MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2022,31(5):147—156 [doi: 10.15888/j.cnki.csa.008524] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

spe == . E = L\ EED
ETESRMERNZIRS GG RS
o A WY R Y akMEE, xR

T PO R T 7 2 ) A RGBS A F], K 300010)

AR T REVF R 17 B A sz 5, K33 300010)

WE/EH: & ¥, E-mail: rainymjmj@163.com

1O WE RS R R, 2 RS I 207 A2 2 KR E R, SR A% G0 0 1 At 17 SRR I g v2xs T 5 IR o A
W) T BAF P2 15 22 0O 1) R B, A SRR 15 8 R DL HE B A 5 At 5 I, 0 A9 A Pl T A5 KB £ 35
SCRASE; FHAET S SCRAN R AL B 3 2 TR R 2R, b i ) L S TR ) 32 AR s ERAROR O SR AT S 8L B e oL
AR 22 90 28 06f BT A 3 1) P AT RPAE S UM A1 31 sl IR ARSI 2R o DAAS B SOA T SRR RS AL 7w, a3 17 S 2 e 1%
T A B 2B RS A I Gt S0 B AR ST L A AR JRe ) SR RE T A an 24 v T R A Y, X R W R S 1A R I 5%
A BFPE ) B SO AN S BLAE ) R SO ASEE ] DL BRI S A RS B T R Re . B
RN B B T I AR P A AOIRAS IR G 1 AR o0, A S v o R IR 55 I B B B

KRR X 175 AT 0 s PRI AR I %5 3 25 7L U | 1B 3R 26

W

SRR R i, 2R, B, T A B 0 S T A AR 4 1 R RO T 1 I AT LR SR ,2022,31(5):147-156. http:/www.c-s-
a.org.cn/1003-3254/8524.html
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% \
Abstract: With the development of power business, a large amount of data is produced in the link of customer service.

However, traditional sentiment analysis methods for dialogues face many problems and challenges in customer service
quality detection. In this study, the word graph is constructed according to the arrangement and location of words, and
then the discontinuous long-distance semantic modeling of the wh,ole sentence is carried out. Next, according to the
relationship among different parts of the document, the self and interaction dependency relationships between sentence
contexts are modeled, respectively. Finally, the convolutional neural network (CNN) is applied to the constructed graph
for feature extraction and feature aggregation of the neighbor nodes to obtain the final feature representation of the text. In
this way, the detection of emotional states is realized in customer dialogues. Experimental results show that the
performance of the probosed model is always higher than that of the baseline model, which demonstrates that the fusion of
word co-occurrence relationships, as well as sequential context coding and interactive context coding structures, can
effectively improve the accuracy of sentiment category detection. This method provides a fine-grained analysis for
intelligently and automatically detecting the emotional states in customer dialogues, which is of great significance to
effectively improve the quality of customer service.

Key words: dialogue sentiment analysis; heterogeneous network; graph convolutional network (GCN); attention

mechanism; bi-directional gated recurrent unit (Bi-GRU)
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