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Construction Method of Domain Sentiment Lexicon Based on Improved TF-IDF and BERT
JIANG Haoda,ZHAO Chunlei, CHEN Han and WANG Chundong

1 Key Laboratory of Computer Vision and System of Ministry of Education, Tianjin University of Technology, Tianjin 300384 ,China
2 Tianjin Key Laboratory of Intelligent Computing and Novel Software Technology, Tianjin 300384 ,China

Abstract The construction of a domain sentiment lexicon is the foundation of domain text sentiment analysis. The existing me-
thods for constructing domain sentiment lexicon have problems such as high redundancy of selected candidate sentiment words,
inaccurate judgment of sentiment polarity, and high domain dependency. In order to improve the domain specificity of selected
candidate sentiment words and the accuracy of judging the polarity of domain sentiment words,a domain sentiment lexicon con-
struction method based on improved term frequency-inverse document frequency (TF-IDF) and BERT is proposed. This method
improves the TF-IDF algorithm in the phase of selecting domain candidate sentiment words. The latent dirichlet allocation(LLDA)
algorithm is combined with the improved TF-IDF algorithm to perform domain corrections,improves the domain specificity of the
selected candidate sentiment words. In the polarity judgment stage of candidate sentiment words,the semantic orientation point-
wise mutual information(SO-PMD algorithm is combined with BERT. By fine-tuning the BERT classification model using domain
sentiment words,the accuracy of judging the sentiment polarity of domain candidate sentiment words is improved. Experiments
are conducted on user comment datasets in different domains.and the experimental results show that this method can improve the
quality of the constructed domain sentiment lexicon,and the F1 value of the domain sentiment lexicon constructed by this method
for text sentiment analysis in the automotive field and mobile phone field reaches 78. 02% and 88. 35% ,respectively.

Keywords Sentiment analysis, Domain sentiment lexicon, Term Frequency-Inverse Document Frequency ( TF-IDF), Latent

Dirichlet allocation(LDA) , Semantic orientation pointwise mutual information(SO-PMI) ,BERT model
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Fig. 2 BERT fine-tuning classification model

AR SCTEAR AR 1 ) W AT 55 Pl SO-PMI 4532 Fil BERT 4%
Bgh4, M BERT Il 258 5 B A X Jm) Ak 21 B0 47 37 79 fE
J1 B AS S 3 e S Bl DA R A AR vl R 4
A AT LR I S S T AU Y S R i T
H— i J§ SO-PMI 57 i t BE A998 43 1) 3 1 T 3 300003 A 98 i
TG 1 S 155 AR P L R o < ) 5 ORGSR A R Y T,
T 412 TR X M 19 40 3 A7 U AR g A M K T ) vEE R R L 4R TR T
A A S TR M g BT s AR IR BT e I 1 9D B X 5 A7 S
SRR S AP
3.4 Hixrid

U %] R R B R AR 1 TR .
Bk U R A
A R SIS R W,V R 4E Z
i H < E U EGA) B Senti
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2. T=TF-IDF-POS(W)
3. L=LDA(W)
4.foriin T do
5. ifiin L do
6 Candiword. append (i)
7 end
8. end
9.for iin V do
10. forzin Z do
11. if 1. tag f74E do
12. 1. tag=SO-PMI(z,1)
13. S. append (i)
14. end
15.  end
16. end
17. foriin S do
18.  optimize BERT (i)
19. end
20. for i in Candiword do
21. i.tag=BERT(®)
22.  Senti. append(i)
23.end
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4.1

#1
Table 1
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Samples of corpus text
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4.2 EWiEIHESW

AR 3C 52 B AL G R A SR L TF-IDF-POS H ik 5
LDA B 255 1% 07 108 450 dal A 16 195 83 52 06 L ) I A SC4 A 1Y
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T2 40 A 1 00 388 SR ) L A A
4.2.1 O SRAR AR RO 3
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B, X 28 1) (1) B 1 o 2 AT DU T I 4% 3 e 1 v L T LR
W 265 1) A AL B2 5 Ry 2, P AR SO SR G R A 15 Uk
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e OF = 8 | = 8 .
= &f S wl 3 el T
fl wl § 5L /\D\D\ﬂ\ﬂ\ﬂ g b /m\ﬂ\a\m\ﬂ
w Bl ' 70 ® 70
tr% 70 D/@/@/D/D\D\D\ﬂ ®H e[ D/E./C” E o
§ 65 = 60 | & 60
60 | 55 | .
55 . . . . . : . . . . . .
, , , , , , 10 12 14 16 18 20 10 12 14 16 18 20
10 12 14 16 18 20 HARE HRANE
ARARE
B3 AR bbb 44 e A 3 AR R [ 6 Ll A i s R TR S R B 5 U o5 Lo B Y 25 38 A 3R AR 1 R
Fig. 3 Figure of the proportion of domain Fig. 4 Diagram of the proportion of domain  Fig.5 Diagram of the proportion of domain

words changing with noun weights
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words changing with verb weights

words changing with adjective weights
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# 2 GAPENE
Table 2 Parts of speech weight

_ R AT, FHA
Eil] WE ] wE
4 3 (n) BN LN 1.8 EALA KA 1.6
317 (v) WE H T 1.6 EEANOE 1.5
W 23 (a) it JE 4 R 1.5 B WD 1.5
237 (w) it #2 B A E K 2 WA B T 2

1R AL E 5 TF-IDF 45 & . il TF-IDF-POS {8 , I
H4 i 4 4% TF-IDF-POS (B 7 HE 7, 18 B/ T 159 H 1Y 3] 4 1
2y TE-IDF-POS i) 4E . 7K SCHl i 22 Yk 52 36 B o 0 12k B {1 L 4
Sl R YA G 29 S 14 T B R BT o ) i 18 ) 7 AR A
& 6 Brn.

GO BT 7 Bl /%

#50%  B60%  R{70%  A80%  #90%  E{100%

g
&6 U & L E AR AL T
Fig. 6 Diagram of the proportion of domain word changing

with threshold
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Table 3 Some domain candidate sentiment words
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Table 4 BERT model fine-tuning parameter settings

ER B
max_seq_lenth 32
batch_size 64
learning_rate 2X107°
epochs 10

FIHBOR G 9 BERT 43 2B A 43 51 X 75 28 401 38k Fn F L

AT 3850 38 155 TR 2R AT SRR i 2445 B 9K 4 A s U i

TR T AL 451 3 5 S ] L 45 dnf 17 U ) LS 40 I B T 5 T A
F 5 AT ) L 43 17 Rk )

Table 5 Some sentiment words in domain sentiment lexicon
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Table 6 Confusion matrix representation
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Table 7 Comparison of experimental results of sentiment analysis in various sentiment lexicons

%)

_ . R : F LA :

P R F1 P R F1
HowNet %o HowNet 1 65.72 63.98 64. 84 82.30 78.20 80. 20
TSING R A & 3 B EE 73.51  73.46  73.48 83.68 82.94  83.31
NTUSD & 7k NTUSD f & & 1 R Je 4 72.40 71.72 72.06 85.38 84.93 85.15
BosonNLP BosonNLP 17 ## 66.02 66.02 66.02 74. 44 72.92 73.67
LPdic LightGBM -+ PMI 77.23 75.27 76.24 86. 37 84.18 85. 26
PLdic PU Learning+ LPA 78.35 75.59 76.95 87.58 84. 81 86.17
TSBdic TF-IDF+ SO-PMI+BERT 77.37 67.81 72.28 82.2 74.60 78.22
TPSBdic TF-IDF-POS-+ SO-PMI+BERT 77.45 67.96 72.40 87.52 84.62 86. 05
LSBdic LDA+SO-PMI+BERT 76.84 72.27 74.48 87.02 85.30 86.15
TPLBdic TF-IDF-POS+ LDA+BERT 69. 74 69. 66 69.70 85.92 85. 88 85.90
TPLSBdic TF-IDF-POS-+ LDA+ SO-PMI+BERT 80. 04 76.09 78.02 89.15 87.56 88.35
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Fig. 7 Comparison of F1 values for sentiment analysis in

various sentiment lexicons
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TPLSBdic F) 5 5% 46 4544 % + TPLBdic. KL F1 {6 R #i, 1%

230800011-7



Com puter Science FFEHLEIY: Vol. 51,No. 6A, June 2024
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Table 8 Some cases of sentiment analysis errors
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