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ABSTRACT 
 
Learning through videos preferably with the use of YouTube 
indicates a shift in gaining knowledge where the role of visual 
learning is essential to a new generation of learners. Studies 
confirmed that YouTube was able to maintain the interest and 
learning accomplishments of the students. In this study, 
YouTube textual feedback dataset containing keywords 
related to the learning of martial arts is examined using topic 
modeling and sentiment analysis. Topic modeling using 
Latent Dirichlet Allocation (LDA) was implemented to 
identify the topics within the first corpus, and then the NLTK 
library were used to determine the sentiment classification of 
the corpus through Jupyter Notebook. Sentiment analysis 
indicated that generally the discussion on martial arts is 
positive, more so when the viewers are signifying their 
intention to learn and reacting to the impressive execution of 
the martial arts. Topic modeling indicated that the numerous 
topics of discussion on martial arts are closely related to 
learning, arts, and humanities. Results can help educators, 
martial arts trainers, developers of YouTube content, and 
educational institutions improve resources or trainings that 
might help them achieve educational or physical performance 
targets for learners. 
 
Key words :  Martial arts, sentiment analysis, YouTube, text 
mining, topic modeling.  
 
1. INTRODUCTION 

 
The internet has changed our lives forever on how we do 
business, how we communicate with other people and how we 
learn. According to Siegel [12], the use of technology 
featuring videos in education particularly inside the 
classroom is promising specifically towards the 21st Century 
Learning Framework. In a great degree, learners can now 
easily connect to different learning platforms to enhance their 
learning experience, one of which is through instructional 
videos. Videos can be easily accessed through the World Wide 
Web, with YouTube as the well-known platforms for 

 
 

disseminating video content where interest on its educational 
use has become apparent [7], [23]. In a survey by global 
market research firm, YouTube was listed as the top choice 
platform for learning by the so-called Generation Z (i.e., 
people ages 14 to 23) and it was revealed that 59% preferred 
YouTube as a learning resource [20].  
 
YouTube preference or video learning signal a change in 
learning styles where the role of visual learning is crucial to a 
new generation of learners. People turn to YouTube now due 
to its accessibility and its content as well as it powers the users 
to easily control the pace of the video which allows them to 
absorb the content at their own pace. [20]. The study of Orús 
et al. [6] confirmed YouTube's positive effect on learning 
outcomes and student satisfaction. Similarly, Chtouki et al. 
[26] found out in their study students are better exposed in 
visual explanation video in understanding and remembering 
complex concepts in which is one of the main advantages of 
YouTube. It was also concluded by Azer et. al, [27] that a 
small number of YouTube videos can be useful towards 
independent learning. 
 
YouTube's educational value has been found consistently in a 
number of disciplines. In math competency, Fulton [18] 
determined that YouTube enhances learning in mathematics 
as evidenced by competency scores. In the field of nurse 
education, Cliffton and Mann [1] discovered that using 
YouTube videos enhances learning, engagement, and critical 
awareness among students. Similarly, Ramos-Rincón et. al 
[28] pointed out that by producing YouTube videos, it can 
contribute to the learning processes by promoting personal 
responsibility while reinforcing the skills of the students and 
maintaining their interest. Meanwhile, in a study by Tan and 
Pearce [13] revealed that YouTube videos can be attributed 
towards supporting students’ understanding and an effective 
way to engage them. However, students in the study still 
perceived the role and authority of the teachers which are 
hard to ignore after introducing the video resources.   
 
The use of YouTube has also benefited those who seek 
learning when it comes to the physical performance where 
they can view the execution of the motor technique 
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repeatedly. In connection to this, Dewitt et al. [9], reported 
that YouTube was a valuable teaching resource in sustaining 
students’ interest and learning achievement in the areas 
capturing current performing arts trends such as dance, 
animation, and fine arts. Another discipline, which gained 
traction when it comes to subscription, are videos on martial 
arts. Martial arts practitioners claim that they learned difficult 
martial arts move through only watching YouTube [22]. 
However, yet to date, literature is limited on how forms of 
media like films, documentaries, YouTube videos, images, 
and blogs might shape the actual “hands-on,” solo and 
physical training of the martial arts. Further research on 
educational evaluation of YouTube videos and the resources 
offered by the video sharing service is needed [7]. 
 
One function of YouTube is the input or comment section 
where viewers write their thoughts or sentiments, in which 
students react to the content of resources. Zher Ng and 
Maznah Raja Hussain [16], [17] emphasized that 
understanding the textual feedback is critical as it ensures 
learning happens. According to Dahal, Kumar, and Lee [4], 
said that topic modeling and sentiment analysis can be used as 
an approach for this context. Blei [8] defined topic modeling 
as a technique of finding a secret semantic structure in a 
corpus (i.e. a large or full set of writings) providing insights 
into the various themes in the texts. Meanwhile, sentiment 
analysis is the method of defining the emotions and thoughts 
expressed in a given text [25]. Furthermore, it is an emerging 
field for classifying phenomenon found in text data [15], [17]. 
It is also a form of text mining technique which involves the 
calculation of textual data obtained from user-generated 
contents from different platforms to identify its positivity, 
negativity, and neutrality [5], [24].  
 
Recent studies have shown that using these techniques of text 
mining offered great insights on finding values on products 
and services [29] and also into the types of discussion that can 
be found on YouTube or similar platform like Twitter [3-4] 
[21]. Sailunaz and Alhajj [19] used the tweets from twitter to 
analyze the sentiments conveyed from users. Furthermore, the 
discovered results from specific topics were used to provide 
recommendations to its users.  The research aims to add to 
the discussion threads about the learning context of YouTube 
videos. Analyzing the learners' feedback and sentiments will 
help educators, martial arts teachers, YouTube content 
creators, and educational organizations enhance tools or 
preparation that can help them meet educational or physical 
performance goals for learners. The study aims to describe the 
feedback of YouTube users in learning Martial Arts through 
topic modeling and sentiment analysis in terms of the number 
of feedbacks, most occurring words, its classifications and 
sentiments. Furthermore, this study explores how the inferred 
topics and sentiments from the feedbacks can be used to create 
an instructional video for martial arts learning and physical 
performance in general. 

2. METHODS 
 
The study aims to perform sentiment analysis and topic 
modeling through an extracted YouTube feedbacks which 
will be the dataset of this study. Several steps were performed 
sequentially to the dataset, such as data collection, data 
cleaning, data preparation [4], and topic discovery [2].  
 
 
2.1 Data Extraction Process, Sample Size and Sampling 
Design 
 
Feedbacks from Martial Arts video tutorials from YouTube 
were extracted, pre-processed, and visualized in Jupyter 
Notebook, particularly Python programming. The “Martial 
Arts” keyword was used to search for the videos. Additional 
parameters were included to the YouTube Data Application 
Programming Interface (API) such as sorting the video results 
by its relevance to the keyword and to English language. The 
API was able to return 1 million videos available, but only 950 
videos can be accessed due to the country restriction. 
Afterward, a total of 610 videos were pre-selected after 
removing the videos with disabled comments or doesn’t 
contain any comments. Subsequently, videos were further 
filtered using their video titles, and description, only videos 
containing the keywords such as “instruction,” “tutorial,” 
“learn,” “teach,” “basic,” “beginner,” “practical,” and 
“training” was selected. Finally, only the top 100 feedbacks 
ordered by its relevance in each video were selected to form 
the final dataset used in the study. The dataset, which consists 
of 20, 586 feedbacks, were then stored into a spreadsheet.  
 
2.2 Data Cleaning and Data Pre-processing 
 
For data preparation towards sentiment analysis and topic 
modeling, this pre-processing and cleaning is implemented to 
the dataset in order to reduce the noise within the dataset, its 
dimensionality and enhance the effectiveness of sentiment 
analysis and topic modeling. In data cleaning, all 
unrecognizable characters, non-English comments, all 
emails, special characters such as new line characters, quotes, 
and other web links were removed. Subsequently, in data 
pre-processing, the dataset was exposed to additional steps. 
First, the removal of numbers, stemming, part of speech 
tagging, converting to lower case, and finally using the 
Natural Language Toolkit (NLTK) library for filtering and 
excluding stop words. Also, the dataset was tokenized and 
subjected to the Gensim’s Phrases Model to produce the 
bigrams and trigrams of frequently occurring phrases within 
the dataset to form the first corpus. Second, the corpus was 
further filtered using Loughran-McDonald Sentiment Word 
Lists to form the second corpus. 
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2.3 Data Analysis 
 

The corpora were analyzed using sentiment analysis and topic 
modeling. LDA was used as the model for obtaining the topic 
within text. It was implemented to determine the topics within 
the first corpus, and then the NLTK library were used to 
determine the sentiment classification of the corpus through 
Jupyter Notebook. In sentiment classification, two steps were 
used. Firstly, the sentiment intensity analyzer method from 
the NLTK library was applied to each feedback within the 
corpus to determine the overall sentiment. Secondly, the 
words within the corpus were classified into positive, 
negative, and uncertainty and then showed using a word 
cloud. The LDA was also used in the second corpus to find the 
four (4) clusters and presented them using word clouds.  
 
For the topic modeling, the previous studies proposed to use 
topic coherence as an evaluation tool for topic models [10], 
[11]. The researchers used topic coherence for the number of 
optimal topics, this is executed by extracting the average 
coherence score per topic and selected the most important and 
interpretable topics by using the same measure and through 
averaging the coherence score in each topic and obtaining the 
one that has good coherence score. 
 
3.  RESULTS 

 
The sentiment intensity analyzer method from the NLTK 
library was applied to determine the overall sentiment to each 
feedback within the corpus. As shown in Table 1, the top most 
occurring words are “good,” which obtained the highest 
frequency, while “great” and “best” obtained almost the same 
frequencies. The word “good” signifies the intention to learn 
the skills in martial arts without the purpose to use it for 
offensive purpose (e.g. I just wanted to learn how to punch 
good not kill somebody). The feedback that contains the word 
“great” indicates the appreciation of the viewers on the effort 
in producing the video in terms of physical effort and relaying 
it with clarity (e.g., Great work, efforts are really important 
behind this video 'Gurukulam communication' for the 
traditional martial art, in situ). In contrast, from the extracted 
feedback, the words “could” and “maybe” are used to suggest 
that important information on the martial art be included such 
as the name and the style (e.g., Would be awesome if someone 
could Name all the fighting Styles used, in situ). It is also 
suggested the components of the video that would make it 
more appealing to the viewers (e.g., good video maybe we 
could do without the music next time, was kind of annoying 
lol, in situ).   
 
The feedback “you r the best bro, in situ” which belong to the 
feedback “best” indicates commendation to the performer in 
the skillful performance of the martial art. While the word 
“better” indicates a comparison of execution of the person in 
the video to a popular personality in martial arts (e.g., Tony 

has better techniques than donnie yen, in situ). The word 
“might” is used by users to convey their interest in other 
topics that the content creator might want to create next. The 
comment such as “I really want to start training more 
grappling, so mma might be the next step” demonstrates this 
finding. Meanwhile, the words “effective,” “believe,” and 
“wrong.” are signs that the viewer’s doubt the efficacy of the 
videos in terms of accuracy of the information in terms of 
applicability, authenticity, and epistemology. 
 
Results indicated the intention of the viewers to learn and at 
the same time are interested in how the videos are designed. 
Also, appreciation among the viewers in terms of the 
execution is evident and they also provide suggestions on 
what is a more appealing video presentation. In contrast, the 
viewers warranted the sentiments on correct information.  

 
Table 1: Top 10 Most Occurring Words in Martial Arts YouTube 

Videos 
Rank Words Frequency Sample Feedback 

1 good 1353 

I just wanted to 
learn how to 

punch good not 
kill somebody 

2 great 1091 

Great work, efforts 
are really 

important behind  
this video 

'Gurukulam 
communication '  
for the traditional 

martial art. 

3 best 1080 you r the best bro 

4 could 409 

Would be 
awesome if 

someone could 
Name all the 

fighting Styles 
used :DD 

5 better 386 
Tony has better 
techniques than 

donnie yen 

6 effective 260 

It's almost like 
traditional martial 

arts moves are 
effective if, AND 

ONLY IF, you 
learn how to apply 
and integrate them 

into actual 
fighting scenarios 

7 believe 187 

I believe in energy, 
but these videos 
are completely 
counterfeit. But 
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this is not 
impossible. 

8 might 137 

I really want to 
start training more 
grappling, so mma 
might be the next 

step. 

9 wrong 136 

Aikido is based on 
the leading 

techniques of 
baguazhang and 

infused with 
Aikijutisu, so 

you're objectively 
wrong. 

10 maybe 136 

good video maybe 
we could do 

without the music 
next time, was 

kind of annoying 
lol 

 
The words within the corpus are shown in Fig. 1 using word 
cloud which is classified into positive, negative, and 
uncertainty. The dominant positive word is “good.” For 
example, one feedback said, “He did pretty good needs to 
diversify his trick set but his speed was amazing and work on 
his left to right arm tricks rather than relying on his right to 
left arm tricks otherwise I was impressed, in situ.” It means 
that some of the viewers already have prior knowledge or 
experience in the martial arts. Having experience in 
performing the techniques themselves would be instrumental 
in their analysis of the appropriate movement.  
 
Meanwhile, the prominent negative sentiment is the word 
“wrong” where one feedback said, “I can respect this video 
but truth be told you know very little about martial arts, in 
situ.” Generally, the negative sentiments signify the wrong 
information on the martial arts. This implies that in creating a 
video presentation, a thorough review of the literature on the 
martial arts should be done to make it more reputable. The 
frequently used feedback for the uncertainty category is the 
word “could” which is a mixture of different suggestions on 
various topics that they have experienced in real life and 
connects them to the video that they watched. 

 
Figure 1: Sentiment word clouds generated from the corpus using 

Loughran and McDonald Word List 
 

Table 2 displays topic modeling results on the feedback on 
YouTube about Martial Arts. Fig. 2 displays the word clouds 
of using the same results of the model. The top 10 most 
occurring words per topic is listed and the labels were added 
based on those words, the labels were chosen through the help 
of a martial arts expert and through examining the feedbacks 
to see what are those words is all about. The topics which 
emerged are the word label learning, art, competition, and 
self-defense. Topic modeling revealed that the discussions of 
martial arts are focused on learning and its importance to our 
life events. 

 
Table 2: Result of Topic Modeling on the Feedback on YouTube 

Videos about Martial Arts 
Topic Label Top 10 words 

1 Learning 

"good", "street", "guy", 
"marine", "think,", "weapon", 

"learn", "muay_thai", 
"technique", "punch" 

2 Art 
"get", "fighting", "box", "say", 

"video", "look", "take", 
"well", "man", "even" 

3 Competition 
"fight", "mma", "would", 

"go", "kick", "judo", "people", 
"see", "real", "great" 

4 Self-defense 

"art", "martial", "train", 
"fighter", "know", "use", 

"training", "way", "really", 
"combat" 

 

 
Figure 2: Final topics found using LDA 

Fig. 3 shows the topic coherence average in terms of the total 
volume of feedbacks. The mean was taken to facilitate direct 
comparison between the different feedbacks. The plot shows 
that the coherence score increases with the number of topics, 
with a decline between 4 to 5.  According to Kumar (2018), in 
LDA it is advisable to build multiple models and choose the 
highest coherence score which is usually provides valuable 
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insights and easy to interpret. Hence, smaller subtopics are 
often seen when choosing a relatively higher value of 
coherence score. The result of the topic coherence analysis 
was the basis in deciding the number of topics which is 4. 

 
Figure 3: The optimal of topics using topic coherence is between 4 

to 5. 
Table 4 and Fig. 5 presents the polarity of words while Fig. 4 
displayed the sorted results of tokenized words and color 
coded by their sentiment analysis in terms of contribution. 
Generally, martial arts learning videos received positive 
sentiments. Positive sentiments received 54% (n=6,733), 
Negative sentiments received 31% (n=3,986) and uncertainty 
sentiments received 15% (n=1,848). The words “good” 
(n=1,353), “great” (n=1,091) and “best” (n=1,080), 
respectively obtained the highest frequencies. Next to the 
positive sentiments which received high scores are 
uncertainty words, such as “could” (n=409) and “believe” 
(n=187). Negative sentiments have obtained the lowest scores 
such as the words “wrong” (n=136), “hurt” (n=109) and 
“break” (n=105). However, some of the frequencies are not 
shown in the figure since only sentiments with a score of 100 
are included in the figure, but in totality, negative sentiments 
are more frequent that uncertain words. Findings indicated 
that the majority of the sentiments on martial arts is generally 
positive. 

 
Figure 4: Sorted Martial Arts Video Feedbacks on YouTube 

Categorized by Sentiment Analysis 

Table 4: Distribution of Words 

Polarity Percentage 
Positive 6,773 (54 %) 
Negative 3,986 (31 %) 

Uncertainty 1,848 (15 %) 
TOTAL 12, 607 

4. CONCLUSION 
 
This study examined the YouTube users’ textual feedback in 
martial arts learning. It focused on analyzing their opinions 
through topic modeling and sentiments analyses. 
Lexicon-based sentiment analysis shows positive, especially 
when users are signifying their intention to learn and reacting 
to the impressive execution of the martial arts and it shows 
that learners tend to be expressive and appreciative towards 
the learning content of the videos which suited their needs. 
The learners also commended the efforts in producing quality 
videos and suggested elements that would make it more 
appealing to the viewers.  Furthermore, precise execution 
and accurate information about the martial arts are warranted 
by the viewers. Topic modeling showed the clusters are 
related to learning, arts, and humanities. In particular, the 
discussions of martial arts are focused on learning and its 
importance to our life events.  
 
This paper elaborated the positive responses of users towards 
YouTube martial arts learning content. This confirms that 
videos are valuable resources in learning discipline. In 
general, YouTube users elicited positive sentiments. It also 
confirms that martial arts is perceived to be an important 
aspect of our life events as people.  
 
Instructional video producers can benefit from the findings in 
designing their martial arts video content. The sentiments 
and emerged topics will serve as a basis in creating an 
instructional video for learners of martial arts, and other 
disciplines. The suitability of the teaching method in the 
video also plays a great role in achieving its objective in 
teaching proper body mechanics in its execution. Since video 
production is also being used as a classroom learning activity, 
this will guide the teachers and the learners on the important 
aspects to consider in creating an attractive, informative, and 
learner-friendly learning material.    
 
The study was limited by the viewer’s liberty to write 
everything that they want. Therefore, there was no focus on 
the instructional component or teaching-learning process of 
the videos. It is suggested that video developers provide 
guidelines on how to give feedback that focuses on the 
teaching-learning aspect.  Although this study presents how 
video content can be helpful towards martial arts learning, 
effectiveness of these videos towards in-class learning can be 
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explored. Also, a research in the same context or in other 
discipline but related to other learning sites and platforms 
may be worth pursuing. Future studies may be replicated 
featuring other disciplines or topics employing a mixed 
method or qualitative research design. 
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