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Topic and Trends of Public Perception and Sentiments of COVID-19
Pandemic in South Korea: A Text Mining Approach

Nahyun Kwon*, Jongmin Oh*, Eunhee Ha

Department of Environmental Medicine, Ewha Womans University College of Medicine, Seoul, Korea

Objectives: Public health risks and anxiety have been increasing since the outbreak
of Coronavirus disease 19 (COVID-19). The public expresses questions related to the
COVID-19 issue through the web base. The aim of this study was to analyze public
perception and sentiments of COVID-19 Pandemic in South Korea.

Methods: We collected the text data (questions: 252,181) related to COVID-19 from
Naver Knowledge-iN during January 1, 2020 to December 31, 2020. The search
keywords included related to COVID-19 using Korean words for “SARS-Cov-2",
“COVID19”, “COVID-19”, “Wuhan pneumonia”, “Coronavirus”, “Corona”. A topic
modeling analysis was used to investigate and search trends of public perception.
The sentiment analysis was conducted to analyze of public emotions in the questions
related to COVID-19. We performed the Pearson’s correlation analysis between daily
number of COVID-19 cases and daily proportion of negative sentiment in documents
related to COVID-19 by COVID-19 outbreak period.

Results: A total of 241,776 documents used in this study. The most frequent words in
the documents to appear cough, symptoms, tests, confirmed patients, mask and etc.
Twenty topics (COVID-test, Economy, School, Hospital/Diagnose, Travel/Overseas,
Health, Social issue, Symptom 1 (respiratory), Relationships, Symptom 2 (e.g., fever),
Workplace, Mask/Social distancing, infection/Vaccine, Stimulus Package, Family,
Delivery Service, Unclassified, Region, Study/Exam, Worry, Anxiety) were extracted
using the topic modeling. There was a positive association between the daily counts
of COVID-19 patients and proportion of negative sentiment. By COVID-19 period,
Stage 4 had the highest correlation.

Conclusion: This study identified the South Korean public’s interest and emotions
about COVID-19 during the prolonged pandemic crisis. (Ewha Med J 2022;45(2):46-54)
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Fig. 1. The Perplexity of topic modeling related to COVID-19. The x-axis indicates the number of topic. The y-axis indicates perplexity of la-

tent Dirichlet allocation (LDA) models.

48 THE EWHA MEDICAL JOURNAL



Table 1. Topics related to COVID-19

A Text Mining Approach E MJ I

Top keyword

0BS Topic
1 COVID-test
2 Economy
3 School
4 Hospital/Diagnose
5 Travel/Oversea
6 Life/Health
7 Social issue
8 Symptom 1 (respiratory)

9 Relationship
10 Symptom 2 (headache, fever)

11 Workplace

12 Mask/social distance
13 Infection/Vaccine

14 Stimulus package

15 Family

16 Delivery service
17 Unclassified

18 Region

19 Study/Exam

20  Worry/Anxiety

‘loans’, ‘contract’, ‘personal’, ‘progress’, ‘bank’, ‘situation’, ‘operation’, ‘'monthly rent', ‘card’

‘school’, ‘academy’, 'student, ‘class’, 'start of school’, ‘online’, 'postponement’, ‘teacher’, ‘attending
school’, 'lecture’

‘hospital', 'pain’, 'treatment’, ‘left', 'right’, 'prescription’, 'leg’, ‘doctor’, ‘clinic’, ‘'surgery’

‘travel’, 'situation’, ‘cancel’, ‘'entry’, ‘oversea’, ‘refund’, ‘'schedule’, ‘reservation’, 'visa', ‘period’

‘exercise’, 'method', ‘start’, 'day’, 'life’, 'support’, ‘health’, ‘'diet’, ‘dog’, 'health’

‘reason’, 'thinking', 'government’, 'Korea', ‘church’, ‘nation’, 'situation’, ‘country’, ‘economy’, ‘a new
world'

‘cough’, 'symptom’, ‘runny nose', ‘cold’, 'sputum’, ‘fever', ‘'sneezing', ‘rhinitis', 'dry cough’, 'tickling'

‘friend’, ‘contact’, ‘idea’, 'story', 'female’, ‘male’, 'heart’, ‘worry', ‘game’, ‘present’

‘head’, 'symptom’, 'headache’, 'muscle pain', 'slight fever', ‘body temperature’, 'oody ache’, 'normal’,
'suspicion’, ‘'vomiting'

‘company’, 'salary’, 'work’, 'unemployment’, 'monthly salary’, 'staff’, ‘resignation’, ‘job’, ‘commute’,
‘period’

‘mask’, 'stage’, 'distance’, 'food’, 'cafe’, 'bus’, 'song’, ‘wearing’, ‘disinfection’, ‘utilization’

‘person’, ‘infection’, 'likelihood', ‘pneumonia’, ‘dangerous’, 'vaccine', 'Wuhan', ‘probability’, ‘worry’,
‘Chinese’

‘application’, 'subsidy' 'support’, 'document’, ‘report’, ‘income’, ‘confirm’, 'disaster’, ‘emergency’,
'standard’

‘mother’, 'thinking', ‘father’, 'parents’, ‘family’, 'orother’, 'stress’, ‘'neart’, 'grandmother’, ‘person’

‘use’, 'parcel service', 'delivery’, '‘purchase’, ‘call’, ‘internet’, ‘arrival’, 'price’, ‘'number’, 'thing’

‘problem’, ‘photo’, ‘partly’, ‘face’, ‘skin’, 'situation’, 'first’, 'start’, ‘washroom’, ‘total’

‘region’, '‘Daegu’, ‘Busan’, 'Gyeonggi’, 'week', 'schedule’, 'near’, 'vacation’, 'this year', 'Seoul’

'study’, 'examination’, ‘ready’, ‘school year', ‘English’, ‘university’, ‘math’, ‘term’, ‘'high school’, ‘'middle
term'

‘worry', ‘anxiety', 'stuffy’, ‘chest’, 'symptom’, 'usual’, ‘situation’, ‘'uncomfortable’, 'day’, ‘menstruation’

A =0l ool Alx]

T ]tﬁﬁ‘gl T H, LLX] i)

g Afe] S olf9] gelo

29 A} 0] T2 A7E
F7] 2ol SIHHEE stz
2 A7) Aol et A7) E T
T el 717H1-57])ef| what

g tal] mlojs AR Aot irH14].

tion for Statistical Computing, Vienna, Austria)& ©]-85}]

tl
S~
N

ddsIztpet 5 AA]

2070 A4 Z19)= Fig, 2, € Fol Fbe Fg, 30 Al
Ak 7V M7} -2 doli A1 Holglon], S, AL 54
7}, 042 4=0191ckFig, 2). 207 719IE % 127] Z191=(7}
&, T, A, A, N, T, A, e, WY
N, B, T2 28] BF % PAsHe WES B
Ak A AEE 3-490] F71 4] o) ZAst Wl

2 UebiickFig, 3. S7H 71I= (Y, AHel, A, sk, ‘ot
1

RE B40 R BA AT EYo](version 3.5.1; R Founda— )% A7t 271 3415 Ryt O 7|95 79 o]% 12
7] G553t A= 29 o] % S-S WHEsh= Tid
2 HYr

Saslolnt, VA E ntol e R4S 915 “KoNLP” “tidyr’,

“tidytext”, “topicmodels” ‘5 R packages= ©]-8-5FIth

4 3

2. 207§ COVID-19 B3 FA]
EY palglo g2 AAE COVID-19 el Zolof gt F
A 2070 Table 10| AA=]le] ot EX 4= Topic 11 A

1. COVID-19 ¥ A 7|9 E Hl=
Z 252,181709] =A] F 241,776712] =A<} 614,68271 o
£ o8It A A ol Fol A 7 R &2 A9

A}, Topic 2= 2F44/73A, Topic 3: 8ht/ 5L, Topic 4: HY/
A%, Topic 5t 14/31<], Topic 6 Y425 Topic 7: 151
/3, Topic 8: /& 1(&&71), Topic 9: Hl A, Topic 10: 5

THE EWHA MEDICAL JOURNAL 49



1M

Cough
Symptom
Test
Confirmed case
Mask
School
Head
People
Friend
Hospital
Stage
Headache
Runny nose
Academy
Application
Worry

Cold
Sequester
Sputum
Infection

Words

5000 7500 10000 12500

Frequency

0 2500

Fig. 2. Top 20 frequent words related to COVID-19 documents.
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Table 2. COVID-19 outbreak period

. Stage 2 Stage 4 Stage 5
Categories Stage 1 (1** Qutbreaks) Stage 3 (2™ Outbreaks) (3" Outbreaks)
Date (2020.1.20-2.17) (2.18-5.5) (5.6-8.11) (8.12-11.12) (11.13-12.31)
- Local clusters, Small and medium-scale A large outbreak
Classification Imported cases Large-scale clusters : S
sporadic cases clusters many outbreaks nationwide
Confirmed cases n=30 n=10,774 n=3,856 n=13,282 n=45,173
Adapted from Korea Disease Control and Prevention Agency [14] with CC-BY.
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axis indicates the proportion of negative sentiment of documents. The blue bar indicates the daily number of confirmed COVID-19 cases. The
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2.17, Stage 2: 2.18-5.5, Stage 3: 5.6-8.11, Stage 4: 8.12-11.12, Stage 5: 11.13-12.31).
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