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Abstract—Every aspect of life has undergone innovation in recent years.
Information Technology has revolutionized the concept of teaching and learn-
ing. Both educators and students are now utilizing contemporary resources for
learning and teaching. One of the primary sources of contemporary educational
resources is educational videos posted on various channels on YouTube. This
study intends to investigate the opinions voiced in YouTube comments for edu-
cational videos with the help of Sentiment Analysis. In this research, three tech-
niques namely SentiStrength, TextBlob, and Naive Bayes Classifier were utilized
to analyze the sentiments. According to the results, the majority of the remarks
made about the videos have positive sentiments that concluded that students are
satisfied with YouTube educational videos and consider YouTube as a beneficial
learning tool.
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1 Introduction

Since the early days, man has been continuously striving to improve the quality
of living. This continuous struggle has brought several revolutions that changed the
world completely. Information Technology is one of those revolutions. With all the
other opportunities which the Internet is providing to people, it has now become a
goldmine for those who want to learn. One of the biggest reasons for people to visit
online platforms is to seek information [1]. Teaching and learning have vastly shifted
to the online paradigm. People are no longer bound to go to a particular place or have
to study at a specific time [2]. Literature provides evidence that online educational
videos are being used as an effective tool for learning. With over 2 billion active users,
YouTube is the most popular video hosting website [3]. It is commonly used to watch
educational content [4]. A review of the existing literature revealed that educational
videos on YouTube help students improve their learning [5]. Hundreds of universities
and colleges have created their own educational YouTube channels. YouTube contains
a lot of information on a vast variety of topics which is available for public use without
any cost [6]. YouTube users can provide feedback in the form of likes, dislikes, and
comments. Comments can be used to examine how viewers feel about the content.
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Thus, the emotions expressed in comments might be utilized as indicators [7]. Nat-
ural language processing is a collection of techniques used to analyze and represent
the textual forms of languages that humans naturally use for communication purposes.
These techniques train machines to process language like humans to perform various
tasks more efficiently [8]. Sentiment analysis is the process of assessing a written text
and extracting opinions or other information from it [2]. Sentiment analysis can be
performed on customers’ reviews, feedback, blogs, news articles, etc. It helps busi-
nesses to make effective policies for their growth, content creators to make their con-
tent better, and researchers and analysts to understand the data. Sentiment analysis can
be performed with the help of machine learning and lexicon-based methods. A hybrid
approach can also opt which employs both lexicon-based and machine learning tech-
niques [9]. Machine Learning approaches require labeled data to train the classifiers
then the classifiers are applied to new data. Conversely, lexical-based techniques use
a predetermined collection of words, where each word is connected to a particular
emotion [10].

Satisfaction is an important feature that is often used to define the success and reli-
ability of a system. It reflects whether the system is pleasurable or capable of fulfilling
the consumers’ requirements or not. Consumer satisfaction has become a high priority
for service providers as it predicts long-term success [11]. Students’ attitude toward
their educational services, experience, and institute defines their satisfaction [12].
Students’ satisfaction and the sentiment scores of their feedback have a direct relation.
High sentiment scores predict high satisfaction [13]. Students have high satisfaction
while learning from the internet as the process is different from conventional learning.
It is fun to learn from websites because they are more engaging and interactive [14].

In this research, machine learning techniques were employed for the sentiment anal-
ysis of comments under YouTube educational videos to measure the satisfaction level
of students. During the literature, it was found that various researchers have measured
the satisfaction level of consumers through Sentiment Analysis [15] [16] [17]. For this
work, positive and negative sentiments expressed by viewers in the comments will be
compared. The results will be used to conclude if the students are satisfied with the
educational content available on YouTube.

2 Related work

The literature review disclosed that analyzing the educational content on YouTube
has received substantial attention in the recent past and persists remaining the focus
of research and discussion. Several studies investigated the students’ feedback on
YouTube educational videos.

Alhujaili and Yafooz proposed the model for sentiment analysis of Arabic educa-
tional videos on YouTube using different machine learning classifiers and a deep learn-
ing model. SVC and RF classifiers gave an accuracy of 96% while 74% was the worst
accuracy given by the KNN classifier using the under-sampling technique. DL model
for oversampling and SOMTE technique gave 96% and 89% accuracy was obtained for
manually balanced data set [18].
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Al-Maroof et al investigated if people use YouTube and TikTok to gain knowledge
and to keep themselves updated about the advancement in the field of medicine. The
researchers collected the data from UAE health care service providers through an online
questionnaire and analyzed it through the software Smart PLS 3.2.7 using partial least
squares-structural equation modeling (PLS-SEM). Results indicated that both social
media platforms were helpful and had up-to-date information; however, in comparison,
YouTube was found to be more effective and had more information [19].

Wang et al. focused on informal learning models through YouTube. The question-
naires were distributed to the people who use YouTube for learning about handmade
leather goods. The responses were analyzed for validity and reliability. SEM verifies
the research model. The results concluded that 1) YouTube self-efficacy and learning
interest, YouTube self-efficacy and learning attitude, learning attitude and learning sat-
isfaction, and Learning interest and learning satisfaction are positively related. More-
over, YouTube enhances learning skills and can be a good source of learning if provided
with appropriate learning material [20].

Tahat et al explored the impact of YouTube utilization as an instructive device on
the growing experience of debilitated individuals during the COVID-19 pandemic.
60 people functioning as handicapped subject experts were chosen. The study model
was examined through structural equation modeling. According to the results, YouTube
features are developing handicapped individuals’ growth opportunities [21].

Giray analyzed the e-learning experiences of Computer and Software Engineering
students. Student perspective was received using a questionnaire then the data were
analyzed using qualitative and quantitative statistical techniques. It was found that stu-
dents find video recording helpful but they preferred face-to-face lectures over videos.
They observed that students also take help from online resources when they are stuck
somewhere and want to make their concepts clear [22].

Almobarraz researched to know the opinion of undergraduate university students
and their experience of YouTube as learning support. The data was obtained from the
College of Computer and Information through a questionnaire and then it was analyzed
statistically using frequency and simple percentages. The findings were that YouTube
has a substantial impact on students learning. Students understand the importance of
YouTube as an educational tool however professors are still reluctant to use YouTube
videos as an educational aid in the classrooms [23].

Amarasekara et al analyzed STEM (Science, Technology, Engineering, and Mathe-
matics) videos available on YouTube to examine the gender gap using sentiment analy-
sis, they randomly selected YouTube STEM channels with the help of an Excel random
number generator. From the selected channels they collected up to 100 comments from
any five videos on each channel. Then the comments were coded for sentiments. SPSS
software was used to analyze the results. The study reveals that gender has a noticeable
effect on STEM channels on YouTube [24].

Lee et al investigated the capability of YouTube to spread educational instructions
as well as its helpfulness for self-directed learners. Using sentiment and qualitative
sentiment analysis they concluded that YouTube has great potential to empower the
concept of self-directed learning but the learners have to be careful about the quality
and credibility of the content available on YouTube [2].
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Muhammad et al. used Naive Bays and Support Vector Machine (SVM) for the clas-
sification of comments under Indonesian YouTube channels having educational con-
tent. Results show the model got 91% precision 83% recall and 87% for F1 score [25].

Tisdell conducted a study to analyze how Australian students engaged with YouTube
and use it to learn the concepts of engineering. The researchers concluded that a large
number of students take aid from online videos. This usage increased largely at the time
of exams. Students found YouTube a significant source to learn [26].

The literature review about YouTube learning videos mentioned above shows that
students find learning videos on YouTube helpful. Most of the literature discussed above
was domain-specific or region specific. For this study, any particular subject or any
particular region was not specified. Moreover, it was found that most of the work that
has been done on YouTube educational videos uses statistical techniques to conclude.
Very few articles were found to have machine-learning approaches. Lexicon-based and
Machine learning techniques will be used for this study to measure the satisfaction
of the students with YouTube educational content to bring diversity to the existing
literature.

3 Research methodology

This section discusses the methodology adopted for this research. Figure 1 illustrates
the overview of our proposed model. The essential actions performed to complete this
study are thoroughly discussed.

3.1 YouTube comments collection

The data collection comprised three steps. First, the appropriate channels were
selected then from selected channels few videos were chosen after that from each video
comments were extracted.

Channel selection. YouTube contains some educational channels both for “school,
university” learning and “lifelong” learning [3]. During the channel selection, we pre-
ferred the channels which have a good number of subscribers and have high school/
university lectures like “Khan academy”, “Academic lessons”, “The organic chemistry
tutor” etc.

Video selection. While selecting videos, different educational domains were chosen.
To bring variety, videos on the topics of medicine, physics, chemistry, mathematics,
finance, statistics, etc. were selected. The purpose was to take opinions from a variety
of audiences.

Comments extraction. A total of twenty videos were selected and a hundred com-
ments were extracted from each video. The comments were extracted using the website
“exportcomments.com”. The first hundred comments from each video were collected.
This website allows its users to save the extracted comments in either .xls or .csv files
for data analysis.

Comments annotation. For this paper SentiStrength, TextBlob, and Naive Bayes
were used. SentiStrength and TextBlob are lexicon-based methods. However, Naive
bays requires data annotation for processing it further. Two educationists from NED
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University of Engineering and Technology annotate the data to avoid bias ness. For data
annotation, positive comments such as “Thank you”, “great video”, “you are the best
teacher” etc were labeled as 1, and negative comments such as “bad audio”, “I couldn’t
get anything” etc. were labeled as —1, while the comments which have no positive or

negative sentiment such as queries related to the content were labeled as 0.

Results
Comparison

Fig. 1. Proposed framework

Figure 2 depicts the distribution of manually annotated comments. The negative and
neutral comments had formed the minority class as shown in Figure. There were 1175
positive comments in the original data, 660 neutral comments, and only 165 negative
comments. So, before processing further, the data first needed to be balanced.
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3
o
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Fig. 2. Manually annotated comments
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3.2 Minority oversampling

As the data is highly imbalanced, we first have to balance the data. Several meth-
ods have been proposed to address the issue of class imbalance. Literature shows that
under-sampling and oversampling techniques are the most widely used. Oversampling
is preferred over under-sampling because under-sampling results in the loss of a large
amount of data. The strategy is to oversample the minority group by introducing differ-
ent synthetic sample ratios. Oversampling by SMOTE is quite famous in literature but
SMOTE technique can be applied after the vectorization of the data. As this research
required the same data for all three techniques, oversampling was done with repeti-
tion as [18] suggests that both SMOTE and oversampling techniques evaluated similar
results. The annotated data had 1175 positive comments 165 negative and 660 neutral
comments. Figure 3 shows, by employing oversampling, the number of comments for
the three categories became equal. The oversampled data had 1175 positive comments
1175 negative comments, and 1175 neutral comments.

In [8]: sns.countplot(x=tweets_train_df['Label’'] ,data=tweets_train_df)

Out[8]: <AxesSubplot:xlabel="Label®, ylabel="count'>
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Fig. 3. Balanced comments

3.3 Comments preprocessing

Lowercasing. In this step, all the uppercase letters used in the document were con-
verted into lowercase letters. The purpose of performing this step is to treat the words
like “Wow” the same as “wow”’. Lowercasing helps dictionaries in reducing the number
of words for labeling.

Comments cleaning. Stop words are the words that are often used in English but
they do not add any value to the meaning of the sentence. All the stop words, URLs, and
other unnecessary characters from the document were eliminated to make the proposed
model more efficient. This step includes.

e removed URLs from the text
e removed hashtags, usernames, and mentions
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removed stop words

removed numbers

removed unnecessary spaces

removed punctuations marks and symbols

Lemmatization. The process of lemmatization with the help of morphological and
vocabulary analysis removed the inflectional ending of the words in the document and
assigned it a lemma (canonical forms available in dictionaries).

Tokenization. Tokenization is the process of splitting a text document into small
chunks of words to build a word vector. A Word vector is also called a bag of words.
Figure 4 shows how the original comment was transformed into a clean comment.

just saved my exam! Thank you

Data
cleaning ~

‘ | wish everything good for you, you

['wish', 'everything', 'good’,
'save','exam’, 'thank']

Fig. 4. Comment after lowercasing, cleaning, lemmatization, and tokenization

Vectorization. Vectorization was performed using the count vector function to the
number of times a particular word appears in the comments. count vectorizer only
focuses on word count without considering the sentence structure.

In this study, the strategy was adopted as found during the literature survey.
SentiStrngth used raw comments without any data preprocessing. TextBlob used
cleaned comments without vectorization and data annotation, while, Naive Bayes Clas-
sifier used annotated cleaned and vectorized comments. In Naive Bayes, after all the
preprocessing, the data set was divided into two subsets 80 percent data for training and
20 percent data for testing.

4 Tools and interpretation

Humans often use emotions to convey their feelings to others. Text classification
has become an elementary and critical task as a result of the increased usage of texts
digitally as well as the growing need to access them in flexible ways. Numerous tech-
niques that utilize machine learning and statistical theory have already been applied
to text classification in recent years. A lot of researchers are continuously working on
sentiment detection through different techniques. For this study, three methods were
employed for sentiment analysis of YouTube educational videos. The experiment for
each method is discussed below.
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4.1  SentiStrength

SentiStrength is a lexicon-based approach. It contains a list of words with posi-
tive or negative sentiment scores and has rules to deal with linguistics. SentiStrength
can simultaneously measure the positive and negative sentiments expressed in a single
text [27]. It assigns a pair of scores (p, n) to a text, where p represents a positive sen-
timent strength score and ¢ represents a negative sentiment strength score also p and ¢
are integers that lie in the ranges “1 <p <57 “-1 <n <-5".

Getting a score of 1 means the sentence is not positive while 5 means the text is
extremely positive. —1 shows text is not negative while —5 shows it is extremely neg-
ative. For Sentiment analysis with the help of SentiStrength, the comments were first
copied from excel to notepad as SentiStrength works with text files. Then the Sen-
tiStrength was run for sentiment detection and classification. SentiStrength also has a
feature of translation and emotional rationale but these two options were disabled as the
researcher only wanted to work with polarity.

Comments were classified further according to their positive and negative strengths.
Labels were assigned to comment based on the following rule. Positive comments
were labeled as 1, negative comments were labeled as —1 and neutral comments were
labeled with 0. Table 1 shows how labels were assigned to comments according to
SentiStrength scoring based on the following rule;

comment label =1 |p| > |n|
comment label =0 |p| = |n|

comment label = —1 |p| < |n|

Table 1. Labeling of comments based on SentiStrength results

Positive Score Negative Score Label
1 -2 -1

4.2 TextBlob

TextBlob is a lexicon-based approach and all lexicon-based approaches require
a dictionary that has stored words with their polarities that are positive negative, or
neutral. A comment is made with a bag of words. A polarity score is assigned to the
comment by using any pool operation like taking the average of each word’s score.
[28] TextBlob measures the polarity and subjectivity of a text. Polarity represents how
positive or negative a piece of text is, while subjectivity tells how opinionated a piece
of text is. TextBlob returns the polarity ( p) and subjectivity (s) in the following ranges
“—1 <p<1”and “0 <s <17 —1 shows the text is extremely negative while 1 shows
the comment is extremely positive. A higher subjectivity score shows the comment
contains more opinions than factual information.
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TextBlob was first installed and imported in python then a python code was written
in Jupyter Notebook to extract the polarity of the comment using the TextBlob library.
After getting the results comments were further classified and labeled using the follow-
ing rule. Table 2 represents how comments were assigned with the labels according to
their polarity results using following rule.

comment label =1 p>0
comment label =0 p=0
comment label = —1 p<0

Table 2. Labeling of comments based on TextBlob results

Polarity Label
—0.083333333 -1
0.24672619 1
-0.25 -1
—0.145833333 -1

4.3  Naive Bayes classifier

The Naive Bayes classification method is a supervised machine learning method
that is based on the Bayes theorem [35]. The Naive Bayes algorithm uses the given data
or evidence from the past to predict the future probability [24]. Equation (3) gives the
working of Naive Bayes

P(CIX) = (PX [ O).P(OY(P(X) (1

P(C|X) is posterior probability

P(X| C) is the likelihood

P(C) is the prior probability

P(X) is the evidence

With help of the code, the data was cleaned tokenized and vectorized. After pre-
processing the data was split into 80 percent training and 20 percent testing data using
a machine learning library Scikitlearn. Scikitlearn also helped in training the Naive
Bayes classifier model and analyzing its performance.

5 Results and discussion

5.1  SentiStrength

As SentiStrength simultaneously measures the positive and negative sentiment
strength of a single piece of text. Table 3 shows the number of comments SentiStrength
classified for each positive score. Similarly, Table 4 shows the number of comments
against each negative score.
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The Tables 3 and 4 show that the majority of the comments received a SentiStrength
score of 1 (not positive) or —1 (not negative). Additionally, the comments had more
words with high positive strength in comparison with negative strength. Very few com-
ments got scores of —3, and —4, and no comment got a negative score of 5. After achiev-
ing SentiStrength scores for all the comments, the comments were categorized into
positive, negative, and neutral groups based on the rule we discuss in above section 4.1.
Figure 5 demonstrates the classification.

Table 3. Positive score count

Positive Score Count
1 1731
2 1144
3 551
4 94
5 5

Table 4. Negative score count

Negative Score Count
-1 2662
-2 582
-3 204
—4 76
-5 0

In [7]): sns.countplot(x=charts['SentiStrngth Labels'] ,data=charts)

Out[7]: <AxesSubplot:xlabel="SentiStrngth Labels’, ylabel='count’>
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8
S
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-1.0 0.0 10
SentiStrngth Labels

Fig. 5. SentiStrength labels classification
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5.2 TextBlob

TextBlob gauges the text’s subjectivity and polarity. For this investigation only the
polarity of the data is needed, thus subjectivity findings were disregarded initially.
Figure 6 represents how many comments TextBlob assigned for each score as the Text-
Blob scale lies between —1 to 1.

TextBlob Polarity

2000 §—

1500 1

1000 1

500 1

0 -
-1.0 -05 0.0 05 10

Fig. 6. TextBlob polarity result

<AxesSubplot:xlabel="TextBlob Label', ylabel="count"':
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-1.0 0.0 10
TextBlob Label

Fig. 7. TextBlob labels classification
Figure 6 shows that TextBlob assigned 0 (neutral) to the most number of comments

but when we observed the positive scores collectively they exceed neutral comments
as depicted in Figure 7.

iJET — Vol. 18, No. 09, 2023 141



5.3  Naive Bayes Classifier

For Naive Bayes Classifier, the data were divided into training and testing purposes
after being cleaned and prepped. The model was created, and then it was used to ana-
lyze the test data. The labels assigned by Naive Bayes Classifier are represented in
Figure 8. The Naive Bayes results also indicated that viewers have found the videos
beneficial as the highest number of comments were classified as positive.

<AxesSubplot:xlabel="'Naive Bayes Labels', ylabel="'count’

300

250 A

200 A1

150 1

count

100 1

-1.0 0.0 10
Naive Bayes Labels

Fig. 8. Naive Bayes labels classification

5.4 Discussion

VIEAEO0uork » Ml 1ove = much”

understand

need 1 QMSir>

PardCloud fer —f the Camements RordCleud far Pesitive Cemments

WerdCileud for Nepative Comments PordClocd fer Neutrai Cevenents

Fig. 9. Word clouds for positive, negative, and neutral comments
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It is evident from Figure 9 that the in the Word cloud of all comments “Thanks” is
the word that appeared the most in comments, understand, video, love, much, need,
sir, etc. words are mostly used by people to post their opinions under comments. In the
Word Cloud for positive comments a lot of positive words can be seen like Thank, love,
nice, amazing, great, wow, awesome best, helpful, etc. In the Word Cloud for negative
comments, It can be observed that negative comments are mostly related to volume,
voice, sound, video, etc. some positive words like thank, good video, and great can also
be noticed because some negative comments contain a positive part too. For instance,
“Love the enthusiasm!! Awesome video! The Audio kept cutting out about every min-
ute or so on my end.” Or “Good explanation! But it was very basic. You skipped a lot
of important points”. In the Word Cloud for neutral comments it can be observed that
the words like sir, world, video, world, command, and question are widely used. All the
word clouds show that the words with positive sentiments like “thank” “good” appear
in the highest frequencies even in negative and neutral comments.

The three approaches we used in the study, are contrasted in Table 5 and Figure 10.
The table clearly shows that all strategies produced essentially identical outcomes. All
three methods classified the highest percentage of the comments as positive.

Table 5. Comparison table

Method Label Percentage

SentiStrength Positive 44.39716
Negative 15.74468

Neutral 39.85816

Textblob Positive 46.46809
Negative 11.65957

Neutral 41.87234

Naive Bayes Classifier Positive 40.56738
Negative 37.7305

Neutral 21.70213

NN Positive
N Negative
I Neutral

8

Percentage
b=

SentiStrength extBlob Naive_Bayes
Polarity

Fig. 10. Percentages of labels for each method
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The positive versus negative ratio was visualized for all three methods in Figure 11
neutral comments were not compared because they were mostly related to students’
queries. TextBlob results also suggest that out of 1476 neutral comments 135 comments
are not subjective this means more than 90 percent of the neutral comments do not con-
tain any opinion so they can be ignored while studying the satisfaction of the students.
Only positive comments and negative comments defined students’ satisfaction. The
comparison showed that the greatest number of comments were classified as positive.
The results suggest that students are satisfied with YouTube educational videos. They
take YouTube educational videos positively and consider them helpful learning tools.

Positive vs Negative Positive vs Negative Positive vs Negative
. @ 266
1506
= SentiStrength Negative = TextBlob Negative Naive Bayes Negative
SentiStrength Positive = TextBlob Positive = Naive Bayes Positive

Fig. 11. Positive and negative ratios for each method

6 Conclusions

This study was conducted to analyze the sentiments expressed in comments under
YouTube educational videos. Three sentiment analysis methods — SentiStrength, Text-
Blob, and Naive Bayes classifier were used. The findings from all three approaches
indicate that a majority of the comments were positive. Very few comments were clas-
sified as negative using all three approaches. The experiment leads us to believe that
YouTube has enormous potential for use in education. Students can benefit from the
educational content on YouTube in their educational careers. YouTube has a wide range
of instructional topics so caution is required when selecting YouTube videos.
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