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Semantic‘Enhanced Aspect-Level Text Sentiment Analysis of
Graph Neural Networks

DAI Zuhua,LIU Yuanyuan, DI Shilong
(School.of Computer Science and Engineering , Northwest Normal/University, Lanzhou 073500, China)

[ Abstract] Aspect:lével sentiment analysis is a fine-grained text/sentiment analysis technology that determines the
sentiment tendency of text targets.It is widely used in fields such as product and education evaluation, and assists users
in establishing a more comprehensive understanding of entity attributes and making accurate decisions.However, a key
challenge is that the majority of existing aspect-level sentiment analysis techniques do not sufficiently extract text syntax
dependency and external knowledge features. Therefore, a semantic enhanced aspect-level text sentiment analysis model
is proposed herein using graph convolution neural nétworks to process heterogeneous data. A word embedding vector of
the text is input into a bidirectional gated circular neural network to extract contextual semantic information of text and
target aspect words, a weighted syntactic dependency graph is constructed based on the type of syntactic dependency,
and a knowledge subgraph is constructed based on the text words and external knowledge base, and a graph
convolutional neural network is used to‘process the weighted syntactic dependency graph and knowledge subgraph, to
obtain text features that integrate text syntactic structure information and target aspect features that reflects external
knowledge information. On this<basis;utwo sets of feature vectors are spliced to complete sentimental polarity
classification. Experimental results, demonstrate that on the Laptopl4, Restaurantl4, and Restaurantl5 datasets, the
model F1 values reach 77.34%, 76.58% , and 68.57%, respectively. Compared with baseline models such as ATAE-
LSTM,TD-LSTM, and ASGCN,; the model F1 values increase by an average of 7.28%,5.71%,and 6.28% , respectively.
The proposed model achieves an improved sentimental analysis performance by extracting textual syntactic dependency
and external knowledge features.

[Key words] aspect-level sentiment analysis ; graph convolution neural network ; syntactic dependency graph; knowledge
graph;attention mechanism
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1 SenticNet5 &1 E Rl
Table 1 Example of SenticNet5 knowledge database
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caste positive 0.063 'tribe','hierarchy’,'council’,'social_status','social rank'
devil negative -0.800 'aggravated','exacerbate’,'exasperation’,'aggravate','provoked'
last positive 0.067 'finish','end','finish_complete','end_point','finalize’
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Fig.5 Knowledge subgraph extraction process
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Table 2 Distribution of label categories in datasets

Kt 4R TR TH % i
Lapl4-train 994 870 464
Lapl4-test 341 128 168
Restl4-train 2 164 807 637
Restl14-test 728 196 196
Restl5-train 912 36 256
Rest15-test 326 34 182

x3 FEEKEST
Table 3 Aspect word length statistics

PP HEARIES2M  rE K2
Bl A A Bt L /%
Lapl4-train 853 36.64
Lapl4-test 287 45.00
Restl4-train 888 24.61
Restl4-test 316 28.21
Restl5-train 327 27.16
Restl5-test 157 28.97

32 XRTERSHIRE
RIS T M 2 B o ek 4 K 5 TR

x4 THWIRFRE

Table 4 Experimental environment settings

CPU Intel” Xeon" Silver 4210R CPU @ 2.40 GHz GPU NVIDIA RTX 3090
B 17/GB 24 W47 /GB 64
BIER S Ubuntu 18.04 Python 3.8
PyTorch 1.4.0

RS HEESHRE
Table 5 Model parameter settings

24 W S8 W

T i A4 300 fefe s Adam
23] 0.01 Batch size 32
I Zr i AR L 30 Dropout rate 0.2
SCA S KK 120 IR A 240

3.3 MMER

7R LS 56 P A A % (Ace) B FLE AR S A
o

Bl 3 S o3 JAT 55 B9 2R A A, HAR SR B I IE
ff T 0155 TR A A B SR RO B L T
A (18) Fi 7 -

— TTP+TTN
e TTP+TTN+FFP+FFN

Forp s T 378 BEAR ELS2 50 D TE 1) 0900 268 391 oA IE
191 i) ECTE 451 5 oo 2 71 R 2 0SS 330 O 97451 L N 2K
) g 1 A5 BA BT 1) 5 Ty 3 708 AR L 52 285510 g B 481
T 2A 590 S G 451 ) 60 B 5 o R R AR LSS50 Dy

(18

TE 5] 24 ) A 17 45 4 i £

I i % (Precision) J& T i 25 5 v 0 1 f41] 7 751 )
285 T 1 R B ) L A A = (19) s .
73 1] 28 (Recall) 2 Ji 4 £5 495 45 4 1F o 50300 Sy 1F 41
PR B B o O 8 B 1 L A S = an =X (20) i
wo FUEHITE AR WA IR,

TTP
deion = o 19
Presicion TTP +FFP
T
RRecall = - ( 20)
TTP + FFN
Fl — 2 X PPresicion X RRecall (21 )
PPrcsmion + RRccall

3.4 XfLbER

AR 3k Y H e X F AR LA 3 28, 43 iR BT
LSTM ¥ £% () #5 #Y (TD-LSTM . ATAE-LSTM) . % T
SIS A 2N [ =y ) R A ES T
(ASGCN Bi-GCN) kA #4540 50 11 AT R A 4]
RAKAEE 9 SK-GOCN LAY, BRI 3 40°F -

1) TD-LSTM " 485 %1 2R ] 2 4~ LSTM 45 44, 43 3
X AR T ) Z R0 SCAS AT B AR R 2Z 5 B SCAR
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R TR 202346 H 15 H

A IEAT N SO SCEEAR , I 4 25 2 DF 4 e ok R A7
15 A 1)

2) ATAE-LSTM""* &t — Ff 45 & 78 52 1 WL 19 1%
BT AL, ) LSTM R 4% 32 B fil & 1 F SCiE X
()RR AE R L SR 5 1 L 5 SCAR Iy 1T IR 14 4 A ] 4 BF
el oK, 45 G B AL 4 BO A% 8o B 2 (S
K, AT S 3R 7 18 % 5 TR 1) ) 1

3) ASGCN"™ 1 Yk i FH Tl 4 FH i 22 9 245 4 A8 )
P AF P AR R 5 XA LSTM A SCA i | S
WS, I X A B ) K AE AR SR B bR T TR R AIE 3R
7N R SCAS ) R SO SUME BV T T R AL
A RO B AR T A B g B AR AR, DA R AT
7 THT 155 S A T

4)Bi-GCN S8 — Ff Jy 17 9 17 8 4 JE A 18 =)
FA B2 58 15 T 26 R I 45 08 75 1k I 9 ) 1) PR 1)
LA BRI [ 28 Y i ) AR A R &

5) SK-GCN* 3 F [&] 45 BUR 25 W) 4% 43 1) 4 455 7m)
PAMAE RN B RN TR 7 B o 2 A ) 3k 5 4 R AIE
AUE PURMPUVRRIE SE 1T DREE | mil & A0 08 A5 BORTE S
TUHEAT I A P 155
35 EROWH

S ZE R AN 6 FIE 6 o , R 6 N6 T LI A
1, SEGCN #i 1 5 ATAB-LSTM ¢TDALSTM . ASGCN .
Bi-GCN 4 St 26 5 7 A b, "Aec ML F1 {H 7F Lapl14,
Rest14 il Rest15 B4 45 [ ¥4 RIEFETF, H A, HEH
-4 45 R 5 6.56% .4.56% FV4.51%, F1 {1 F- 143
BT 7.28% 5.7 1% 116.28%

F6 3 HEELNIBRER

Table 6 Experimental results on three datasets %

o ) Lapl14 Rest14 Restl5
TR 2 531 F5L Y 44 Bk
Acc F1 Acc Fl1 Acc Fl1
ATAE-LSTM 68.85 63.88 78.56 67.00 78.42 62.79
TD-LSTM  71.82 68.40 78.14 68.43 76.37 58.65
B2k LAY ASGCN  75.55 71.05 80.77 72.02 79.89761.89
Bi-GCN  74.59 71.84 81.97 7348 81:86 64.79
SK-GCN  79.31 75.11 81.87 73142 82.72 63.34
oo SEGCN-p-w 78.83 74.79 83.45 74167 82.21 65.68
T Al S92 6 A 7
SEGCN-p  79.76 76.18 84.36:75.12 83.73 67.45
AR SEGCN  80.58.77.34 84.82 76.58 84.36 68.57

| OLapl4 BRestl4 @ Restls

ATAE-LSTM TD-LSTM ASGCN  Bi-GCN SK-GCN  SEGCN
e

6 EEMGRELLBER

Fig.6 Comparison results of models performance

ATAE-LSTM , TD-LSTM # % JG 2 4 55 &
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I, TG 3 AT SOR) R A0 0 R R 3 1 A 3 X 5 SK-
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S 200 T SCAR TR A 1 SO B R A R A SR AR AT
P I R AR AT JE R RRAE |, R I, S BB 38 40 $ BU ) 76 45
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FRAE AR S5k X w1 i) i 1 AR AT 1 5, AT 2
o 1A oy S M R
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AT 5 B B A 8 {F B, SEGCN-p i A a0 4
SEGCN 2 i fi & 4 i 155 Yo i A5 AU . i Ptk
SEGCN £ 81 5 SEGCN-p-w 15 % fity 5246 25 5L vl UL &
i, A H SEGCN-p-w # 7 | SEGCNAR L [ 4 iy % 7
3B Fr R T 1.75% 01.37% .2.15%, 1% &
3 SEGCN # 7 / SBGCN-p-w A I iy KL iy |y 28
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[e] AR ASEE, 9% i il RT3 i 2 ) 24 08 £ 7 4 B 1
AT A 2050 i B A] T A 8T v =F & R S5 R R AE o BRI
Z A, SEGCNUEE AL A Sy ) W MK AE I Rl 1 18 1k R B
FIUAR X 8 B B 8 A B TN R SR R IS B
B 5 I TRl AEOC PR AR . SR 25 SRR L T RS
T 2 Do) 2% i 55 5 1 A AF OC R 28 R AR 1Y ) 3 4K
FRIE, AT LA 78 43 Hb 45 BSOS 14 /) 9k 25 R R AT, A
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SEGCN-p #7#1  H 4 68 i F SEGCN-p-w £ 7Y {H 5
SEGCN B RYAH H i A — & 25 B, 3 308 W AR 1) /) ik
WA O Z 0 S A B A5 70 XoF ) ks &5 A8 SRR A1 0 £ 7 7 42
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FRAE
3.6 HBISH

SR T U b 3L A SCAR R R AE O R FE TR i AL
A5 12 0 1 LA B SCAR T 325 5 B AU EE A A, AR SCEP ST I
R BCEE o A JE AT AT AR o XTPE IR i A “ great food
but the service was dreadful.” #F 17 7) B 4K £ 23 #r , H
AR R A 7 R, Hod, XS 40 3R iR 2 ]
MR IAE (B AR LGHEL T E)E M
HTML M, & [A]) o 35 38 9 /) 2 AR A L 408 422 4 I
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Fig.7 Example of syntactic dependency

adjacency relationships

BE T AL MAF G R 2R RN B R VI8 SCA K £
A &0 4 B, SR A [R) AR A 5% 28 26 B XF IO A9 1) 45 a5
bl 111 5 1 LV N T O R £ S SR N B
e, DX (AR A [ 4R 2 5C R A T
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great
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Fig.8 Example of weighted syntactic dependency

adjacency relationships

Xt F PEaf 4] “great food but the service was
dreadful.” 1fii & |5 J7 1 1A).“service” 1 15 HE B AN 7] A9
PR A EE AN ], R R BN AR R R R
B PCEAE R R, T v R B ACE A A An L 9 I .

X X w0
%@q’ ;@05 O
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Fig.9 Example of syntax distance weight.distribution
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