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Sentiment Analysis of Hotline Data in Gas Industry

ZHU Hu-chao YU Hui-qun FAN Gui-sheng DENG Cun-bin

(School of Information Science and Engineering, East China University of Science and Technology,Shanghai 200237, China)
Abstract Sentiment analysis of customer service hotline plays a decisive role in the development of enterprise core busi-
nesses,and can enhance customers’ loyalty. Traditional hotline emotional analysis methods use the ways of manual re-
cording or random sampling, which not only consume manpower but also can’t guarantee accuracy,and the main prob-
lem is it cannot reflect customer’s emotion objectively,and ultimately affects the quality of service enterprises. Accor-
ding to the background of the project and the existing offline audio files of Gas Company,hybrid algorithm of acoustic
features and domain sentiment lexicon was proposed, which is used in the data analysis of customer service hotline and i-

dentifying customer sentiment(negative, non-negative). The experimental results show that the algorithm has an effi-

cient recognition effect on the project practice.especially the combination of field of the sentiment lexicon.

Keywords Sentiment analysis,Sentiment lexicon, Acoustic features,Customer service hotline
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Fig. 1 Framework of sentiment analysis
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Input: A wav format audio file,X
Output: The acoustic features of the audio
1. function getAmplitudeO) {
2. while frame_index < samples do/ /¥ & 2%k
frame_index < frame_index+ hop_length
sum_amplitude <= sum_amplitude+ X. amplitude
if(min_amplitude << min(X. amplitude) then
min_amplitude <= min(X. amplitude)
end if//Fe/NMIR IR

if(max_amplitude << max(X. amplitude) then

© 0 N > U1 e W

min_amplitude <= max(X. amplitude)
end if/ /B KA MR
end while
12. }
13. function getPich() {
14. while frame_index <C samples do/ /%45 5

—_
_ O

15. frame_index < frame_index—+hop_length
16. if max_amplitude=Rn(t) then

17.  pich. append(frame_rate/t) / /3 S\ 5K

18. end if

19. end while

20. }

21. function getEnergyO {//fE &S $

22. power= librosa. feature. rmse(x)

23.}
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Input: A text format audio file, T

Output: The polarity score of text

1. polarity <= 0

2. poscount <= 0,negcount <= 0

3. function Pretreatment() {

4. sentences=T. split(‘,”);//m]F Ll 5

5. while sentence in sentences do

6. word=jieba. cut(sentence)

7. if word is stopWord then

8. sentence. remove(word)

9. endif

10. if word is positive then

11. poscount <= poscount—+1//FH id) 1&

12.  polarity < polarity+ getScore(sentence, word, poscount)
13.  end if

14. if word is negative then/ /4 # im) if

15. negcount < negcount— 1

16. getScore(sentence, word , poscount)

17.  polarity < polarity+ getScore(sentence, word , poscount)
18.  end if

19.  end while

20. }

21. function getScore(args[ ) {//#e P 7%

22.  words < sentence[ 0. index(args[1])]

23.  while w in words do/ /3 K7 &1 17

24. if win [ ‘mos’,‘very’, ‘more’, ‘deny’] do
25. postcount * (2.0 1.8 1.5 | —1)
26. end if

27. return poscount
28.}
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Input:train datas Train,test datas Test,result Res
Output: The classification results of audio
1. trainDatas=load_train( Train) / /&5 A 73 25 8%

2. testDatas=load_test(Test)

3. clf=tree. DecisionTreeClassifier() / /I Z5 5 A4

4. model=clf. fit(trainDatas. features, trainDatas. targets)
5. Res=model. predict(pre) / /Il 2145
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Table 3 Performance comparison of audio features combined with emotional dictionary algorithm
- BN R R AR R A S AT R I S+ R AR AE
EHE WA BEE k%% mHE  AEE  kAE  HAE  AEE
i 0.74 0.81 0.85 0.92 0.86 0.96
0.76 0. 388 0. 90
E W] 0. 84 0. 80 0.89 0.81 0.95 0. 84
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Table 4 Performance comparison of emotion dictionary algorithm

Count Polarity Accuracy Precision Recall
Neg 0.73 0.66
0 e ——— 0.75
Non_Neg 0.71 0. 80
Neg 0.81 0.70
100 _— 0.77
Non_Neg 0.73 0. 84
Neg 0.83 0.78
150 _— 0.81
Non_Neg 0.79 0. 84
Neg 0.83 0.82
200 _— 0.83
Non_Neg 0.82 0. 84
Neg 0.85 0.88
250 _— 0. 86
Non_Neg 0.87 0. 84
Neg 0. 86 0.96
320 _— 0. 90
Non_Neg 0.95 0. 84
TP
Recall = ( 1 >
TP+ FN
A B TP+ TN ()
ccuracy—
Y TP+FN+TP+TN
TP
Precision=—51 =5 (3)
TP+FP
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