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As online grocery purchases continue to rise globally after pandemic, consumer reviews have gained significant influence over
purchasing behavior. Analyzing user reviews in-depth and providing valuable information from the customer’s perspective has
become crucial for improving the customer experience. This research project aims to analyze customer reviews using topic modeling to
identify product group characteristics and purchase motives. A dataset of about 1.2 million reviews from Jan. 2021 to Dec. 2022,
obtained from Korea’s leading food purchasing platform, was pre-processed using the MeCab Korean morpheme analysis algorithm.
Researchers want to overcome the challenge of extracting such insights from general-purpose words like ‘good,” ‘satisfaction,” and
‘recommendation.’ Three types of topic modeling—BERTopic, LDA, and CTM—were applied to compare their performance on a test
dataset. Finally CTM demonstrated the best performance and successfully extracted three relevant topics from the 79,616 valid review
dataset: delivery status, product characteristics, and recipe-related topics. Analysis results offer academic and technical implications
for improving customer experience based on providing valuable product and purchasing insights.

Keywords: Mobile grocery shopping, Combined topic modeling, BERTopic, LDA, Customer experience, Review helpfulness

Non-Commercial License (http://creativecommons.org/licenses/by-nc/4.0/) which permits unrestricted non-commercial use, distribution, and reproduction in

—(D @ © 2024 by The Society of Convergence Knowledge. This is an Open Access article distributed under the terms of the Creative Commons Attribution
@ BY NC

any medium, provided the original work is properly cited.



78 = The Society of Convergence Knowledge Vol.12, No.1, 2024

1LME

1.1 A HYA

A AIAIA 0 2 AP AR Bok=s W2 Ad74otal 912 ™ 2020~2023d MH|ElS 2o B ¢
1

ol 5 H]chwl A7) Hlgo] 251 64%2 AT QT ) Lefol AZE FukE-L 20104 o]F 8] F7Hele] 2023

[¢}
AR F 4072 DA oF 22729 43 A 5 17.9% 2EA])0] A HAL QAP A7 BAF = whE gt weRt
ZA, TRt g AdElo] 7hstt R o & QIS 28kl AlEhs A= EH(New Normal) 0= 212 39ttt

$8.148

, 2efRloA WA Fafjstod o 8ot YASO) S| =2 Y= =

= Stk Fig. 29k o] b= Aol A AR AvbE B, A2 22Qlo 2 sty 4 Anjaksoe] 571 2]lst

@ Confirmation of review @ Reasons to check reviews (Reply repeatedly) @ Review reliability

Don't check 2.8% Don't trust 2.6%

To reduce dissatisfaction after purchase
82.3%

Curious about other people's evaluations

78.0% Normal
27.2%
To get as much information as possible

70.4%

Do check

97.2%

To get objective information
64.8%

Fig. 2. Influence of customer reviews™
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Fig. 8. CTM Topic modeling results: (a) Topic 2, (b) Topic 3, (b) Topic 4 and (b) Topic 5
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