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Abstract

Aiming at the problem of insufficient aggregation of key information in the task of identifying false
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reviews in e-commerce by the existing graph neural network models, this paper introduces node
attention aggregation based on dot product to the CARE-GNN model and proposes an improved Att-
CARE-GNN model integrating the attention mechanism. Compared with the original model, the im-
proved model proposed in the paper can dynamically assign aggregation weights to the neighbor
nodes of the target node in the aggregation stage, thereby optimizing the feature selection process
and further enhancing the model’s recognition effect on false reviews in e-commerce and other
fields. This paper conducts experiments based on the YelpChi and Amazon datasets and compares
existing benchmark models such as CARE-GNN. The results show that Att-CARE-GNN performs ex-
cellently in F1 value and accuracy. On the YelpChi dataset, the F1 value and accuracy increase by
more than 1.7% and 4.9% respectively. On the Amazon dataset, the F1 value and accuracy rate have
increased by more than 0.3% and 1.1% respectively, verifying the effectiveness of the attention
mechanism in suppressing noise interference and improving the distribution of key feature weights.
This article provides a more robust and interpretable solution for identifying false reviews on e-
commerce platforms.
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1. 51§

BEE B 1R AT R R, 2 B PR AR WS 9 3 TR SR R v 7 v O O B () A (1, T BB AE
MR IR S, 22 HoA A P IV EO SR FI B . MR RS 2 T . B BT H P TFE R E
B Sy, —EARBE. PR FER AT N TN E S o, & BHlE RS . X TigE
WK PFR AR, N TR 07 BRI, 8O & Bt AL AIE 5 3 sh Ak R R TR A & CE K.

2008 4F, Jindal ZJoHRH T EBRIFRIX—MES, db)E, BOREE 053 B Se i RS v R iR AR VE
JIF T AT AL TAE( 1] W4, RERVTFARRA T 2 AHE =M. PLER k. SMREY)T07
ELL BT B 2% 1) T

FETHLER ST AR PR AR A 7V 5 B IR R BOUARRHE,  FRR R e A SRR [ AL AR DL
AL S ) o AR B BGTAR EAT 402K . 128 SUARHINE 5 MOUARFFE IS5 G LA 22 21 72 R ROF
VR B PO A B AN, Li SR F A SRR . 1A MERRIE, 455 SVM 42 as i LT & A i 3
P T R R B PR AT AN, ST T R A I 8 IR [2] o 2 TR FE 22 ST B J7 VA RERE H BRI Z JZIRHIE
ZEEINZHIN A . 0 Hajek FF DFNN (Deep Feed-Forward Neural Network)5 CNN (Convolutional
Neural Network) i FhAS 6] (I F5 2 ST R B4 1] (108 SURFIE S8 BORFAE, X R AR PP BB TR [3]. #4 E
W VR SRR N E S s B=880, T BiER VL = AR R dmid l— 2 R IR R R,
JI S ST AR AR ) PR~ RA0 e 28 R - 38K B 355 BT g 4]

Pl #4122 X 4% (Graph Neural Networks, GNN)Z R E 2% > [ 7403k, 1 4F H 00 B AR 48 0 26 BT B i 1k
B WA ROR A AR AR A O BOTR IR AT S5 RS TV . S S R R IE A R A 551 5
T B 8 I 28 A5 1Y S BP0, o Y 2R 7 25 T 1) R SRS A S ) PRI 28 X 4 AT SO A R I i |
P TRl AT SCARACLEE 1 B 25 B WX 4% (Sematicgraph Convolution Networks) i FE S R 77 7%, 7EAFF
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R b, BAGRHET A BRRIRF(5]. Yao S5 IX$EH T BIERME M U BB Text-
GCN (Text-graph Convolution Networks), LASCESH AT st T B, X & T9Fe WA R EBRIE L
R EIFEFL[6]. bR TIFRAMB R, ZEICH A HARRBIE BA B RFe, 10 Wang 55 & (k32 H A
FVFL . PERTE . Rl (A o0 SR A 5 o o 2% (], 30 4290 e o DX 4% [T v XD RRAE A O R B PP [ 7] T
Dou %5 A\ €& ) CARE-GNN (CAmouflage-REsistant Graph Neural Network)#5 75!, &1 /N5 &5 Ry
FRAE £ 2 (1) 3 T2 [A] ) GNN #528[8]. Song F54& tH —Fh i T2 &AL 86 B B Bk il 7%, d@id i
FRAS P2 th R B SRR R B, BB R AIRCR 9] IAM 2 EATBEX AR A R o, i 58
fH4% TrustRank 5755 GraphSAGE #EMEES, LLkedit GraphSAGE #EM FIBEHLKAL SR, K TR-
GraphSAGE #4Y, HEARIVERRIASECRIRTH10]. Horr, 3= L w] A 200 BB B e 7 gy, (R 0k
Fil BV R UL R R 20 X 2 A R O ) — AN BTV KRR SR TR TR e R L S R
Py BEE B T 2% TR Z IR SRR 7 I TR, E Yelp It )98 75 50 4B ORGSR T ONIN 25 [
2o 2 FEHERE Y[ 11]. Shang 5578 B AR 2 b A FH 22 Skyds ML, A8 A s WL 25 oF B e A 1 i)
RN, WREARIRCRERET, BNEE ) RECEE HR € R E SUNATE, B EA RIFE
RE[12]. A A S F A0 B AT 7= it i B v S LR PR SR AT AR, Lt — P T R R
FIMLE AR IR 28 B, 7F Yelp ZUd 48 FRIHERA 2 A L TR R B BB R & 17— 2= PUANE 49 £ [13]s

Fe T2 WX 2 () RE BB IR S A B S Ui PERE, (H 5 52 e A U TR0 RE i, ARSI
B BT 03, NI CARE-GNN 7Y 5] k33 5 AL B 1 s 4RI A5 48, BT CARE-GNN #5274
581k %% 2] (Reinforcement Learning, RL)ZEFEHLA 25 T 17 fAIRR REE S AT 1, B E RGP Beak e R I 5
TERASEE N ER S, BoAB(NEET 1S, FIEAERENBCRHET WA ARNERE RS
Tr RN HFR T SRR M TR A E, R Att-CARE-GNN #8, JE7E Yelp DL Amazon HIFE T &
ATFEAR AR FRb G 2 Ml B S5 M i T se0e, DA IR R PERE .

2. ETFEEANHNERITLIRAIERERE
2.1. R4 EMHEMLE

P e 25 0 4% A% 00 JEAE S S I 1 S 4% 3 (Message Passing) ML SEEL T £ 18] 30 #1856 R SR AE(E B A B
[Fl% 2. fEEIR R, EIEE A — ol 6 = (V. E) Fow, Hh V2 ANES, ERUNES,
AT RveV, AHAERE X, , RLERAEREGQS T 5% AEK&ME S, #AT BB IR
M RATS T, BT G BRI AR A e {0,117 (WO AR R AHIEAERE X, LA
JER A RSO M AN B, BB ERE, REUBREEENTARER, AXEKEHN
(1):

HY =a(DaD u W) (1)

H A=A+1 (FIMAK), D AREHR. HD RE RN ARTE, WY ESEEME. o RS
A, I 2 R BN HES, T A OB RS AL AR AE B, R R IR L B A R T4y
KIIFRFAER |, e Ja i & — 7 i F T 70 R B0 Softmax), 15 H B FIFRZE §, -
2.2. CARE-GNN &

TER T B W 28 R PitE B s N, SRVERE B R AR O 2 DL oK 2R B 22 11 3 BB |
VEAT N, I AR K o (RAE D 2 - A5 TSI FH P ) S st el KB SRV A R MBS 2 (5% 3R D 36 e THRE A
B2, PRERBIA RS e, IR T R E Y, BUlAL 58 GNN 5240 5 e 3 Im : RE BRI,
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A A B ] b3 22 5% 22 0 4% (1 [T 4 28 X 28 IR VE RS IS 7Y CARE-GNIN,, 2 11 E508 24 i AR VIRl 4k 1)
O PRER BT AR IX — Bk, CARE-GNN GFi AR T 9 [A TAENLHI, it T = Rocmfbite
DA AR VERS BN . BRI AR B By sk 2% 2] A1 R I 38 A E IR SR A i

PR IR AN AR AL B AT A AR AE O %, T8I 25 6 49 s R AN LRI 2, THERETY R IR AR AR AL,
T G (A S AR R 5 B0 A o BEEYR FH AR B AR S E NI BHE 5, R 2 2 B EIHL(MLP) S HUAR 2 T
D, RS &5 A REAE 1) S R TR DB 5 P i, A AR B R B, R o% 2R H top-p KA, 4R JE 1T 4% R
AEABLRE B HE, AR 150 7 RO 400 4wt e B B JEAS AR TS A, RIS 1 o 98 S H AR sl A — ﬁ
BION R0 s FESRA S ] Q1 R I BT 06 R ke, @ i Ak 2 2] Bk 335 B B R B A8 R
T PEVE 2 R 3 ) R BOR DR (N S 8 e 42 ) . FL AR F iR A 2 =) SR B I AT e 5 A E%ﬁﬁ —
epoch 17 s FIFE B, I S0 SR IEAGIX AN BIME, 25 8 SN epoch RSP FEES IARAE, 24
SEYRE B IR N AL 1), SN IEEGCAH), i 2 &R A4 (10 A epoch N B/ T 2)
I, 5 EsRA S S AR, I A5 2 R A B D e PR A0 B RO BN BRI, AT SR Bh A TR B R AR OC R
TSR RAR R B IRAGR SE S5 MR, iy B R A RSN RGE R, #BakiEE
OV RERERT I, A STE 2 2 GNN IR E LS EH R A E R, BB I RR, RAZZ XA
Gla, A SRR T SR

T X T HER T A Vo 7E CARE-GNN BB RF2 K], i ry oy i RARAFRIFEZ LR

v1r rvz ; @ R - . mininiE : in(L)
1 1 1 ' H
o | |
& gﬂl
@ ) ¥ @ | 5
@ @ § 50 HE % i Sl gﬁ%ﬁﬁg?; -
rzrz I —»z E *O) 3 &‘ﬁiﬁ ...... g’gm i “’D:Dh e
- 3 2 | m g L] ngll =00 I e R R ]
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Flgure 1. Flowchart of the CARE-GNN model
1. CARE-GNN #8772 [

BERIWIGEIT B, NS Vo TR Z R R, Hir T a g ke i, HH5%CRE

ARJETT AR, AT SRS, ARMOCRFE R RAENAET A, ME, B RRARS
BRI, AR — X R T % 0k RO RN A (r=1,2,3), BE, #HTRRAMES, SRR
HAEHERR AR A . 282 ERRE, REHFEN AMERE Y o I FRR R A
BRI SRS 10 e (2R Tl 5 5K
2.3. Att-CARE-GNN 1&gy

TERE TN (Attention Mechanism) & — PS4 A 0 FIA RN R Gk B MR SR AE 145 B AL 3L . 2K
FARFUE B A E AL, R T REA N EE RO R o 6 B e AT @R . AT AR
JHE MK NFRSSHOEL, BRIV P ORALE TS S0 fERE, B R R I BARME % 7
3R, HE RS R ABHERFE . 11 CARE-GNN #ER7E 1 S AL 3 B Be BRI A 28 60 2 RE InBUR &
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o R RE A, XA AR E G TT SO0 BT A IO JE T R LR R TSR AR BE, TEI X AN R 48 JE T R

RVER TR AR, S2Pl Att-CARE-GNN 7,

R BREA WOl TH S R B VR R ) RECKBN A A, EAR SRS B A
B, 1 PR G R R BT ARRAE, R 0T s S AT R A A R AR R, R RO T AR AR
AR AT = ), B S AR RRE4E B UUAD, DME B DA S S S E LR M . PR E A ERIE
H(Q2):

combined, , = [hl. | hl."‘figh] )

o b Fom AT i BRI, AT FORTT Rl i AR AR r N AIABJEHFAE, combined, , /& 5L i fER R
r NIIBHERFE, R BHERHEAE — DA S AL, SBaE R EUs HER RS, AF0):
e, = LeakyReLU(aT -combinedi’,) 3)

a &R R R, RIEWITE KRR R 1550 4T Softmax JH—4t, BRI N2 E Y
RAADTHE, LU RRRNREULRRAES, A ). ENGRBIAL 0T & 1 R 58
Dropout fj bl &, SAXN(S):

™™ = exp(e""") (4)

ir R
zr':l exp (eiqr, )

Q™™ — Dropout(Softmaxr (LeakyReLU (aT .[h,. || A ]))) Q)

Ferb Dropout (AERERY NI BUE ], oo™ RIH— R HIER I REL RERREH.
3. ETEHEZMENERITILIRAISLERE
3.1. SRR E

SEEGIAIE N Windows 11 FKEEHH SChR, H RS N Python3.7, ZEM RN Pycharm, SZEG 3= 2 d
Python £ SR A N: Pandas =2.0.3; torch=1.4.0; Numpy = 1.16.4; scipy = 1.2.1; scikit learn=1.2.2,

3.2. BEEKIR

AR F AR S A FE R HERE £ YelpChi LK Amazon.

YelpChi BE4 008 7 5 AARUE P KA P8 . YelpChi BHE4LLEA 100 4ERFAE TS N 5
Wit T =Rk RN 451 (1) net_rur, PAFE—F P RRIAFIPER N R B =M R R L. (2)
net_rtr, DAIE— R S 3RAEH R DR BT IR 3 08 R MR S5 H4 . (3) net_rsr, LAJR]— T i 2645 <2 B8] 18] g P9 35
PRV ST R M 25 1

Amazon HHEHE A E Amazon V& FIRASIEE M AIH FFIR . Amazon B LLEA 100 4EHRFER
FURHE ST SR RIS (1) net_upu, DIGHE > — Pl [E 7 S8 0 F P ok RN L. (2)
net usu, LA— g a] P 5ot 7 AR [FDRE 20 O FH P ST 56 R IR 454 o (3) met_uvu,  DURAULIE HIE44 5 61
JUREOR R A L5 o

YelpChi 5 Amazon H¥E Y NAFHEHHESE, YelpChi B EILH 45,954 MriET A, Hba&E
AT S ECN 6677, FLAT SEUCN 39,277, AT A EEZISh 14.53%, Amazon HiEHE A 8639 MriE Tl
M, HerP S R RO 821, ELSET BN 7818, BRI S AN 9.50%. MBI SEIEALE BiInE
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1T, AR AR ACURE f 3 P 3 9 RURFAE PRSP SRR AR, AR AR S rh i 3 A I AR IR PR A5, AR5 AHALL
JE AL 5T AR AE B LA

Table 1. Dataset information table

F 1 BEEEEE

LGRS KEML R L% FRFIEARAUE PREEAE A
net_rur 23,831 98,630 0.99060 0.90890

YelpChi net_rtr 45,432 1,147,232 0.98795 0.17636
net_rsr 45,914 6,805,416 0.98783 0.18574
net_upu 10,244 351,216 0.71066 0.16731

Amazon net_usu 11,854 7,132,958 0.68663 0.05576
net_uvu 11,863 2073474 0.69691 0.05316

3.3. BB BT IRAR

TEWSCHTHEAT B AR VFR IR A S, FEEH T — FEAOE i ds:

(1) HEfZ

YL AT B 1) 2 AR T AR O PRI RS AR e AR B e g, THEE A 0N (6):
IEFFI s TP+TN

S R TP+TN+FP+FN

Horf TP ZIEF TN IR IFEASL, TN 2 IER TN S IREARSL, PP 45 FA IE 2R MR AL,
FN J& 85 i il o 2R I RE A

(2)F1 14

F1 7380 — P56 VAl 2 AR BRI R A0 A LR R bR . THEA ZU0N(T):

_ 2*Precision * Recall

(6)

Accuracy =

F1 — (7)
Precision + Recall
(3) AUC 1
AUC 1 Ml s oy R R ) BB bR 2 — . 1HHEA X N(S):
SN Ll (R 1)
AUC = 2 (8)
|M[x|N|

R MOIEREAS S, NATHAES, IMOVIERMEAREE, |INIIREREE, rank, FoR5 i I IEFEASE
P FEA G .

34. RESHRE

N T SRS SR A R B AR, T SO TR U R R R A adam SVEFEAT A ISR, AEBRLIZRTT A6
22 21209 0.01,  [FIRFARRIERSI Ry 2, 15 RUIRAKR/D 640 $RERRIIZR 3 FeaAE AR b yPAlBe
RUERE, DA TH AR I R A A R P . AL ERAST 5 SR SR F 2 S R T v, B2 8
KRG DA R HE S, B I aERP KRN A 2e-2. YelpChi R4 batch 1
KANEE N 1024, Amazon ZHEHEN batch FIK/NEE R 256, BEALYIZRAEFEL 60 4 epoch. AiH i
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0.400 -

0.395 A

Loss

0.385 -

0.380 -

0.375 A

PUR NS SR HIEE ,  ORAF VP A AR A AR E VEAT — B, UK SRIG B R HEAT 5 0k, BB PR Fi b i)
FEIE, BRI -AGEERPERE R BRI X SR RN, KRR 7:2:10 8:1:1 fEL R
NGRS B, MRS,

3.5, HERSEIEE T

WICAE CARE-GNN HEZR R 5] NVER /IR AR, Bovt R GUIETH Rl S I8 PPAl HA R o R oot i oA
M 5545 CARE-GNN B (BN 577 350 BLE I T 2 & CARE-GNN(mean)#EAT X L 734, BASSIEVE
B IHU AR BE M o

3.6. XFEESRIEET

W BEG MM B GCN. GAT, AL RGNS ERAE MK ] GraphSAGE FR{f:
Rt E SR

GCN: FEHGFIHZ M 4% (Graph Convolutional Network), ¥ & TS B4 4% (CNN)FIEAR, fHH
REAEF AR )L B A5 75 1] w1 PRV A T AR AR 22 ST PR

GAT: B = M %% (Graph Attention Network), Z 718 IHLHIH EIM& M 2%, 725 G0 BUE R
JINUH], A E By > S5 R T s R I ShASRROC 28, AT BE AT Rcak 3 P AR

GraphSAGE: K RFEFIS 4 1% (Graph Sample and Aggregate), (BT #IHRAERME A IS, Ru% T
45 GNN X4 I SEEHE RO, T8 T —Fhagh 7 ) Sk, el 5 ) — PR G mE, RE RAER
FRIEAR B R 2] BARTT RUA S IR AR IA .

4. SKWERE D
4.1. MKESRE S

F AR S ARSI (45 s R AR AT 5 LSRR I 25 7, IR vk 2 . il 2. 141 3 43l
JE7~ T Att-CARE-GNN #8U7E YelpChi. Amazon F4E4E EARIYIZREE LA 4 I 2545 25 B epoch A2 4K,
0L, FHAE 20 3 Hia)s (b)F B A B & B EHE SR 70%. 80% A I ZREE L] 45 2 (H A0 1A

i 2. & 3 7T, Att-CARE-GNN HE#UZE YelpChi PA K Amazon $E 5 EH I B S 4A T B IF#a Tk
i, RABBTEIIZAE bARE ). 1R 2(a) PR BLAURABZERT 15 4> epoch FoUE NF%, TREEZIN 5.0%,
Z RN B, fE&)5 12 > epoch BHET 0.378 47, 1EE 2(b) i RAELERT 15 4> epoch

Training loss (70% training set) Training loss (80% training set)
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Figure 2. Loss value change graph (YelpCHi)
2. R ETILE(YelpCHI)
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Figure 3. Loss value change graph (Amazon)
3. MKAELTLE (Amazon)

6‘0
(b)

IHE TR ShaS R IR 24 Al#a T 0.453. 0.303. % LL SRR 3 e (AR B 00, AT 20t 5 )1 25
IR, BRAEURERIEE K, JIZd e Sk,

PO B, TRIEEZIN 5.6%, Z NS, &EBET 0.345. £/ 3()5 K 3(b) R KRG RS
4.2. HRAERE D

£ 2 RS, 154 CARE-GNN 5 CARE-GNN(mean) Bl ScIe 8 SF- 3 1 Ge 48 b5, 5 A SO @S
Att-CARE-GNN F B AE AN EE P4 Bt b s B an i 4. &5 fios, HodE 4 518 5(a). K 50) TR 58
PEREVEAN TR bR I

KTH BRSO 5 Att-CARE-GNN U 7E YelpChi LA S Amazon Z0HE4E 70%. 80%MI Il SR kil 73 F 7Y

2RO

M 4. |8 5 A[f3, ACHTEH Att-CARE-GNN f88U7E YelpChi 5 Amazon #E4E, = KB
M 48F5 F1. Accuracy. AUC {H FI AR RM. 1EE 4, AT Att-CARE-GNN AU AHE T
EHERNR &

Tt X2 TR

77K CARE-GNN £, F1 {E#2TF 1.7%; Accuracy 271 4.9%, WERARASH] T H MR
REMrhL  fiRa VT ESA R A EEE R AUC (HISHPEIR, X RER
0.80 (a) 70% training set
Model Type
CARE-GCN
0.75 - =0= CARE-GNN(mean)
=0~ Att-CARE-GNN

HEJE%J

(b) 80% training set
Model Type
CARE-GCN
__’,e_ﬁ _ | =O= CARE-GNN(mean) PR sttt bl bt T T -0
-
o-——=——""" ”, 8;(553 =O~- Att-CARE-GNN PR [@ _____________ -~
- -7 . 2 4 (0.724
< 073 - i Rlhes
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Figure 4. Comparison chart of evaluation indicators of ablation experiment model (YelpChi)
4. JHRASEIEAR BTN FE AR XY LE B (YelpChi)
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11 (a) 70% training set

Model Type
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=O- CARE-GNN(mean)
- |=O= Att-CARE-GNN

(b) 80% training set
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Figure 5. Comparison chart of evaluation indicators of ablation experiment model (Amazon)

5. iHRLSLIE AR BTN 1B #RXT EE B (Amazon)

P AT R AL R B,

AUC fEX IEREA BB OROR, P 4(b) e B HE AR 7R B g
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