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ABSTRACT
OBJECTIVE: The global impact of COVID-19 pandemic has gained momentum rapidly. People have 
little information about SARS-CoV-2 (Coronavirus). Internet has become a frequently used tool to obtain 
information in recent years, while YouTube is one of the popular sources of information with many videos 
on its platform. This study aims to identify the topics regarding Coronavirus that people learned about on 
YouTube. The videos about Coronavirus were also evaluated in terms of the reliability of their source of 
information.
METHODS: In total, 160 videos on Coronavirus that had 500,000 or more views were analysed. The latent 
Dirichlet allocation method was used in the process of identifying the topics that were then compared in 
terms of video parameters. The reliability of the source of information provided by videos was assessed with 
a modifi ed DISCERN tool.
RESULTS: A proportion of 15.6 % of these videos had a scientifi c content, while 45 % of these videos 
were about the process entailed by the COVID-19 pandemic. In terms of video reliability, the difference 
between video types was found to be signifi cant; videos with scientifi c content had more reliable sources of 
information (p<0.001). 
CONCLUSION: It has been determined that the videos about the symptoms, diagnosis and treatment of 
COVID-19, and those with scientifi c content have the most reliable source of information on Coronavirus 
(Tab. 5, Fig. 1, Ref. 35). Text in PDF www.elis.sk
 KEY WORDS: coronavirus, SARS-CoV-2, COVID-19 pandemic, coronavirus pandemic, latent Dirichlet 
allocation, information, YouTube.
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Introduction

The disease caused by virus SARS-CoV-2 (COVID-19) was 
fi rst diagnosed in a human being in China’s Wuhan province in 
late December 2019 (1). The virus SARS-CoV-2 (Coronavirus) 
was quickly transmitted from person to person. As a result, many 
people in Wuhan got quickly infected and infection then spread 
into the whole of China. After the Coronavirus had spread to many 
other countries over the course of January 2020, the pandemic 
was declared (2). The COVID-19 pandemic has been observed in 
Europe, America, and many countries in Africa. A large number 
of deaths related to Coronavirus were reported in a short period 
of time. The pandemic continued to disperse to many countries 
during February and March. As of April 25, approximately 3 mil-
lion cases and 210,000 deaths were documented worldwide (3).

Patients infected with Coronavirus may show different symp-
toms. A certain number of infected patients have recovered asym-
ptomatically. Some of the patients may recover with only mild 
symptoms (4). Approximately 15% of patients have severe symp-
toms. The most common symptoms of COVID-19 are high fever, 
dry cough, diffi culty in breathing, problems related to taste, and 
a ground-glass opacity on CT scan (5). The groups at risk of se-
vere symptoms of the disease have been found to be those of the 
elderly, individuals with chronic conditions, and individuals with 
immune disorders.

Coronavirus has caused great anxiety worldwide. Most citizens 
have complied with the measures taken by governments. Curfew, 
quarantine, social distancing practices, and use of disinfectants 
are among the most applied measures (6). People are now facing 
a pandemic that they do not know much about. People had limited 
information on the COVID-19 pandemic. They needed to learn 
more about the Coronavirus in order to protect themselves from 
the pandemic. The fact that people had to distance themselves from 
the social environment limited their information sources. The most 
effective information sources in this process have been TV pro-
grams, radio programs, and internet. TV and radio programs pro-
vide information only at certain points of time of the day, whereas 
internet enables us to obtain information instantly whenever we 
want. The widely used tools such as smartphones and computers 
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play the most important role in obtaining information on internet. 
Internet can be used for a wide range of reasons. Internet is often 
preferred because it provides easy access to information (7). One 
of the websites that people prefer to obtain information from is 
YouTube (http://www.youtube.com). YouTube is a video-sharing 
and video-watching platform followed by many people (8). As one 
of the most important information sources for the humankind, You-
Tube contains many videos that vary in genre, form and content. 
Video parameters such as view count, number of comments, and 
number of likes and dislikes are also available on YouTube (9).

Text-mining methods have made great progress in recent years, 
which plays a major role in text-based analyses on websites. De-
pending on their usage area, there are different text-mining me-
thods that can be used in many fi elds such as pattern recognition, 
classifi cation, topic extraction, sentiment analysis, information 
retrieval, information extraction, summarization and modelling 
(10). The latent Dirichlet allocation (LDA) model conducts topic 
prediction from text, which then can be applied to identify hidden 
issues out of words in text documents (11). LDA is an unsuper-
vised classifi cation method that considers the probability distribu-
tion of words. The LDA method allows for topic predictions that 
can be made in many documents and in large text chunks. In the 
theoretical structure of the LDA method, the Dirichlet distribution, 
Gibbs sampling, and expectation-maximization processes are ap-
plied (12). LDA is very successful in identifying hidden issues in 
internet-based texts and posts on social media (13). 

YouTube is one of the most popular websites containing many 
videos on various areas. One of the purposes of using YouTube is 
to obtain information. Researchers have conducted many studies
on the use of YouTube as an information source. For instance, 
Barry et al (2016) conducted a study on YouTube’s contribution 
to anatomy training (14). YouTube is often preferred as an infor-
mation on health and science. Tackett et al conducted research in 
order to identify YouTube’s contribution to medical education (15). 
YouTube provides detailed information on protection, infection 
prevention, and early diagnosis for many diseases. For instance, 
Lim et al (2018) conducted research on identifying the contribu-
tion of videos containing information on “infection prevention and 
control” to science (16). 

YouTube was considered an important and effective source for 
people to access information during the epidemic of the H1N1 fl u 
and the Ebola virus (17–20). Since the COVID-19 pandemic is a 
rather current issue, very few publications have been found on this 
subject. Several recent studies have explored the role of YouTube 
as a source for people to obtain information about Coronavirus. 
For instance, Khatri et al (2020) analysed the reliability of You-
Tube as an information source in the COVID-19 pandemic (21). 
In the study, it was reported that YouTube was preferred more in 
this pandemic compared to previous pandemics in terms of obtain-
ing information. It was also stated that the content of some videos
was medically insuffi cient. D’Souza et al (2020) studied 113 You-
Tube videos related to Coronavirus and attempted to identify use-
ful versus misleading videos (22). However, these studies have 
not specifi cally identifi ed people’s preferences when watching 
YouTube videos, which is the focus of our research. We studied 

the topics of YouTube videos related to Coronavirus and found 
that they prefer choosing scientifi c videos to access information. 

This study aims to identify topics of YouTube videos on Corona-
virus from their titles using the LDA method. In particular, we iden-
tify the topics that people chose on YouTube while trying to learn 
more about Coronavirus during the pandemic process. Topics re-
lated to Coronavirus that people were curious about, video contents 
that they watched, and their reactions to these videos were analysed.

The remainder of the paper proceeds as follows. The next sec-
tion briefl y summarizes related works. Section 3 outlies the mate-
rial and method of this research. Section 4 presents the results and 
discusses the statistical analysis. Section 5 concludes the paper by 
highlighting contributions and limitations of the study as well as 
future research directions.

Material and methods

Latent Dirichlet allocation
Various machine-learning methods have been used to identify 

the content of videos on YouTube. LDA is one of the most used 
unsupervised classifi cation methods for topic modelling. In the 
LDA method, it is aimed to model documents and texts among 
topics defi ned according to the probability distribution of words 
(23). LDA produces graphs used for modelling discrete data such 
as text fi les, while revealing hidden issues within the text (12). 
LDA conducts 3 productive processes for each text document (24). 
1. A random topic should be chosen from the topic distributions 

in each text document.
2. Word sampling should be chosen from the word distribution 

related to the selected topic.
3. Operations should be repeated for all words in the text (25). 

LDA identifi es hidden issues comprised in the text fi le. LDA 
conducts these operations using the Dirichlet distribution, a mul-
tivariate form of beta distribution (26). LDA does not take into 
account for modelling the word order in the text. LDA evaluates 
the possibility of words being together (27). The graphical model 
of the LDA is given in Figure 1.

LDA is one of the methods used in identifying the topic of 
contents from video titles and video comments. Several studies 
have been conducted on identifying the topic of content on You-
Tube videos using the LDA method (28–30). Our research adopts 
LDA to predict titles according to the titles of YouTube videos. 

Fig. 1. Graphical model of latent Dirichlet allocation (12).
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Methodology
In the study, the word “Coronavirus” was searched on You-

Tube. The research was conducted between 20–25 April 2020 
(31). As a result, a ranking list was done for videos with the high-
est number of views. Videos with 500,000 or more views were 
included in the study. Videos that appeared on the list more than 
once were excluded from the study. Finally, 160 videos contain-
ing information on Coronavirus were obtained. In the study, the 
information on these videos such as the number of views, num-
ber of comments, likes, dislikes, and duration were recorded. 
We did not evaluate any human participants or animals in this 
study. Videos that anyone can access were evaluated. There-
fore, there was no need for approval of the ethics committee for 
this study.

LDA method was used to predict topics from video titles. As 
a result of the analysis, 4 topics related to COVID-19 were iden-
tifi ed, including (i) symptoms, diagnosis, and treatment; (ii) case 
statistics, (iii) measures against the spread of Coronavirus, and 
(iv) pandemic process. These videos were then classifi ed as news 
videos, informational videos, or scientifi c videos. In addition, ac-
cording to the speakers providing the information, the videos were 
categorized as containing information provided by health profes-
sionals (physician, academic, etc.) or other (news anchor, program 
presenter, etc.). The content of videos was also taken into account 
in the process of classifying these videos. The number of views, 
number of comments, number of likes and dislikes, and duration 
were compared according to their topics and classifi cation. Table 
1 shows the topics determined using the LDA method.

Assessment of reliability
A modifi ed DISCERN tool was used to evaluate the videos in 

terms of the reliability of the source of provided information. The 
modifi ed DISCERN tool consists of 5 questions. The reliability 
score of each video is in the range of 0–5 points, while a 5-point 
score represents the highest level of reliability. The questions were 
adopted from the DISCERN tool (32–33) and modifi ed. The videos 
were evaluated by the authors of the study. Support was received 
from physicians in terms of the assessment of videos that required 
medical knowledge. The agreement between the two authors was 
assessed using the Kappa coeffi cient. The modifi ed DISCERN 
tool questions are presented in Table 2 (33).

Statistical analysis
The fi t of variables to normal distribution was analysed using 

the Kolmogorov–Smirnov test in the dataset. The Mann-Whitney 
U test was used in two-group comparison of variables that did not 
have normal distribution. The comparison of three of more groups 
was performed using the Kruskal-Wallis H test. The Dunn-Sidak 
test was used for post-hoc analysis. Statistical parameters were 
shown as median (Q1–Q3). The statistical signifi cance was ac-
cepted at p<0.05. The data analysis was performed using IBM 
SPSS Statistics for Windows Version 22 (IBM SPSS for Windows 
version 22, IBM Corporation, Armonk, New York, United States). 
The R-3.3.2 software was used in the process of identifying the 
topics by means of latent Dirichlet allocation method.

Results

In the study, 160 videos about Coronavirus most frequently 
watched on YouTube were analysed. A proportion of 56.9 % of these 
videos are news videos while 15.6 % of them contain scientifi c infor-
mation and 45 % of these videos contain information on events and 
news during the COVID-19 pandemic. A proportion of 10% of these 
videos contain information presented by doctors or academics. The 
fi ndings on the distribution of video contents are given in Table 3.

Table 4 shows the fi ndings on comparisons according to the 
types of videos. The difference between types of videos was found 
to be statistically signifi cant in terms of the numbers of views (p 
= 0.016). Scientifi c videos were viewed more frequently than the 
news videos. The highest number of views was achieved in the 
category of scientifi c videos. The difference between the types of 
videos was found to be signifi cant in terms of the number of likes 
given to videos (p = 0.001). It was observed that the highest num-
ber of likes was achieved in the category of scientifi c videos. The 
difference between the types of videos was found to be statisti-

Topics Words in Titles

Symptoms, diagnosis 
and treatment 
of COVID-19

Disease, Symptom, Information, Patient, 
Body, Infection, Harm, Virus, Treatment, 
Vaccine, Lab, Pneumonia, Facts, 
Experience, Skin, Recovery, Similar, 
Doctor, Infected, Flu, Allergy, Resistance, 
SARS

Measures against 
the spread 
of Coronavirus

Country, Management, Music, Disinfectant, 
Struggle, Prevention, Manager, Warning, 
Precaution, defence, Emergency, 
Hydroxychloroquine, Panic, Restriction, 
Announcement, Quarantine, Health, Expert, 
Mask

Case statistics on 
COVID-19

Case, Number, Information, Death, 
Mortality, Young, American, WHO, Peak, 
Level, epidemiology, Modelling

COVID-19 pandemic 
process

Wild, Animal, Propagation, Society, Good, 
Hospital, Task, Force, Future, Satellite, 
Media, Brave, Italy, Bangladesh, War, 
USA, Process, City, Complo, Epidemic, 
President, China, Bad, Will End, Protest, 
Criticism, Why, Equator, Hospital, Second, 
Wave, News, Economy, India, Wuhan, 
Attitude, Ecuador, Bioswar, Death, Martial 
Law, Economy, Colombia, Danger, 
Manufacturer, Bat, Spain, France, New 
York, Pandemic, Taiwan, Nurse, Grave

Tab. 1. Topics determined with LDA method.

Questions
Is the video clear, concise, and understandable?
Are reliable sources of information used?
Is the presented information balanced and unbiased?
Are additional sources of information listed for reference?
Are areas of uncertainty mentioned?

Tab. 2. Modifi ed DISCERN tool questions.
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cally signifi cant in terms of video duration (p = 0.006). The dura-
tion of informational videos is longer as compared to other types 
of videos. There was no difference between the types of videos in 
terms of the number of comments and dislikes. Table 4 demon-
strates the fi ndings on comparisons according to video topics. 
There was no statistically signifi cant difference between the topics 
of videos on Coronavirus regarding the number of views, number 
of comments, number of likes and dislikes, or video duration (p > 
0.05). Table 4 displays the fi ndings on comparisons according to 
narrators. No statistically signifi cant difference was found between 
videos narrated by healthcare professionals and others in terms of 
the number of views, number of comments, number of likes and 
dislikes or video duration (p > 0.05).

Table 5 shows the fi ndings on compari-
sons for the use of videos as an information 
source. The difference between the types 
of videos was found to be statistically sig-
nifi cant in terms of the DISCERN score (p 
< 0.001). The highest modifi ed DISCERN 
tool score was achieved in the category of 
scientifi c videos. The difference between 
the types of topics was found to be statisti-
cally signifi cant in terms of the DISCERN 
score (p < 0.001). The highest modifi ed 
DISCERN tool score was achieved by vid-

eo topics informative of symptoms, diagnosis and treatment of 
COVID-19.

Discussion

The COVID-19 pandemic has changed the global agenda. This 
pandemic has caused anxiety for the whole of humanity. People 
did not have enough information on the situation that they were 
about to face. Internet has been one of the information sources on 
Coronavirus. The primary information sources in the pre-internet 
era were television, radio, and printed publications. Websites have 
become popular information sources with the advent of internet 
(34). Internet provides quick access to information. One of the 

n %
Video types Informational 44 27.5

Scientifi c 25 15.6
News 91 56.9

Video topics Measures against the spread of Coronavirus 34 21.3
COVID-19 pandemic process 72 45.0
Symptoms, diagnosis and treatment of COVID-19 37 23.1
Case statistics on COVID-19 17 10.6

Video speakers Healthcare professional (physician, academician, etc.) 16 10.0
Others (program speaker, news anchor, etc.) 144 90.0

Tab. 3. Distribution of videos.

Types┼ Number
of views

Number
 of comments

Number 
of likes

Number 
of dislikes

Duration 
of videos (min.)

Informational Median
(Q1–Q3)

2247500
(1237500–5158500)

4535
(2290–11111)

27000
(16500–99000)c

2050
(1050–3900)

10.11
(6.15–21.04)b,c

Scientifi c Median
(Q1–Q3)

3934000
(2440000–8854000)c

5139
(2012–13113)

61000
(22000–158000)c

2100
(1300–5200)

6.08
(4.49–8.45)a

News Median
(Q1–Q3)

1921000
(1212000–3365000)b

7102
(4024–12888)

17000
(9700–50000)a,b

2400
(1400–6000)

7.32
(4.22–12.45)a

p 0.016* 0.146 0.001* 0.508 0.006*

Topics┼ Number
of views

Number
 of comments

Number 
of likes

Number 
of dislikes

Duration 
of videos (min.)

Measures against the 
spread of Coronavirus

Median
(Q1–Q3)

2388000
(1167000–5997000)

9818
(4024–22612)

40000
(15000–112000)

2800
(1300–9400)

8.23
(5.45–19.28)

COVID-19 pandemic
process

Median
(Q1–Q3)

1915500
(1211000–3236000)

5987
(3162–12888)

20000
(10000–58000)

2500
(1300–5300)

7.42
(5.19–13.23)

Symptoms, diagnosis 
treatment of COVID-19

Median
(Q1–Q3)

2680000
(1390000–4134000)

4578
(2290–8922)

38000
(20000–103000)

1600
(1200–3700)

5.58
(4.52–9.02)

Case statistics 
on COVID-19

Median
(Q1–Q3)

2445000
(1782000–4980000)

7023
(4787–11859)

13000
(9800–52000)

2500
(1500–5700)

8.01
(5.29–19.35)

p 0.224 0.113 0.055 0.284 0.236

Speakers┼┼ Number
of views

Number
 of comments

Number 
of likes

Number 
of dislikes

Duration 
of videos (min.)

Healthcare Professional Median
(Q1–Q3)

3283500
(1935000–5800500)

7952
(3893–19067)

33000
(22000–131500)

2750
(1300–5000)

5.78
(4.40–11.30)

Others Median
(Q1–Q3)

2187000
(1256000–4074500)

6218
(3048–12218)

21000
(11000–71000)

2250
(1300–5200)

7.49
(5.19–13.23)

p 0.137 0.670 0.138 0.945 0.380
┼Kruskal–Wallis H test; ┼┼Mann–Whitney U test; α:0.05; Post-hoc: Dunn–Sidak test; Median (%25 Quartile-%75Quartile) *Difference between the groups is statistically 
signifi cant; a Difference with informational videos is statistically signifi cant; Difference with scientifi c videos is statistically signifi cant; Difference with news videos is sta-
tistically signifi cant

Tab. 4. Comparison of video parameters.
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popular sources of information on health is YouTube (35). The data 
obtained from internet are an important indicator in the process of 
identifying the topics, on which people want to obtain information. 

When analysing 160 videos on Coronavirus, that were viewed 
most frequently, our research identifi ed 4 topics from video titles 
using the LDA method. These topics are diagnosis and treatment, 
case statistics, measures against the spread of Coronavirus, and the 
pandemic process. A proportion of 45 % of these videos were re-
lated to the pandemic process, of which 56.9 % were news videos.
Health professionals were narrators in 10 % of the videos. The 
number of uploaded videos that were related to the COVID-19 
pandemic process was higher than the number of videos on other 
topics. The number of news videos on Coronavirus uploaded on 
YouTube is higher compared to other types of videos. The num-
ber of videos, in which health professionals were speakers was the 
lowest among them. It is observed that these videos are generally 
related to the television news programs. News program videos have 
mostly been aimed at describing the events during the pandemic. 
Information has generally been provided by the news announcers 
on these programs.

Although the number of uploaded news program videos was 
higher, people preferred to view scientifi c videos. News program 
videos were the least viewed video type. Similarly, the scientifi c 
videos were most frequently liked by viewers, while the news 
program videos were liked least frequently. The highest numbers 
of dislikes were given to news program videos. The highest num-
ber of comments were made in response to news program videos. 
Most frequently, the viewers preferred to obtain information on 
Coronavirus from scientifi c videos.

When people’s preferences on obtaining information were 
analysed according to video topics, it was observed that the most 
frequently viewed video topics were those dealing with symp-
toms, diagnosis, and treatment of COVID-19. The topic with the 
highest number of comments was found to be that dealing with 
the measures against the spread of Coronavirus. People preferred 
to obtain information mostly on symptoms, diagnosis, and treat-
ment of COVID-19, as well as on measures taken against the 
spread of Coronavirus. 

When people’s preferences on obtaining information were 
analysed according to speakers, the videos with information pro-
vided by health professionals were viewed more frequently than 
other videos. Similarly, it was observed that the number of com-

ments and likes was the highest in response to videos with health 
professionals as speakers. People preferred to obtain information 
from videos, in which health professionals were the narrators.

There are certain limitations to this study. Since COVID-19 
pandemic is a current issue, the information on Coronavirus may 
be changing constantly. Although there are many videos on the 
subject, only those narrated in English and with 500,000 or more 
views have been included in the study. YouTube is a dynamic video 
website. The number of videos, views, comments, likes, and dis-
likes keeps changing. Future studies should take into account the 
dynamic changes in the pandemic and YouTube content to predict 
the topics preferred by people.

Conclusion

This study uses the numbers of views, comments, likes and dis-
likes on YouTube videos to identify topics, on which people want 
to obtain information. With the LDA method, we capture and clas-
sify hidden topics from YouTube video titles about Coronavirus. 

Our fi ndings show that people often use YouTube in order to 
learn more about Coronavirus. People mostly prefer to watch scien-
tifi c videos in order to obtain information on Coronavirus. Videos 
on symptoms, diagnosis, and treatment of COVID-19 as well as 
on measures against the spread of Coronavirus have been viewed 
more frequently as compared to videos dealing with other topics. 
Videos containing information provided by health professionals 
have been viewed more frequently than other videos. YouTube has 
become a quick and easily accessible information source during 
the COVID-19 pandemic.

The videos were assessed in terms of the reliability of the 
source of provided information. A modifi ed DISCERN tool was 
applied to evaluate the videos. The highest reliability of the source 
of information was observed in videos with the topic of symptoms, 
diagnosis and treatment of COVID-19. Similarly, the highest reli-
ability of the source of information was observed in videos with 
a scientifi c content.
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