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Abstract 

With more than 2 billion viewers per month, YouTube is the most widely used video-

sharing website worldwide. On this website, users can watch, upload, and share videos 

covering a wide range of subjects. YouTube comments include facts, opinions, and responses 

to videos in addition to starting discussions. The number of YouTube comments makes it 

difficult to manually analyze them all. The study of reading, understanding, and creating text 

in human languages encompasses a broad range of methods and techniques under the umbrella 

of natural language processing or NLP. The primary goal of the research is to find and analyze 

YouTube comments, which, when used with natural language processing algorithms, might be 

beneficial for the channels' continued development. One of the NLP methods used for this 

research was tokenization, which is used to break down text into individual words or tokens. 

Stemming and lemmatization are used to reduce the root words and normalize the variation. 

Categorization is performed by identifying the named entities, such as people, organizations, 

and locations. The machine translation was used to convert the comments from one language 

to another.  

Keywords: NLP (Natural Language Processing), Stemming and Lemmatization, 

Tokenization, YouTube Comments, Named Entities, Machine Learning. 
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1. Introduction 

A crucial role in comprehending public sentiment and enhancing online conversations 

is played by YouTube comment analyzers. Valuable insights from YouTube comments, 

including sentiment, topics, and entities, are extracted by these analyzers by utilizing natural 

language processing (NLP)[1-5]. The contributions to this endeavour are made by tools such 

as YouTube polarity trend analysis [11], user comment sentiment analysis on YouTube [12], 

and similar tools. The significance of YouTube comment analyzers stems from several factors. 

Firstly, they are used to aid in understanding how individuals respond to YouTube videos and 

identifying prevailing trends in public sentiment. This information has proved invaluable to 

content creators, businesses, and researchers, enabling them to enhance their content, develop 

innovative products and services, and study social phenomena [7,9]. Secondly, YouTube 

comment analyzers act as a means by which harmful content, such as spam, hate speech, and 

misinformation, can be identified and eliminated. A safer and more positive online 

environment for all users is fostered by this [10]. Lastly, the improvement of online discussions 

is facilitated by these analyzers by identifying engaged and informative commenters. This 

knowledge can be utilized to devise effective tools and strategies that promote meaningful 

interactions [14]. In our research, we first analyze the comments to determine their sentiment 

(positive, negative, or neutral) and extract important topics and keywords to identify trends and 

patterns. Additionally, we aim to identify spam and abusive comments and categorize 

comments based on topic, category, or language. Furthermore, the analysis includes identifying 

the most influential commenters based on the extracted keywords. Lastly, the sentiment of 

comments will be compared [16-21]. 

The rest of the manuscript is organized with related works in Section 2, the proposed 

work in Section 3, the experimental results in Section 4, and the conclusion and future work in 

Section 5. 

2. Related Work 

The annotators in [15] manually labeled the comments as positive, negative, or neutral. 

Subsequently, the comments were categorized into positive-related, negative-related, neutral-

related, or neutral-unrelated categories. Following preprocessing, the comments were 
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segmented into 4,132 positive, 1,074 negative, and 780 neutral comments. Finally, they applied 

three classifiers—SVM-RBF, Bernoulli NB, and KNN—to classify the comments.  

For these classifications, the proposed method employs NLP techniques. Numerous 

studies have investigated feature extraction from text. For instance, [12] examined viewers' 

commenting behaviour on coding tutorial videos, while [18] employed lexicon-based methods 

for sentiment analysis. Their approach involved creating a dictionary of words manually ranked 

on a scale from -5 to +5 to determine sentiment polarity. 

In [8], the author employed Naïve Bayes classification for polarity (sentiment) analysis 

on the IMDB dataset. Their method incorporates the category of each comment during the 

feature selection process, rendering it unable to compute the polarity of a new comment without 

prior knowledge of its category. 

In this polarity analysis, SentimentIntensityAnalyzer from the NLTK library was used 

to analyze the sentiment of the comment. [13] Introduced an advanced concept by showing the 

relationship among the words in their logical meaning as well as sentimental sense. The word 

vectors were obtained from an unsupervised neutral language model Word2vec [6, 8, 17]. 

Bags of Word Approach - The task of fully understanding text is hardly easy since it 

involves a variety of complex concepts that are difficult to implement in machines. The bag 

of words approach follows a simple methodology i.e. to count the number of times each word 

appears in the given text and associate sentiment weight to each word depending on the 

overall sentiment value of the text. It emphasizes the idea of having one feature for each word 

which proves effective for sentiment analysis. It is used as a baseline in text analytics projects 

and natural language processing. Pre-processing stages can dramatically improve the 

performance of the bag of words approach. 

3. Proposed Work  

The Table.1 and 2 shows the hardware and the software requirements of the proposed 

work. 
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Table.1 Hardware Requirements 

Hardware Requirements 

Processor Intel i5 

Operating System Windows 11 

RAM 4GB 

Hard Disk 512 GB 

 

Table 2. Software Requirements 

Software Requirements 

Python Packages - Googleapiclient. discovery, Re,     Sentiment 

Intensity Analyzer, matplotlib, numpy, pandas, seaborn, translator, 

NLTK 

Python 3.10 

Google Colab 

 

 3.1 System Requirements  

3.1.1 Google Colab 

     Collaboratory, or “Colab” for short, is a product from Google Research. Colab 

allows anybody to write and execute arbitrary Python code through the browser and is 

especially well suited to machine learning, data analysis, and education. More technically, 

Colab is a hosted Jupyter notebook service that requires no setup to use, while providing access 

free of charge to computing resources including GPUs. 

3.1.2 Googleapiclient. Discovery 

Googleapiclient. discovery package is used in the YouTube Comment Analyzer project 

to interact with the YouTube Data API. This package allows developers to easily make requests 
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to Google APIs, including the YouTube Data API, and also it is used for retrieving comments 

from YouTube videos. 

 3.1.3 Re  

The ‘re’ module can be used for filtering comments in the context of the YouTube Comment    

Analyzer project. 

 3.1.4 Sentiment Intensity Analyzer  

This package is part of the NLTK sentiment module, which is used for sentiment 

analysis in natural language processing (NLP). Specifically, it's a component of the Natural 

Language      Toolkit (NLTK), a library in Python widely used for text analysis and NLP tasks. 

 3.1.5 Matplotlib  

 This package is used for plotting the raw data into pictorial data. 

 3.1.6 Seaborn  

It is used to create a scatter plot to visualize the relationship between comment length       

and sentiment score 

 3.1.7 Translator  

 It is used to handle multilingual text data or provide language translation functionality 

to your users. 

 3.1.8 NLTK  

Natural Language Toolkit (NLTK) is a popular open-source Python library used for 

working with human language data. It provides tools, resources, and programs for processing 

and analyzing textual data in natural language. 
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3.2 System Design 

The system design is illustrated in figure 3.1  

 

Figure 3.1. System Design 

3.2.1 API Key 

We created an API key to access various channel IDs. By creating an API key, we 

create an account in 'Google Cloud Platform' and create a new project. After the new project is 

created, the API key is enabled in YouTube Data API v3. It provides access to YouTube Data 

such as videos, playlists, etc. 

3.2.2 Channel ID 

API provides access to various data on YouTube, including information about channels, 

videos, playlists, etc. The API provides pagination parameters like ‘pageToken’ to navigate 

through pages of results. For each page of results, extract the channel IDs from the response 

data. The channel ID uniquely identifies each YouTube channel. 

3.2.3 Channel Details 

We use the channels. list’ method to request information about a specific channel and 

retrieve it, such as snippets, statistics, etc. The response from the API requests to extract the 

desired channel details, such as title, description, subscriber count, view count, video count, 

playlist_id, likes, dislikes, comments, views, date of publication, etc. 
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3.2.4 Data Collection 

The dataset could include video metadata (title, description, tags, etc.), channel 

information (title, description, subscriber count, etc.), and comments on specific videos 

obtained through the YouTube Data API. The 'channels_list' method is utilized to retrieve 

comments on specific videos. The data returned by the API requests is stored in your preferred 

format, such as CSV, in our local storage. 

3.2.5 Pre-Processing 

We can preprocess the comment data using Python and relevant libraries such as 

NLTK. We'll perform common preprocessing steps such as text cleaning, tokenization, 

removing stopwords, and stemming or lemmatization. 

• Tokenization - Split the comments into individual words or tokens by using the 

(word_tokenize) function. 

• Removing Stop Words - Remove common stopwords like "the," "and," "is," 

etc. By using set (stopwords. words('English)). 

• Stemming or Lemmatization – Using the PorterStemmer() algorithm to 

reduce words to their root form using stemming or lemmatization. This step 

helps in normalizing the text.  

Additionally, we handled the preprocessing steps such as handling emojis and dealing 

with non-English comments. We used this technique for fixing any bugs, adding new features, 

and providing technical support to customers. 

• Normalization - It helps us to ensure that the data is consistent and can  be 

compared for further analysis. We used text normalization to reduce the word 

to its base form by removing the inflectional part. 

 3.2.6 Translator 

The transcripts are loaded to the Multilanguage model which will be useful for the user 

to identify and get clarity of the content in the comments. 
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 3.2.7 Labelling  

The sentiment_scores(comment, polarity) function has two parameters. Comment, 

which is a single comment to analyze, and polarity, which is a list to store the sentiment polarity 

scores. It uses SentimentIntensityAnalyzer from the NLTK library to analyze the sentiment of 

the comment. The sentiment score dictionary obtained from polarity_scores contains four 

values: positive, negative, neutral, and compound. 

The script opens the file named "ytcomments.csv" for reading. It reads all lines from 

the file and stores them in the comments list. It checks whether the average polarity score 

indicates a positive, negative, or neutral response to the video. If the average polarity score is 

greater than 0.05, it prints "The Video has got a Positive response". If the average polarity score 

is less than -0.05, it prints "The Video has got a Negative response". Otherwise, it prints "The 

Video has got a Neutral response. The polarity score observed are depicted in Figure 3.2 and 

Table.3  

 

               

 

 

Figure 3.2. Polarity Score 

Table 3. Polarity Score for the Responses 

Polarity Score Length 

Average 0.22139 101 

Positive 0.9959 135 

Negative -0.9524 211 
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In Figure 3.2 the polarity score and length will be calculated based on the length of the 

comments in which it analyzes a single word in the comment and the polarity score will be 

generated based on the score by using the SentimentIntensityAnalyzer package in the NLTK 

package 

3.2.8 Analysis  

Finally, it counts the number of comments categorized as positive, negative, and 

neutral. These counts are stored in variables positive_count, negative_count, and 

neutral_count, respectively. It creates a list of comment_counts containing the counts of 

comments corresponding to each sentiment category. Finally, it displays the bar chart using 

plt. Show (). 

3.2.9 Translation   

The main purpose of the multilingual transformation phase is to help the user to 

understand the video content in their language. A multi-language model generally refers to a 

natural language processing (NLP) model that is capable of understanding and processing text 

in multiple languages. Such models have become increasingly important in the field of NLP 

due to the global nature of communication and the diversity of languages spoken across 

different regions. The available languages are shown to the user to select their particular 

language with the language code. We used the “Googletrans” model, for providing language 

and language code. The “Googletrans” model is the translator model and the module is 

available with the multiple languages that are supported by Google. The “Googletrans” model 

is used with packages like translators and constants which will be useful to convert the text 

from one to another language. The extracted transcripts are passed to the “Googletrans” module 

to provide the transcripts in the respective language that had been chosen by the user. 

3.2.10 Benefits and Proposed Work  

It improves the user experience and offers insightful information. It helps content 

producers better understand the attitudes, tastes, and levels of engagement of their audience, 

which helps them customize their content. It facilitates the discovery of trends and patterns in 

the comments area, which supports the optimization and development of content strategies. 

This analysis is a strong resource for content creators.  
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4. Experiment and Results 

The results observed are illustrated in Figure 4.1 to 4.7  

Extract Channel Details 

          

Figure 4.1. Extract Channel Details 

In Figure 4.1, we have retrieved channel information using the YouTube Data API. We 

can utilize various endpoints provided by the API. By making authorized requests with an API 

key, we accessed a wealth of information about YouTube channels. Once the request is made 

and the response is received, we process the JSON data to extract the desired information. 

Extract Video Data 

              

             

 

 

 

 

Figure 4.2. Extract Video Data 

In Figure 4.2, using the API key we have extracted the video data like Views, Likes,    

Comments, etc. 
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Visualize Video Data 

 

                                             Figure 4.3. Visualize Video Data 

In Figure 4.3, Providing users with valuable insights and functionalities we can 

visualize the channel video data. 

Extract Video Data 

                

                                                       Figure 4.4. Extract Video Data 

In Figure 4.4, We have fetched the statistics such as likes, dislikes, and comments, 

which offer valuable insights into the video's engagement metrics and may be included in the 

response. 
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Comment Extraction 

   

Figure 4.5. Comment Extraction 

In Figure 4.5, YouTube comments were extracted from the dataset by using a data 

frame it will be easy to translate the comments. 

Translation 

             

                                                Figure 4.6. Translation 

In Figure 4.6, Using the "Google Trans" module we provided transcripts in the selected 

language. Then we used translated transcripts to show the user, allowing them to better 

understand the content of the video and the information being conveyed. 
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Comment Analysis 

        

                                                   Figure 4.7. Comment Analysis 

In above Figure 4.7, YouTube comments were extracted from the dataset by using a 

data frame and are divided into 3 phases (positive, negative neutral) which makes it easy for 

the content creators to observe the comments. 

5. Conclusion and Future Work 

In this research, the YouTube comments were classified into three categories: good, 

negative, and neutral, and then we represented them using a pictorial graph. This gives us the 

ability to gauge the mood of the audience, spot patterns, and identify key voices in online 

communities. The unstructured text was transformed into actionable insights using natural 

language processing (NLP) techniques. These insights can be used to measure the influence of 

influencers, analyze social phenomena, and improve the content. In this research, a good 

analysis of the comments in multiple languages based on the user input was achieved. The 

future work is to construct a model for detecting sentiment analysis on YouTube videos via 

user comments using deep learning.  
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