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Abstract— This study responds to the increasing 

phenomenon of elsagate content on various platforms, especially 

on YouTube Kids and YouTube, which are often accessed by 

children. Elsagate content contains sensitive elements for 

children such as horror, sexuality, and violence. The 

community's response to this content varies, from positive to 

negative, to neutral, especially on platforms like YouTube. The 

main purpose of this research is to understand the opinions of 

the YouTube community regarding children's content with 

unclear meanings or containing elsagate elements. Using 2452 

data, this study applies five machine learning algorithms to 

classify sentiment: Naive Bayes Classifier (NBC), Random 

Forest (RF), Support Vector Machine (SVM), K-Nearest 

Neighbors (K-NN), and Logistic Regression (LR). The research 

results show that data division with a 90:10 ratio provides the 

best performance. The Support Vector Machine algorithm 

achieves the highest accuracy of 63%, with precision of 61%, 

recall of 63%, and an F1-score of 60%. On the other hand, the 

K-Nearest Neighbors algorithm shows the lowest performance 

with an accuracy of 56%, precision of 55%, recall of 56%, and 

an F1-score of 55%. Thus, besides aiming to provide insights 

into elsagate, this research also highlights the performance of 

Support Vector Machine in analyzing sentiment towards 

elsagate content. 

Keywords—Elsagate, Naive Bayes Classifier, Random Forest, 

Support Vector Machine, K-Nearest Neighbors, Logistic 

Regression. 

I. INTRODUCTION 

The development of technology is becoming increasingly 

sophisticated and digital. This makes it easier for people to 

engage in various activities, obtain information, knowledge, 

and entertainment. One example of commonly used 

technology is gadgets. According to [1], gadgets are 

electronic devices used as communication tools by humans. 

Currently, not only adults but also children, even toddlers, 

can enjoy gadgets as educational and entertainment tools. 

During the COVID-19 pandemic, the use of gadgets among 

children has increased due to the implementation of the Work 

From Home (WFH) system, which requires children to attend 

school and learn online [2]. According to the results of a 

survey by the Indonesian Child Protection Commission 

(KPAI) in 2020, 71.3% of children already have their own 

gadgets, and 79% of children are also allowed to use gadgets 

for purposes other than learning. 

The common platform used by parents to provide 

education and entertainment to children is YouTube. 

YouTube provides a lot of child-specific content and even has 

a dedicated platform for children called YouTube Kids. The 

purpose of YouTube Kids is to serve as an educational tool to 

help children discover new interests. However, it is not 

uncommon for children's content available on YouTube and 

YouTube Kids to contain elements that are not suitable for 

children. This phenomenon is called "Elsagate," which in 

recent years has spread to various platforms including 

YouTube and YouTube Kids. Elsagate is a phenomenon 

where content intended for children, such as animated videos 

using popular characters from cartoons and movies, often 

display inappropriate material for children to watch [3][4]. 

In the study titled "The Elsagate Phenomenon: Regulation 

and the Role of the State in Creating Child-Friendly 

Entertainment in Indonesia (2023)," the Elsagate 

phenomenon first emerged in 2016 in one of the videos 

available on YouTube. The study provides a detailed 

explanation of Elsagate from its inception, impact, and the 

role of the state. However, the term "Elsagate" itself is still 

not widely known by the public. Therefore, the purpose of 

this research is to provide knowledge to readers about 

Elsagate and to understand the public's perception of 

children's content that falls under Elsagate and similar 

content. In this study, the focus is on how the public responds 

to Elsagate content, whether positively, negatively, or 

neutrally. Data was collected through YouTube using text 

mining techniques. Text Mining is the process of data mining 

that consists of text, usually taken from documents, with the 

aim of finding words that represent the content of the 

document. The main goal is to analyze the relationship 

between documents. 

This research applies five machine learning algorithms to 

classify data, namely Naïve Bayes Classifier (NBC), Random 

Forest (RF), Support Vector Machine (SVM), K-Nearest 

Neighbors (K-NN), and Logistic Regression (LR). The 

application of multiple algorithms in this study aims to 

improve the accuracy and reliability of the analysis results. It 

also allows the analysis results to be validated by other 

algorithms, ensuring that the conclusions drawn are not solely 

dependent on one analysis method. Each algorithm certainly 

has unique characteristics that make it more suitable for 

certain types of data or situations. 

The Naïve Bayes Classifier (NBC) algorithm is chosen 

because it has several advantages, such as being a text 

classification method with high processing speed and 

accuracy when applied to cases with large, diverse, and in- 

depth data. Naive Bayes is recognized as a simple and 
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effective algorithm for text classification [5]. Previous 

research on sentiment analysis of Jiniso product reviews by 

Efta and Herny (2022) conducted analysis using Naïve Bayes 

Classifier and achieved a relatively good accuracy of 94% 

[6]. 

Random Forest has a high level of accuracy, resilience to 

outliers and noise, and better speed compared to bagging and 

boosting techniques [7]. In a study conducted by Shoffan et 

al. (2021) on anxiety detection based on social media data by 

implementing K-NN, Bernoulli, Decision Tree Classifier, 

Support Vector Classifier, Random Forest, and XG-boost 

algorithms, the best accuracy is achieved by Random Forest 

at 84.99%[8]. 

Support Vector Machine (SVM) is a supervised learning 

approach that relies on the principle of Structural Risk 

Minimization (SRM) and is used to find the best hyperplane 

that can separate two classes. The goal of SVM is to find the 

optimal hyperplane that can separate two classes as 

effectively as possible [9]. In a study on sentiment analysis 

by Márcio Guia et al. (2019) on Amazon unlocked reviews 

comparing four algorithms Naïve Bayes Classifier, Support 

Vector Machine, Decision Tree, and Random Forest, the best 

accuracy was obtained by Support Vector Machine with a 

value of 89% on a linear kernel [7]. 

The K-Nearest Neighbor (K-NN) method is a simple 

approach to classifying objects based on their proximity in 

the training data. K-NN considers attributes and sample data 

to classify new data [13]. K-NN is particularly effective in 

handling noisy training data and performs well with large 

training datasets [14]. In a study conducted by Salma and 

Imelda (2024) on sentiment analysis of the second Covid-19 

booster vaccination using the K-Nearest Neighbor and 

Support Vector Machine algorithms, the classification 

accuracy obtained by K-NN at k = 17 was 85.47%[10]. 

Logistic regression is a commonly used technique in 

analyzing data involving one or more predictor variables to 

predict a response variable, which typically has binary values 

of 1 (yes) and 0 (no). The response variable in logistic 

regression is related to the Bernoulli distribution [11]. In a 

study conducted by Audenza et al. (2023) on sentiment 

analysis of Gojek application reviews by implementing 

Logistic Regression, Multinomialnb, SVM, and K-NN, the 

best performance score by Logistic Regression sequentially 

is 82.45%, 82.49%, 82.45%, and 82.43%. 

Based on previous research, it is outlined that the five 

algorithms to be used in this study yield fairly good accuracy. 

These five algorithms are known to perform very well and are 

proposed to be implemented in sentiment analysis. This 

research differs from previous studies as the topic used has 

not been extensively discussed and linked to the field of data 

mining. The aim of this research is to analyze public 

sentiment towards elsagate, whether it is positive, negative, 

or neutral. 

II. RESEARCH METHODOLOGY 

 

 

Fig. 1. Research Methodology 

 

A. Data Collecting 

The data used was taken from the YouTube platform, 

specifically the comments data on one of the uploads on the 

Duzzle account titled "Why is Youtube Kids Cringe?". The 

content has been identified as elsagate content after being 

examined by several researchers focusing on the elsagate 

phenomenon. Data collection was carried out using Crawling 

techniques with the YouTube Data API V3, resulting in a 

total of 2680 comment data obtained. 

B. Pre-processing 

Text preprocessing is the initial step in cleaning and 
preparing text before further analysis or processing. This 
process involves removing punctuation and special characters, 
converting text to lowercase, text tokenization, removing stop 
words, and standardizing text to improve data quality and 
facilitate the analysis process [12][13]. 

C. Term Frequency-Inverse Document Frequency (TF-IDF) 

TF-IDF (term frequency-inverse document frequency) is a 
commonly used weighting method in natural language 
processing to assign weights to words in documents based on 
their importance or informativeness [19]. The TF-IDF 
calculation is performed by multiplying the Term Frequency 
(TF) value with the Inverse Document Frequency (IDF) value 
[14][15]. 

 

𝑊𝑑𝑡 = 𝑡𝑓𝑑𝑡 ∗ 𝐼𝑑𝑓𝑡 (1) 

D. Confusion Matrix 

Confusion matrix is a table that displays the number of 

test data classified correctly and the number of test data 

classified incorrectly [20]. For example, Table 1 is a 

confusion matrix for binary classification showing the 

distribution of correct and incorrect classification results. 
 

TABLE I. CONFUSION MATRIX 

Several stages were conducted in this research, including    
data collection, labeling, preprocessing, TF-IDF weighting, 
and sentiment classification using machine learning 
algorithms. The stages in this research can be seen in Figure 
1. 

Prediction Class 
  Postive Negative  

Actual 
    Class  

Positive 
Negative  

TP 
FN  

FP 
TN  

 



 

 

E. Naïve Bayes Classifier 

Naive Bayes is the most commonly used classification 

method for sentiment analysis, which calculates the 

probability of each factor and then selects the result with the 

highest probability [16]. Here is the formula for Naïve Bayes 

Classifier. 
 

P (C|X ) = 
𝑷 (𝑿|𝑪) 𝑷 (𝒄) 

𝑷 (𝒙) 
(2) 

 

F. Random Forest 

Random Forest is a flexible and accurate method for 

regression and classification, including cases with multiple 

classes. It is fast in training and prediction, capable of 

handling large datasets well. This method provides insights 

into the importance of variables without requiring complex 

preprocessing. Additionally, it reduces variability and is more 

robust than single decision trees or boosting methods. 

Random Forest is also effective in addressing overfitting, 

implementing class weighting, detecting outliers, and 

dividing the total number into balanced k subsets of data. This 

process is repeated k times in iterative training and testing. 

III. RESULTS AND DISCUSSION 

A. Initial Data 

The initial data obtained from one of the YouTube 

contents discussing elsagate can be seen in Table 2. 

 
TABLE II. INITIAL DATA 

handling missing values[17]. Here is the formula for Random    

Forest. 

 

Fii  
∑ 𝑗∶ 𝑛𝑜𝑑𝑒 𝑗 𝑠𝑝𝑙𝑖𝑡𝑠 𝑜𝑛 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑖 𝑛𝑖𝑗 

∑ 𝑘 ∈ 𝑎𝑙𝑙 𝑛𝑜𝑑𝑒𝑠 𝑛𝑖𝑘 

(3) 

 

G. Support Vector Machine 

Support Vector Machine (SVM) is a common method in 

Supervised Learning used for classification and regression. In 

classification, SVM stands out due to its mature and clear 

mathematical concepts. SVM can handle classification and 

regression problems well in both linear and nonlinear 

contexts [18]. Here is the formula for Support Vector 

Machine. 

 
w.x + b = 0 (4) 

 

H. K-Nearest Neighbors 

K-Nearest Neighbor is used to classify new objects by 

comparing them to the most similar training data. The K- 

Nearest Neighbor algorithm is relatively easy to implement 

and allows users to determine the desired number of nearest 

neighbors [19]. Here is the formula for Euclidean Distance in 

K-Nearest Neighbors. 

 
dis (x1, x2) = √∑ (x1i − x2i)2n (5) 

 
 

I. Logistic Regression 

Logistic regression is a classification method commonly 

used to model the relationship between dependent and 

independent variables through linear logarithms [20]. Here is 

the formula for Logistic Regression. 

 

P(Y = 1 | X) = 1 
1 + 𝑒−x 

(6) 

 

J. K-Fold Cross Validation 

K-Fold Cross Validation is one of the techniques used to 

partition data into training and testing data [21]. Additionally, 

K-Fold Cross Validation implements data splitting by 

B. Labeling 

The collected comment data entered the Labeling stage, 

which was done manually with the assistance of language 

experts. Through the comment labeling process, public 

sentiment related to this research topic can be generated, 

covering positive, negative, and neutral values. The results of 

the labeled data can be seen in Table 3. 

 
TABLE III. LABELING RESULT 

 

No Text Sentiment 

1 Sorry kalo hasil Recordnya agak patah - 

patah, ternyata PC gua juga gak kuat 
nonton YouTube Kids. 

 

Netral 

2 acumalaka bgt beliau Negatif 

3 Pc lu bayi Negatif 

… … … 

2680 Wih first nih.. Netral 

C. Cleaning Data 

The processed data in text form will first be cleaned to 

remove duplicate words, symbols, hashtags, usernames, 

URLs, and others, so that the result will be as shown in Table 

4. 
 

TABLE IV. CLEANING RESULTS 

   
No Text Sentiment 

1 sorry kalo  hasil recordnya agak  patah - 
patah ternyata pc gua juga gak kuat nonton 

                 youtube kids  
Netral 

2 acumalaka bgt beliau Negatif 

3 pc lu bayi Netral 

… … … 

2452 manuk akal Netral 

Based on Table 4, after cleaning the data, the comments are all 

written in lowercase and without emoticons, @ symbols, hashtags 

(#), and URLs. The number of data also changed, initially consisting 

of 2680 data, after data cleaning, it became 2452 data. From the 

manual labeling results by language experts after cleaning, the 

number of comments with positive sentiment is 1314 data, 

comments with negative sentiment are 570 data, and comments with 

neutral sentiment are 568 data. 

No Username Date Text 

1 @Duzzles 2022-10-02 Sorry kalo hasil 
Recordnya agak patah - 
patah, ternyata PC gua 
juga gak kuat nonton 

YouTube Kids. 

2 
   @pluffs8 2022-10-02 acumalaka bgt beliau 

3 @akuzheva1088 2022-10-02 Pc lu bayi 

… … … … 

2680 @Duzzles 2022-10-02 Wih first nih.. 

 



 

 

algorithm performs better using 3 data separation ratios. The 

results of several modeling algorithms can be seen in Table 

6. 
 

TABLE VI. ALGORITHM PERFORMANCE RESULTS 

 

 

 

 

 

 

 
 

Fig. 2. Sentiment Percentage 

 

D. Pre-processing 

Pre-processing is a stage carried out by eliminating 

unsuitable data or transforming data into a form that is easier 

for the system to process. In the data pre-processing stage, 

Python programming language is used, and Visual Studio 

Code is used. The initial steps in data preparation for this 

study involve cleaning, filtering, and stemming. During the 

filtering process, significant terms are isolated from 

sentences to eliminate irrelevant elements like punctuation 

and stopwords. A stoplist is employed to identify these 

stopwords. Subsequently, words are transformed into their 

root forms, accomplished by identifying the base word for 

each term through literature modules in the Python 

programming language. 

E. Term Frequency-Inverse Document Frequency (TF-IDF) 

The data after the pre-processing stage must be in numeric 

form. To convert the data into numerical values, we use the 

TF-IDF weighting method. TF-IDF is a weighting system 

that assigns weights to each word in a document based on 

term frequency (tf) and inverse document frequency (idf). In 

the TF-IDF stage, calculations are performed using Python 

using the scikit-learn model. TF-IDF is divided based on the 

division of training data and test data. The TF-IDF results can 

be seen in Table 5. 

 
TABLE V. TF-IDF RESULTS 

 

No 
  Terms  

aaaaaa aaahh aamiin absurb … zuzuzu 

1 0.00 0.00 0.00 0.00 … 0.00 

2 0.00 0.00 0.00 0.00 … 0.00 

3 0.00 0.00 0.00 0.00 … 0.00 

4 0.00 0.00 0.00 0.00 … 0.00 

… … … … … … … 

2452 0.00 0.00 0.00 0.00 … 0.00 

F. Splitting Training Data and Testing Data 

Based on the described research methodology, this study 

divides the training and testing data taken from the initial 

dataset with a total of 2452 data into 3 ratios: 90:10, 80:20, 

70:30 after going through several pre-processing stages and 

the TF-IDF stage.Kemudian data akan diuji menggunakan 

algoritma NBC, SVM, K-NN, RF, dan LR. 

G. Machine Learning Algorithm Classification Results 

In this study, data modeling has been conducted using 

several machine learning algorithms, namely Naïve Bayes 

Classifier, Support Vector Machine, K-Nearest Neighbors, 

Random Forest, and Logistic Regression to measure which 

 

 

 

 

 

 

 
 

Based on the modeling results presented in Table 6, using 

5 machine learning algorithms for data classification, the best 

experimental results were found with the 90:10 ratio. The 

SVM algorithm showed the best performance, with an 

accuracy of 63%, precision of 61%, recall of 63%, and an F1- 

score of 60%. Conversely, the K-NN algorithm showed the 

lowest performance, with an accuracy of 56%, precision of 

55%, recall of 56%, and an F1-score of 55%. 

H. K-Fold Cross Validation 

The Support Vector Machine achieves the highest 

accuracy when evaluated based on the Confusion Matrix. 

Therefore, further testing was conducted by comparing k-fold 

cross-validation with 10 iterations. The results can be seen in 

Figure 3. 

 
Fig. 3. K-Fold Cross Validation 

 

Based on the diagram in Figure 3, it can be concluded that 

when evaluated using k-fold cross-validation with 10 

iterations, the Support Vector Machine almost always 

produces the best performance compared to the other four 

algorithms. 
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 NBC 62% 62% 62% 57% 
 RF 59% 56% 59% 56% 

90:10 SVM 63% 61% 63% 60% 
 K-NN 56% 55% 56% 55% 
 LR 63% 56% 59% 56% 
 NBC 60% 61% 60% 65% 
 RF 60% 58% 60% 56% 

80:20 SVM 61% 59% 61% 57% 
 K-NN 56% 55% 56% 55% 
 LR 61% 62% 62% 58% 
 NBC 62% 63% 62% 56% 
 RF 60% 58% 60% 56% 

70:30 SVM 61% 60% 62% 58% 
 K-NN 56% 57% 57% 56% 
 LR 63% 62% 62% 58% 

 



 

 

I. Word Visualization 

A Wordcloud is a visual representation of words used to 

observe how often words appear in a text document. The 

wordcloud application will display snippets of words in the 

comments found in the content, these snippets of words can 

be seen in Figure 4. 

 

Fig. 4. Visualization Data 

 

In Figure 4, it's a visualization of the word cloud in the 

dataset related to Elsagate content, where the frequently 

appearing words in the content on the YouTube platform are 

"YouTube Kid", "video", "cringe", "absurd", and others. 
 

IV. CONCLUSION 

The research results indicate that sentiment analysis using 

five machine learning algorithms (NBC, RF, SVM, K-NN, 

and LR) with data splits of 90:10, 80:20, and 70:30 yielded 

the best performance with the 90:10 split, where SVM 

achieved the highest accuracy of 63%, precision of 61%, 

recall of 63%, and an F1-score of 60%. A k-fold cross- 

validation test (10 iterations) was conducted to validate 

whether SVM outperformed the other four algorithms. The 

results showed that SVM almost always achieved the highest 

accuracy in each iteration. This concludes that Support 

Vector Machine is suitable for this study. Sentiment labeling 

by linguistic experts resulted in 54% positive sentiment, 

proving the public's lack of awareness about Elsagate. This 

study emphasizes the importance of government action, child 

protection agencies, and related stakeholders to reduce 

Elsagate-like content and raise public awareness in selecting 

children's content. 
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