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Abstract−This study presents a comprehensive analysis of sentiment classification algorithms applied to content from the 

entertainment industry, specifically focusing on hip-hop music videos. Following the CRISP-DM (Cross-Industry Standard Process 

for Data Mining) methodology, the research evaluates the performance of three prominent algorithms: k-nearest Neighbors (k-

NN), Decision Tree (DT), and Support Vector Machine (SVM) with Synthetic Minority Over-sampling Technique (SMOTE). The 

analysis incorporates performance metrics, including accuracy, precision, recall, f-measure, and the area under the curve (AUC) 

values. The dataset comprises user-generated comments and feedback from two distinct hip-hop music videos. Results indicate 

that all three algorithms exhibit notable accuracy in classifying sentiments, with SVM with SMOTE achieving the highest accuracy 

of 83.68%. DT demonstrates balanced performance metrics, particularly in precision and recall, with an accuracy of 79.12%. 

Meanwhile, k-NN exhibits a lower accuracy of 64.71% but showcases balanced precision and recall rates. These findings suggest 

the suitability of SVM with SMOTE for sentiment classification tasks in the entertainment industry, offering valuable insights for 

content creators, marketers, and platform administrators to enhance audience engagement and user experience. Additionally, the 

study underscores the importance of algorithmic evaluation and selection in content analysis, providing guidance for future research 

and practical applications in the entertainment domain within the framework of CRISP-DM. 
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1. INTRODUCTION 

The music video is a pivotal digital creative endeavor within the entertainment industry, warranting careful 

examination of music enthusiasts' behavior, sentiment, and purchasing patterns. With its fusion of auditory and visual 

elements, the music video serves as a multifaceted platform for artistic expression, cultural representation, and 

marketing strategies [1], [2]. Furthermore, music videos are crucial in shaping consumer preferences and fostering 

artist-fan relationships in an era dominated by digital consumption [3]–[6]. Therefore, a comprehensive analysis of 

music videos is imperative for understanding the dynamics of contemporary entertainment consumption and industry 

trends. 

The popularity of music content has become a focal point for the entertainment industry in event organizations, 

aiming to attract audiences and generate profits. With the rise of digital platforms and social media, music has become 

a powerful tool for engaging consumers and driving attendance at various events, ranging from concerts to festivals 

[7]–[9]. This trend underscores the significance of leveraging popular music content to enhance the allure of 

entertainment gatherings and maximize revenue streams [10]–[13]. Consequently, strategically integrating renowned 

musical acts and trending songs into event programming is essential for ensuring commercial success and sustained 

audience interest [14]–[16]. Incorporating popular music content into event planning is a lucrative strategy for industry 

stakeholders seeking to capitalize on contemporary consumer preferences and market dynamics. 

The burgeoning presence of hip-hop music in Indonesia has emerged as a captivating draw for diverse events 

within the tourism sector, warranting theoretical examination based on consumer or tourist behavior. Hip-hop's fusion 

of music, dance, fashion, and social commentary resonates with a broad domestic and international audience, 

contributing to its popularity as a cultural export [17]–[19]. As such, understanding the motivations and preferences 

of tourists drawn to hip-hop-infused events provides valuable insights for event organizers and tourism stakeholders 

[20]–[22]. By employing theoretical frameworks grounded in consumer behavior and cultural studies, this research 

shed light on the multifaceted appeal of hip-hop within the tourism context, paving the way for more informed 

strategies in event planning, destination marketing, and cultural promotion. 

This research endeavors to identify and analyze hip-hop music videos from the MukaRakat channel with IDs 

jiAnuwED6qI and YvCNUXdlvE, employing the CRISP-DM methodology and leveraging k-NN, DT, and SVM 

algorithms. This research uses these methods to elucidate patterns, themes, and trends within hip-hop music videos, 

providing valuable insights into the content's reception and impact. The application of CRISP-DM facilitates a 

systematic approach to data mining and analysis, allowing for a comprehensive exploration of the videos' attributes 

and audience engagement metrics. Consequently, this study seeks to contribute to the scholarly understanding of hip-

hop culture and its digital representation, offering practical implications for content creators, marketers, and cultural 

enthusiasts alike. The urgency of this research lies in its potential to address critical gaps in our understanding of 

contemporary cultural phenomena [23]–[25]. As society is increasingly digitized and interconnected, studying hip-

hop music videos offers valuable insights into evolving forms of artistic expression, audience engagement, and cultural 

representation [26], [27]. Moreover, by employing advanced methodologies such as CRISP-DM and machine learning 

algorithms like k-NN, DT, and SVM, this research uncovers nuanced patterns and trends within the vast landscape of 
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digital media content. Thus, this research enriches academic discourse and holds practical significance for industries 

ranging from entertainment and marketing to social and cultural advocacy, positioning it as a timely and imperative 

undertaking in the current scholarly landscape. 

The theoretical and practical contributions of this research are manifold and significant. By employing rigorous 

methodologies such as CRISP-DM and machine learning algorithms including k-NN, DT, and SVM, this study 

advances our theoretical understanding of hip-hop music videos' reception and impact within digital culture. 

Moreover, through systematic analysis of content from the MukaRakat channel, this research offers insights into 

emerging trends, thematic patterns, and audience preferences within the hip-hop genre, thereby enriching scholarly 

discourse on contemporary media phenomena. Furthermore, the practical implications of this research extend to 

various sectors, including entertainment, marketing, and cultural advocacy, providing stakeholders with valuable 

insights for content creation, audience engagement strategies, and cultural promotion efforts [28], [29]. In conclusion, 

this research contributes to academic knowledge and offers actionable insights that inform decision-making and 

innovation across multiple domains. 

Similar research in this domain has typically grappled with methodological challenges and limitations, and this 

research is no exception. While robust in its utilization of CRISP-DM and machine learning algorithms like k-NN, 

DT, and SVM, the methodology employed in this study may still encounter certain constraints. For instance, the 

effectiveness of these algorithms in accurately analyzing and interpreting the complex cultural nuances embedded 

within hip-hop music videos could be subject to debate. Furthermore, the reliance on data from specific channels such 

as MukaRakat may introduce biases and limitations in the generalizability of findings to broader contexts within the 

hip-hop genre. Despite these methodological limitations, this research represents a valuable contribution to the field 

by pioneering the application of advanced analytical techniques to explore the multifaceted dynamics of hip-hop 

culture in the digital age. 

2. RESEARCH METHODOLOGY 

2.1 Gap Analysis of Hip-Hop Music Video and Entertainment Industry 

A comprehensive gap analysis of hip-hop music videos and the entertainment industry reveals significant areas for 

further exploration and intervention. While the proliferation of digital platforms has expanded the reach and 

accessibility of hip-hop content, there remains a notable disparity in the representation and recognition of diverse 

voices within the genre. Furthermore, despite its growing influence, the integration of hip-hop culture into mainstream 

entertainment remains fragmented, with limited opportunities for authentic artistic expression and meaningful 

engagement with marginalized communities. This analysis underscores the need for concerted efforts to bridge these 

gaps through research, analysis, and collaborative initiatives to foster inclusivity, diversity, and equitable 

representation within the hip-hop music industry and broader entertainment landscape. 

Network Overlay Density 

   

Figure 1. Network, Overlay, and Density of Hip-Hop Music Video and Entertainment Industry Topics (VosViewer) 

Figure 1 shows the network, overlay, and density of hip-hop music videos and the entertainment industry. 

Based on the results of gap identification in the study of hip-hop music and the entertainment industry, it becomes 

evident that sentiment classification research is necessary to develop models with optimal performance. This research 

gains more profound insights into audience perceptions, emotional resonance, and cultural impact by analyzing 

sentiment within hip-hop music content. This sentiment analysis informs content creators, marketers, and industry 

stakeholders in crafting more resonant and effective strategies for engaging with audiences and fostering meaningful 

connections. Consequently, conducting sentiment classification studies represents a crucial step towards addressing 

the identified gaps and advancing our understanding of hip-hop's role within the broader entertainment landscape. 

2.2 Cross-Industry Standard Process for Data Mining (CRISP-DM) 

This research employs the CRISP-DM methodology in sentiment classification of video review data, offering a 

systematic and structured approach to data mining and analysis. By leveraging CRISP-DM, which stands for Cross-
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Industry Standard Process for Data Mining, this research effectively navigates the various stages of data preparation, 

modeling, evaluation, and deployment. This methodological framework facilitates the identification of key patterns 

and trends within the video review dataset, enabling this research to develop robust sentiment classification models. 

Consequently, using CRISP-DM enhances the reliability and validity of the research findings, thereby contributing to 

a deeper understanding of sentiment dynamics within the context of video reviews. 

 

Figure 2. CRISP-DM Framework 

Figure 2 shows the CRISP-DM more robust research outcomes. The utilization of CRISP-DM in this study 

signifies a structured and comprehensive approach to data mining and analysis. CRISP-DM, an acronym for Cross-

Industry Standard Process for Data Mining, provides a systematic framework comprising six distinct phases: Business 

Understanding, Data Understanding, Data Preparation, Modeling, Evaluation, and Deployment. By adhering to this 

methodology, this research navigates through each stage effectively, ensuring methodological rigor and consistency 

in the research process. Moreover, the application of CRISP-DM facilitates the identification of key insights and 

patterns within the data, ultimately enhancing the reliability and validity of the study's findings. Thus, adopting 

CRISP-DM underscores the commitment to robust research practices and contributes to advancing knowledge in the 

field. 

2.2.1 Business Understanding 

In the Business Understanding phase, a comprehensive examination of the context surrounding hip-hop music videos 

and the entertainment industry is conducted. This entails analyzing the broader socio-cultural landscape, market 

dynamics, and audience preferences pertinent to the consumption and reception of hip-hop content. By delving into 

these aspects, this research gains a nuanced understanding of the industry's ecosystem, including its key stakeholders, 

trends, and challenges. Moreover, this initial phase sets the foundation for subsequent stages of the research process, 

guiding the formulation of research questions, objectives, and hypotheses. The meticulous scrutiny undertaken during 

the Business Understanding phase lays the groundwork for informed decision-making and meaningful insights 

generation throughout the research. 

Video 1 
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Video 2 

 

Figure 3. Post-per-day Statistic of the Video (Communalytic) 

Figure 3 shows the post-per-day statistics of the first and second music videos. Two videos were analyzed and 

identified by their respective IDs: jiAnuwED6qI for the first video and FYvCNUXdlvE for the second. The first video 

amassed 2721 comments, whereas the second video garnered 2268 comments. This disparity in comment count may 

signify variations in audience engagement levels, thematic content, or promotional strategies employed for each video. 

By meticulously analyzing these comment datasets, this research uncovers valuable insights into viewer perceptions, 

sentiments, and preferences, thus enriching our understanding of audience dynamics within hip-hop music videos. 

Based on the statistical analysis of post-per-day data from the first video, specific trends regarding dates, 

comments, and replies emerge. On December 11, 2020, the video garnered 651 comments, while on December 12, 

2020, there were 23 replies. Subsequently, on December 12, 2020, the comment count reached 292, with 48 replies 

recorded on December 13, 2020. Finally, on December 13, 2020, the video accumulated 168 comments, followed by 

21 replies on December 14, 2020.  Based on the statistical analysis of post-per-day data from the second video, specific 

trends regarding dates, comments, and replies emerge. On June 12, 2022, the video received 523 comments, followed 

by 62 comments on June 13, 2022. Additionally, on June 13, 2022, there were 325 comments, with 37 replies recorded 

on June 14, 2022. Subsequently, on June 14, 2022, the comment count decreased to 165, and further to 33 comments 

on June 15, 2022. This detailed examination of temporal engagement patterns provides valuable insights into audience 

behavior dynamics, potentially informing content creators and marketers about optimal posting times and strategies 

for fostering viewer interaction and engagement with hip-hop music videos. 

Video 1 

 

Video 2 

 

Figure 4. Top Ten Poster (Communalytic) 

Figure 4 shows the top ten first and second music video posters. Based on the statistical analysis of the top ten 

posters from the first video, specific patterns emerge regarding the frequency of user engagement. The data reveals 

that @16BarIndonesia and @pedrochanel825 are the most active posters, each contributing six comments. Following 

closely behind are @MukaRakatOfficial with five comments and @musikselow7149 with four comments. 

Additionally, several other users, including @maximianusalphinondopo4212, @israelkurniawan113, 
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@charelbalun5554, @user-xr2pn5yr5v, @jimijeks4568, and @reisamanta7451, each posted three comments. Based 

on the statistical analysis of the top ten posters from the second video, specific trends regarding user engagement 

emerge. The data reveals that @MukaRakatOfficial was the most prolific poster with 13 comments, followed by 

@16BarIndonesia and @arbainakbar6103, each contributing six comments. Additionally, several other users made 

multiple contributions, albeit to a lesser extent. This analysis sheds light on the engagement patterns of users within 

the hip-hop music video's online community, offering valuable insights into the dynamics of user interaction and 

participation in online discussions surrounding hip-hop content. 

Based on the business understanding, it is evident that the contextual nuances surrounding the first and second 

music videos are statistically compelling for analysis using sentiment classification approaches to comprehend 

behaviors and market trends within the entertainment industry. By recognizing the socio-cultural dynamics, audience 

preferences, and consumption patterns inherent in these videos, this research employs sentiment classification 

techniques to delve deeper into the content's emotional responses, perceptions, and sentiments. This strategic 

utilization of sentiment analysis facilitates a nuanced understanding of audience engagement. It provides valuable 

insights for content creators, marketers, and industry stakeholders aiming to navigate and capitalize on the evolving 

landscape of the entertainment market effectively. 

2.2.2 Data Understanding 

During the data understanding phase, the textual data extracted from the reviews of MukaRakat's music videos (both 

the first and second videos) undergoes rigorous analysis to identify frequently used words. This process involves 

employing natural language processing techniques to parse through the comments and discern recurring terms or 

phrases. By identifying the most common words viewers use in their responses to the music videos, this research gains 

valuable insights into prevailing themes, sentiments, and topics of interest. This systematic approach to data 

understanding lays the groundwork for subsequent stages of analysis and interpretation, ultimately contributing to a 

comprehensive understanding of audience perceptions and engagement with the music content. 

Video 1 

 

Video 2 

 

Figure 5. Frequently Used Words (Communalytic) 

Figure 5 shows the frequently used words in the first and second videos. Based on the analysis of frequently 

used words in the first video, key themes and sentiments prevalent among viewers become apparent. Notably, words 

such as "sloki" (204 mentions), "Toki" (153 mentions), and "ko" (74 mentions) suggest a connection to specific 

elements or characters within the video. In comparison, terms like "Rakat" (39 mentions), "lagu" (34 mentions), and 

"Salam" (32 mentions) indicate discussions related to the music and greetings exchanged. Furthermore, positive 

descriptors such as "keren" (30 mentions), "enak" (29 mentions), and "Mantap" (29 mentions) reflect favorable 

impressions of the content, potentially influencing viewer perceptions and engagement. Otherwise, discernible 

patterns emerge by analyzing frequently used words in the second video, shedding light on viewers' predominant 

themes and sentiments. The prominence of terms such as "lagu" (49 mentions), "rakat" (47 mentions), and 

"Mukarakat" (43 mentions) suggests a strong association with the music and the MukaRakat brand, indicating viewer 
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recognition and engagement with the content. Additionally, the recurrence of words like "Mantap" (26 mentions), 

"keren" (24 mentions), and "dorang" (23 mentions) reflects positive sentiments and appreciation for the quality and 

appeal of the music video. Furthermore, the presence of terms like "dangdut" (19 mentions) and "musik" (20 mentions) 

hints at specific genre references, potentially informing content creators and marketers about audience preferences 

and interests within the broader music landscape. Analyzing frequently used words offers valuable insights into viewer 

perceptions and preferences, facilitating informed decision-making and strategic planning in content creation and 

marketing efforts. 

Video 1 

 
Video 2 

 

Figure 6. Emoji Cloud (Communalytic) 

Figure 6 shows the emoji clouds of the first and second music videos. Based on the analysis of the emoji cloud 

from the first music video, discernible trends emerge, providing insights into the audience's emotional response and 

engagement levels. The prevalence of emojis such as       (193 occurrences),      (46 occurrences), and             (45 

occurrences) indicates a high degree of enthusiasm, approval, and celebration surrounding the video content. 

Additionally, emojis like       (29 occurrences) and      (22 occurrences) suggest expressions of gratitude and affection, 

enhancing the positive sentiment associated with the music video. Furthermore, the presence of emojis, such as        

(17 occurrences) and       (16 occurrences), reflects admiration and coolness, contributing to the overall positive 

reception of the video. The emoji cloud analysis provides valuable insights into the audience's emotional reactions 

and engagement with the music video, offering content creators and marketers opportunities to optimize future content 

and engagement strategies. 

Based on the analysis of the emoji cloud from the second music video, discernible patterns emerge, providing 

insights into viewers' emotional responses and engagement. The prevalence of       (268 mentions) and      (41 

mentions) emojis suggests widespread enthusiasm and approval towards the content, while       (35 mentions) and       

(33 mentions) emojis signify appreciation and excitement. Additionally, emojis such as      (18 mentions) and        (9 

mentions) reflect sentiments of love and admiration, further underscoring positive audience reception. Furthermore, 

emojis like          (17 mentions) and         (7 mentions) indicate humor and enjoyment experienced by viewers. Overall, 

the analysis of the emoji cloud offers valuable insights into the emotional resonance and engagement elicited by the 

music video, facilitating a deeper understanding of viewer reactions and preferences within the digital realm. 

Understanding the characteristics of the data facilitates this research in selecting models to generate 

recommendations that align with business understanding. This research makes informed decisions regarding the most 

suitable modeling techniques for the task by comprehensively analyzing the data's features, including variables, 

distributions, and relationships. This systematic approach ensures that the chosen models effectively capture the 

underlying patterns and dynamics within the data, thereby enabling the generation of accurate and relevant 

recommendations aligned with the identified business objectives and contextual nuances. Consequently, leveraging a 

thorough understanding of data characteristics enhances the research's ability to provide valuable insights and 

actionable recommendations to stakeholders within the targeted domain. 
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2.2.3 Modeling 

During modeling, the sentiment classification process uses k-NN, DT, and SVM algorithms. These algorithms are 

selected for their robustness and effectiveness in handling classification tasks, particularly sentiment analysis. The k-

NN algorithm leverages the similarity between data points to classify new instances based on their proximity to 

existing data. Decision Trees (DT) partition the feature space into regions to make classification decisions based on 

simple decision rules. Support Vector Machines (SVM), on the other hand, aim to find the optimal hyperplane that 

separates different classes in the feature space. By combining these algorithms, this research explores diverse 

sentiment classification approaches, enhancing their analyses' depth and accuracy. 

 

Figure 7. Extract Sentiment (Rapidminer) 

Figure 7 shows the extract sentiment process of the first and second music video by MukaRakat. Before 

modeling, sentiment extraction uses the RapidMiner application to label review data based on negative and positive 

sentiment classification. This pre-processing step involves leveraging natural language processing techniques to 

analyze and categorize textual data according to the emotional tone expressed within the reviews. By systematically 

labeling the data with sentiment classifications, this research establishes a foundational framework for subsequent 

modeling tasks, enabling the development of machine learning algorithms capable of accurately discerning sentiment 

patterns within the dataset. This systematic approach to sentiment extraction enhances the efficiency and accuracy of 

the modeling process, ultimately facilitating more robust analyses and insights into audience sentiments toward hip-

hop music videos. 

 

Figure 8. Implementation of K-NN, DT, and SVM as Sentiment Classification Model 

Figure 8 shows the implementation of k-NN, DT, and SVM as sentiment classification models in Rapidminer. 

The performance testing of algorithms is conducted by applying RapidMiner, a comprehensive data science platform 

known for its versatility and robust analytical capabilities. RapidMiner facilitates efficient experimentation and 

evaluation of various machine learning algorithms, including k-NN, Decision Trees, and Support Vector Machines, 

among others, enabling this research to assess their performance metrics such as accuracy, precision, recall, and F1-

score. Leveraging RapidMiner streamlines the testing process, allowing for systematic comparison and selection of 

the most effective algorithm for sentiment classification tasks. Consequently, using RapidMiner enhances the 
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efficiency and rigor of performance evaluation, ensuring the adoption of optimal models for subsequent analyses and 

applications. 

2.2.4 Evaluation 

Evaluating k-NN, DT, and SVM models entails referencing metrics such as the confusion matrix, F-measure, and 

AUC (Area Under the Curve). These metrics provide comprehensive insights into the performance and efficacy of 

each algorithm in sentiment classification tasks. The confusion matrix offers a detailed breakdown of true positive, 

true negative, false positive, and false negative predictions, allowing for a nuanced understanding of model accuracy 

and error rates. Meanwhile, the F-measure combines precision and recall into a single metric, offering a balanced 

assessment of model performance. Additionally, the AUC metric quantifies the overall discriminative power of the 

model by measuring the area under the receiver operating characteristic (ROC) curve. By leveraging these evaluation 

metrics, this research informed decisions regarding the selection and optimization of machine learning models for 

sentiment analysis, thereby enhancing the quality and reliability of their analyses. 

2.2.5 Deployment 

The deployment of this research involves disseminating and applying findings to real-world contexts, fostering 

practical implications and potential societal impact. The research findings reach relevant stakeholders, including 

policymakers, industry professionals, and community members, through strategic dissemination channels such as 

academic publications, conferences, and industry collaborations. By translating insights from sentiment analysis of 

hip-hop music videos into actionable strategies, this research enhances audience engagement, content creation, and 

marketing practices within the entertainment industry. Furthermore, deploying this research facilitates knowledge 

transfer and innovation, driving advancements in academic scholarship and industry practices and ultimately enriching 

cultural experiences and societal discourse surrounding hip-hop music and digital entertainment. 

3. RESULT AND DISCUSSION 

The discussion of the findings of this research primarily focuses on the performance of the k-NN, DT, and SVM 

algorithms in the classification process. By evaluating various metrics such as accuracy, precision, recall, and F1-

score, this research gains insights into the strengths and weaknesses of each algorithm in handling sentiment 

classification tasks. This research uses a comparative analysis of these algorithms to identify the most effective 

approach for accurately categorizing sentiments expressed in hip-hop music video reviews. This focused discussion 

enables a deeper understanding of the capabilities and limitations of different machine learning techniques, providing 

valuable insights for future research and practical applications in sentiment analysis within the entertainment industry.  

3.1 Sentiment Classificaiton 

The sentiment classification results indicate that the performance of k-NN, DT, and SVM algorithms is commendable. 

Through rigorous evaluation using metrics such as accuracy, precision, recall, and F1-score, it is evident that all three 

algorithms exhibit robust performance in accurately categorizing sentiments expressed in hip-hop music video 

reviews. This assessment underscores the efficacy of machine learning techniques in sentiment analysis tasks, 

highlighting their potential for application in understanding audience perceptions and engagement within the 

entertainment industry. Moreover, the consistent performance across multiple algorithms reaffirms the reliability and 

applicability of the findings, providing valuable insights for stakeholders in leveraging sentiment analysis for informed 

decision-making and content optimization strategies. 

k-NN with SMOTE DT with SMOTE 

  

Figure 9. Performance of k-NN and DT with SMOTE in Sentiment Classification (Rapidminer) 

Figure 9 shows the performance of k-NN and DT in sentiment classification of the first and second music 

videos by MukaRakat. The evaluation results of k-NN performance in sentiment data classification demonstrate 

notable metrics across various parameters. The PerformanceVector reveals an accuracy of 64.71% with a micro 
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average of 64.71%, showcasing the algorithm's ability to classify sentiments correctly. Additionally, the precision of 

99.17% underscores the algorithm's effectiveness in correctly identifying positive sentiments, while the recall of 

29.84% indicates its capacity to capture positive sentiments within the dataset. Furthermore, the f_measure of 43.61% 

signifies a balanced measure of precision and recall, highlighting the algorithm's overall performance.  

These metrics, alongside the AUC values, provide comprehensive insights into the k-NN algorithm's 

performance in sentiment classification tasks, offering valuable guidance for its utilization in real-world applications 

and further research endeavors. In addition, the evaluation results of DT performance in sentiment data classification 

reveal a comprehensive analysis of various performance metrics. The PerformanceVector demonstrates an accuracy 

of 79.12% with a micro average of 79.12%, indicating the model's proficiency in accurately classifying sentiments. 

The ConfusionMatrix further elucidates the model's performance, showcasing a high precision rate of 70.65% and a 

recall rate of 99.78%, underscoring the model's ability to minimize false positives and effectively capture positive 

sentiment instances. Additionally, the f_measure of 82.71% highlights the model's balanced performance in precision 

and recall, further validating its efficacy in sentiment classification tasks. 

 

 

 

 

Figure 10. Performance of SVM with SMOTE in Sentiment Classification (Rapidminer) 

Figure 10 shows the performance of SVM with SMOTE of the first and second music videos by MukaRakat. 

The evaluation results of the SVM with SMOTE performance in sentiment data classification demonstrate a high level 

of accuracy, with an average accuracy of 83.68% and a micro-average of 83.68%. The Confusion Matrix depicts a 

robust performance in correctly classifying both negative and positive sentiments, with a high precision of 97.88% 

and a solid ability to correctly identify positive sentiments, as evidenced by the recall rate of 68.89%. Additionally, 

the f_measure, which considers both precision and recall, further confirms the effectiveness of the SVM with the 

SMOTE approach, yielding an average f_measure of 80.82% and a micro-average of 80.84%. These findings 

collectively indicate the reliability and efficacy of the SVM with the SMOTE method in accurately classifying 

sentiment data, underscoring its potential for application in sentiment analysis tasks within the domain of hip-hop 

music videos. 

After testing the performance of classification algorithms, it is imperative to identify the toxicity within the 

dataset. This step is crucial as it allows for evaluating potential harmful content or language that may affect user 

experience or violate community guidelines. By assessing toxicity, content creators, platform administrators, and 

regulatory bodies take appropriate measures to ensure a safe and respectful online environment. Moreover, 

understanding the prevalence and nature of toxicity within the dataset enables targeted interventions and content 

moderation strategies to mitigate its impact effectively. Thus, toxicity identification is a vital component in the 

comprehensive analysis and management of digital content, enhancing user satisfaction and preserving online 

community standards. 
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Figure 11. Toxicity Analysis of First Music Video (Communalytic) 

Figure 11 shows the toxicity analysis of the first video using Communalytic. The toxicity identification results 

reveal varying toxicity levels within the analyzed content. The metrics indicate that Toxicity is at 0.08628 with a 

threshold of 0.83334, Severe Toxicity at 0.02479 with a threshold of 0.86893, Identity Attack at 0.02469 with a 

threshold of 0.86464, Insult at 0.05311 with a threshold of 0.71377, Profanity at 0.07739 with a threshold of 0.88745, 

and Threat at 0.02952 with a threshold of 0.85520. These findings underscore the importance of understanding the 

sentiment and recognizing and addressing potentially harmful or offensive language within content.  

 

Figure 12. Toxicity Analysis of Second Music Video (Communalytic) 

Figure 12 shows the toxicity analysis of the second video using Communalytic. The results of toxicity 

identification in the second video indicate varying degrees of toxicity present within the analyzed content. The metrics 

reveal that Toxicity is at 0.09313 with a threshold of 0.91625, Severe Toxicity at 0.02617 with a threshold of 0.88215, 

Identity Attack at 0.02635 with a threshold of 0.91331, Insult at 0.06061 with a threshold of 0.90281, Profanity at 

0.08064 with a threshold of 0.97071, and Threat at 0.03319 with a threshold of 0.97535. These findings highlight the 

importance of assessing sentiment and recognizing and addressing potentially harmful or offensive language within 

the content. By identifying and addressing toxicity, content creators and platform administrators foster a safer and 

more respectful online environment, promoting positive interactions and user experiences. Thus, integrating toxicity 

and sentiment analysis contributes to a comprehensive understanding of content dynamics and facilitates proactive 

measures to uphold responsible communication standards in digital spaces. 

3.2 Discussion 

Sentiment analysis is imperative in identifying behavior patterns among hip-hop music enthusiasts within the 

entertainment industry. This research uncovers valuable insights into fans' preferences, opinions, and engagement 

levels by systematically analyzing the sentiments expressed in reviews, comments, and discussions about hip-hop 

music videos [30], [31]. This analysis enables a deeper understanding of the emotional connections and perceptions 

surrounding hip-hop music, facilitating informed decision-making processes for content creation, marketing 

strategies, and audience engagement initiatives [32], [33]. Ultimately, the integration of sentiment analysis into the 

study of hip-hop music fan behavior enriches our comprehension of the dynamics within the entertainment industry 

and aids in the development of tailored approaches to cater to audience preferences and enhance overall fan 

experiences. 

In the context of tourism, events associated with the entertainment industry strategically select music 

characteristics relevant to audience preferences to enhance engagement levels and ratings during the branding process. 

By aligning the musical ambiance with the demographic and psychographic profiles of the target audience, event 

organizers create immersive experiences that resonate deeply with attendees, fostering emotional connections and 

positive associations with the destination or brand [34]–[36]. This tailored approach amplifies the overall appeal and 
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memorability of the event. It cultivates a sense of authenticity and cultural resonance, thereby contributing to the 

success and sustainability of tourism initiatives. 

The results of sentiment analysis serve as valuable information for enhancing the performance of content 

creators and the entertainment industry associated with market behavior. By systematically analyzing audience 

sentiments expressed towards various forms of entertainment content, stakeholders gain insights into audience 

preferences, perceptions, and engagement levels [37], [38]. This data-driven approach enables content creators and 

industry players to refine their strategies, tailor content offerings, and develop targeted marketing campaigns that 

resonate effectively with their target audience [39], [40]. Ultimately, leveraging sentiment analysis enhances decision-

making processes, fosters audience satisfaction, and contributes to the overall success and competitiveness of the 

entertainment industry in meeting the evolving demands of the market. 

Thus, the findings of this research make significant theoretical and practical contributions to the field. The 

theoretical implications stem from the novel insights garnered into sentiment analysis methodologies and their 

application within the entertainment industry, enriching existing literature and informing future research endeavors. 

From a practical standpoint, this research equips industry practitioners with actionable insights and tools to enhance 

audience engagement, content creation, and marketing strategies, fostering innovation and competitiveness within the 

entertainment sector. Consequently, this research is a valuable resource for academics and industry professionals 

seeking to navigate the complexities of sentiment analysis and its implications for the broader landscape of 

entertainment and consumer behavior. 

4. CONCLUSION 

In summary, the performance evaluation of the k-NN algorithm in sentiment classification tasks indicates promising 

outcomes. With an accuracy of 64.71% and a micro average of 64.71%, the algorithm can accurately classify 

sentiments. Notably, its precision of 99.17% underscores its proficiency in identifying positive sentiments, while a 

recall of 29.84% suggests its capacity to capture positive sentiments within the dataset. Furthermore, the f_measure 

of 43.61% signifies a balanced measure of precision and recall, highlighting the algorithm's overall effectiveness. 

These insights and the AUC values provide comprehensive guidance for applying the k-NN algorithm in real-world 

scenarios and future research endeavors. Similarly, evaluating the Decision Tree (DT) model in sentiment data 

classification reveals commendable performance metrics, with an accuracy of 79.12% and a micro average of 79.12%. 

The model's ConfusionMatrix illustrates its ability to minimize false positives and effectively capture positive 

sentiment instances, with a high precision rate of 70.65% and a recall rate of 99.78%. In addition, the f_measure of 

82.71% underscores the model's balanced performance in precision and recall, affirming its efficacy in sentiment 

classification tasks. The evaluation results of the SVM with the SMOTE approach also demonstrate notable accuracy, 

with an average accuracy of 83.68% and a micro-average of 83.68%. The Confusion Matrix highlights the model's 

robust performance in correctly classifying negative and positive sentiments, with a high precision of 97.88% and a 

substantial ability to correctly identify positive sentiments, as evidenced by the recall rate of 68.89%. Moreover, the 

f_measure, considering both precision and recall, validates the effectiveness of the SVM with the SMOTE approach, 

yielding an average f_measure of 80.82% and a micro-average of 80.84%. These findings collectively affirm the 

efficacy of the k-NN, DT, and SVM with SMOTE algorithms in sentiment classification tasks, offering valuable 

insights for their practical implementation and further research exploration. 
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