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Chinese Implicit Sentiment Classification Combining Multiple Linguistic Features

LU Liangqian, WANG Zhongqging and ZHOU Guodong

School of Computer Science and Technology,Soochow University,Suzhou,Jiangsu 215006, China

Abstract Sentiment analysis has always been a hot research direction in natural language processing. Implicit sentiment classifi-
cation refers to the task of sentiment classification without explicit sentiment words. At present.implicit sentiment analysis is still
in its infancy. Implicit sentiment analysis is faced with problems such as lack of explicit sentiment words, euphemism of expres-
sion,and difficulty in understanding semantics. Traditional sentiment analysis methods,such as sentiment dictionary and bag-of-
word models,are difficult to be effective, making the task of implicit sentiment classification more difficult. To solve the above
problems, this paper proposes a graph neural network model that combines text, part-of-speech tags and dependency to perform
implicit sentiment classification. Specifically,the model first extracts part of speech and dependency features of the text,and then
uses pre-training language model BERT to extract text vector features, thus builds a graph attention neural network based on
multiple linguistic features. The model has been tested on SMP2021 implicit sentiment recognition public dataset for several
times. Experimental results show that the proposed model achieves the best results compared with multiple baseline models. The
proposed implicit sentiment classification method is feasible and effective.

Keywords Implicit sentiment classification, Part-of-speech tagging, Dependency analysis, Graph model, BERT, Linguistic features
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Table 1 Examples of explicit and implicit sentiment-related
sentences
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Table 2 Statistics of experimental data
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Table 3 Parameter setting

% ¥ 18
max length 250
Batch Size 6
Epoch 15
Optimizer Adam
BERThiddensize 768
Learning rate 1X10°

3.3 tbb IR

& ¢ ¥k B Fast Text'®', DPCNN@J, TextCNNHY,
LSTMEY , BERT, ERNIEF , AEN-BERT®*, CA-TRNN!?!
PEH A L 52 56 A5 AL, H 1, Fast Text, DPCNN, TextCNN,
LSTM,BERT, ERNIE #{ /& 1§ 8% 43 25 % FH () e Ze A0, 1 1
8] B A 21 3 e X LT

Fast Text: —Fl PR SCAR 43 28 503k % B 20 J8% AT 1) )
K n-gram [n] 5 FEAT B WRT- 05 30 A &L SRS (A
] & A softmax £ 432,

TextCNN 85 UM 28 B 45 (CNND R T Ba 25 i o 2%
By 2,3, 4 1 45 B 43 S0l 1 BB =19 8 ) D RRAE L SR 5
H B U S ) 1 BRI 22 5 i Kot Ak A 43 42 2 A9 3 43 28 25

DPCNN : TextCNN f4 B it A5 78, Fx) b 0% 8% m) it A7 2
WK BRBIAL , LAY KT G AU RS2 B, DT 4 3K
B OSUARRERAE

LSTM. ffi F§ LSTM e = 1 J8& A1) 3 47 Gt 15 453 3] o =19
SRR I 1) B e 7R TR T softmax 58 80T 8 1 =49 R ) 1 1
TR .

BERT : 4< 3C () Baseline B0, th & H 7 #4009 B 2535
FAAIZ — i ] BERT 2 B e =019 8% A 19 1 SCAF L 38 3R
R = A 1 LCLS 1) 48 4 S &) RAE A TE AT 2 .

ERNIE: BERT #9215 B, 52 3 1 52 44 9 591 49 H A ML
il . i ERNIE $12 B pa 2018 AT 1 38 SUA5 B, 18 BpR =1 I
A LCLS] In] fi 1 Sy & ) R AE AT B4 2

AEN-BERT 7 BERT Al &34 7 5 2 S HLH, 6
AEN-BERT #2 B et 201 A (917 A 8., 98 B e ok ek A 1
CCLST i E Ry 4 h) RAF AT 1 1% 43 25,

CA-TRNN: & 564 J§ BILSTM £ 8 F SCiE SUERE , 8k

Je i TRNN $2 B A 8% ) 00 1 SCRFAE 35 J5 % T A e A
AT softmax, 13 5] 535 45
3.4 EWERNWH

AN T SR AR SO Y A AR 5 — R 5 S LR AR AL AT )
FGAT AT S 56, R U5 AEARAIE S 80 B0HE AN 7S A 5L R 1EA T T i S
B, LAt S 3 A 3 P R A7 0] 323 4% B X 45 SR 52 T
3.4.1 AR EBER S

1E SMP-ECISA $#i 4 b, & B4 5 A SCRE8Y A X [e 52
5 F gk 4 frsi .

FA AR TR K KA FL A

Table 4 Accuracy,macro average accuracymacro recall rate and

macro F1 value of each classification model

CHAT - %)
#A Acc P R F1

Fast Text 73.6 70.9 70.0 70.2
TextCNN 72.7 71.4 71.0 70.5
DPCNN 75.1 71.9 70.0 70.6
LSTM 77.9 74.4 70.0 72.1
BERT 79.4 77.0 77.3 77.1
CA-TRNN 80.1 70.1 78.0 73.8
ERNIE 80. 4 78.6 77.6 78.1
AEN-BERT 80.5 78.5 79.0 78.7
Our model 80.9 78.8 80.4 79.4

M 4 AT %1, Text CNN, DPCNN, LSTM % 1 25 [ 2% fy
F1 {545 T 55 1% Fast Text; BERT, ERNIE, AEN-BERT LI
& Our model B T WUl Sr A AL, A4 F1H L& T
Text CNN,DPCNN, LSTM 454 22 M %, # i 7] WL, 76 =X
1B Ar B4R 55 T, 1 B 4% 19 43 SRR T FastText 83k,
T I FRBE R Y 43 28 R T & W 4 . B8 A5 B3R
2 R S BT W S 2 —, BT DA TE I UM BB BT T 28
) T 50 5 BT 0 A3 R ROR TR A, B3 T R U R AT

A B F CfE B 89 CA-TRNN, Our model 3 3
B 0] LT R 2R IR A BT o AR M AR AR R AE ) R R AR
Lb 386 i 28— 9 b SO SCRRAE A R 15 R R AR T LAAE SR
e =1 % A3 A T 1 LB

BEAL Tl A IR AE A 35 R AE R I] M R A 0 5 R o 0 3 A
80.9% ,F1 {Hik 79. 4% . B Wb & T HAMALAL . h b W] WL, AR 53¢
T A A ) P R A AR BT SCAREAE , 4R T AR A0 4 A ) 3 e A
P13 7 W 28 A Y, AT LA AR v I IR R ) Y T R
3014 P R B B R B b AN A IR B BB R R B
AN B A BT SORZ S B 0 IR LA U . R 36 5 I SR
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Table 5 F1 value of the model on each emotion category

AL 20)
A TR P & 3L
BERT 86. 1 67.8 77.5
Our model 86.3 72.0 79.8

3.4.2 HBRFEBERSMN

AT 43 948 P A 3R ¥k B9 BERT LA % ff ] 4% 48 BERT
FEARIEARAE AL WA B 19 GAT, 7E SMP-ECISA ¥ 4 |- ik
TR A BT BT A B2 g, Se e 25 Rk 6 T g, Hovp,
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+dependency /Nl FH £ 4 BERT I H 5 4K 77 4] 725 #4) #4 &
B9 GAT AL i 4K A7 4] 1 F¢ A 5 + POS FRom @l & 37 P 1
BERT A il 18] ¥ ¢ 4E 5 Our model 2 7 [F] i 38 i 3] 14 ¢ AE
FIU A 1) R A A AY

# 6 THALEE SR

Table 6  Ablation results
LA 6)
HER Acc P R F1
BERT 79.4 77.0 77.3 77.1
~+ dependency 79.9 78.3 77.5 77.7
+POS 80.1 77.9 79.3 78.5
Our model 0.9 78.8  80.4  79.4
(+denpendency+POS) :
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