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ABSTRACT

This study explored the possibility of summarizing information from YouTube channels. To achieve this, the research
compared and analyzed speech-to-text (STT) data from top-viewed videos and comment data from recent videos. The
keyword network analysis revealed that comment data could represent the main content of the videos, thereby
validating the feasibility of information summarization using only comments.

To enhance the reliability of the study, text similarity analysis and statistical verification were conducted. The results
of this research are expected to contribute to the utilization of influencer marketing by businesses and to help
individual subscribers quickly grasp the main content of channels. Furthermore, it is anticipated that this study will
make a practical contribution to the development of efficient processing and analysis methodologies for digital media

data.

= keyword : YouTube Channels, Information Summarization, STT (Speech-to-Text), Keyword Network, Similarity
Analysis, Text Analysis, Comment Analysis, Influencer Marketing

1. Introduction

Digital media, particularly social media platforms
like YouTube, have established themselves as a
crucial means of information delivery and
marketing tools in modern society. The diverse
YouTube

influences the opinion formation, consumption

content  on channels  significantly
patterns, and cultural trends of millions of users.
Especially with the growing interest in healthcare
and health-related content, such information plays a
vital role in users' health-related decision-making
(Mohamed & Shoufan, 2024). However, the vast
amount of content generated on YouTube channels
is reducing the efficiency of information delivery.
While the need for effective video summarization
methods has emerged, existing research has mainly
focused on summarizing individual videos or
converting audio information to text, with limited
research on methods to summarize information
across entire channels.

The purpose of this study is to present and
method  for

evaluate the validity of a

comprehensively summarizing information from

large amounts of video and comment data

generated on YouTube channels. Specifically, for
YouTube channels providing health and dietary
supplement-related content in Korean, this study
explores the possibility of summarization using
only comments by comparing and analyzing
speech-to-text (STT) data from top-viewed videos
with recent video comments.

This research moves beyond fragmentary video
summarization to present a new methodology for
understanding the characteristics of entire channels,
which can help businesses analyze YouTube
content more quickly and develop influencer
marketing strategies. Additionally, it provides ways
for individual users to effectively grasp the core
content of subscribed channels and offers
foundational data that can be used in developing
influencer marketing and personalized content
recommendation systems. This study is expected to
make a practical contribution to the development
of efficient processing and analysis methodologies

for digital media data.

2. Theoretical Background



2.1 Previous Research

Existing YouTube summarization research has
primarily followed three approaches: summarizing
videos themselves, summarizing captions uploaded
by content creators, and extracting audio
information to convert it to text before applying
summarization techniques. The video summarization
method typically involves condensing videos longer
than an hour into approximately 10-minute
versions. However, this approach has limitations in
terms of information consistency and efficiency
from a channel perspective, where multiple videos
with similar content need to be quickly and
effectively summarized, as it provides summaries
through different views of video and text.

Previous research on text summarization of
YouTube

commonly used in literature information and text

videos has utilized two methods
sentence summarization: Extractive Summarization

and Abstractive Summarization. Extractive
summarization identifies and extracts important
sentences or phrases from the original text, while
abstractive summarization understands the meaning
of the original text and generates new sentences to
create summaries. While earlier studies primarily
used extractive summarization methods, recent
research has adopted abstractive summarization
approaches using artificial neural network-based
Transformer models, to

models, particularly

generate  more  natural and  human-readable

summaries. Recently, information summarization
using Large Language Models (LLMs) based on
Transformer architecture has seen significant
growth.

In video summarization research, Kaiyang Zhou et
al. (2018) proposed a reinforcement learning-based
unsupervised video summarization method which
considers the diversity and representativeness of
video frames. Their study wused a network
combining CNN and LSTM to select video frames
and evaluated summary quality through various
showed

reward functions. Experimental results

superior  performance compared  to other
unsupervised learning methods.

Research on summarizing video information
through caption or audio text conversion includes
the work of Lavish Mangal et al. (2022), who
developed a YouTube Transcript Summarizer that
extracts video captions and generates summaries
using abstractive summarization. Their research
uses the Hugging Face Transformer model for
caption summarization and provides results through
a REST API. Additionally, Sulochana Devi et al.
(2023) proposed a model applying abstractive
YouTube video

summarization to  extracted

captions. Their study presents methods for
converting video audio to text and summarizing
the converted text to effectively provide users with
necessary information. They also explain the two
main approaches to text summarization and

demonstrate situations where abstractive
summarization may be more useful than extractive
summarization.

KIM, JI YEON (2023) proposed a new abstractive
summarization model emphasizing the importance
of summarization without information loss. This
enables searching and identifying appropriate
information from vast amounts of text data in the
big data era. In similar research on literature
information summarization, Lee Jong-won, Kim
Tae-hyeon, Shin Dong-gu, and Cho Woo-seung
(2022)

summarization system for summarizing national

proposed a Korean information
R&D project information. This system developed a

preprocessor analyzing Korean linguistic

characteristics and a natural language
processing-based project information summarization
model.

However, Transformer models commonly used in
abstractive =~ summarization  have  fundamental
limitations in input token count, or input sentence
size, making them impractical for summarizing
large amounts of information without additional
summarization methodologies. To summarize videos
longer than an hour, methods must be devised to
divide the video into 10-minute segments, extract
and convert audio information to text, create

summaries within the token size limits of



Transformer models, and merge these results while
preserving the original content.

This study focuses on developing ways for users
to quickly grasp necessary information, considering
both the advantages and limitations of existing
research methods, to address the problem of
extensive information volume and time-consuming
comprehension in YouTube channels. The aim is
to help users understand main content without
videos  while information

watching improving

consistency and transmission efficiency.

2.2 Theoretical Background

In this paper, we aim to verify hypotheses about
information summarization methods based on key
theoretical ~ foundations  including  information
summarization, keyword network analysis, and
document similarity analysis. Therefore, we will
provide an overview of these major theoretical

frameworks..

2.2.1 Information Summarization Methodology

The  theoretical  background of information
summarization can be broadly categorized into two
methods: Extractive Summarization and Abstractive
Summarization.

Extractive summarization is an approach that
identifies and extracts important sentences or
phrases from the original text to generate a
summary. It utilizes statistical techniques and
Natural Language Processing (NLP) technology. A
representative method is TF-IDF (Term
Frequency-Inverse Document Frequency), which is
used to extract important keywords by evaluating
the significance of specific terms within a
document.

Abstractive summarization creates summaries by
deeply understanding the meaning of the original
text and generating new sentences. This method
incorporates Natural Language Generation (NLG)
technology and can better convey meaning while
Unlike extractive

reducing redundancy.

summarization, which simply takes important
sentences or phrases directly from the original text,
abstractive  summarization generates summaries
using new expressions based on the core content
of the original text. This allows for not only
information compression but also provides readers
with clearer and more coherent information through
restructuring.

The Transformer model based on deep learning is
a prime example. Transformer models efficiently
learn relationships between words within sentences
using the Self-Attention Mechanism. Compared to
traditional sequential models like RNN (Recurrent
Neural Network) or LSTM (Long Short-Term
Memory), it offers advantages in parallel
processing capabilities and better understanding of
long contexts.

Notably, models that

development of Transformer architecture, such as

emerged from  the

BERT (Bidirectional Encoder Representations from
Transformers) and GPT (Generative Pre-trained
Transformer), have shown exceptional performance
in various natural language processing tasks.
BERT's ability to understand context bidirectionally
makes it advantageous for deep text
comprehension, while GPT excels at sentence
generation.

Other examples of abstractive summarization
models include PEGASUS and TS5 (Text-To-Text
PEGASUS

performance

Transfer = Transformer). maximizes

summarization by evaluating the
importance of each sentence and learning through
masking important sentences for generation. The
T5 model redefines all natural language processing
problems as text-input and text-output formats,
enabling various language tasks to be processed
within a unified framework.

contribute  to

These advanced technologies

improving the accuracy of abstractive
summarization and effectively summarizing various
forms of text data. Therefore, abstractive
summarization plays a crucial role in -efficiently
extracting and conveying useful information from

text data.



222 Keyword and Network  Analysis
Techniques
Two-Mode Keyword Network Analysis is a

methodology that uses two types of nodes to
analyze relationships between keywords. It is
particularly  useful for understanding deeper
network structures by simultaneously analyzing
relationships between keywords and documents.

The two-mode network can be represented by the

following matrix:

(M

In Equation (1), a ij represents the relationship
between document i and keyword j. Rows
represent  documents, and columns represent
keywords. Based on this matrix, the co-occurrence
frequency between keywords is calculated and
visualized to identify major hub keywords.

Two-mode keyword network analysis is particularly
useful for identifying important topics and trends
in large volumes of data. For example, Nam
(2023)

keyword network analysis to explore research

Hye-ju and Hong Dae-seok utilized

trends related to sports injuries.

2.2.3 Document Similarity Analysis

Document similarity is a methodology for
measuring the similarity between two documents,
cosine

primarily  using techniques such as

similarity, Pearson correlation coefficient, and

k-NN.

® Cosine Similarity

Cosine similarity is a method that measures
similarity by calculating the cosine angle between
two vectors. When there are two vectors A and B,

the cosine similarity is calculated as follows:

Cosine Similarity(A, B) = cos(®) = (A + B) / (JAl| |IBI)

Here, A * B is the dot product of two vectors, and ||A||
and |B|| are the magnitudes of vectors A and B,

respectively.

® Pearson Correlation Coefficient

The Pearson correlation coefficient is a method for
measuring the linear correlation between two
variables. The Pearson correlation coefficient
between variables X and Y is calculated as

follows:.

=2 (Xi—X")22 (Yi—Y)22 (Xi—X")(Yi—Y")
Here, X\bar{X}X"™ and Y \bar{Y}Y are the means of
variables XXX and YYY, respectively.

® k-NN (k-Nearest Neighbors)

The k-NN algorithm is used to classify or predict
similar data based on distance measurements
between data points. This algorithm refers to the k
nearest neighbors to determine the class of a new
data point. Distance is primarily calculated using

Euclidean Distance:.

d(A,B)=>i=In(Ai —Bi)2

Here, d(A,B)d(A, B)d(A,B) is the Euclidean distance
between vectors AAA and BBB.

These theories contribute to efficiently summarizing
and utilizing the vast amount of data provided by
digital media platforms like YouTube. These
studies provide deeper insights by integrating text
information-based

and video data, supporting

decision-making.

3. Research Methods

3.1 Research Hypothesis

This study hypothesizes that analyzing only

comments can identify a channel's main



characteristics and topics without watching all
videos or converting them to text for analysis. To
verify this hypothesis, we analyze comment data
from top-viewed videos over the past year and
compare it with keyword network analysis of
speech-to-text (STT) converted audio data from the
same videos. By comparing the similarity between
keyword networks from these two datasets
(comments and video text), we assess whether
comment analysis alone can sufficiently summarize
a YouTube channel's key information. Furthermore,
we aim to validate whether this method can be
utilized as an effective information summarization

approach for YouTube channels.

3.2 Data Collection and Preprocessing

3.2.1 Data Collection Scope and Targets

Five YouTube channels providing content related
to nutritional supplements and health supplements
were selected as data collection targets. The
channel selection criteria included channels with
varying subscriber scales (over 1 million, over
100,000, over 10,000, and

subscribers). The collected data includes videos

several thousand
posted during the past year on each channel and
their associated comment data. Specifically, we
collected channel information, video information,
view counts, like counts, and comment content,
with data analysis focusing on videos with the
highest view counts. In particular, we analyzed the
3-5 most-viewed videos from each channel by
converting their audio data to text using STT
(Speech-to-Text) tools, along with their comment
data. These top-viewed videos were assumed to be
representative content for their respective channels,
and we determined that the topics and content of
these videos well reflect the overall character of

the channel.

3.2.2 Data Preprocessing Process

The collected data underwent preprocessing to
analyze text data characteristics. First, comment
data and video text data were preprocessed
separately. Comment data was collected along with
video view counts, and de-identified IDs (A, B, C,
D, E) were assigned to each channel for analysis.
A Korean stopwords list was defined to remove
unnecessary words and greetings, and a keyword
dictionary related to nutritional supplements and
health supplements was created for key keyword
extraction.

Video text data was preprocessed in the same way
as comment data after converting audio data to
text using STT tools. The Korean morphological
analyzer (Mecab) was used to separate text into
morpheme units and remove stopwords. Based on
this, key keywords were extracted from the
preprocessed data and visualized through word
clouds. This process provided foundational data for

identifying key keywords for each channel..

3.3 Analysis Methods

3.3.1 Keyword Network Analysis Method

Keyword network analysis is the process of

extracting important keywords from collected
comment data and video text data and visualizing
their relationships. First, using the TF-IDF (Term
Frequency-Inverse Document Frequency) technique,
important keywords are extracted from each text
based on preprocessed text data. TF-IDF is a
statistical method that evaluates how important a
word is within a document, assigning higher
weights to words that appear frequently in a
document but less frequently in other documents.
Networks are constructed based on co-occurrence
frequency between extracted keywords to identify
how often certain keywords appear together.

By visualizing this network, relationships between
major keywords and important keywords can be
intuitively understood. This allows for quick
comprehension of each channel's topics and

characteristics, and identification of hub keywords



(major keywords) that play important roles within
the network. Keyword network analysis is useful
for information compression and summarization,
effectively summarizing core topics and content
from vast amounts of channel information. It is
particularly suitable for simultaneously summarizing
content and

and visualizing extensive video

comment data from YouTube channels.
3.3.2 Text Similarity Analysis Method

Text similarity analysis measures the similarity
between comment data and video text data
generated through keyword network analysis. This
method verifies whether comment analysis alone
can effectively summarize the main content of
videos. For text similarity analysis, cosine
similarity and Pearson correlation coefficient are
used. Cosine similarity measures similarity by
vectorizing two texts and calculating the angle
between vectors, while the Pearson correlation
coefficient is a statistical indicator measuring the
strength of linear relationships between two data
sets. Both methods

numerically express the

similarity between comment and video text
keyword networks, enabling evaluation of how well
comment data represents video content. Higher
similarity indicates that comment analysis alone
can sufficiently grasp the video's topic and content,
thereby  proving whether the information
summarization method using comment analysis can
content of

effectively summarize the main

YouTube channels.

4. Analysis Results

4.1 Analysis Results by YouTube Channel

For each channel, keyword networks were
generated using comment data and video text data,
and important keywords and their relationships
were visually analyzed. The 2-mode network shows
relationships between keywords extracted from each
data source. The main elements of network

analysis are as follows::

B Nodes: Keywords extracted from comments or
video text
B Links:  Represent  relationships  between
keywords, with relationship strength expressed
through color and thickness

B Colors and Links: Nodes represent keywords,
yellow links represent comments, green links
represent video text, and blue links represent

keyword relationships between the two sources.
4.1.1 Channel A

As shown in Figure 1, keywords such as 'vitamin',
‘calcium’, 'skin', and 'blood pressure' frequently
appear in both comments and video text, indicating
their importance as key topics. Thick links
represent  strong relationships  between these
keywords, and keyword clustering suggests that
related topics form groups. Blue links demonstrate

high correspondence between the two sources.

N
/\@
o ® Q
e o //\'®
/e ®

¢ -

Figure 1: Keyword Network Analysis Results for
Channel A

4.1.2 Channel B

As shown in Figure 2, keywords such as 'muscle’,

‘exercise', 'skin', and 'vitamin' are centrally
positioned in the network and are treated as
important topics in both sources. 'Muscle' and
‘exercise’ are frequently mentioned together, and
there are

many blue links indicating high

correspondence between comments and video text.
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Figure 2: Keyword Network Analysis Results for
Channel B

4.1.3 Channel C

As shown in Figure 3, keywords such as
'melatonin', 'magnesium’', and 'energy' emerge as
major discussion topics, with strong relationships
appearing between them. The keyword clusters
indicate that specific topics are being discussed in
groups,
between comments and video text..

and high similarity can be observed

® o h
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Figure 3: Keyword Network Analysis Results for
Channel C

4.1.4 Channel D

As shown in Figure 4, keywords such as 'skin',
'exercise', and 'vitamin' are centrally positioned,
with thick links between them indicating strong
relationships. Keyword clusters have formed around

terms like 'cholesterol’, and there is a high degree

of information correspondence between comments

and video text..
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Figure 4: Keyword Network Analysis Results for
Channel D

4.1.5 Channel E

As shown in Figure 5, keywords such as 'vitamin',
‘exercise', and 'diet' emerge as important topics,
with strong relationships appearing between them.
Keyword clusters can be identified around terms
like 'diet' and ‘'hyaluronic acid', and the abundance
of blue links between the two sources suggests

high similarity..

Figure 5: Keyword Network Analysis Results for
Channel E

4.2 Text Similarity Analysis

The similarity between comment and video text

keyword networks was measured using cosine

coefficient.

L S
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|

similarity and Pearson correlation
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Channel B showed the highest similarity with a
cosine similarity of 0.699, while Channel E
showed the lowest at 0.424. This indicates that
comment data alone can be sufficient to identify a

channel's main topics.

HEPE [Cosime Simiarity  [Pearson Comslation  |e-MM Similarity
I Q&NG180 QAE3ISTS 0521088
| QE¥TI3 Q&83897 0545671
C 0E14502 Q53775
D 0546451 Q491970
E 2228739 QA72317
Table 1.: Similarity Measurement Results by
Channel

4.3 Statistical Verification

The t-test results showed a significant difference
with a p-Value of 0.0456. This suggests that
comment data could potentially substitute for video
text data, particularly in channels with high

similarity scores, where comment data alone can

effectively identify channel characteristics and
topics..
5. Conclusion and Future Research

Directions

5.1 Research Summary and Implications

This study explored methods for summarizing
YouTube

speech-to-text (STT) data from top-viewed videos

channel information by comparing
with comment data. Particular emphasis was placed
on the possibility of information summarization
using comments. The research findings
demonstrated that keyword networks extracted from
comments showed high similarity with STT data,
confirming that comments can  effectively
summarize the main content of YouTube channels.
This method can be rapidly utilized by businesses
in influencer marketing and help individual
subscribers quickly grasp the core content of

channels.

This research has proven that comment data serves

as a valid information summarization tool.
Furthermore, it suggests that keyword network and
text similarity analyses can be applied to various
topics and channels. Future research will require
multimodal data analysis integrating video, audio,
and text, which could lead to the development of

more sophisticated content summarization methods.

5.2 Research Limitations and Future Research

Directions

This study analyzed data limited to certain
YouTube channels, and research including channels
with diverse topics is needed. Additionally, the
heavy reliance on keyword networks and text
analysis necessitates the introduction of multimodal
data analysis. Future research needs to develop
more comprehensive methods for analyzing and
summarizing YouTube content by integrating video,

audio, and text data. This can be utilized across

various  fields including  digital — marketing,
education, and information delivery..
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