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Abstract. The 2024 North Sumatra Governor Election has captured public attention, 

especially on social media platforms such as YouTube. This study aims to analyze public 

sentiment toward two gubernatorial candidates, Boby Nasution and Edy Rahmayadi, based 

on comments posted on YouTube. Two sentiment analysis methods were employed in this 

research: Naïve Bayes and TextBlob. The analysis results reveal that negative sentiment 

dominates public opinion toward both candidates, with Edy Rahmayadi receiving more 

criticism compared to Boby Nasution. Although there are some positive and neutral 

comments, the dominance of negative sentiment is the primary focus. These findings 

highlight the importance for both candidates to respond effectively to public criticism 

through improved campaign strategies. The visualization of the analysis results provides 

clear insights into the distribution of public sentiment, which can serve as a guide for the 

candidates in formulating their strategic steps moving forward. 

Keywords: Sentiment Analysis, Naïve Bayes, TextBlob, Governor Election, YouTube, Public 

Perception. 

1. Introduction 

The 2024 North Sumatra governor election has drawn significant public attention, particularly 

on social media platforms like YouTube. Comments on YouTube can be analyzed to understand 

the overall public sentiment. With the increasing use of social media, sentiment analysis has 

become an important approach to categorizing opinions as positive, negative, or neutral [1]. 

This study utilizes two methods: the Naïve Bayes Classifier, which is effective for probabilistic-

based sentiment analysis [2], and TextBlob, a Python library that leverages natural language 

processing [12]. By employing these two methods, this study aims to analyze public sentiment 

toward the 2024 North Sumatra governor candidates based on comments on YouTube. 
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2. Literature Review 

2.1 Sentiment Analysis  

Sentiment analysis is a technique for extracting and classifying emotional information in text, 

identifying whether the sentiment contained is positive, negative, or neutral. In this context, 

sentiment analysis is used to understand public reactions to the 2024 North Sumatra 

gubernatorial candidates. This technique has been applied in various fields, such as product 

reviews and political opinions, with Pang and Lee (2008) emphasizing the importance of 

sentiment analysis in understanding public views from online texts [1]. 

2.2  Naïve Bayes Classifier                                                                        

Naïve Bayes is a classification algorithm based on Bayes' theorem, which assumes 

independence between features. This algorithm is known for its simplicity, speed, and 

effectiveness in sentiment analysis, especially on social media [2]. Wibowo and Hasan (2022) 

demonstrated that the Naïve Bayes Classifier could produce accurate results in various cases, 

including product reviews and political opinions, due to its ability to handle large volumes of 

text data [3]. 

2.3 TextBlob  

TextBlob is a Python library used for processing text, including in sentiment analysis. This 

library enables tasks such as tagging, parsing, translation, and sentiment analysis. Loria (2018) 

stated that TextBlob is effective in analyzing English-language texts, particularly in determining 

sentiment polarity [12]. With the support of the NLTK library, TextBlob becomes a practical 

and efficient tool for sentiment analysis, especially for texts translated from other languages. 

2.4 Using Social Media as a Sentiment Data Source 

Social media platforms like YouTube, Twitter, and Facebook are rich data sources for sentiment 

analysis. Various studies have shown that comments on social media can be used to analyze 

public preferences and opinions in political contexts. Ahmad et al. (2019) noted that social 

media plays a crucial role in public opinion analysis, particularly ahead of political elections 

[7]. Afandi et al. (2022) also found that sentiment analysis from social media can provide 

accurate insights into public views on political issues [8]. 

2.5 Data Crawling with Python 

Web scraping or crawling is an automated process for collecting data from websites, including 

social media. Python libraries like BeautifulSoup and snscrape are often used because of their 

flexibility and capability to retrieve large amounts of data. Wati and Ernawati (2021) stated that 

web scraping is an effective method for obtaining datasets from social media without requiring 

complex API access [9]. Hasan and Dwijayanti (2021) also demonstrated that this process 

allows researchers to access information not limited by the regulations of certain platforms [2]. 



3. Research Methods 

The following figure illustrates the research stages carried out by the researchers: 

The research method used in this study to analyze public sentiment toward the 2024 North 

Sumatra gubernatorial candidates through YouTube comments was carefully designed to ensure 

the accuracy and validity of the results. Each stage in this method plays a crucial role in 

producing reliable findings. 

1. Data Collection 

Data was collected through the YouTube API, enabling automatic retrieval of 

comments from relevant videos. This method is often used in sentiment analysis 

research on social media due to its ability to access data in real-time and in large 

quantities[10]. 

2. Data Preprocessing 

Preprocessing includes removing duplicates, normalizing text, and stemming to clean 

the data and ensure analysis is conducted on relevant and clean data. Good 

preprocessing can improve the accuracy of sentiment analysis models[11]. 

3. Text Translation 

The processed text is then translated from Indonesian to English using Google 

Translator to leverage TextBlob's strengths in analyzing English text[12]. 

4. Sentiment Analysis 

Sentiment analysis is performed using two methods: TextBlob and Naïve Bayes 

Classifier. Naïve Bayes is a frequently used algorithm in text classification and has 

proven effective in various studies, including in the context of sentiment analysis 

[13]. 

Fig.1. Research Stages 



5. Evaluation and Visualization 

The analysis results are evaluated by comparing the two methods and visualized 

using word clouds and bar charts to present the sentiment distribution in a more 

intuitive and easily understood manner[14]. 

4. Results and Discussion 

This study aims to analyze public sentiment toward the 2024 North Sumatra gubernatorial 

candidates through YouTube comments. Two analysis methods, Naïve Bayes Classifier and 

TextBlob, were used to obtain a clearer picture of public perception and to identify the strengths 

and weaknesses of each method. 

4.1 Data Collection 

Data was collected using the YouTube API from various channels discussing the North Sumatra 

gubernatorial election 2024, such as Kompas TV, TVOne, and MetroTV. The use of APIs allows 

real-time and large-scale data collection, which is crucial to ensuring that the data analyzed truly 

reflects the current public sentiment. Additionally, using APIs helps reduce bias that might occur 

if data were collected manually. a code snippet used to collect comment data from relevant 

videos on YouTube. This process serves as the main foundation of this research, as the quality 

and quantity of the data collected are critical in determining the accuracy of the sentiment 

analysis to be performed. 

Table 1 displays the results of the data crawling process, which were then saved in CSV format 

for further analysis. This data is crucial in determining the accuracy of the sentiment analysis. 

4.2  Removing Duplicates 

After data collection, the first step is to remove duplicates in the dataset. Duplicates can occur 

if the same comment appears more than once, which could bias the analysis. To avoid this, a 

Python script was used to identify and delete duplicate comments, ensuring that the resulting 

dataset is clean and unique, ready for preprocessing. 

4.3 Preprocessing 

The preprocessing process involves several important steps to ensure that the data used in the 

analysis has optimal quality. These steps include: 

Table 1. Example of Crawling Results 

Fig.2. Code Snippet for Data Removal 



1. Cleaning 

The cleaning process aims to remove irrelevant characters such as symbols, URLs, and 

mentions. The result is cleaner text ready for analysis, improving the accuracy of sentiment 

analysis.  

 
Fig.3. Example of Results 

Figure 4 shows the code used to perform the cleaning process, resulting in text that is free from 

irrelevant elements. 

2. Normalization 

The normalization process involves converting informal words to formal ones and standardizing 

all letters to lowercase. This normalization ensures consistency in the dataset, enabling more 

accurate sentiment analysis. Figure 5 shows how normalization is carried out to improve the 

accuracy of the analysis by making the data more consistent. 

 

 

 

 

 

 

 

 
Fig.4. Code for Normalization 



3. Tokenization  

The tokenization process breaks the text into smaller words or phrases. This is important because 

sentiment analysis algorithms process text at the word level, and the results of tokenization 

affect how the algorithm identifies sentiment in comments. 

4. Steaming 

Stemming simplifies sentiment analysis by reducing the variation of words that essentially have 

the same meaning. This helps to improve the accuracy of the Naïve Bayes model in classifying 

sentiment. 

Fig.5. Code Snippet and Results from Tokenization 

Fig.6. Code snappet steaming 



4.4 Translate 

 
 

Fig.8. Example of Results 

Figures 8 and 9 show the process and results of translating comment texts from Indonesian to 

English using Python libraries such as Google Translator. This step is important to ensure that 

sentiment analysis using TextBlob, which works better with English texts, is consistent with the 

results from the Naïve Bayes algorithm. 

4.5 Implementation of the Naïve Bayes Algorithm 

The Naïve Bayes algorithm was used for sentiment analysis by training the model on a labeled 

dataset. The classification results show the distribution of positive, negative, and neutral 

sentiments in the dataset. Model evaluation was performed based on precision, recall, F1-score, 

and support metrics, providing an overview of the model's accuracy and balance in classifying 

sentiment. 

 

 

 

 

 

 

 

 

Fig.7. Code for Translation 

Fig.9. Evaluation of the Naive Bayes model. 

 



1. Boby Nasution 

a. Evaluation details: 

• Positif: Precision 0.58, Recall 0.76, F1-Score 0.66, Support 29. 

• Negatif: Precision 0.65, Recall 0.76, F1-Score 0.21, Support 50. 

• Netral: Precision 0.86, Recall 0.76, F1-Score 0.81, Support 66. 

The model has an overall accuracy of 72%, with the highest precision in the neutral 

category. However, the F1-Score for the negative category is low, indicating that the model 

struggles to capture all truly negative instances. The bar chart shows that negative sentiment 

dominates, followed by positive, while neutral has the least amount. 

b. Analysis and Explanation: 

Positive: High recall, lower precision, indicating many false positives. 

Negative: Better precision, but a low F1-Score, indicating difficulty in accurately detecting 

negative sentiment. 

Neutral: Best performance in precision, recall, and F1-Score, indicating the model's 

reliability in detecting neutral sentiment. 

c. Mathematics Behind the Evaluation: 

• The F1-Score for Positive is calculated as: 

 

Fig.10. Sentiment based on data analysis results. 



• The weighted average for the F1-Score is 0.72, indicating a fairly good overall 

performance of the model. However, for more general results, further evaluation with 

a larger and more diverse dataset is required. 

 

2. Edy Rahmayadi 

a. Evaluation details: 

• Positive: Precision 0.68, Recall 0.76, F1-Score 0.67, Support 43. 

• Negative: Precision 0.50, Recall 0.15, F1-Score 0.24, Support 14. 

• Neutral: Precision 0.65, Recall 0.81, F1-Score 0.73, Support 44. 

Fig.11. Example of Sentiment Classification Results 

Fig.11. Bar chart 



The model's overall accuracy is 66%. The bar chart shows that the majority of the data is 

classified as neutral, followed by positive, with negative being the least. This is consistent 

with the evaluation, which indicates low recall for the negative category. The overall 

performance shows that the model is better at classifying neutral and positive sentiments 

but still has weaknesses in detecting negative sentiment. 

Fig.13. Example of sentiment classification results 

4.6 Implementation of TextBlob 

In addition to Naïve Bayes, TextBlob was also used to analyze sentiment from texts translated 

into English. TextBlob provides sentiment polarity as positive, neutral, or negative. These results 

are then compared with those from Naïve Bayes to evaluate the accuracy and effectiveness of 

the method. 

1. Boby Nasution 

 

 

 

 

 

Fig.15. Bar Chart of Sentiment Analysis for Boby 

Fig.14. Example of Random Results 



The bar chart shows the sentiment distribution toward Boby Nasution analyzed using TextBlob, 

where most comments are neutral and positive, indicating a less negative public perception. This 

visualization helps in understanding public perception more intuitively.  

Figure 16, on the other hand, shows an example of random sentiment classification results, 

providing a more detailed view of various public opinions about this candidate. Meanwhile, this 

figure shows the words that most frequently appear in the analyzed comments. These words 

give a general picture of the dominant topics and themes in public opinion about the 

gubernatorial candidate studied. 

 
2. Edy Rahmayadi 

 

 

The bar chart for Edy Rahmayadi also shows the dominance of negative sentiment. This analysis 

indicates strong public criticism of Edy Rahmayadi. The data shows how public perception of 

Edy Rahmayadi varies on YouTube channels, with visualization helping to identify the main 

issues discussed in public opinion about this candidate. Figure 19 shows an example of his 

sentiment classification results.   

Meanwhile, the image beside shows the words that most frequently appear in the comments 

analyzed related to Edy Rahmayadi. These words provide insights into the main issues discussed 

in public opinion about this candidate. 

Fig.17. Bar Chart of Sentiment Analysis for Edy 

Fig.16. Example of Random Results 



5. Conclusion 

 

In this study, we analyzed public sentiment toward the 2024 North Sumatra gubernatorial 

candidates, Boby Nasution and Edy Rahmayadi, based on YouTube comments. We used two 

analysis methods, Naïve Bayes and TextBlob. 

The results from Naïve Bayes show that Boby Nasution received 207 positive comments, 69 

neutral, and 224 negative, while Edy Rahmayadi received 194 positive, 48 neutral, and 262 

negative. With TextBlob, Boby received 202 positive comments, 69 neutral, and 229 negative, 

while Edy received 186 positive, 66 neutral, and 248 negative. 

Overall, both methods show the dominance of negative sentiment, especially toward Edy 

Rahmayadi. Although Boby slightly outperforms in positive and neutral sentiment, significant 

public criticism of both candidates highlights the need for better campaign strategies. 

 

 

Fig.18. Results of Analysis Using the Naïve Bayes Method 

Fig.19. Results of Analysis Using the TextBlob Method 
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