8 T 6 7 wT LLAE 8
BEHERMBERAZRFETREG. SEWREAFRMY
&, 3% 26 56 F IR B B ) BF 2 R B R LAY AR
BHE EEFHSHNABETAES T M EADR
RS, B, A LTS RN
— i R 2 B B Y HR 45 SR B, B R [ R AR B IR 47 B
BRR BB IR 5T 3R R 5F A R T A AR BUR R SR
BfFmEm g RHEE S RETEERX — 4
A4 T M R R A T A R R E R R
W4 15 0B 1 i R e A0 2 W KGR 1R B T e 3 MR 1R
WIS TZEEMMBFIRE D, LA T HXREERE
0 A B A O . X S R R ATE B R R
i R S il o Nl ) e T R ST S
N AP BB

DA BB 5T — MO B2 3 S E 43 R e R R
HREE, Tk X 8E A P X e E B & IR 5|
B AT 8T . A% TG, AR B 5 N TE O BOR R
HimfAENE SEAPERRIBRPIITHE
3, 2 10 T A PN A E R AR AR BT KU, 18 R T
WSk iE EE MR,
1.2 Z“8HE

R SC i A B AT IS SR T LR R Oy 3
B, AP EEmRfHPIFGS. B, XTF
T E A S b R U R B B — R A R (A
8 , MOONESINGHE et al. l'*13% F 52 & 2 [&] (9 48 {0l 1
Bl —ME, BT ERTERE S S FRESH
il 55 P 22 6] B9 06 AR A0 B I R R A AT BB R S
BEUTEL et al.''"/ 5% 1t 22 W 45 o (19 5 35« S 98" 47 0
TTOFF AR A P 5 438 W& i T TE AR 48 “ s 3
REWE RN ZHE, FEEMMI R SR T NE



1 4

X5 45 2T REALIFE B R 77 5518 B XU B A 52 5

SCOR — Fh B 18] B9 T A5 R, DT O Bl B B 1k ok
E_PEPNS MRS, XTI E
—E AR B EE B T A A5 R T LR A R v R
BRI AT R, ZHU et al. " 1 H 2 P A
FEAE AR R B, R B AL B E B O R B 5T A 3C
W 2w FH P 8 R 7 9 3R 30 A B R 5 FOUSS et al. '
AP amERr R, HELTHERSH L
1 By R Bl 6% 0 B LU E G AR, fib 7 0w L —
DR B8k b A BE A, a0 88 — & T W B A R
7R FF 4 B e E B8] S, DLE A R Y S Z 8 5 A
I, RET MR AL E F BN ZHE A
AT EA B K., HE et al. 2 H—E N 0t
W HEZR , AT DA T PR A 6 B 45 4 R R 15 BRI 5T
B A R HE R R, il 1 A B A 2 B
e R, A G Ak 15 W Ak of B R [ B B S 4 E
METAWNES, EMELHAEFHERN., AiRE &
M AMERFHTESE SWER, RIFRRE
EHeEE AARBEMNEEEL., BAoWE" 2
H—fRAHBERGERN W ESEETN 2, 8
X oEHEETRE MR CHERY AR
o, FF i B R B AR e BT s R B R R
oA EENEMUENERRE, AR REET
T E GO A MR R TE AU, kg
WEMEASTE WA, 5 AM PSR .
AW FE FE 3R 4 F AT A BURIR LR R, S
T X RGBT R HE B ek WY
(31 4e 4 P TR B K 5% B P ot T E P4 A
FrFieHEeE L ZRAPHMERGEEE, BRIEEZS
WiIFnfREEXARMREEE  REMEERRE
BEM_HERFELE, CRSREEAZELEAH
TIRRMMERE, HXETHENIRE S FEZRE
FEFRERAGNMH BERETHPER TR S
BEReBR T AER B,

UEMRSESA, ETFT - HEWRBEAEBGTN
ZALEE S, BT LLGE N & Fh i RF 6 R R S R 2 R
THXFWEME., B, AR U_HESHH A
ArPfrEfiBmie s, Amu i~ EEPERE FHRS
vh it B BT AT R SR AT T 4 A
L3 BEFENBENEESZ

BNV E#EN R —EZAHEENT
BRLOELE BN TEGS ™ BsED Y
A SR . AR A P
A= M, R BB E SRR, SO F R
Z 18] B AR b, T 3 3E Bk, DL AR TR i 1
W8 B A Go e #E R % LAY 1A & . PUCCI et al. 48
i —F B F B LI AE B9 VF 4 5 35 TtemRank , 7] LA AR 45
WAE B AR A P 0 IR I X 7 G AT 49 e HE R, T AR
BEFEMEN. BREZFEAFAREFZEINSEHA
FrAE LB oAb A P B R, SR AT A
& %} ¥ S8 3 [6] 3, SHANG et al. "8 H — # 3£ F & /R
BRI EMES R SERR, EASEEMN
IR 2 A AU A B, 2 ok BB O R AT M5 Y R B

1 OO0 5 A RO R R O R ML UL 4 AR BG4 L 2 4R
MPrBEET B ZR M XB, P ME G
WoamE, fHTEGREERENAR. XEET
p [ ek 20 A R B R LA Ak 3 AR O W G A B, B3 R
HRataMB AESRARRERR X EIER.
OB AT 22 AT B0 BEAF B0 £ I AR D8 S B
LR T I S E Yl R A B e T
EREHE SRR ETH E ST, B E R
DX —-AFELEBERESHAAZENER,
BHzrEEMANTERERZWFSIGEE, EE
FRSFHTFHEUAREM. JAMALL et al. 10
ETHEEMBNEFLEZWETHPIFSHEE
WUEFEZMEER, B A T8I0 8 8 # 8 Btk = &,
ftb 7742 1 TrustWalker 5 3 , B 2 T {5 1T I 2% B9 b P11 7
& , 7 Wk 0 A B8 bk B B P R VR iR
745 2 SR B4R — R T P O A 49 PrTrust-
Walker B 55 |, 1% B 3% 7F TrustWalker (1) 35 5l _F 18 o 20 1k
RS, 5l ARUELEE (5 BINSR T 17 42 M 4%, (f 4k
FARG A S xR0 AT AR R, 3 H — R
MmTHEBENREE. X TE-BUERZFEAE
SGHNER.ZMRAFEMLRFEES T L EE
BIPLH . MO et al. s BEBLIF E F T ABRETH
HFHHZREHERE S B HRERNERRRE
TMEPAREBMWERZBHZEER, RS
— P E S B B9 R BE AL E T L LR BN P
ST F . KR, W= S iR % b A
PRI ZEAT A AGENITE, @ #FRFEN
FEULIFER B LI T MIEn 2 NEERTE, 528
oL, ZER % —FR B b, A P () A 7 A P AR B 22 B
TRHBHEEHSABMERTES, KEXES R
AL AP AT 0 B e w2k B A R A
PR IR —FE T P 28 R 8 E R
Wk T EMAST EEEN _HEREE RN
Eai b, Bl —F AR MER I RE, FHE R
FH P #0E Al T H 3t [ 9F 43 B0 X P B O
EVIEFEAHLDEEBRNEEEE, IXHRKE
HWHE PR, A K™ 5 — 0w LR A
BB Z b, S R RS R NG M =
P P JE 1 B B — A P 4%, ARAIE N L R R LR B L
HXBEXAMBERSH, EdERIIMNEIEER
HWET MBI E B, LRSS EN T
L E Jr ik A B HE (R RE L R Mz K RE T .

LR W 5T AL BT X PR I 3K 0 R AT B, JF
KB P RER = S A 5 R RFIE . X TR 58 5
Ak, FERAEIESWEXABREMRNT N, M
A R iR 5T B9 P R E D P RRAE , DA T 4R A R A
Y 000 4 B

2 BEF - HNENBENERRE
BREMAPH—TEGERRIR, SFAHNNR

TdBEEMU E—ERELRBRTAPY T &N

A 5 5 A0 A0 A BB BT AT MR K, R i R B



6 B BB (Journal of Management Science)

201841 A

B1 BH_BESATH
Figure 1 Example for Product Return Bipartite Network
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P OREEE . BESHeMB &2 RMEREEK
S, EAH Ha i, KA HFARING =GR & R(y) 1E
S T A AR R LR B

Byl BT TR E R 5 R 1519 A% B ( ReRank )

Input; Target User u;, Weight matrix W, hyperparameters

a,B;

Output ; User vector #, Product vector i;

1 :Compute User prior information &’ according to equa-
tion(8)
2: Compute Product prior information i® according to e-
quation(11)

L= o
3 : Symmetrically normalize W.D 2 WD, 2 ;

4 .Randomly initialize i and u ;
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5 ;while Stopping criteria is not met do;
6:u= B(DGTWD;T)i+(1-p)u’s
7= a(D;;_WD,_%)Tu+(1 —a)i’;
8:end

9.return { and u

3 X8
3.1 Wit

ABFFE N8 F W FE LR B R R PR B EUE
R PT B B BT AR PR S BC I M, 2
HAEihERAMNBEFEEFTIEZ—. BELAHEE
EgEPKREG 0B ER . E R EFKE, ZEE
£ EH PR 8 S f12013 4 £ 4 M aR 1R
SR R T EIFHLE B PR SR WA AT M AL, A
MRMEAMEBRFMA P HETRE, REBRER
WA 2e AP REBRICSE. FMBRAEPOEM
TE4 VK P 4R AE , A= & i Lz 2R S04 O AE B
RAVE AN G ARIE . TEE S TE AL 04 %7 008 48 19 8 31
BiERFE2,

|2 WigwmER

Table 2 Description for Dataset

fifik B

DRk 6 433

7 A 16 184

e 18 823
AR SOl 2/ ¢ ¢ 2.93
7= IR B U 1.16

BB B0 R 40 R S 3, BSR4 4 R A I 4R
8OHRHUANKE, W FEEFSEOHST, W L
B AV GREF . MR TR,

3.2 KWHEBRGENTMER
3.2.1 LI ®E

AT BiEA B 5 12 tH K9 B Ik ReRank f) 5K Br 310
ROR, B HR — Lo BT O IR D H M BT

(1)ETF 7= fis B9 B3 7 53 38 (TtemCF )

ETFFRBMRSEHERZERE AP ER
5 AT 2 AR T R 7 R L T . BRI LA
7 & 5 B i LR SR B9 A 0L R BN DR B A R
B P B TR B ™ 6o 95 A & B 5T 1)
BHV, BFERKBREABAV, RAKREXAITE
ZEZERAACBER URE SRR, X
T EHARA P, F  d AOUBE 3T R R b AR B AT
BP9, 2 HE R )5 T SRR ()

V4l

>, (V,.Vs)
S,(V,, V) = L= (16)

V4] Vg

> Y )

oo, v, BB AV, 05 A5t A 1, V, 0 R 5
4V, 15 A4 R

(2)% F J F* 10t 7 i 1 (UserCF)

SEF PP IR A 0 0 A AR g R
AR P IR PR S . RN, P
SDRAPRAMRE Y = FREFRENE R, BC
Fil P 0B 5% 1 BV, D FR P SR 9% 16 B RV, , R
A T A VR = 2 18 B AR (0L BE T LA A8 B P 2
f 4 {1 B 6 P o % L T, LR PR P R 0L B R
2 5 7 R o AT BT B, 8 4 P U A ok 7
FI R (u,).

Vel
_,-; ( VCj VDJ)

v Vil

Y (V)| 3 (V)

Hep Ve BRI BV HH AT REE,V, 08 5%
16 1V, 69 55 4~ o fk L

(3)%F 5 fH 43 f## (SVD)

TFRMESBE—FEE BT E, BT LK
HEF (R R B — B A A ) AT R R X T A B
FLRTE HYAB 5 A R, 45 5 B 5% BE W, 00 FE FF P AE
BIUE . SVDRBLH & A= & A AT LA g sk 5 2 — 4
i 24 BE A B 2 [|) i AR % 0 I R DL 43 O P X
BETBREETHREBELUERTRAEE MRS
BT EEM, SR 57 E AKX

W=L3M" (18)

Hoep, X505 0 b a) A B o

(4)3F 36 % 43 8% (NMF)

5 8VD J5 B 28 Bl , NMF 1 2 05 78 $e & % T 7= fh i
T HEETHAERES T ANESERE, NMFE
RimAEETTRIER, e B&R /ML REXN T 7
MRS 2R E MR A R
3.2.2 PEHriR R

(1) 7 W 2= ( Precision)

B e R e TR P B R (B bR, R B
Fy a8 F LB 1) % o 2k B & AR B BT Y 7 H07E T A
BT B Fu, AP, B 5T R R T A8
B 7= R A RAR(u) R (uy) o3 BR & AR 5 G
A Jyhies(w,) , %L HEBE N

| hits(u.) |

SU[VL'SVD) =

(17)

Precision,ﬁ_ = R_(uj_ (19)
(2) A [ 28 (Recall)

B IR R4 O 038 5 SR B 3% oh 9B & AR R
5% 00 7= 5 BOTE PP 96 B R A A 4R B0 7 B R S
B 3 P, 52 B R 2 5 B 0 77 SR A T
ICu;) R(u)) 509 B 5 AR 1R B 7 B 2 Hohins () o



10 B BB (Journal of Management Science)

201841 A

| hits(u, )
Recalluj = Tuj;— (20)
(3)nDcg
38 bR A R T A 58k B 5 5k PR R AR R R
i BT R ) 2 0 T A b (AR K, U B G
B F T00 90 K BE R L X Fwy P, B TR R T AR )
W= S HR(w) , KE RN T HE Deg WA h

N
qs
D = +
% =9+ 2, fog, ()

R, S B0 R RSB kPR AR BT 5 A0 R R B S
PRIg KRt g = 1R, q0= 0. 4 T 48 B nDeg, & Xt
Deg #:47 b5 4L, BI

Deg
ldeg (22)

oo, Tdeg Oy #E i B8 78 09 HE 5 1 8 i Deg 8 HUE , B &
KUHBRE. SEZBiEFEH PR, TEARMH P
nDeg i 35 (E B AT,
33 BENERMASTEER
3.3.1 Bt S
EFREiEERENSAR, EXRPE EMNA
F P i 3B BT KB ) B P 2 (AR L EE B
ST 0 B Bla=0.5,8=0.8, HE (14)XH
(15) 15 & A 8 2 AR 5 KU m) B e i, |6
HES FRERERN BN FHEN AR, Ik
S5 B W6, B8 A A% AR YRR 1, P R
BRI EAERERN D, ERREKT
108f ,u M FHEMBHRERGEELTF,BERT
W,

E=1,2,-,N (21)

nDeg =

== = 7 i R R R A EME
= F R A R A EME

AR

Be BZENBMEDIATER
Figure 6 Convergence Analysis Results
for the Algorithm

3.3.2 ZHERES T

A W5 1R i fReRank BILF A Fa MBH I H S
BonlRkER&ACRERMAMERFEEK
EEETURBEROEAFTLAHRE. AF
WSHRETUSHARNEFSR, BESR X
3B E T X S WO U .

B B=0.8FHRFAZE, 5717 eX =58 HHEHNE

Wi, LT pi T AT RN, S R AE S RASE K510 1S
MW THGSEI T, EFHRIE R, EEKN Y
B REHAAW FTREMBE, ERBETEE, Ha=
1, BEEMFSERFEREN, SR —ENERE
B A L, BB A M R A0 R AR B B TR,
A RSB E B TR RN ERR W,
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(b) HE %
B7 o« NBBREDR
Figure 7 Sensitivity Analysis Results for the a

Bla=0.5,Wpx# 5 aka 2w, WES, i
P 8 B, #EAB 5 T B A B 4 B M 5.0 Fls Et,
FEEBMEB AW, MBI A AR EHERE FAr#
BOEHRLEETREABER RN, Y4=1, BIX
EMAPEREFEREN , S8 E - EMNERF M
b BRI EREN SR RO EHEN TR, 5
Sh TR G F LR A IR AR D, R T
% B8 5 L ReRank 5.3 % g AN LRk
3.3.3 BILtERRaHT

H—H i, RERMSHE («=0.5,8=0.8), 3t
B P B9 AR 5% AL BS JF A7 0, BOAR 4 A P 3 R
AR ERABTE AR EN R, BTG RS
UserCF ., ItemCF .SVD fil NMF & Bt 3E 7 3%t bb, - #r &5
RRES. Bk HE . AMRBHOELLERFRT
E¥IRABELT, B RRKENISH, 5NMFH# H,
ReRank ( ME R R F T 16%, B EFERE T 17%,
nDeg 8 T 11% . 5 4b , 2 F =& B th [ i3 5 &8
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Figure 8 Sensitivity Analysis Results for the g 012 b ®ItemCF
= SVD
e 35 B R, 7T RE 2 R 7E X8O 4R R B R 0.10 T wNMF
WIEHBEANGHLFURFEENEUETER o & 0.08 # ReRank
B . 2 0.06
3.3.4 1B B R AE B B BE h A b 0.04
AT it —35 4B B A B WE LI E T R A S B 608
B A5 AE X T8 48 KL RS B9 T BE A7, 4 B AE ) B G B '
PLUEE B P A& R E, B EI & B M TR B, 0.00 5 " s
3, PRI choin A BF A R AE G, 5 T B 35 AR 1 "
Bl Fe A RE
R3 FEAEBRNBIENTMEH (c) nDCG

Table 3 Predictive Power
for Different Product Return Feature

BEFHE  MERRR HEE aDCC
A HFAE 0.018  0.078  0.095
& FvES 0.013 0.062 0.074
P 0.012  0.076  0.062
EWEAE 0.009 0.054 0.058
IEBRE 0.008 0.054 0.062
FeASTE 0.009  0.051 0.055

B9 FARZNMHELRER
Figure 9 Results for Comparing

Performance for Different Algorithms

X B R, TS AR T A8 BT 4 A 0 B L R kR B
R, BN AP RS PE S 307 0 O AR 3 L B
AREEFTRATREEMNEE, FHREARMNEE
HhR, FEHVSEREATHERRE, mRMERAT
BRIZE, 2B HFAMERIEFELN—-ERE L
MHETHEHENEE, BRENEARBESR,
SPTERFIREN, B T B 55 1L Ay BE AL E R
B fE xR 6% KURS: 47 B A B R

PR E A W5 4R B9 ReRank B 35 % F 8 [F 26
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Risk Prediction for Product Return in Electronic Commerce
Based on Random Walk

LIU Guannan' ,ZHANG Liang' ,MA Baojun’
1 School of Economics and Management, Beihang University, Beijing 100191, China
2 School of Economics and Management, Beijing University of Posts and Telecommunications, Beijing 100876, China

Abstract : Recently product return has become a focal issue in e-commerce platforms with the thorough development of e-busi-
ness. The high ratio of product returns can cause additional costs in logistics, maintenance, ete. , which can impact the normal
operation of enterprises. Therefore, it is extremely necessary to prevent the product return risk and identify the return propensity
for e-business to improve the decision-making for e-commerce operation. In the era of big data, e-commerce enterprises have ac-
cumulated large amount of heterogeneous data including sales, returns and customers, which can be utilized to mine consumers’
purchase and return pattern, and further predict the return risks.

With respect to modeling the return risks in e-commerce, a bipartite network is introduced to organize the product return re-
cords, with the consumers and items representing the two types of nodes, and the edges representing the return event. Then, the
prediction problem can be formulated as a ranking problem in the bipartite network. According to the structural characters of the
returning consumers and returned products, random walk, which is a typical ranking method, is defined to represent the passing
of risk information between consumers and produets. The return risks of consumers can be represented as the products they have
ever returned, while the return risk of products can be represented by the corresponding consumers. In addition, considering the
sparsity issues in produet return records, the innate features of the consumers and products are further incorporated by computing
the similarity between the products and the product, and then the similarity is fed into the random walk as prior information.
Thus, a prediction approach with the features fused is developed to improve the accuracy of prediction.

The model is validated on the real-world e-commerce product return data, which is obtained from an online merchant in
Taobao. The experiments demonstrate the effectiveness of the proposed prediction method ReRank in comparison with other base-
line methods including SVD, NMF, etc. Moreover, the experiments also show that the related features of both the consumers and
products can improve the predictive power, among which the produect warranty, preduct price can contribute significantly to the
predictive accuracy.

The proposed approach is applicable for e-commerce enterprises. On one hand, the enterprises can utilize the approach to i-
dentify the return risks and enhance customer relationship management toward particular customers. On the other hand, they can
improve the planning and management for products with high return risk and take measures such as improving the quality,
strengthening the wrapping.
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