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Abstract

The existing text sentiment analysis model cannot fully extract the semantic and global feature
information of online commodity reviews, resulting in low classification accuracy. Pre-training
models possess strong semantic understanding capabilities, but lack global feature information.
However, the text dependency information and global feature information can be integrated by
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the text graph convolutional network, and the text representation ability is improved. To solve
these problems, a new sentiment analysis model called ABGCN is proposed. Initially, the lightweight
Pre-training model ALBERT is employed to perform word vectorization, generating node vectors
for the constructed text graph. Subsequently, these embeddings are fed into the text graph convo-
lutional network for joint training, enabling iterative updates to extract feature information from
online product reviews, the problem of traditional models not fully understanding semantic in-
formation and global structural information has been resolved. Ultimately, the obtained features
are forwarded to a softmax classifier for sentiment classification. Comparative experiments dem-
onstrate the superior performance of the proposed model approach.
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BE A R A AR (R 320 B BRI 1R B, R RebR 22 1) IO B AN RT DASE ELER ISP & 0 S B el 4515
1M H AT CATE B & R K B O s RUE S, H e 776 45 Wk R L 7 A 2 18 0 7 il AR 25 (1 7E
VPR, SURME RSB . WX B & (1) SCAME B SR 7 1 1 B R B DO T 7 i SR A
IR 2% et 8 G E T, I R T ER SCARHEA T A B BT o T I A BT I ARE S AR BB AR SR R N
SEARIUFIR ) SCA 20k (R R BRPPAN B B A AR 55 [1] o 1 ARAE Web #28, F REURIREL. by I p
PRECAS RAS AN S0 ) 2 IR o AREER AN, AIfE SO AR IH =ANAEZ
R A 2K .

KE W SCRBHE W 5 RSN T bRvE, 2AEEFERFE ). BT, FERRNLE S IR
ST, KRR S AR R N SR T B M o TR ASBH [2) 55 T — b5 A G I S A FE L
S, BRI A R AT AT, A BRI ) s R . 53K Devlin [3]554&H BERT (Bidirectional
Encoder Representation from Transformers)ii%Y, 7 HRE & AT SRR R, 10 HEE KL%
U T RAFIIRSCR . F BRI 7 HERD RS J R B AR G TN SRR, AR AR IR AT LU R
TG B (AR, AR A TR A8 A Y R 2 BB, U ZRIN R A RCA IS 0o PR LA K Lan [4]
S8 BERT FBUSERE FHEAT 7 503, 24T ALBERT (A Lite BERT)BEEY, %R KIEL T S 5E, 7
e VNZRE B, T HSCRAA B . Kun [5]5 985 SI AT 55 REW% 1 21 R TR ZRA L, mT LAod s v in s
BROGARRSE RN, AT A2 32 T R 2 [ B A P A, 3 T A TR A 158 S M 54T 55 HR A 280
F o T4 45 1) 35 R 4 2 WX 2% (Convolutional Neural Network, CNN). 753 i1 £ % £ (Recurrent Neural
Network, RNN)AIHK: 45 33012 /2% (Long Short-Term Memory, LSTM), 7E 175 82 AT 55 A 154 1t R A
RME[6], A2 WA M s B PR o DR bt i A AR BR RS A IR SOAR S e, R B o SC AR B &
1 bR SO AT I CEREL, T AN BE 8 0 SCAS Z (B I AE O0AS BT R, TGRSR A Rk 450 . 23 (A]
HEE. Yao [TV FXADHALS, B IXFEH UARE BRI (Text Graph Convolutional Network,
TextGCN), ZMRL AR & 5 A BIX R AR A S M E I . Lin [8]58 a0 #dle ) BERT Tk, {F 3L
AT SRHE, SN BEERRNE H AT UIZR, TR T TextGCN AREZ /R HUE VB EMA L, (Hi2
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BERT ZHAMSCA KT miZ, SREH AN . ASCRM 7 ABGCN #iM, M EguE 51
T ALBERT T Z, A N FTRE SCAS I mURFE, T AR BOCATE SURHMIEE B . R JE A SCA K%
AR Rk, REASIRHCT UE IR R MAFILAS BIF HEBRE MG BT, IHESRSCARHE . R SEHL
TR IR SR I R 8, AT R I TEBE -

2. BUERERTLE

ARSI AR A P I 2 € R TR U AR 6 48 280 dm O P P PN i, SREEI ()05 2023 4F 11
H1H, 819,742 556, 451, RAT0E: W4 RS (star 1~5); F WA RO
L1 N U T

Table 1. Data sample

= 1 BURRG)
Fi 4 VR 2 F P DPA P 2 EAT 1)
P star5 FHURLFF, 5 2023-10-27 17:45
Frowwwn star3 SRR, (BRSO, RRR%E. 2023-07-02 11:48
jrors starl BRA, AR LR, NEUET 2023-10-31 18:44

S E R AT AL, T S VPR AR KE R RSO, O 1 BRI SR 18] 1R 2%
FE, X EHEIAT RE, KEFHIEIE 16,507 . KT EHEOVTEN M, RN IERIZEVE, ff star
4~5 R NIFVE, JFREERRREON “17 ;5 star 1~3 RIS NZEVE, JFREREN “07 , HAbRZI gt i
Kl 1.

2000 -

TS

Figure 1. Category quantity statistics
1. EANHELHIT

MRS R RE Ber s DT DSNIITA RS, R4 ZEM] jieba #EAT /MR AREE, T LLIEE
R TSR 7, BERSR H SOSCARY) 70 AT RO, T (AT JR SR AL BRI 04 o RSOk
Bl h o e B2 B H ILERE B A, Crg L R “IRY SRR EEIAIEE A R 2 R
SAEE, B REREA TR DA Bl th I S, S5 S A SE e AN R 5, SRR ERL A iR
=L 2.

DOI: 10.12677/sa.2024.133058 580 gt 58N H


https://doi.org/10.12677/sa.2024.133058

i 4

S

gy 3

Figure 2. Word cloud
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3. ETAEERMENFERSHEE

AL T BRI 2% 1) ABGCN 5814 ] ALBERT #8581 ¥l 25 il (1] B 45 B SCAE X AS EARE, ik
SCAS B ARG TR R ) A N SO BT s R A i, SN B 2 SO BB AR M A B S, B )m RIE S
softmax 73 JE 8 AT IG5 . AR AT DL 78 A SR U 18 SUE BAE, MR s AL 43 2R e ff %
3.1. ALBERT {&&I
311 EEBEERZEM

ALBERT BAUE SR 7 2 E XA ZntS Transform 4afd (l4£ 45 BERT FEAU R B uidk[4], AL,
K 3, PGSR ERERET £, B THAE T BERT BAAL A4, 8 3 EiE i ik A\ S50 8 R o i
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Figure 3. ALBERT model diagram
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T XK A S HOHAT T A, 3 Al PR AS INHE R o K 1) 8 i 38— MR 4E 1A RN (8] E (BERT
B H=E, Z28£), A5 PR BB (8], ERIRAMBSEUZ Z [F I —> project )=, M NE.
ks EZHOL AR B — A BEEAUEIER 12 R, BN S8 ZEAE R T
A [a]1E 5 7l SOP (sentence-order prediction) 77y, o 2H BL& A)F 7 F0, IEFEA IEH T 89 2 4SHH
)T, SOREAHIRIRIBUT (1 2 M FELEA)T, BT AT 55 RS LA A 22 = 2158 2 145 E.[9].

3.1.2. ABGCN #R&F#E IR

5T Wy, Wy, Wy, -+, W, SR VPR SCAR— AN PR IE R FIGI n ANERF, RARATH n ANREE, b
BB —AMEN AT o RIS ] ALBERT A7 A1) 1 (44N W S Rl i) ) B, AR /)
TH4 BERT AL S ¥R, MR TSR G 2 S50 £ ST RE R R (9 ] 8, A5 B0 s 45 3%
SO AR B RURRAE O T SO B A R 48 5 i 2 S RN L R AR B . BT IR0 SCAR S Bl — A 16 1 N6
X, e RV, v &l A E, d 2 5 s 4

3.2. XAEEERMEMLE

3.2.1. MEXKE

B SR O L TR E G = (V, E) , EIRZ s RS S 288, SCA document., i8] word..
TR SR PRI, 30— AP IL: SRR L, 51 A R 3 .

¥ ALBERT A2 15 BOMRRAE ) A D SO BT R R AR A A\ BUR 22 (0 SO B b, T S BOCCARER S B
IRIEBE NS SO SR BB SR, ATHRBUE A & RAHE S, RZKE UG B R4 NE
EHATHCAFE RS . W ARE LA 4, HAoRE] 01 SCA: ATIERIRTSEM, MM, 02 SUA: Hifik
B, MEMTELE, O3 SUAR: MMMAMEM KT O NSCAT i, FAtRIT T 2, K Se 8 SUACRI
R, A SREIEE T R, R(X) R x B I BN R RFAE )RR
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Figure 4. Text graph node feature extraction

4. CAET REFHERE

7276 1) B HP 3R TR AU ELA5 B PMIL (Point-wise Mutual Information) skt 5 AN 5 i 2 1) AL
PMI 1 S 56 A5 S L FH 17 B2 09 B ] SL BRAR R AR N B R . A o(1)~(3), Hbw, 2Rt sh & 1
H S ] | B AN, W3 ) AR E A T S R O WS RITESHE DA AJFEE T
i1 A ST AL .

PMI(i, j) =log pp_(i’j). 1)
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p(i, )= "1l @
p(i)= 70l ®

Horp B8 AR AU, AR Y S I E H Tfidf Transformer & S0, FEIIN BEIR, AL
B A B EEE )R E Lo
PMI(i, j) i, jid, PMI(i, j)>0
A - TF-IDF, .i i.jx, j Al @
1 =]
0 oAt

322 EERE
BB 2 AR 0 EL T I 1547 RS 15 10 S 5 5505 A ) B

G = (V. E) B, V (V]|=n) B E R ARIIIRS, X e R™™ R F n 0 SIAFEIRRE, Hob
R [ RO . 76 RS HO T 3] \ATHEAERE Ac R™ (1T 1 JERR A6 R 1, D T
RFED, =Y A o AT IRRERIRL, k AR SRR, R ASA().

HY = p(AXW, ) (5)
S A—D ZAD 2, W, e R™ JLITfLIAERIFE, WOk BB ReLU, 3 ABGCN B {84
2t GON, I AU S SR B 7 B0, A B AR B, ok O = X, I R BUER A
RARE) W, , 5 KRBT Jo% K 52 GON I 22 s 1 5 A 8
PR (04 H1 R (8)

HO = p(AH W) (6)

1 1
HY =0(D 2AD 2Hi(“)\lvk_1j (7)

3.2.3. EAIZk

H Softmax 437t ALBERT JZHI GCN JZE15r 2% N (8)~(9), H/a¥itl ABGCN HiZFI
ALBERT B 440 HH 7 FEME AR I M1, T DA PN [1) 23 2R BCR AT i 15 ABGCN FRIASR AL 1 Jk 73
FPERE. FEIIA dropout 2K IEEHRIE LA, SEFBAIMIZAERT), RAERER Adam. EIRIASA BT
WRAEERE R, DARETE R KR

Zoon = softmax(AReLu( W, )W, ) ®)
Z L eeer = softmax (WX ) (9)
Z= }“ZGCN + (1_ ﬂ) ZALBERT (10)

PR BRBCR A X, yp A SR SCARR G4, F 2 RE, ASCHEER =2, Y 2
PREEFRER A RE, nX(11).

-2 inf InZ, (11)

deyp f=1
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4. SERRSTHR
4.1, SCIOERHIRENSH

SIGHRAE RGUZTE Ubuntu20.04, AF: 32 GB, AbFEARE GPU: V100-32GB, CPU 4 10 vCPU Intel
Xeon Processor (Sky-lake, IBRS), ¥H python i F7E pycharm T EFSLH, K EH python3.8.
pytorchl.5.1. 5256 1% B Il 242 M I IF S LU A 8:1:1. SLIG A Y i ALBERT K H] albert-Chinese-small,
LR SHRCE WAL 2 R,

Table 2. Parameter settings

2 BYRE

ZH {21
oINS S5 128
Bach_size 128
Hidden_size 200
Dropout & 0.1
bert_Ir 2e—6
gen_Ir le—4

GCN layers 2
Epoch 40

A 0.7

4.2. JFECSEHIT

FRAE A SCA A IR AUE UL (AR R, S5 B0 SRR AR AR Xof LB AL sy, gt 6 b

1) CNN: BRI 2% CNN $2HUCAKHIE, /5 H softmax 15532

2) LSTM_att: KJEIHEAZ ML LSTM AT SCRFEAEFEEL,  FFINTE R FIHLH] o

3) BiLSTM _att: i FiJ X ) K % i i 17 /9 2% (Bidiirectional Long Short-Term Memory, BiLSTM)#4T 30 4%
FEAERREL,  FHMNEZ IIHLE

4) BERT: f{#iJH] bert-base-chinese iill ZxfE#[3].

5) ALBERT: 1 /] albert-chinese-small il it 74[4].

6) BERTGCN: fii ] BERT #5885 th /E 9 SCAC I 715 URFAE, B N\ SO BB AR I 2% 1 8]

4.3. VHEIERR

AKEA T B DL RPN RR, 437 N HERf = (Accuracy, Acc). A i (Precision, P). A [a1#% (Recall, R)
AVFL A, AR SR SOA 5 S STAR I LR, R B 2R T A TE A 7 AR 4 L B 4 2R SOR L], 11
KRG AN IEB - IER AW LLE], 10 FL 9 3UE R LA HEVER TR AR, AT AR AR A B 1)
TSR I FLRE Ay B AN oy A (e Rk R, oA S8R (12)~(14)

TR
'TTP+FP

(12)

DOI: 10.12677/5a.2024.133058 584 Gt 58


https://doi.org/10.12677/sa.2024.133058

i 4

TR (13)
TP + FN,
2PR

Fl =200 14

L-oh (14)

4.4, SERGEER AT
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Figure 5. Compare each index value of model results
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Figure 6. Models training accuracy graph
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Table 3. Model comparison result
2 3. BRI R

Y iR AT ES EEJCIES F1{H
1 ABGCN (A5 AY) 92.37 92.39 92.05 92.20
2 CNN 84.37 84.20 84.00 84.09
3 LSTM_att 89.04 88.64 89.32 88.87
4 BiLSTM_att 89.70 89.47 89.49 89.44
5 BERT 91.88 91.63 91.98 91.77
6 ALBERT 91.58 91.31 91.73 91.48
7 BERTGCN 92.25 92.00 92.32 92.14

WRYEZE 3 FIE 5, AT ARTMAIFIH T 6 40 UBR eI 45 5L, I SEse 1. 2. 3. 4 BiE 1A St
R LI WS A A S S e 22 A FL B . I 5050 5 [3AISEES 6 [4], BERT BEAYHERGZA A F1{E L
ALBERT HYN% &7, {HJZIEIE 5050 7 [8]FISLE: 1, ¥ ALBERT HlJIZRME AL £ #: BERT B AE N U A B
AURRIE AR, WERIRA FLME D BITHE T 0.12%. 0.06%; HRHEK 6 Fix, ERALIZ0k 5k E 5 ABGCN
BARmHEmRZE, 3 LSBT, 1 BRSO R B S50 2 5000 7 B S 4E N 0.05%, #
& VIBATR . WE | ALBERT B EUE A F A BB ZS T s E M &, MANBISCREN S 2 R E
TGN LS . 5000 6 IR FIAR BRI . S0 5 BIAYRISES 7 BIAUAHLL, kR T BRI, K
BHERRZE 7 R T 0.79%. 0.37%, FL{AZ 5 FFET 0.72%. 0.37%, ilF | GBI 1 EE M. 5
AT AT R R R RR R DU IR E 8 RIS ., B BG4 Rl i e 3R O AR 2 R 45 A5 B .
ZE ERNA, AT ABGCN R HERf R A F1 B4 7 T 0 UAB Y, A 254 Y (R R0 ] DA SR 4 SR B SO AR SURI
ARG R, KT AEL R S VEIR SO B IS0 B 1 RE

5. GRSRE

ASCHEH T ABGCN 15 B BT AR, A ST S0 504 £ A8 FH X 286 @ SR E 1) 19,742 5% 52 75 7 it WF I8 3C
A, ZiESLIGAHTIAE T AN . H ALBERT T ZRASE R E N SR BIRFIETT SN, MR T 140t
RUARNBETR A SR USCAE G B A4 R 25045 B I, sSCIe st RS F1 B AR T 92.37%.
92.20%, fH bbb Al iy 7 HPERE, 3 H ABGCN #3CHR[8] BERTGCN #HEAfi 2 A FLAE 43 2 & 1 0.12%.
0.06%, ALBERT M ZH/DEIE GRA IIZR BG4 AR BT 2 S5 E R0 . AR SCREA AT DL
UFSREUSCARE U4 JR 25105 6, 18I SEBR IR | AR SCRERY R LE 26 5 it V18 SUA T I o A S 1 1 e
B2 H AR SOAS B Pl il D (5 FH A AR TE R R SRR B, RS 7 n LA — B3 TR 2R (5 B
MRFEREELRE 77, P LA SR AT 1T RE .
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