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 This study proposes a hybrid approach to sentiment analysis by combining 

lexicon and Logistic Regression methods based on TF-IDF features, and using 
Multinomial Naive Bayes as a benchmark, to classify YouTube comments 

related to Suharto's appointment as a National Hero. The dataset contains 500 

comments TV taken from five YouTube channels: TalkShow tvOne Reload, 

Kompas Madiun, Tribunnews, Perspektif, and Tempodotco, 100 comments 
each. The research stages include text pre-processing, lexicon development, 

automatic labeling, manual validation of annotations, TF-IDF feature 

extraction, and sentiment classification. The validation results show a 63% 

agreement between lexicon labels and manual annotations, with a Cohen's 
Kappa of 0.15 indicating low inter-annotation agreement. The proposed 

Logistic Regression framework achieved an overall accuracy of 91%, with a 

weighted average F1 score of 0.87 and a Macro F1 score of 0.43, slightly 

better than Naïve Bayes Multinomial, which achieved an accuracy of 90% and 
a weighted F1 score of 0.85. However, the relatively small performance 

improvement and high accuracy affected the dominance of the neutral class. 

The Confusion Matrix for the data shows that the model still has difficulty 

distinguishing between positive and negative comments the recall for the 

negative class is 0%, and for the positive class is 20%. Therefore, these results 

are still preliminary and cannot be generalized. 
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1. INTRODUCTION  

Indonesia is a democratic country with the President as head of state and head of government, 

as stipulated in the 1945 Constitution and Law Number 7 of 2017 [1], [2], [3]. In this democratic 

system, various policies and political decisions often attract public attention and elicit responses, 

often expressed through social media, including YouTube. 

In political science, the process of selecting and evaluating leaders is explained by the theory of 

procedural democracy, which emphasizes that elections must be free, fair, and involve public 

participation [4], [5]. Furthermore, theories of voter behavior and leadership perspectives suggest 

that public political decisions are influenced by social identity, public perceptions of candidates, and 

the integrity and capabilities of leaders. One of the most controversial figures in Indonesian political 

history was President Suharto, who led the country for more than three decades during the New Order 

era [6]. 

His leadership was associated with many achievements, but also drew criticism for human rights 

violations, restrictions on political freedoms, and rampant corruption, collusion, and nepotism. On 

Heroes' Day on November 10, 2025, President Prabowo Subianto officially awarded the title of 

National Hero to Suharto based on Presidential Decree of the Republic of Indonesia Number 

116/TK/2025 [15]. This decision sparked various public reactions across media outlets, particularly 

on social media platforms like YouTube, which have become platforms for people to express their 

http://dx.doi.org/10.33650/jeecom.v8i1.16845
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opinions and discuss political and historical issues. Therefore, this study focuses on analyzing public 

sentiment toward Suharto's designation as a National Hero, as reflected in YouTube comments [7]. 

Among various social media platforms, YouTube was chosen because it allows users to express 

more detailed and contextual opinions through the comments section compared to platforms such as 

X (formerly Twitter), TikTok, Instagram, or online news portals, where comments are often shorter 

or more limited, as supported by Putri T's (2022) research [8]. Furthermore, YouTube comments 

remain publicly accessible and directly related to the specific video content, making it a valuable 

resource for analyzing public opinion on political-historical issues [9]. 

For example, Mahfudza and Ihksan (2025) analyzed public sentiment towards the 2024 

Indonesian Presidential Election using YouTube comments with the Naïve Bayes algorithm and TF–

IDF features. The results of this study indicate that YouTube comments are a relevant data source 

for analyzing public opinion on political issues, especially in Indonesia [10]. Meanwhile, research 

on Suharto mostly focuses on historical and political aspects, such as inter-state diplomacy during 

Suharto's reign, as studied by Ahmad Musyalen Firdaus (2023) [11]. In addition, the organizational 

transformation of the Cabinet Secretariat during the Suharto era, as studied by Riono Widjayanto and 

Martani (2023), is a study of Suharto's cabinet [12]. 

Several previous studies have shown that combining lexicon-based methods with machine 

learning algorithms improves classification performance in various domains [13]. A study conducted 

by Gifari and Adha (2022) examined Indonesian public sentiment toward film reviews using a 

combination of TF-IDF and SVM. Their findings confirm that this approach is suitable as a baseline 

method for sentiment classification tasks in the film review domain. However, the study leaves 

several gaps: the domain studied is contemporary and does not address historical-political issues; the 

issue of class inequality has not been adequately addressed; and the unique linguistic characteristics 

of historically charged commentary, such as ideologically charged diction, have not been examined 

[14]. 

Lexicon-based studies show better performance than Naïve Bayes in sentiment analysis of 

foreign-language texts, with accuracy around 70% higher than Naïve Bayes [15]. The lexicon 

approach is commonly used for public sentiment analysis research. Lexicon-based sentiment analysis 

is a more efficient approach than manual methods, thereby potentially supporting research on 

language behavior analysis.[16]. However, this approach still has limitations in handling complex 

linguistic forms, such as negation, sarcasm, and speculation. A study by Rahmadhani, Rusanti, and 

Rosyid (2025) classified 1,493 YouTube comments related to the Indonesian House of 

Representatives (DPR RI) demonstration using SVM with an Indonesian lexicon and TF-IDF 

features, achieving 92.4% accuracy [17]. However, this study still has several limitations: the lexicon 

matches words literally rather than understanding the full meaning of the sentence, the research 

object is situational and differs from political-historical issues involving collective memory. The use 

of informal language and slang has not been systematically addressed [18]. These limitations indicate 

the need to develop sentiment analysis methods for political-historical issues further. 

These limitations indicate the need for further improvements in sentiment analysis methods for 

political and historical issues. Therefore, this study proposes a hybrid approach that combines 

lexicon-based sentiment labeling with the Logistic Regression algorithm, utilizing TF-IDF features. 

In addition, this study also compares its performance with Multinomial Naïve Bayes, using the same 

data and feature representation to assess the performance of sentiment classification on YouTube 

comments related to the recognition of Suharto as a National Hero. 
 

2. METHOD  

2.1 Research Framework 

This research framework was implemented using Google Colaboratory with the following workflow: 

1. Data Acquisition 

2. Data Preparation 

3. Lexicon Development  

4. Feature Engineering  

5. Modeling 
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6. Evaluation Model 

 
Figure 1. Flow Research Framework 

2.2 Data Acquisition  

A dataset is a collection of structured data prepared for analysis [19], [20]. The dataset in this study was 

collected from five YouTube channels: TalkShow tvOne Reload (https://l1nq.com/dzl02ev), Kompas TV 

Madiun (https://l1nq.com/g5lh0n2), Tribunnews (https://sl1nk.com/556da2d), Perspektif 

(https://l1nq.com/o3q9qgt), and Tempodotco (https://sl1nk.com/i9hclfr). Data was automatically retrieved 

using the Python library youtube-comment-downloader based on the most recent comments, without requiring 

the YouTube Data API. This library is an open-source, third-party tool available on PyPI/GitHub that extracts 

YouTube comments without using the official API; details of its internal implementation are beyond the scope 

of this study's technical contribution, as it was used solely as a data collection instrument. 

Comments were collected on November 14, 2025, four days after the government's announcement. The 

selected videos met four criteria: (1) they specifically discussed Suharto's appointment as a National Hero, (2) 

they contained views accessible to the public, (3) they provided enough comments for analysis, and (4) they 

were relevant to the research timeframe. From each channel, only 100 comments that met these criteria were 

retrieved, yielding a total of 500. 

The collected data consists of public comments that can be accessed without special authentication, do not 

include user personal identities, and are used solely for non-commercial academic purposes. Data collection is 

limited to 100 comments per channel to minimize server load and mitigate the risk of data misuse. The collected 

comments are stored in their original form without prior slang normalization. Thus, slang words are not 

converted to a standard form and are processed according to the characteristics of the original data. The 

characteristics of the collected videos are presented in Figure 2. 

 
Figure 2. YouTube Comment Extraction Results in Excel Format 

The five comment datasets were then combined using the program code in Figure 3, resulting in a 

combined dataset named data_suharto_gabungan.csv. 
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Figure 3. Combined YouTube Comments Dataset 

The combined dataset consists of 500 comments, all of which were used in the analysis stage without 

removing any for duplication or empty values. 

 

2.3 Data Preparation  

This study uses a hybrid sentiment analysis approach that combines lexicon-based and machine learning 

methods. The process begins with a data acquisition stage by loading the dataset, followed by a data preparation 

stage. At this stage, the Comments column containing user comments serves as input to the entire pre-

processing process. Next, case folding was applied using df['case_folding'] = df['Comment']. str. lower () to 

convert all characters to lowercase. The resulting text is then cleaned using the text_preprocessing () function 

to remove URLs, web links, mentions, hashtags, numbers, punctuation, and excess spaces, producing a cleaned 

column [19]. After that, tokenization is performed using df['tokens'] = df['cleaning']. apply (lambda x: x. split 

()), followed by stopword removal using the built-in stopword list from the Sastrawi library without any 

modification. 

With this approach, all words in the Sastrawi stopword list, including negations such as tidak, tak, and 

bukan, are removed during the stopword removal stage before the stemming process. Next, stemming is 

performed using the Sastrawi Stemmer library to obtain the base form of each word as part of the text 

preprocessing stage [20]. 

The use of the Sastrawi algorithm is supported by previous research that shows its effectiveness in 

normalizing affixed words in Indonesian text, thereby reducing morphological variation and improving the 

quality of text preprocessing [21], [22]. Finally, the stemmed tokens are recombined into a text representation 

using df['final_text'] = df['stemming']. apply (lambda word: ' ‘. join(words)), which is then used as input for 

lexicon-based sentiment assessment and TF–IDF feature extraction in the machine learning stage. These 

preprocessing steps produce clean and structured text data suitable for lexicon construction and subsequent 

machine learning classification [23]. 

 

2.4 Lexicon Development 

After data pre-processing, the research proceeded to the lexicon development stage. The lexicon-based 

sentiment analysis approach is one of the earliest and most widely used methods, assigning each word a polarity 

value indicating positive, negative, or neutral sentiment. This approach is simple, easy to interpret, and effective 

in identifying sentiment polarity in text data [15], [16]. In this study, a sentiment dictionary was constructed 

using two-word sets, positive_words and negative_words, each containing lists of words with positive or 

negative polarity, respectively, based on the research context. Next, the word_score () function was used to 

assign a polarity score to each token: +1 for words found in positive_words, -1 for words found in 

negative_words, and 0 for words not found in either word set. The scoring process was carried out using 

df['token_score'] = df['tokens']. apply (lambda word: [word_score(word) for word in word]) so that each token 

receives a polarity value based on a predefined lexicon dictionary [26], [27]. 

Next, the lexicon scoring results are organized into the lexicon_result table by separating each token into 

a single row using the explode () function, then renaming the token column to word using rename (). The 

polarity value for each word is calculated using lexicon_result['word_score'] = lexicon_result['word']. 

apply(word_score) While the polarity table is determined using the word_label () function:  

lexicon_result['label'] = lexicon_result['word_score']. apply(word_label) 

Afterward, duplicate data was removed using drop_duplicates (), the results were sorted by word_score 

using sort_values (), and the index was updated using reset_index () to obtain the final lexicon list. 

Table 1 displays the Lexicon Score Results generated in this study. The word column contains the processed 

tokens extracted from YouTube comments; the word_score column shows the polari ty score assigned by 

the word_score () function; and the label column indicates the classification of each token into the Positive, 

Negative, or Neutral categories. This information was used to calculate a sentiment score for each comment, 

followed by TF-IDF feature extraction and classification using the Logistic Regression algorithm. 

Table 1. Lexicon Score Results 

No Word Word_Score Label 

0 Aamin 1 Positif 

1 Alhamdulillah 1 Positif 

2 Bijaksana 1 Positif 
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The final sentiment label is determined based on the cumulative score of all tokens in a comment. 

Comments with a total score greater than zero (>0) are labeled Positive, comments with a total score less than 

zero (<0) are labeled Negative, and comments with a total score equal to zero (=0) are labeled Neutral. This 

threshold-based labeling mechanism produces simple, easy-to-interpret sentiment labels, which are then used 

as target classes in the classification process with the Logistic Regression algorithm. 

 

2.5 Feature Engineering  

Feature engineering is the process of converting text data into numerical representations that machine 

learning algorithms can process. In this study, automatically generated sentiment labels from the Lexicon 

Development stage were used as target classes for classification. The sentiment score for each was calculated 

using df['lexicon_score'] = df['token_score']. apply(sum) and converted into sentiment labels using the 

sentiment_label () function with df['label'] = df['lexicon_score']. apply(sentiment_label) based on predefined 

threshold rules [24], [25].  

To validate the automatic labeling, 100 comments were randomly selected using the sample () function 

and manually validated by two independent annotators. The level of agreement between annotators was 

calculated using Cohen's Kappa coefficient via the cohen_kappa_score () function. In contrast, the level of 

agreement between the automatic labeling results and the first annotator was calculated using Lexicon 

Agreement [26]. 

Next, the final preprocessed text (final_text) was converted into a numerical representation using the Term 

Frequency Inverse Document Frequency (TF-IDF) method, which assigns weights to each word based on its 

frequency of occurrence in the document and its importance to the overall corpus, thus producing a more 

informative feature representation in the sentiment analysis classification process [27], [28]. This below is 

formula for TF-IDF: 

 
Feature extraction was implemented using the default parameters of TfidfVectorizer () via vectorizer = 

TfidfVectorizer (). The feature matrix was then formed using X = vectorizer.fit_transform(df['final_text']). 

The sentiment labels generated in the previous stage were stored in the variable y = df['label'] as the target 

classes for the classification model's training and evaluation. 
2.6 Modeling 

The dataset was split into training and test sets at an 80:20 ratio using a stratified train-test split (stratify=y) 

to maintain the proportions of each sentiment class in both sets. The classification process was then performed 

using the Logistic Regression algorithm as the main model. The model was trained using the training data from 

the train-test split with L2 regularization configuration, lbfgs solver, class_weight='balanced', C = 1.0, max_iter 

= 1000, and random_state = 42. The class_weight='balanced' parameter was applied to reduce the influence of 

class imbalance on the training process. As a comparison model, this study also implemented the Multinomial 

Naive Bayes algorithm using the same TF-IDF feature representation. Both models were trained on identical 

training and test data, allowing direct comparison of their evaluation results. 

 

2.7 Evaluation Model  

Evaluation menggunakan metrik accuracy untuk mengukur keseluruhan prediksi yang benar, precision 

untuk menilai ketepatan prediksi positive, recall untuk melihat kemampuan model menemukan seluruh data 

positive, serta F1-score sebagai ukuran keseimbangan antara precision dan recall [31],[32]. 

 

3. RESULTS AND DISCUSSION 
3.1 Results 

3.1.1 Sentiment Distribution  

Sentiment analysis was conducted using a dataset of 500 YouTube comments collected from five YouTube 

videos discussing Suharto's appointment as a National Hero. After data collection, all comments were 

combined into a single dataset and subsequently used for preprocessing, lexicon-based sentiment labeling, 

feature extraction, and sentiment classification. The dataset characteristics are presented in Table 2. 

Table 2. Dataset Characteristics 

Component Value 

Total Comments 500 

Data Source 5 YouTube videos 
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Number of Extracted Files 5 Excel files 

This section presents the sentiment distribution of YouTube comments regarding Suharto's appointment 

as a National Hero using lexicon-based automatic labeling. Each comment was assigned a sentiment score 

based on the cumulative score of all tokens, then classified into three classes: Positive, Neutral, and Negative, 

using a threshold-based labeling approach. The sentiment distribution is shown in Table 3 

Table 3. Sentiment Distribution 

Sentiment Frequency Percentage (%) 

Positive 24 4.8% 

Neutral 451 90.2% 

Negative 25 5.0% 

 

3.1.2 Lexicon Validation  

To evaluate the quality of the automated labeling, 100 comments were randomly selected for manual 

validation by two independent annotators. The validation results showed a Cohen's Kappa value of 0.15, 

indicating a slight agreement between the annotators. Furthermore, the Lexicon Agreement of 63.00% indicates 

that approximately two-thirds of the labels generated using the lexicon-based approach matched those provided 

by the first annotator. The relatively low Kappa value indicates that sentiment interpretation in political and 

historical comments is subjective, potentially leading to differences in assessments among annotators, shown 

below. 

Table 4. Manual Validation Result 

Metric Value 

Validation Sample 100 comments 

Cohen's Kappa 0.15 

Lexicon Agreement 63.00% 

Cohen's Kappa value of 0.15 is considered low and, according to Landis and Koch's (1977) interpretation 

scale, falls into the category of slight agreement (0.00–0.20) [29], [30]. This result is consistent with previous 

research, which reports that sentiment annotation of political and historical texts is inherently subjective and 

heavily dependent on contextual interpretation of personal comments [29]. Therefore, differences between 

annotators are expected when labeling such comments. 

 

3.1.3 Classification Report 

In table 5 summarizes the overall performance and the evaluation for each class. Although the model 

achieved an\ accuracy of 0.91, this value should be interpreted with caution because the dataset is highly 

imbalanced and dominated by the Neutral class. 

Table 5. Classification Report of Logistic Regression 

Class Precision Recall F1-score Support 

Negative 0.00 0.00 0.00 5 

Neutral 0.91 1.00 0.95 90 

Positive 1.00 0.20 0.33 5 

Macro Average 0.64 0.40 0.43 100 

Weighted Average 0.87 0.91 0.87 100 

Accuracy   0,91 100 

 

The classification report shows that the model performs well on the Neutral class (Recall = 1.00) but fails 

to detect the Negative class (Recall = 0.00) and shows limited performance on the Positive class (Recall = 

0.20). The macro-average F1 score of 0.43 indicates that the model's performance is not evenly distributed 

across sentiment classes and remains weak for minority classes despite its high overall accuracy. 

3.1.4 Cross Validation Results 

To test the robustness of the proposed model, five-fold stratified cross-validation was performed during 

training. The accuracy obtained in each validation fold is presented in Table 6. The results show that the 
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Logistic Regression model performs relatively consistently across all folds, indicating stability despite the 

limited dataset size. 

 Table 6. Five-Fold Cross-Validation Results 

Fold Accuracy 

Fold 1 0.96 

Fold 2 0.94 

Fold 3 0.95 

Fold 4 0.93 

Fold 5 0.94 

Average 0.94 

Std Dev 0.01 

3.1.5 Confusion Matrix  

The classification results on the test data are visualized using a confusion matrix, as shown in the table 

below. 

Table 7. Confusion Matrix 

Actual / 

Predicted 

Negative Neutral Positive 

Negative 0 5 0 

Neutral 0 90 0 

Positive 0 4 1 

Based on the confusion matrix, the model correctly classified 90 Neutral comments and 1 Positive 

comment, while all Negative comments were misclassified as Neutral. 

 

3.1.6 Majority Class Baseline  

As a comparison, this study uses the Majority-Class Baseline, which is a model that always predicts the 

majority class. 

Table 8. Comparison with Majority Class Baseline 

Model Accuracy 

Majority-Class Baseline 0.90 

Logistic Regression 0.91 

 

 

3.1.7 Comparison of Logistic Regression with Multinomial Naive Bayes 

To evaluate the effectiveness of the proposed model, this study compares the performance of Logistic 

Regression with Multinomial Naive Bayes using the same test data and evaluation metrics. The comparison 

results are presented in the Comparison Table of Logistic Regression with Multinomial Naive Bayes. Overall, 

Logistic Regression performs better than Multinomial Naive Bayes based on accuracy, precision, recall, and 

F1-score. These results indicate that Logistic Regression is more suitable for classifying sentiment in the 

dataset used in this study. 

Table 9. Comparison of Logistic Regression with Multinomial Naive Bayes 

Model Accuracy Precision Recall F1-score 

Logistic Regression 0.91 0.87 0.91 0.87 

Multinomial Naive 

Bayes 

0.90 0.81 0.90 0.85 

 

3.1.8 Example Comments  

In table 10 presents representative examples of YouTube comments for each sentiment class, including 

Positive, Neutral, and Negative. 

Table 10. Example Comments for Each Sentiment Class 

Sentiment Example Comment 
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Negative "Alhamdulillah. Selalu terbayang senyumannya, s..." 

Neutral "Ya otaknya Gunturramli itu otaknya terbalik yg..." 

Positive "Alhamdulillah Pak Soeharto diberi gelar pahlaw..." 

 

3.1.9 Comparison of Lexicon and Human Annotation  

The table below presents representative examples comparing sentiment labels generated by lexicon-based 

approaches with manual annotations. This comparison highlights cases where automated labels differ from 

human judgments, providing insight into the limitations of lexicon-based methods. 

 

Table 11. Examples of Lexicon and Human Annotation 

Comment Lexicon 

Label 

Human 

Label 

Description 

rakyat hrs bersatu besok th 2029 

tumbangkan... 

Netral Positif Political support not captured by the 

lexicon 

D antra pk karno suharto 

gusdur... 

Netral Positif Positive opinion expressed without 

explicit positive lexicon 

Megawati makin tua makin 

pikun... 

Netral Negatif Implicit criticism toward a political 

figure 

Guntur anda mengatakan PDI-

P... 

Netral Negatif Political criticism not represented in 

the lexicon 

3.2 Discusion  

3.2.1 Classification Performance  

The Logistic Regression model achieved 91% accuracy with a weighted-average F1-score of 0.87. 

However, the macro-average F1-score of 0.43 indicates that the model's performance is not uniform across all 

sentiment classes. The difference between these two metrics indicates that the dominance of the Neutral class 

influences the high accuracy. Although Logistic Regression performed better than Multinomial Naive Bayes, 

both models still struggled to classify minority sentiment classes due to the imbalanced data distribution.  

 

3.2.2 Class Imbalance  

The data distribution is dominated by the Neutral class, resulting in very limited test data for the Positive 

and Negative classes and unstable model performance across both. Although Logistic Regression uses 

class_weight='balanced', the model is still better at recognizing the majority class, as reflected in its high 

accuracy but low macro-average F1-score. Furthermore, the dominance of the Neutral class is likely influenced 

by the lexicon-based method's threshold mechanism, which classifies comments that do not meet the threshold 

for positive or negative sentiment as Neutral. 

 

3.2.3 Confusion Matrix Analysis  

The confusion matrix indicates that the model primarily categorizes a significant number of comments as 

Neutral. All negative comments in the test data were predicted as neutral, while only one positive comment 

was correctly recognized. This implies that the model's ability to detect patterns is skewed toward the majority 

class, at the expense of the minority classes. A similar pattern is also seen in the comparison model, 

Multinomial Naive Bayes, although its overall performance is lower than that of Logistic Regression. 

 

3.2.4 Error Analysis  

Several misclassification errors were found in comments containing sarcasm, nostalgia, implicit criticism, 

or very brief remarks. These characteristics are difficult to identify with lexicon-based approaches because they 

consider only the polarity (tendency) of words, without understanding their content in the context of the 

sentence. Furthermore, removing common words (stopwords) and stemming can reduce contextual 

information, making some implicit or complex comments more difficult to classify. 

 

3.2.5 Lexicon vs Human Labels  

Comparison with human annotation shows that lexicon-based labeling still produces discrepancies for 

comments that are ambiguous, ironic, or mixed in sentiment. The validation results yielded a Lexicon 

Agreement of 63% and a Cohen's Kappa of 0.15 (slight agreement), indicating that manual validation is still 

necessary. 

 



219 

Journal of Electrical Engineering and Computer (JEECOM)  

 

 Laksmita Dewi Supraba: Hybrid Lexicon and Logistic…  

3.2.6 Top Terms  

The most dominant words in each sentiment class provide an overview of the main issues discussed by 

YouTube users regarding Suharto's designation as a National Hero. Top terms were obtained based on the 

highest weighted average Term Frequency–Inverse Document Frequency (TF–IDF) in each sentiment class. 

The results of the analysis are shown in Table 12. 

Table 12. Top Terms of Each Sentiment Class 

Rank Positive Neutral Negative 

1 alhamdulillah pahlawan korupsi 

2 hebat yg yg 

3 pahlawan pak negara 

4 pak jadi jadi 

5 nasional harto bangsa 

6 harto pki anak 

7 Suharto suharto jaman 

8 jadi rakyat indonesia 

9 jasa gelar sekarang 

10 indonesia rezi rezim* 

 

Top terms in the Positive class were dominated by words like "alhamdulillah," "great," "hero," and 

"service," which conveyed appreciation for Suharto. Conversely, the Negative class was dominated by terms 

like "korupsi," "negara," "bangsa," "za," and "regime," which reflected criticism of his reign. Meanwhile, the 

Neutral class was dominated by words such as "hero," "sir," "Suharto," "angkatan," and "rakyat," which were 

more informative or descriptive. 

 

3.2.7 Political Historical Framing 

Thematic analysis shows that positive comments predominantly emphasize narratives about national 

development, economic stability, and appreciation for Suharto's services. Conversely, negative comments are 

dominated by discussions about corruption, collusion, nepotism, and human rights violations. Neutral 

comments generally convey information, discuss, or respond to the process of designating Suharto as a National 

Hero without any clear evaluative tendencies. 

 

3.2.8 Limitations 

This study has several limitations. The data comes from only one YouTube channel, may be influenced by 

user characteristics and the platform's recommendation algorithm, and cannot be generalized to represent 

public opinion. The imbalanced class distribution makes it easier for the model to recognize the majority class, 

leading to lower overall accuracy. Furthermore, some neutral comments may still contain implicit sentiment, 

sarcasm, or ambiguity that the lexicon-based approach fails to recognize. Because the model was trained using 

lexicon-based labels, the classification results are more representative of lexicon labeling patterns than 

independent validation of public sentiment. Therefore, the findings of this study are preliminary and require 

validation using a larger, more diverse dataset. 

 

4.CONCLUSION  
This study proposes a hybrid approach that combines a lexicon-based method with a logistic regression 

model using TF–IDF features to classify the sentiment of YouTube comments on Suharto's designation as a 

National Hero. The model achieved 91% accuracy with a weighted-average F1-score of 0.87. However, the 

macro-average F1-score of 0.43 and the confusion matrix results indicate that the model's performance is not 

uniform across all sentiment classes. The model demonstrated reliable performance in identifying the Neutral 

class; however, it struggled to classify most Positive comments correctly and failed to identify any Negative 

comments in the test dataset. Therefore, overall, these findings position the proposed approach as an initial step 

toward sentiment classification, one that requires further refinement rather than a finalized solution and is 

ineffective in detecting minority sentiment classes. 

This study used approximately 500 comments from a single YouTube channel, so the results cannot be 

generalized to represent public opinion. Furthermore, the model was trained using labels generated by the 

lexicon-based method, so its classification results remain influenced by that method. Dataset size limitations, 

data source bias, and the presence of sarcasm, irony, and political language can also influence classification 

results. Therefore, the dominance of the Neutral class cannot be directly interpreted as evidence that most of 

the public holds a neutral stance on the issue under study. 
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Further research is recommended using larger datasets from various social media platforms, along with 

manual annotation as reference labels, the application of class-balanced modeling, transformer-based models 

such as IndoBERT, and topic modeling and discourse/framing analysis approaches to improve classification 

quality and provide a more comprehensive understanding of public opinion. This study focused on sentiment 

analysis of YouTube comments and did not specifically operationalize or analyze the Government Narrative 

Strategy; therefore, this aspect could be a direction for future research. 
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