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Sentiment analysis of e-commerce reviews based on BERT-CNN
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(School of Information Technology, Hebei University of Economics and Business, Shijiazhuang 050061, China)

[ Abstract] In the sentiment analysis of e—commerce reviews, in order to make the extracted sentiment features capture more
sentiment information in sentences, a pre — trained Bidirectional Encoder is proposed. BERT — CNN network model combines
Representations from Transformers ( BERT ) network and convolutional neural network ( CNN). First, use BERT structure to
express sentence semantics as a text vector, and then extract the local features of the sentence through a convolutional neural
network. Experiments on a labeled Jingdong mobile phone review dataset show that the method has good performance in this field.
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Fig. 1 Attention mechanism calculation diagram
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Fig. 2 Convolutional neural network structure
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Tab. 1 Experimental environment configuration table
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Tab. 2 Table of experimental results

LAY acc precision recall £ = beta
TextCNN 0.850 3 0.850 1 0.860 4 0.850 7
BiGRU-Attention 0.887 2 0.895 3 0.864 5 0.889 1
BERT-CNN  0.957 2 0.952 1 0.962 4 0.953 2
BERT 0.924 2 0.913 2 0.894 5 0.920 2
LSTM 0.845 2 0.830 4 0.828 5 0.837 6
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Tab. 3 Time table

A s i

TextCNN 0.50

BiGRU-Attention 0.57

BERT-CNN 5.30
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Fe#i3 2 v BERT-CNN #5575 F1 H At JL A
TR {54 LSTM, BiGRU — Attention, 7] LLF& Hi, #H
LT3k JUAP R AR AL VR A58 BERT-CNN 7E/E )
RE FHE LA THEMERTE, X UL T BERT -
CNN 7EZ AR FALFHE 806 4 b 15 2RRUR
AT, [RIEE %) b Bk i () BERT 5% TEXTCNN
HEAT ARG IE  ABAR R T B E T,

X H e 3 FF BERT-CNN #5575 1 H: At 455754 B F
(S]] DL Y BR T BERT #5070 D) Ah | g pi il B
SRUER Y] F AR AR, AEE T I (B A HL IR S AR
BERT-CNN B i /DRZ X UiHH T BERT i3Il 25 1m)
AR | T ELRE B A R A T ) ] ) i 2R
7~ o BERT-CNN SCREAT  (HE AL ZR AR K,

5 HiRiE

ARk B 1 55 Kk SRR SRR | L R TR 1 J%
GHT IR — IR AL R T A A TSR
ARSCHEH T 454 BERT (1] i) 5, 5 45 B0 42 J 4%
FHZE A1) BERT—-CNN [ 45 #5076 FH F i B I8 i 52



5 2 1]

SRS, 4. 3T BERT-CNN (4B RSN BT 11

o treh . AR ] BERT A7 1] [] 4 4 5 55
RIS SUE B, SRS TR RE Al b 45 B 22

P28 X SCAR AL AT IR AR B, %IM%*”XHD
SCAAF B SRR TZ BEAR , 58 00T L BT P8 Y 17 JRK

SIHT . B THLA0 VP i AR 17 D U530, 5%
K45 RFE Y], BERT-CNN FERIBR AL B ML § T 115
AT PERE

BERT BEHEUI AT 2 v, SRR, Ullééé&hn

AR FES B TE], BT LA, BFFE%T BERT H8 31

FE5  TERRDR BE A 22 32 B BRI 2k % #FTF%fEH%

TR 2 4 B 3X A 2 J S — T BT 9T TAEE

S 3k

(1] Z=FHBH. ] SO A RS AT Tk A5 [ D] P42 V&% T
AL R2#,2019.

[2] W%, BT HEITIS Y

2,2019.

HBUR. ST LSTM iR SOCR M FERTIE[ D] WA Iy /R I

Talkk2#,2015.

[4] KALCHBRENNER N, GREFENSTETTE E, BLUNSOM P. A
Convolutional neural network for modelling sentences[ J]. arXiv
preprint arXiv;1404.2188, 2014.

[5] LAI Siwei, XU Liheng, LIU Kang , et al.Recurrent convolutional

neural networks for text classification [ C |//Proceedings of the

T MITEVETE D] SN R

[3

[

Twenty—-Ninth AAAI Conference on Artificial Intelligence. Austin,
Texax, USA: AAAI, 2015:2267.

[6] MIKOLOV T, SUTSKEVER I, CHEN Kai, et al. Distributed
representations of words and phrases and their compositionality[ J].
Advances in Neural Information Processing Systems, 2013, 26.
3111.

[7] HOCHREITER S, SCHMIDHUBER J. Long short—term memory
[J]. Neural Computation, 1997,9(8) :1735.

[8] DENIL M, DEMIRAJ A, KALCHBRENNER N, et al.

Modelling, visualising and summarising documents with a single

convolutional neural network[ J]. arXiv preprint arXiv;1406.3830,
2014.

[9] KALCHBRENNER N, GREFENSTETTE E, BLUNSOM P. A
convolutional neural network for modelling sentences [ C ]//
Proceedings of the 52" Annual Meeting of the Association for
Computational Linguistics ( Volume 1. Long Papers) ( ACL
2014). Baltimore; ACL, 2014 655.

[10] ZHOU Chunting, SUN Chonglin, LIU Zhiyuan, et al. A C-
LSTM neural network for text classification [ J ]. arXiv Preprint
arXiv:1511.08630,2015.

[11]CAO Zigiang, LI Sujian, LIU Yang , et al. A novel neural topic
model and its supervised extension|[ C]// AAAI’15 ;Proceedings of
the Twenty — Ninth AAAI Conference on Artificial Intelligent.
Austin, Texas, USA:AAAI,2015:2210.

[12] DANI Y, CHRIS D, WANG Ling, et al. Generative and
discriminative text classification with Recurrent Neural Networks
[J]. arXiv preprint arXiv:1703.01898,2017.

[13]Z39R. B T IR BE 2 o B R SCA G BBt o) MR 58 [ D] db st de e
BT RE,2015.

[ 141528 | XA, T ) 1) dat B AR RIR 454 28 190 265 1 175 IR 43
(3], JF5EHLN FHAFSE, 2018,35(12) :3556.

[15] B 1. %?*&‘f%frﬁ%nﬂrﬂ LSTM MY SCATE AT [ T]. 58
A ,2018(2) ;1

(16115247, K/mﬁ‘ EEﬁZ-’EJII FE T AP 22 0 2% AN B I A 1Y
ARSI ] L FIAFST ,2018,35(5) < 1434.

(17158, XUAR IR, ZEF AL Word2vec 1 SCAR 43 287 kP58 [ T].
W iRFRF,2019,37(11) :38.

(18] ZE M4, sk, 4= e 45, il G i B I LRI () 22 38 T8 A A 5 L
If) GRU A5 () SCAE IS IRFT [ 1] v 305 24, 2019, 33
(10) :109.

(19T B PR BN, B 55, 4. 3T BERT 19 Hh 3008 SCAR 43 28503k
FBFFE[I/OL]. A+ HLT AL 1-12[ 2019-12-30]. https://doi.
org/10.19678/j.issn.1000—3428.0056222.

[20] 5344 , ZE B B, MR il , 45, ST BERT ML AY [ B 43 38 N
W [T]. ML HOR SR, 2019(11) 141

[21] JA e, mhitid=, 0. EFU 2 0 4 70 SO IR 2 41 e b
TERHLT]. WEHLT RSN, 2018, 54(22) :133.

(425 6 50)

[5] TOIVONEN H. Sampling large databases for association rules
[ C]// Proceedings of the 22™ International Conference on Very
Large Database. San Francisco, CA, USA :Morgan Kaufmann
Publishers Inc., 1996. 134.

[6] My, kR, BIf €, 4. —FhBeTRRASH i 5 ROCHE AL
ZHAEELY]. RIS &R, 2003, 40(2) : 330,

[7] LIU Bing, HSU W, MA Yiming. Integrating classification and
association rule mining [ C ]// Proceedings of the Fourth
International Conference on Knowledge Discovery and Data
Mining. New York:AAAI, 1998 1.

[8] WANG K, ZHOU S, HE Y. Growing decision trees on support—

less association rules [ C]// KDD. Boston, MA, USA:ACM,
2000 265.

[9] XU Xiaoyuan, HAN Guogiang, MIN Huaging. Construct concise
and accurate classifier by atomic association rules [ C ]//
Proceedings of 2004 International Conference on Machine
Learning and Cybernetics ( IEEE Cat. No.04EX826). Shanghai,
China:IEEE, 2004,3. 1604.

[10]EKNOYAN G, HOSTETTER T, BAKRIS G L, et al. Proteinuria
and other markers of chronic kidney disease: A position statement
of the national kidney foundation (NKF) and the national institute
of diabetes and digestive and kidney diseases ( NIDDK) [J].
American Journal of Kidney Diseases, 2003, 42(4) : 617.



