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Service developers are constantly working to improve their services. Although opinions and feedback from users are

important for improving their services, conducting an interview is time consuming. Thus, this paper proposes an approach

for extracting ideas from service users’ tweets. The proposed method consists of tweet collection, textual feature extraction,

and visualization, which are easy to implement. In experiments targeting three famous chat services, we demonstrated the

effectiveness of the proposed method compared with machine learning methods. We also provide a qualitative analysis of

the extracted ideas via our visualization interface constructed to understand the tweet analysis results intuitively.
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Table 1. Number of tweets regarding each service.
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Table 3. The number of positive and negative examples
of testing tweets.

H Positive | Negative

LINE 806 302
Slack 54 42
Discord 58 35

Table 4. Results of tweet filtering for LINE.

H F-score | Precision | Recall

Service name ‘ # of tweets

LINE 1,045
Slack 79
Discord 200

Table 2. Examples of tweets used in the experiment.

Tweet text

LINE 123 X vt — 120 W AREEER L

LINE OFFEWTF L PDBZ VDT, EoBbiRET
ERAY /4N

Slack TRZX FHAITI 22— M T 38ERE LW

slack TRAL v RIZbH->TREANITA YT a2y TED
HEREAR L\, @thread HY72

Discord &7 > — M EREAR LW

Discord, F¥ v bDKRy 777 MEEEAKL WV -« - -
(U1¥)

Proposed method 0.909 0.834 1.000
TF-IDF+SVM 0.763 0.769 0.791
BoW+SVM 0.777 0.806 0.762

Table 5. Results of tweet filtering for Slack.

H F-score | Precision | Recall

Proposed method 0.784 0.645 1.000
TF-IDF+SVM 0.717 0.639 0.875
BoW+SVM 0.757 0.693 0.856

Table 6. Results of tweet filtering for Discord.

H F-score | Precision | Recall

Proposed method 0.779 0.638 1.000
TF-IDF+SVM 0.751 0.645 0.908
BoW+SVM 0.763 0.665 0.900
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Table 7. Results of tweet similarity calculation for clus-
tering ideas.

H Accuracy | Precision ‘ Recall ‘ F-Score

P

roposed 0.952 | 0.636 | 0.073 | 0.131
method

BERT 0.947 0.202 0.023 | 0.041
(CLS token)

BERT 0.946 0.171 0.019 | 0.035
(average)

TH-IDE 0.951 0.598 0.068 | 0.122
(all words)

BoW 0.950 0.478 0.054 | 0.098
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Fig. 1. Screenshots of the developed interface.
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Fig. 2. Screenshot after clicking a specific tweet node.
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