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Abstract: - Nowadays, among the many social media platforms, the number of individuals earning a livelihood
through the YouTube social media platform is rapidly increasing. In this situation, YouTube also has many
channels and categories, and what is trending can vary depending on the country and year. In making a living
with this platform, choosing content that is likely to be trending can help you become a successful YouTuber in
a short time. It is proposed with the aim of having a significant impact on content analysts. This system is
implemented by utilizing a blend of trend analysis and sentiment analysis to select the appropriate career path,
with more accurate and better results. The trending analysis involves developing a new trending algorithm
inspired by YouTube’s trending system and analyzing the content of trending YouTube videos. Sentiment
analysis is implemented using a combination of TF-IDF and Multinomial Naive Bayes models. In terms of
performance, the accuracy of both analyses is good, and the results are accurate. For the trending analysis, linear
regression and logistic regression were used as two approaches to calculate performance, and an accuracy value
of up to 91% was achieved. The performance classification result for sentiment analysis was calculated at up to
89.54%, and it was compared with the ground truth to demonstrate its accuracy. This system uses India YouTube
trending videos from Kaggle and will be very helpful and beneficial for YouTube career seekers, content analysts,
and professional YouTubers.
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1 Introduction leading country in YouTube user count. In 2023,
YouTube is a global platform that enables users to analysis of trending videos reflected diverse interests
upload, watch, and share videos freely, generating across the Indian user base. .

billions of views daily. In India, the first YouTube As the number of YouTL}be'u.sers continues to
video was uploaded on April 23, 2005, and the grow, so does the number of individuals who earn a
platform officially launched there on December 15, living on the platform. For aspiring professionals,
2006. Its popularity surged in the late 2000s 1d§nt1fy1ng trending careers by country is (.:hallenglng
alongside the rapid growth of internet users. In India, without proper analysis. Making the right career

YouTube serves various purposes, including skill choice can open opportunities to succeed as a
development, social connection, and sharing professional YouTuber. This is the motivation behind
interests. Content ID technology allows rights proposing this system. According to the analysis, the
holders to scan videos for copyright enforcement. top 5 trending categories in 2021 are Entertainment,
Notable technological advancements include the People & Blogs, Music, Gaming, and Comedy as top

1 to top 5 respectively. In 2022, there was no change

introduction of native 360-degree video in 2015, live ) '
from top 1 to top 3, but the top 4 Gaming fell slightly

streaming of 360° videos since April 2016, and the

VR 180 stereoscopic format for virtual reality to the top 5, and the top 5 Comedy rose to the top 4.
viewing. The number of YouTube users in India has In 2023, there is no change in the top I to top 5
grown steadily over recent years: 337.66 million in categories as in 2022. Currently, with each updgte, 1
2020, 424.69 million in 2021, 497.93 million in 2022, time for 15 minutes is not always consistent; videos
approximately 574.28 million in 2023, and an on the trending list may trend up or down [1]. It is
estimated 637.28 million in 2024, making India the often difficult to identify which channels and
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categories are trending on YouTube. This challenge
makes it hard for users seeking to earn income and
make career decisions on the platform. To address
this, research was conducted to improve the trending
algorithm and to show how audience comments can
reveal hidden dislike counts. The approach involved
two main steps: first, creating a new algorithm based
on YouTube’s trending system; second, developing a
method to incorporate negative sentiment analysis
results into the original data as a feature. This paper
is organized into the seven major portions, such as
Introduction, Literature =~ Review, Research
Methodology, System Design and Implementation,
Experimental Results, Evaluation, Conclusion, and
References.

2 Literature Review

The study [2] analyzes YouTube trending videos
using categorization, association, and clustering
techniques. The study found that YouTube's
algorithm for identifying popular videos is greatly
affected by likes and views. It also examined how
opinions, likes, dislikes, and comments influence the
algorithm. The number of views was identified as the
most significant factor in making a video trend,
followed by likes, clicks, the number of words in the
title, and keywords. According to the [3],
Engagement and metadata, including title length and
keywords, were found to be the two factors
influencing YouTube's algorithm. The study also
included Pearson's Correlation method for prediction
and classification analysis. Combining Naive Bayes
and Support Vector Machine methods yields better
accuracy and stronger performance, with a precision
0f 91%, a recall of 83%, and F1 score of 87%. In my
research study, data preprocessing step includes
change lowercasing, tokenization, removing
punctuation and URL, stopword removal,
lemmatization or stemming, handling negations ("not
good" or "didn't like"), handling intensifiers ("very",
" extremely”, or “highly”), handling emojis ,
converting abbreviations into text, special characters,
and vectorization [4]. And TF-IDF weighting
techniques are used before -classifying using
multinomial Naive Bayes. When the data ratio is
80:20, ngram_range= (1,2), alpha = 0.1, the accuracy
reached 90.65%. According to the research [5],
sentiment analysis and machine learning techniques
are used to identify trending patterns in YouTube
gaming channels. They collected nearly 1000 popular
gaming videos through the YouTube API and used
preprocessing, metadata conversion, and sentiment
analysis of viewer comments. They used Support
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Vector Machine (SVM), Naive Bayes, and Logistic
Regression for classification. The study used line
graphs to identify frequently used words in comment
sections and bar and histogram charts to display
posting time and title length. The research also
reveals that video publishing time, title length, views,
likes, and audio quality are essential factors in
making a video trending on YouTube. The study
recommends the most trending and accurate results
based on YouTube statistical counts and viewer
opinions.

The research [6] analyzes YouTube data and
predicts views using tags and video titles. It
introduces a new trending algorithm for YouTube
trending videos, enhancing analysis. The system
compares actual and predicted results using a linear
regression model. According to research [7]
compared three classifiers (SVM, Naive Bayes, and
Logistic Regression) were compared for analyzing
sentiments in Movie Reviews, Election Opinions,
and Food Reviews. The Logistic Regression
classifier performed better overall, with F1 scores for
all classifiers. The study [8] suggests future research
should focus on real-world scenarios, such as not
seeing the dislike count, to better understand these
classifiers' performance. The study [9] compares
decision trees, XG Boost, and Tuned XGBoost
algorithms for predicting YouTube video popularity.
Tuned XGBoost outperforms the decision tree in
accuracy. Factors like video quality, duration, sound
features, and region-specific language popularity
should be considered. The study [10] analyzed
YouTube trending videos from 2007 to 2016, finding
that viewers prefer short, HD-quality videos, Science
& Technology, and People & Blogs categories.
Viewer engagement is influenced by views.
However, limitations include a 2007-2016 dataset
and a focus on trending videos, which may not reflect
changing viewer preferences.

The study [11] analyzed the attributes of trending
YouTube videos. The study outlined five main tasks:
analyzing the correlation between likes and views,
comparing the average time it takes for different
categories to become trending, identifying the most
commonly used tags, determining the optimal title
length, and finding the best day for a video to trend.
It utilized data from Kaggle collected between
September 2020 and January 2022, covering
countries such as the USA, Canada, Britain, Japan,
Germany, France, Russia, Brazil, Mexico, and South
Korea. The findings offer valuable insights for
content creators and users around the world. The
study [12] uses a nonlinear regression technique to
predict internet video recognition based on views,
specifically on YouTube victimization datasets. The
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technique uses deep neural networks or scene
dynamics metrics for quality prediction. The study
[13] shows a 71% accuracy for high-peak quality
videos. To improve performance, the study suggests
adding channel-specific data, trending data, and
scraping normal video data. According to a study
[14], text mining was identified as the most effective
technique for feature extraction and interpretation
within classification models. The merging approach
utilizes Multinomial Naive Bayes to vectorize textual
data, generating feature representations suitable for
classification with Support Vector Machines. The
research [15], Web scraping involves extracting
useful information from web pages, predominantly
through automated methods that create a Document
Object Model (DOM) tree for data access. This
traditional method, however, often overlooks time
efficiency. The study introduces UzunExt, a novel
approach that bypasses DOM tree construction,
significantly increasing extraction speed by
employing string methods that search for patterns,
count closing HTML tags, and facilitate content
retrieval. UzunExt is approximately 60 times faster
than DOM-based methods and offers further time
improvements by utilizing additional information
gathered during crawling. This approach not only
enhances extraction efficiency but can also be
integrated into existing DOM-based studies to
optimize performance. UzunExt, available as an
open-source project, addresses limitations in
traditional scraping solutions, particularly regarding
Ajax requests, with future plans to automate dataset
generation and improve element detection without
DOM reliance. However, businesses restrict access to
their data to commercialize their content, leading to
concerns about computational social science
becoming exclusive to large corporations,
governmental organizations, and select university
researchers. Researchers may need access to cloud
servers and public domain computing environments
for quantitative social science. The research [16]
identifies the most popular YouTube categories and
channels in the US in 2022 based on eight key
criteria: views, likes, comments, and more. It also
reveals the highest volume of video advertising.
Pearson's Correlation technique was used to study
trends based on various standards. The study
highlights the crucial role views, likes, and comments
play in a video's potential to trend. The research aims
to improve YouTubers' algorithms for trending video
analysis by comparing the difference principle with
and without a negative sentiment feature.

In the research finding [17], 8 classification
models for YouTube career analysis Multinomial
Naive Bayes (90.65%), Bernoulli Naive Bayes
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(80.32%), Gaussian Naive Bayes (89.04), Logistic
Regression (91.01%), KNN (72.88%), Random
Forest (51.67%), XGBRF (59.12%), and LightGBM
(69.29%) were tested and obtained accuracy results
respectively. Among them, Logistic Regression,
which has the highest accuracy result, and
Multinomial Naive Bayes, which has the second
highest accuracy, were used for classification
analysis. The study [18] YouTube serves as an
effective platform for promoting films through
trailers, with audience comments helping producers
gauge public reaction. This study performs a
sentiment analysis on Indonesian movie trailer
comments, categorizing them into four genres:
action, romance, comedy, and horror. Using the Delta
TF-IDF weighting method and various classification
algorithms, it was found that Logistic Regression and
Naive Bayes excel in sentiment classification for
specific genres, while the SVM model performs well
generally. Specifically, Logistic Regression led in
action and comedy genres, whereas Naive Bayes was
most effective for romance films. For horror, the
SVM with a linear kernel achieved the best overall
performance. The study recommends that producers
develop personalized sentiment analysis models
based on genre. Future research should focus on
incorporating more data and addressing neutral
sentiment, sarcasm, and irony. According to the
research [19], sentiment analysis is a crucial aspect
of natural language processing (NLP) due to its wide
range of applications. Initially, it used traditional
machine learning techniques like preprocessing and
normalization. However, with advancements,
researchers have shifted focus to deep learning
techniques like GloVe, word2vec, and fastText,
which capture text patterns and are fed into deep
learning models like CNN, LSTM, and GRU. Future
research should focus on fine-grained sentiment
analysis and sentiment quantification for strategic
decision-making. The study [20], Online video
streaming services, particularly YouTube, are
gaining immense popularity as they provide content
creators the opportunity to share their ideas and
content widely. YouTube features a trending section
showcasing popular videos, while the remaining
content's visibility is often unpredictable. Data
analysis and mining play vital roles in enhancing
business operations, especially on social media
platforms. This paper aims to explore the data behind
YouTube's trending videos using metrics such as
Views, Comments, Likes, and Dislikes. Various
classification  algorithms, including  Linear
Regression and Decision Trees, can be employed
through Python libraries like pandas and matplotlib
for effective data classification and analysis.
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3 System Design and Implementation
This system is designed for the composition of seven
major roles: data scraping, information extraction,
data preprocessing, feature extraction / combination,
data analysis, performance scaling, and visualization,
as shown in Figure 1. There are various methods to
employ in each role. This research utilized YouTube
data to analyze YouTube careers. The data was
collected from YouTube's search results through the
YouTube Data API v3, which provides four HTTP
methods for data retrieval. The system extracted data
from YouTube videos using JSON and CSV format
types, extracting features based on video id, title,
publishedAt, channeld, channelTitle, categoryld,
trending_date, tags, views, likes, dislikes, comments,
commentDisabled, ratingDisabled,
containsCapitalzed, and titleLength. The data
analysis involved sentiment and trending analysis
using supervised learning, machine learning
techniques, and other methods. Performance scaling
was performed using R Squared, MSE, MAE for
prediction, and a confusion matrix for classification.
The trending results were visualized and compared to
the ground truth. The system uses web content
mining, machine learning, trending analysis,
sentiment analysis, and YouTube career analysis to
create a hybrid approach. It uses statistical analysis
and term weighting techniques, with detailed
explanations in 15 steps, as shown in Figure 2.

| Data Scraping |

v

| Information Extraction |

v

| Data Preprocessing |

| Feature Extraction / Combination |

v
| Data Analysis |

v

| Performance Scaling |

v

| Visualization |

Fig. 1: Research State, Source: created by the authors

Step 1: Data acquired from the YouTube Social
Media Platform

Step 2: Web Scraping using YouTube APIs Key

Step 3: Data Preprocessing: which include six
steps: data profiling, data cleansing, data reduction,
data transformation, data enrichment, and data
validation

Step 4: Store the preprocessed data in the dataset
(trending dataset)
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Step 5: To create a sentiment dataset, first extract
the comments feature, which is statistical count in the
trending dataset (Step 4) and then convert it from a
statistical value to a categorical value, which is called
data conversion, and then store that data as a
sentiment dataset

Step 6: Translate the comments: In India, most of
the comments given by the audience as opinions on a
video are only given in their native language, so they
have to be translated into the same English language.

Step 7: Data preprocessing to make sentiment
analysis: which consist of various preprocessing
concepts: change lowercasing, tokenization,
removing punctuation and URLs, stop removal,
lemmatization or stemming, specially handling
negations (“not good” or “didn’t like”), handling
intensifiers (“very”, “extremely”, or ‘“highly”),
handling emojis , convert abbreviations into
text (“asap” : “as soon as possible”, “afk”: “away
from keyboard”), special characters and vectorization
(“$” : “dollar”, “€” : “euro”).

Step 8: Split data into training 80% and testing
20%, random state 50

Step 9: Create a Model with the combination of
TF-IDF and Multinomial Naive Bayes

(a) vectorize as TF-IDF features
(b) classify the sentiment
Multinomial Naive Bayes Model

(c) display the sentiment results and their
performance to users

(d) store the sentiment results in sentiment dataset
at Step5

Step 10: To do feature combination, extract and
test the features

if (sentiment result == -1)

negative; (use the negative sentiment to do
trending analysis)

else

positive; (store the positive sentiment into the
sentiment dataset at step 5)

Step 11: Combine the features view, like, and
comment in the trending dataset at Step 4 and the
negative sentiment feature obtained from Step 10

Step 12: Make a trending analysis using the
proposed trending algorithm

Step 13: Display the trending results and compare
the ground truth

Step 14: Create a Linear Regression Model,
including training 80% and testing 20% with random
state 50 (prediction analysis for the statistical input:
views, likes, comments)

(a) predict the outcome of observed data using R-
Squared (R2), which is a statistical measurement

data wusing the
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(b) evaluate the prediction result using loss
function: Mean Squared Error (MSE) and Mean
Absolute Error (MAE) to solve overfitting problem

Step 15: Create Logistic Regression Model,
including training 80% and testing 20% with random
state 50 (classification analysis for categorical and
boolean input: trending_days, negative sentiment)

(a) evaluate the model’s classification capabilities
using the confusion matrix: accuracy, precision, and
recall
Step 16: Display the model’s performance results

Web S¢
> R p—

Web Resources Trending

Seatiment
Dataset / Datzset
. ~ ~ Users
—_ ~ . 3
Display Trending — -
it <
Seatiment Results
Deta Preprocessing 4
Sentiment Results

|

Data Splitting (Train

80% Test 20%)

Trending Analysis
(Proposed Algorithm)

Data Splittng (Train §0%.
Test 20%)

Sentiment
(Multinomial Naive Bayes)

Model Evaluation
(Regression Model)

Display Performance
Renults

v
| Ema )
—

Fig. 2: The Proposed System Design, Source: created
by the authors

3.1 Datasets

This system extracts streaming YouTube data from
the YouTube API, scraping it to create a dataset for
YouTube Career analysis. The dataset includes
trending daily updated videos from various channels
and categories for India, addressing the challenges
faced by academics accessing raw data from major
sources. The analysis of YouTube videos involves
extracting the statistical count using YouTube
API KEYS to establish parameters for trending
analysis. Raw data is pre-processed into usable data,
followed by feature extraction to identify important
attributes like views, likes, and comments. YouTube
also considers "where views are coming from,
including outside of YouTube" and tagCount as a
system for trending analysis. The collected data
include video hashtags, titles, descriptions, video
IDs, channel IDs, view counts, likes, comments, and
other relevant metrics. Web data extraction involves
collecting specific information from online sources
and transferring it into a local database or spreadsheet
for subsequent analysis or retrieval. In this study, the
focus is on identifying the most trending channels,
categories, and videos, as well as analyzing user
opinions on video content for the period from January
1, 2023, to December 15, 2023, using the assembled
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dataset. There are 16 columns and 68040 rows for the
trending dataset shown in Table 1. Moreover, when
extracting comments from YouTube videos using the
official YouTube API, we cannot access all
comments fully; there might be limitations like only
retrieving a certain number of comments per request,
potential delays in data updates, and restrictions on
accessing replies to comments depending on how we
structure API calls. However, for most public
comments on a video, we can retrieve a significant
portion of them through the API. That’s why we also
used a YouTube comment downloader to generate it
in Python, but it doesn’t say that we got it completely.
Because there are also trending videos with
comments disabled, and comments are prohibited
based on age. So that there are 6 columns and 23443
rows for the sentiment dataset for the same period
seen in Table 2. Data scraping and how to obtain a
dataset can be studied in detail in [15], which I have
already conducted and published.

Table 1. Trending Dataset, Source: created by the
authors

Table 2. Sentiment Dataset, Source: created by the
authors

3.2 Comparison of the Two Algorithms

This section displays the comparison of the two
algorithms: one, a YouTube trending algorithm, and
an enhancement algorithm based on that algorithm to
enhance the quality and completeness of video
reviews reasonably. According to the YouTube Help
Center, YouTube decides whether a video is featured
on the trending list by balancing various factors. To
do this, the trending algorithm evaluates numerous
signals, including those outlined in YouTube’s
trending video algorithm.

. View count: The number of views a
video has

e View velocity: How quickly the video is
generating views

e View sources: Where views are coming from,
including outside of YouTube

e View age: How old the video is
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e Channel Performance: How the video performs
compared to other recent uploads from the same
channel

By looking at the above factors, YouTube
determines whether a video is trending. It is generally
considered to be based on view count alone among
the many features. The more views a video receives,
the more it appears trending. However, this often
means that the audience is not actually watching the
video content. Because YouTube increases the view
count by 1 after a 30-seconds playback. This system
combines trending concepts with audience
preferences, likes, and dislikes, and users' opinions to
understand what they don't watch. According to the
research findings, views, likes, comments, and
negative are strongly correlated and should be
considered. YouTube career seekers must choose a
category that audiences stick to long-term, as recent
ephemera are short-lived. So, the following enhanced
YouTube’s video trending algorithm, including 11
steps, aims to benefit many content creators by
identifying long-term trends and focusing on long-
term audiences. And also consider choosing a
category that aligns with passions and expertise —
some of the most popular and potentially lucrative
categories — remember to pick a niche within the
chosen category to stand out and attract a dedicated
audience.

Stepl: Create new features view count_start and
view_count_end from view and then create function
min(views), max(views)

Step2: Create new features likes start and
likes end from likes and then create function
min(likes), max (likes)

Step3: Create new features comment count start
and comment count_end from comment and then
create function min(comments), max(comments)
Step4: Create new feature tags count from tags and
then create function tags ()

Step5: Create new features trending date start
and trending date end from trending_date and then
create function min(trending_date),
max(trending_date)

Step6: Create a new feature hoursTakenToTrend
from publishedAt and trending date start and then
create a function hoursTakenToTrend()

Step7: Create a new feature
trendingDaysDuration  from publishedAt and
trending date start, and then create function

trendingDaysDuration()

Step8: Create new feature negative obtained from
sentiment analysis and then create a function
negative () to get the opinions of YouTube users and
test whether negative (-1) or not, if negative will be
used, if not, store the data into the sentiment dataset
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Step9: Extract the published time of a day,
published day of a week, published month of each
video, published year of each video, and display the
most trending categories and channels

Stepl0: Visualize the trending result compared to
Ground Truth

Step 11: Calculate the overall accuracy

While YouTube's trending video algorithm can
only display whether each video is trending or not, it
cannot show what the most trending channel /
category among the numerous video content.
Therefore, as a career seeker, they can only know
which channels and categories are trending in their
country by doing an analysis. It is not easy to do that,
so this analysis is done by them. The proposed new
YouTube trending algorithm’s workings have been
thoroughly explained, and its many advantages are
listed below:

e Offer comprehensive support for the
YouTube career seeker, considering both trending
trends and the audience’s preferences

e Allow users to track the most frequently
uploaded video content through timely and daily
updates

¢ Indicate the time it takes for a video content
to trend and the number of days it takes for the
content to be trending

e Explore the trending days' duration of a
video content

e Determine the most trending channels and
categories

e Support what kind of YouTube video content
you will create

e Support YouTube video content research
skills

3.3 Sentiment Analysis

This paper presents the results of trending YouTube
videos analyzed using features such as views, likes,
comments, negative comments, trending days, and
tag counts. The YouTube trending algorithm is not
solely based on view count, as it is impossible to
determine who is watching the video until the end.
Additionally, negative comments play an important
role in understanding a video's overall reception.
YouTube has stopped showing dislike counts to the
public since December 14, 2021, making it difficult
to know the dislike count [4]. To know the dislike
count, the system uses negative sentiment results
obtained through comments. Sentiment analysis is
employed to capture genuine audience opinions,
extending beyond mere view counts. Decisions are
based on a combination of metrics such as views,
likes, comments, negative comments, trending days,
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and tag counts. When evaluating trending videos,
viewers should consider whether the video is also
among the most watched. If the recommended
categories and channels align with the most trending,
most viewed, most liked, and most commented
videos, this system can assist users in making more
informed career decisions. The insights from these
analyses are integrated into a hybrid model,
specifically tailored for India, to help individuals
choose the most suitable career path on the platform.

YouTube trending analysis uses negative
sentiment results from audience comments to
calculate dislike counts. Sentiment analysis
encompasses essential system components such as
language translation, preprocessing, term weighting
techniques, labeling, and classification. The Term
Frequency-Inverse Document Frequency (TF-IDF)
model and the Multinomial Naive Bayes algorithm
are employed to analyze textual data. Text documents
are converted into TF-IDF feature matrices, which
quantify the relevance of words. These texts are then
labeled with positive or negative sentiment
annotations and divided into training and testing
datasets for model development and evaluation. The
Multinomial Naive Bayes model is applied to the TF-
IDF features, and models are trained using the
labelled data [17se]. Performance metrics, including
accuracy, are calculated to assess predictions' quality.

nLtest K ctgory cutegeey_id ranatad_pest

Fig. 3: Getting the Results of comment text,
translated _text, and clean_text, Source: created by
the authors

video_id like
.L_wDHUaxY 16K
.L_wDHUaxY 14K
..L_wDHUaxY 82
.L_ wDHUaxY 40
.L_wDHUaxY 6
..L_wDHUaxY 133
.L_wDHUaxY 45
L_wDHUaxy 33

translated_text

Guys we crossed "14M subscribers” Than
Who is the realfan of Techno Gamerz
Ujiwal proafed that he can entertain us witujjwal proofed en

Sentiment

cleann_text

crossed subweriber than you much love support  positive
positive
ain without using meme tect positive
never faile laugh negative
congratulation bhai million positive
many mother live 1 ignor year subscription year  negative
He is the only guy who entertains us witho entertains without meme gaalies
Congratulations in advance for 20M subscr congratulation advance subscribers

Fact: Ujj never fall us to laugh
Congratulations Bhai For 14M
How many will your mather live???. Ignar

Fig. 4: Labelling Results Using Valence Aware
Dictionary and Sentiment Reasoner (VADER),
Source: created by the authors

i Number of Documents
Fig. 5: Terms Weighting Results Using TF-IDF,
Source: created by the authors
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Fig. 6: Sentiment Classification Results of India
YouTube trending videos, Source: created by the
authors

Figure 3 displays the results of each step,
including comment text, translated text, and
clean_text, which are then translated and pre-
processed after receiving the comments. Figure 4
shows the pre-processed comments labeled using the
Valence Aware Dictionary and Sentiment Reasoner
(VADER), categorized into two classes: positive and
negative. Figure 5 illustrates the application of the
Term Frequency-Inverse Document Frequency (TF-
IDF) method to weight terms within the documents.
The results of sentiment classification are presented
in Figure 6, which includes details such as video ID,
sentiment-labeled comments, likes, translated text,
cleaned text, category ID, and category name. This
system effectively assesses viewers' sentiments
toward the content, providing valuable insights not
only for individuals aiming to start a career on
YouTube but also for current YouTubers in their
professional journey.

During analysis, we observed that some
comments contain slang and misspellings, which
pose challenges for accurate classification. Despite
these issues and the resulting noise in the data, the
Multinomial Naive Bayes model demonstrated
stability, achieving the highest accuracy of nearly
90%, as shown in Figure 7. Eight classification
models for YouTube career analysis, Multinomial
Naive Bayes (90.65%), Bernoulli Naive Bayes
(80.32%), Gaussian Naive Bayes (89.04), KNN
(72.88%), Random Forest (51.67%), XGBRF
(59.12%), and LightGBM (69.29%) were tested and
obtained accuracy results respectively. Among them,
Multinomial Naive Bayes, which has the highest
accuracy, was used for sentiment analysis. MNB is
primarily used to design for discrete data, particularly
when dealing with counts of frequencies, like the
number of times a word appears in a document. The
ratio for the MNB model is (80: 20) 80% training and
20% testing, with random 50. TF-IDF techniques are
also used to enhance the accuracy of the MNB model,
so the result is more accurate, and the execution time
is saved because the low IDF score will effectively
downweigh them, essentially filtering them out when
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analyzing the document’s key terms. Finally, we got
the sentiment distribution implemented as seen in
Figure 8, including the result of sentiment
classification results negative (22.58%) and positive
(77.42%) out of the 23443 comments. Then, negative
sentiment results were combined according to
video_id as a feature in the original trending dataset.
Data validation was necessary to ensure accuracy.
The sentiment analysis only took negative sentiment
results, while the performance evaluation part was
conducted. The performance evaluation results were
not used or combined. Figure 8. (left) displays the
negative sentiment percentages of each video content
and also shows negative sentiment percentages by
category at Figure 8. (right). When the negative
sentiment results are combined as a feature, that more
or less negative sentiment percentage is included by
category. 30.07% in News & Politics, 14.28% in
Nonprofits & Activism, 8.72% in Gaming, 8.71% in
Comedy, 8.64% in Film & Animation, etc.,
respectively. In Autos & Vehicles, the lowest
negative sentiment content is found at 0.52%. After
that, the completed dataset that has been validated
several times is obtained, and the trending analysis is
continued.

Accuracy of different Classifier Models

Classifier Models

Fig. 7: Performance Classification Results of
Sentiment Analysis, Source: created by the authors
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Nonprofits & Activism 14.285714
Gaming 7242280
Comedy 717949
Film & Animation 645533
Education 510638
Music 168934
Entertainment 647654
Sports 113924
People & Blogs 810695
Pets & Animals 260870
Science & Technology 225806
Howto & Style 261261
Travel & Events 934579
Autos & Vehicles 526316
Name: categoryId, dtype: float6d
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Fig. 8: Negative Sentiments Distributions by
video id and Category, Source: created by the
authors

3.4 Trending Analysis

After the dataset was reconstructed, trending analysis
was performed on the complete dataset. Following
the feature combination, we created additional
features based on the characteristics identified in the
proposed YouTube trending video algorithm. For
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example, from the time a video content is posted, we
created additional features to determine the number
of view counts recorded between the start and end
times of the view count measurement. Similarly,
features such as view_count_start, view_count_end,
like count_start, like count_end,
comment count start, comment_count_end,
hourTakenToTrend, trendingDaysDuration, and
sentiment_scores, which were not in the original
dataset, were created again. Finally, an enhanced new
Data Frame with 23 columns was successfully
created, which can be seen at Figure 9 (left). To
assess the correlation between features in the dataset,
we first performed statistical analysis using Pearson’s
correlation method. This method measures the
relationship between different video contents based
[ [ifucteo -1

on their features.
EE
EEEEEEA

f Mﬂ.n i .M B
e uﬂ.. H.M -
ﬂww O“IH.MM‘ .

Out [67]: < class ‘pandas. core. frame. DataFrame’>
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Fig. 9: The New Data Frame and the Results of
Statistical Analysis, Source: created by the authors

object (7). bool (3), in

The confusion matrix on the right side of Figure 9
shows the result based on the final enhanced data
frame. By looking at it, one can easily see that views,
likes, and comments are strongly correlated 0.94,
0.83, 0.82, 0.72, 0.69, 0.66 as respectively. We were
able to conduct detailed and accurate research on the
time a video starts getting view counts, the time the
view count ends, the time the like count starts, the
time the like count ends, the time the comment count
starts, and the time the comment count ends after a
video is uploaded. In addition, since the sentiment
score is a dislike-like feature, we were able to reveal
the correlation between the unreleased dislike feature
and other features. Furthermore, we can know the
importance of the tagCount feature for a video to
become a trend, depending on its correlation with
other features. The tagCount feature is also used to
calculate where the increase in video count comes
from outside YouTube. Contributing a feature called
hoursTakenToTrend also allowed us to study how
long it takes for a video to become a trend, how it
relates to other features to become a trend, how to
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become a trend quickly, what to focus on to become
a trend, and when to upload. The
trendingDaysDuration feature also allows us to know
how long our uploaded video content stays in the
trending list, and we found that features such as
views, likes, and comments are related to 0.33, 0.18,
and 0.14, respectively to stay trending longer. The
correlation values in the figure also prove how much
each enhanced feature is related to each other.
Therefore, the system irrefutably proves that the
accurate trending results are due to these enhanced
features.

Correlation analysis is a technique used to assess
the relationship between two variables. It helps
identify trends, patterns, and interactions between
datasets or features. A high correlation suggests a
strong relationship between the variables, while a low
correlation indicates a weaker connection. Positive
correlations occur when one feature increases and the
other do too, while negative correlations indicate a
negative relationship. The correlation coefficient
ranges from +1 to -1, with 1 indicating high
correlation and 0 indicating no correlation. The
research reveals that it typically takes 10 -18 hours
(ql: 10.5, trace 0) to (g3: 18, trace 0) in 24 hours for
avideo content to become trending in India, as shown
in the Box Plot, Figure 10. The time is displayed on
the X-axis of the histogram, while the number of
movies is displayed on the Y-axis. Some videos
become trending quickly, while others take days. The
Histogram of the image shows in Figure 10 that 2710
of the 3068 videos took 10 hours and 9 minutes, while
358 took more than 18 hours. The analysis of the
hourly range of videos showed that 139 videos took
1 -2 hours, 198 took 3 - 4 hours, 562 took 5 - 6 hours,
1560 took 7 - 8 hours, 2710 took 9 - 10 hours, 2832
took 11 - 12 hours, 2001 took 13 - 14 hours, 2318
took 15 - 16 hours, 3068 took 17 - 18 hours, 2282
took 19 - 20 hours, 752 took 21 - 22 hours, and 167
took 23 - 24 hours.

Number of hours taken by a video to get into trending list

Box Plot

trace 0—————

Hours

3000

2000

Count

1000

3 0 5 10 15 20 25

Fig. 10: The Number of Hours Taken by a Video to
Get into the Trending List, Source: created by the
authors
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Fig. 11: The Analysis of Video Times Taken to Trend
by Category, Source: created by the authors
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We conducted an experiment to determine the
average time it takes for each category related to
career choice to become trending, as shown in Figure
11. Our findings indicate that, among the 15
categories analyzed, the "Pets & Animals" category
remains trending the longest, with an average
duration of 20 hours and 13 minutes. The trending
time for various categories is varying, with “Music”
taking over 16 hours, “Gaming” taking 15:32,
“Travel & Events” taking 14:7, “Education”, “People
& Blogs” taking 14 hours, “Howto & Style”, “Pets &
Animation”, ‘“News & Politics”, “Entertainment”,
“Science & Technology” taking 13 hours,
“Nonprofits & Activism” taking 13 hours, “Comedy”
taking 12:8 hours, and “Sports” taking 10:7 minutes.
The study reveals that the trending days duration
results for each category are shown in Figure 12.
More than 3 days in "Music", "Comedy", "Film &
Animation", "Pets & Animals" categories, almost 3
days. "People & Blogs", "Howto & Style", "Autos &
Vehicles", "Gaming" for almost 2 and a half days.
"Travel & Event", "Sports", "Entertainment”, and
"Nonprofits & Activism" have been trending for
almost 2 days. "Science & Technology",
"Education", and "News & Politics" are trending for

more than 1 day.

@
H

Catagory ID: Music

‘| Average time in days: 3.31

‘ﬁ I
1
Category

Fig. 12: The Analysis Trending Days Duration by
Category, Source: created by the authors
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In addition, in this study, based on the view, both
likers and commenters were able to analyze together
by category. The category with the most significant
likes on view is Gaming. "Science & Technology",
"Comedy", "Travel & Events", "Education", and
"Music" did not have much difference, but in "News
& Politics", it was found to be only 0.025% least. In
another comparison, the most commented category
among viewers was found to be "Music".

m]vm. \
ing Videas: 446

200
0

Videos

Number of Trending

Channel Title

Fig. 13: The Most Trending Channels in India,
Source: created by the authors

The Top 10 most trending channels in India
include "Vijay Television" with 446K videos,
followed by Colors TV (408), ZEES (315), Asianet
(275), and Color Rishtey (271). Crazy XYZ and Sony
SAB channels also have 184 trends. Taarak mehta Ka
ooltah Chashmah, Sun TV, and Star Maa also have
127 and 124 videos, respectively, seen in Figure 13.
According to this study, the most trending categories
were also successfully implemented, seen in Figure
14. The Entertainment category is the most trending,
with the number of trending videos 8042. It
obviously stands in the Top 1 category than other
categories. "People & Blogs" is the second most
trending, with 2477 trending videos. Music, which is
the third most trending, has 2311 trending videos,
which is not too different from it. Comedy, Gaming,
and Science & Technology are trending with 1336,
818, and 727 trending videos, respectively. The
system-generated results will provide users with
accurate and reliable information due to the inclusion
of key features.

[Category 10: Entertainmant
Number of Trending Videos: BO042

z
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Fig. 14: The Most Trending Category in India,
Source: created by the authors
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According to the research findings, in Figure 15,
which appears at a time, the variety of those who
upload videos dramatically increases from 13PM,
12PM, and 05AM, which are the most video upload
times of 20,000 videos in India. There were barely
any video uploads around 21PM, and there were
under 5,000 at 17PM. The days of video uploading
are also not different from one day to another
throughout the week in India. But the best video
upload day is Friday. On that day, nearly 35,000
video uploads were achieved. Despite being the least
active day of the week, Sunday had about 30,000
video uploads in India.

IN Publish hour v.s. # of videos

o
5
] |II
., |I||||

GEROMNBUIRGOEBERTNRNELD

IN Publish day vs. # of videos

00
Fri Wed Thy Toe Won Sat

Fubhing Day Pasng or

Fig. 15: The Analyses on the Best Day and Time to
Upload videos on YouTube for India, Source: created
by the authors

According to the research findings, the maximum
common title “Kundali Bhagya” 55 times was
revealed, with channelld
"UCvrhwpnp2DHYQ1CbXby9ypQ", channelTitle
"Vijay Television", 3035 times, and categoryName
"Entertainment” and categoryld "24", 89380 times
seen in Figure 16. In order to prove this, this study
revealed the most frequent title as well as the most
trending and watched video, and found that the top 1
video is “Kundali Bhagya” and it is correct and
consistent according to Figure 17.

Wfowt 2004 704 za: ] 204 204 204
2 \|nge A “o 1 15 0218 1
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Fig. 16: The Most Frequent Title Among Trending
Titles in India, Source: created by the authors
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Fig. 17: The Most Trending and Watched Video in
India, Source: created by the authors

3.5 Challenges

The dataset is also crucial to the success of this
system. The data is unstable when it is updated daily
since it is a private dataset that is scraped every day,
and the results remain unstable until the entire year
of analysis is finished. This is only one of the many
challenges. Having encountered several challenges
because there are restrictions on getting audience
feedback while conducting sentiment analysis.
Ultimately, we created it with the YouTube comment
downloader, and it was successful. Google had a
daily restriction, which made the language translation
process take a long time. After sentiment analysis,
negative sentiment results were obtained, but the
feature combination part was the most challenging.
Even though we tried using various techniques, the
data did not match. Finally, only after grouping the
categories and adding them according to video id,
the comments given by the audiences according to
the video match, and the data validation part is
successful. Since each feature's input value differs, it
is impossible to assess them all using a single model
in the evaluation stage. Because the inputs are
boolean (0,1), categorical (text), and statistical
(number), we had to transform and then evaluate
them. Regression prediction and classification were
the two components of the performance evaluation
section; thus, we had to employ distinct methods to
measure each component's successful outcome.
Since it just contains raw data from Kaggle, it is
difficult to compare with ground truth. As a result, it
must be contrasted with the outcome that was
obtained after the trending result was initially
produced. Three different types of trending outcomes
are clearly compared in the evaluation section: the
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trending result achieved using the ground truth
dataset, the enhanced trending result with negative
features, and the trending result without negative
features using the own dataset. The challenges that
arose throughout the research are highlighted.

4 Performance Evaluation
The study implemented both linear regression and
logistic regression models in machine learning.

4.1 Evaluation Results of Linear Regression
Model

Linear regression is a statistical technique that is not
suitable for classification tasks, where the goal is to
predict the category or class to which an observation
belongs. Logistic regression is a classification
technique used in machine learning to identify the
best model that uses probability to classify the value
of linear regression into a particular class. Therefore,
it is used to classify the days of the week
(trending_dates), and negative_sentiment
(negative feature) in trending analysis. The logistic
regression model converts the continuous output of a
linear function into a categorical value by applying a
sigmoid function. This function maps any real-valued
input from the independent variables into a
probability between 0 and 1, representing a binary
outcome. Figure 18 illustrates the structure of the
regression model, which includes the transformation
and preprocessing of numerical, categorical, and
boolean features.

> Pipeline
preprocessor: ColumnTransformer
. num > cat . bool

> StandardScaler‘ > OneHotEncoder“ » OneHotEncoder

» LinearRegression ‘

\ | ,
Fig. 18: Regression Model Building, Source: created
by the authors

The equation Y =b0 + blx1 +b2x2 +b3x3 + ... +
bnxn is the linear part of the logistic regression
model. To transform this into a probability, the
logistic function is applied, which involves
calculating the odds as Y/ (1 - Y). Taking the natural
logarithm of the odds yields the log-odds (or logit):

log(—) = b0+b1x1+b2x2+b3x3+..+bnxn
1-Y

This log-odds value ranges from negative to
positive infinity, corresponding to probabilities
between 0 and 1.
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According to the research findings, this system
reveals the performant prediction results of view,
like, and comment features over a trending video
seen in Figure 19. The Y-axis in this figure shows the
features, while the X-axis shows the statistical count
of the YouTube trending video. The model's forecast
result is 2059511, despite the fact that the actual
count for the View feature is 2185108. The
performance measurement showed that the model
was 94.25% accurate, with 125597 incorrect
predictions. The performance evaluation showed that
the Like feature was 94.47% accurate, with the actual
count of 1527731 being 1617142 and 89411 being
incorrectly predicted. The performance measurement
showed that the comment function was 98.77%
accurate, with the actual count of 799198 being
forecasted as 809125 and 9927 being incorrectly
predicted. Based on the regression model's
performance matrix for the entire system, Table. 3
displays the evaluation of the test and train scores.
The test score in the R2_Score view is 85%, while the
train score is 88%. Like received a test score of 85%,
but the train score was 92%. While Comment's test
score was 91%, the train score was 96%.

Comparison of Actual and Prediction Results Over
Features

Prediction 809125

Comme

Actual I 799198

Prediction 1617142

Features
Like

Actual NN 1527731
Prediction GGG 2059511

View

Actual I 2135108

0 1000000 2000000
YouTube Trending Video's Statistical Count

Fig. 19: Comparison of Actual and Predicted Results
Over the Features of a Video Content, Source:
created by the authors

Table 3. Performance Classification Results Using
Linear Regression Model, Source: created by the
authors

R2_Score Mean Squared Error | Mean Absolute Error

Country
Train Score Test Score| Train Score| Test Score| Train Score | Test Score

Views 38% 83% | L20E+13 | 148E+13 | L1IE+06 | 1.IBE+06

India | Likes 92% 85% | 2.24E<10 | 243E410 | 3.93E+04 | 4.15E+04

C s| 96% 91% | 340E+08 | 245E+08 | L.78E+03 | 1.85E+03
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4.2 Evaluation Results of Logistic Regression
Model

Logistic regression model evaluation involves
assessing predictor significance, evaluating model
fit, and measuring predictive performance using
metrics like accuracy, precision, recall, F1-score, and
ROC/AUC. The choice of binary -classification
threshold influences metrics, and a confusion matrix
visualizes performance on correctly and incorrectly
classified instances. This system also provides
performance prediction results for the trending_days
and negative sentiment features of each trending
YouTube video in India. The trending_days feature
is categorical, classified based on the number of days
a video remains trending. The negative sentiment
feature is a boolean indicator that determines whether
the sentiment is negative. In India, the model
achieves an accuracy of 94% on the training set and
88% on the test set for trending days. For
negative sentiment, the accuracy is 97% on training
data and 91% on testing data, as shown in Table 4.

Table 4. Performance Prediction Results Using
Logistic Regression Model, Source: created by the
authors

Accuracy Precision Recall

Country Features
Train Score| Test Score|Train Score| Test Score | Train Score | Test Score

trending_days 94% 88% 3% 68% 91% 82%

negative_sentiment 97% 91% 85% 83% 100% 87%

India

4.3 Comparing and lllustrating the Ground
Truth Results

This section provides a detailed explanation of a
histogram that compares the ground truth trending
result and the enhanced trending result, as seen in
Figure 20. In that figure, the X-axis shows the
category names along with colors differentiated by
India's top levels. The Y-axis represents the YouTube
Level in India. When comparing the enhanced
trending result with the ground truth result, it was
found that 10 out of 15 YouTube trending categories
were identical, while 5 categories showed slight
changes. The top 1, 2, 3, 8,9, 10, 12, 13, 14, and 15
categories were found to be identical to the ground
truth result. The top 4, 5, and 6 categories showed
slight changes. However, the top 7, Film &
Animation category, showed a significant decrease in
trending level from top 7 to top 11. Additionally, the
Top 11, Science and Technology category, showed a
significant increase in trend level from top 11 to top
6 after enhancement. According to research findings,
this could be due to current trends and circumstances,
or it could depend on the audience's interests, likes,
and dislikes. Therefore, since the trending accuracy
of this system depends on the increase or decrease of
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the changed index when enhanced based on the
ground truth index, the accuracy was calculated
based on Mean Reciprocal Rank, or the Reciprocal
function, or the Ranking Matrix, resulting in 87.6%.
Based on the research findings, the proposed trending
algorithm is highly valuable for researchers in
generating accurate and timely rankings. The results
indicate that this capability can be further enhanced
and effectively applied within specific research
domains in India. Table 5. shows the experimental
findings for the YouTube trending videos in India,
2023. As the table illustrates, this system proves that
the execution time is good and quick, and the
accuracy is correct and accurate. Furthermore, the
detailed calculation results of many other
characteristics were also found to be clearly evident.

Top 15 Trending Level
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Fig. 20: The Comparison of Enhanced and Ground
Truth Trending Results, Source: created by the
authors

Table 5. The Experimental Results for the India
YouTube trending videos, 2023, Source: created by
the authors

YouTube Videos Trending 68040
Data is daily updated and
obtained from the YouTube

API by Scrapping. It consists

of a total 208180 rows and 16
columns (original) or 28
columns (enhanced) from 01
January 2023 to 15 December

2023.

Title Length between 30 and
60 characters

1.Entertainment

Top 1,2, 3, 4,5 2.People & Blogs
3.Music

4.Comedy
5.Gaming
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1.Vijay
Television
2.Colors
3.ZEES
4.Asianet
5.Colors Rishtey
#shorts, Episode,
Song, New, 2023,
Official, Video
Trending Videos
of 87.44% has
views less than 5
million  views.
Trending videos
of 99.21% has
likes less than 2
million likes.
Trending videos
of 98.79% has
comments  less
than 100000
comments.

Top 1,2,3,4,5 .

Video Titles

YouTube Trending Video
content

Friday,
Wednesday,
Thursday
05:00,
13:00

On Trending Videos take at Between 10 hours
least 1 day. and 18 days

The Videos are the most “Kundali
frequent times in the trending Bhagya” 55
videos list Times

The Best published Day and

s 12:00,

Views and Likes

=0.72
Views, Likes, and Likes and
Comments Comments = 0.66
Views and
Comments = 0.45
. . 97% (train), 91%
Sentiment Analysis (test)
Trending Analysis 87.6%
Sentiment Analysis 00:01:11
Trending Analysis 00:00:58

4.4 Limitations and Further Extensions

This system relies on data provided by YouTube. If
data for a specific country is available, it can be easily
analyzed by simply replacing the dataset. Currently,
the system has conducted YouTube career analysis
only for India, but it can be extended to other
countries if YouTube data is accessible. Most
countries, especially in the US, primarily use English,
so comments are not translated, although translation
could be implemented. In India, comments are
translated from native languages into an international
language before categorizing opinions as positive or
negative. If there is no need to translate comments
and analysis is conducted in the country's native
language, the translation step can be skipped, which
may be more beneficial for countries using native
languages.
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For sentiment analysis, the system employs the
Multinomial Naive Bayes classifier with TF-IDF
features. However, other machine learning
classification methods can also be applied. Similarly,
for trending analysis, alternative prediction and
classification algorithms can replace the LG model
used for performance measurement. While web
content mining has been utilized, advanced Al
techniques such as deep learning could also be
incorporated. Additionally, tools like Big Data
frameworks, Hadoop Streaming API, and XGBoost
can be used for data processing and analysis.

5 Conclusion

The dataset is also crucial to the success of this
system. The data is unstable when it is updated daily
since it is a private dataset that is scraped every day,
and the results remain unstable until the entire year
of analysis is finished. This is only one of the many
challenges. The data was preprocessed twice, first by
scraping it and transforming it into useful data
through profiling, cleansing, reduction,
transformation, enrichment, and validation. The
second time, it was preprocessed for sentiment
analysis, including changes in lowercasing,
tokenization, punctuation, URL, stopword removal,
lemmatization, negations, intensifiers, emojis,
abbreviations, special characters, and vectorization.
The preprocessing process was able to emphasize a
lot, resulting in good accuracy in the results. The
process was crucial for achieving accurate results.
Having encountered several challenges because there
are restrictions on getting audience feedback while
conducting sentiment analysis. Ultimately, we
created it with the YouTube comment downloader,
and it was successful. Google had a daily restriction,
which made the language translation process take a
long time. After sentiment analysis, negative
sentiment results were obtained, but the feature
combination part was the most challenging. Even
though we tried using various techniques, the data did
not match. Finally, only after grouping the categories
and adding them according to video id, the
comments given by the audiences according to the
video match, and the data validation part is
successful. Since each feature's input value differs, it
is impossible to assess them all using a single model
in the evaluation stage. Because the inputs are
boolean (0,1), categorical (text), and statistical
(number), we had to transform and then evaluate
them. Regression prediction and classification were
the two components of the performance evaluation
section; thus, we had to employ distinct methods to
measure each component's successful outcome.
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Moreover, ground truth data is taken from Kaggle,
which is just raw data. As a result, it must be
contrasted with the outcome that was obtained after
the trending result was initially produced. Three
different types of trending outcomes are clearly
compared in the evaluation section: the trending
result achieved using the ground truth dataset, the
enhanced trending result with negative features, and
the trending result without negative features using the
own dataset. The challenges that arose throughout the
research are  highlighted and successfully
implemented.
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