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Abstract−This research employs the CRISP-DM framework to analyze digital engagement through travel vlog content, explicitly 

focusing on vlogs about Gili Trawangan. The study systematically follows the CRISP-DM phases: business understanding, data 

understanding, data preparation, modeling, evaluation, and deployment. Utilizing the VADER sentiment analysis model and the SVM 

algorithm with SMOTE, the research achieves a high level of accuracy in sentiment classification, with the SVM model demonstrating 

an accuracy of 88.57% +/- 5.11% and a precision of 90.95% +/- 5.09%. Analysis of 442 cleaned and labeled data points reveals a 

strong dominance of positive sentiments, with 62.61% in the first video and 84.25% in the second video. These findings underscore 

the effectiveness of travel vlogs in engaging viewers and generating positive interactions as powerful tools for tourism marketing. The 

study concludes that the CRISP-DM framework is highly effective in facilitating comprehensive sentiment analysis and enhancing 

strategic tourism marketing initiatives. 
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1. INTRODUCTION  

Analyzing tourist behavior is crucial to identifying market segments and examining preferences and trends for effective 

marketing strategies. Understanding the motivations and actions of tourists enables the development of targeted 

promotions and tailored services, enhancing overall satisfaction and loyalty [1]–[4]. By assessing demographic data, 

psychographic profiles, and consumption patterns, it is possible to predict emerging trends and adapt offerings to meet 

evolving demands [5]–[8]. Effective segmentation and preference analysis drive competitive advantage, enabling a 

precise alignment of marketing efforts with consumer expectations [9]–[12]. In conclusion, thoroughly examining tourist 

behavior provides invaluable insights for optimizing marketing strategies in the tourism industry. 

The rise of travel vlogs across various tourist destinations significantly enhances destination marketing. Digital 

content uploaded to various media-sharing platforms, mainly social media, provides tourists with extensive information 

about the locations they visit [13]–[16]. These vlogs offer insights into local attractions, cultural experiences, and practical 

travel tips, influencing potential visitors' decisions and enriching travel planning [17]–[20]. Consequently, travel vlogs 

contribute to a broader and more engaged audience, fostering increased interest and visitation rates. In conclusion, the 

trend of travel vlogging plays an integral role in effectively promoting tourism destinations. 

This study aims to analyze the content and discuss sentiment analysis results based on review data from travel vlog 

videos uploaded to YouTube. By examining the comments and feedback from viewers, valuable insights into user 

perceptions and attitudes towards specific tourist destinations are obtained [21], [22]. The analysis identifies key themes 

and sentiment trends, highlighting areas of positive reception and potential improvement [23]–[25]. It is argued that such 

insights are crucial for destination marketers to tailor strategies effectively [26]–[28]. In conclusion, the findings from 

this research provide a deeper understanding of user responses on the platform, enhancing the strategic promotion of 

tourism destinations. 

This case study focuses on Gili Trawangan in Lombok, as reviewed in YouTube videos with the IDs s9ut2k72uwc 

and S7utYxLazMA. The analysis examines how these videos portray the destination's attractions and amenities and appeal 

to potential tourists. By assessing viewer engagement and sentiment in the comments section, insights are gained into 

public perceptions and expectations [29]–[32]. It is posited that such targeted analysis helps understand the effectiveness 

of digital content in promoting tourism destinations [33], [34]. In conclusion, this case study sheds light on the influential 

role of YouTube content in shaping the image and attractiveness of Gili Trawangan as a tourist destination. 

The methodology employed in this research is the Cross-Industry Standard Process for Data Mining (CRISP-DM). 

This robust and structured approach encompasses six phases: business understanding, data understanding, data 

preparation, modeling, evaluation, and deployment. Each phase ensures a comprehensive analysis, allowing for the 

systematic extraction of valuable insights from large datasets. Utilizing CRISP-DM facilitates a thorough and replicable 

process, enhancing the reliability and validity of the research findings. In conclusion, the application of CRISP-DM in 

this study provides a meticulous framework for data mining, contributing to the rigor and depth of the research 

methodology. 

The theoretical and practical contributions of this study significantly advance tourism knowledge. Theoretically, 

the research introduces novel frameworks and models that deepen the understanding of tourist behavior, destination 

marketing, and digital engagement. Practically, the study provides actionable insights for tourism stakeholders, enabling 

them to develop more effective marketing strategies and enhance visitor experiences. It is posited that these contributions 

not only bridge gaps in existing literature but also drive innovation in tourism practices. In conclusion, the study's findings 
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offer substantial value in academic discourse and real-world application, fostering growth and development within the 

tourism sector. 

The limitation of this study lies in the context of the destination and video content, which is confined to the travel 

experiences in Gili Trawangan, as reviewed in YouTube videos with the IDs s9ut2k72uwc and S7utYxLazMA. This 

narrow focus restricts the generalizability of the findings to other destinations or types of video content. Additionally, the 

analysis is limited to the selected videos' subjective experiences and presentation styles, potentially introducing bias. 

Expanding the scope to include multiple destinations and diverse content formats could provide a more comprehensive 

understanding. In conclusion, while the current focus offers valuable insights into Gili Trawangan, broader studies are 

necessary for more generalized conclusions. 

2. RESEARCH METHODOLOGY 

2.1 Gap Analysis 

Gap analysis is conducted to determine the extent of progress in studying Tourist Behavior, Destination Marketing, Digital 

Engagement, Travel Vlogs, and Tourism. This analysis helps identify the areas where current research is lacking and 

where future studies should be directed [35], [35]–[37]. By evaluating the existing literature and identifying discrepancies, 

the study uncovers critical insights into how these fields have evolved and where they intersect [38]–[41]. It is posited 

that addressing these gaps will significantly enhance the theoretical and practical understanding of these interconnected 

domains. In conclusion, gap analysis provides a comprehensive framework for advancing research in the multifaceted 

realm of tourism studies. 

 
Figure 1. Gap Analysis using Vosviewer 

Figure 1 shows the network, overlay, and density visualization. Considering the contextuality of destinations and 

travel vlog content, this research must understand aspects related to digital engagement, tourist behavior, and travel vlogs 

in the marketing media [42]–[45]. The study aims to explore how digital platforms influence tourist decision-making 

processes and behaviors by analyzing the interactions and feedback on travel vlogs. Additionally, it examines the 

effectiveness of travel vlogs in promoting tourist destinations, offering insights into marketing tools. It is argued that this 

understanding will enable more strategic utilization of digital content to attract and retain tourists. In conclusion, this 

research addresses critical intersections between digital engagement, tourist behavior, and travel vlogs, contributing 

valuable knowledge to tourism marketing. 

Several studies on sentiment analysis remain focused on testing algorithms, neglecting the primary objective of 

understanding tourist behavior and the effectiveness of digital technologies for viewer engagement [46]–[50]. Sentiment 

analysis in tourism aims to decode tourist sentiments and preferences, offering insights into how digital tools influence 

experiences. This research, therefore, delves into the context of tourism destinations using a sentiment analysis approach 

guided by the CRISP-DM methodology. It is posited that this approach not only enhances the accuracy of sentiment 
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analysis but also provides practical insights for improving digital engagement strategies. In conclusion, the study bridges 

the gap between algorithmic development and practical application in tourism sentiment analysis. 

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

This study employs the CRISP-DM framework for data processing within the context of travel vlogs and the Gili 

Trawangan tourist destination in Nusa Tenggara Barat. The CRISP-DM methodology guides the systematic approach to 

data analysis, from business understanding to deployment, ensuring a structured and comprehensive examination of the 

digital content. The study aims to derive objective insights into tourist behavior and digital engagement by focusing on 

data understanding, modeling, and evaluation. It is posited that the application of CRISP-DM enhances the accuracy and 

relevance of the findings. In conclusion, this methodological approach provides a robust framework for analyzing travel 

vlog data and optimizing tourism marketing strategies. 

 

Figure 2. Implementation of CRISP-DM Framework 

Figure 2 shows the implementation of the CRISP-DM framework. The utilization of the CRISP-DM framework 

is based on considerations of the business understanding and deployment phases, which yield outputs implemented to 

optimize business processes and enhance productivity across various fields, as demonstrated in case studies. The business 

understanding phase ensures a clear grasp of project objectives and requirements, aligning them with business goals. The 

deployment phase translates analytical results into actionable strategies, facilitating practical applications and measurable 

improvements. It is posited that CRISP-DM's structured approach enhances analytical precision and ensures practical 

relevance and scalability. In conclusion, the CRISP-DM framework effectively bridges the gap between data analysis and 

business optimization, demonstrating its versatility and efficacy. 

Subsequently, the data understanding, modeling, and evaluation phases in the CRISP-DM framework strengthen 

data-driven arguments or recommendations, enhancing objectivity. The data understanding phase involves 

comprehensive data collection and exploration, ensuring the reliability and relevance of the dataset. The modeling phase 

applies various analytical techniques to uncover patterns and insights, while the evaluation phase assesses the model's 

performance and accuracy. This systematic approach ensures that conclusions drawn are well-supported by empirical 

evidence. In conclusion, these phases collectively contribute to the robustness and credibility of data-driven decisions, 

making them more objective and impactful. 

2.2.1 Business Understanding 

 In the business understanding phase, it is essential to identify the data sources and characteristics that will be further 

processed. The data utilized in this study originates from the YouTube platform, specifically selected content about Gili 

Trawangan from the years 2022 (s9ut2k72uwc) and 2023 (S7utYxLazMA). Understanding the origin and nature of this 

data is crucial for ensuring its relevance and reliability in subsequent analyses. It is argued that this careful selection 

process enhances the validity of the study's findings. In conclusion, thoroughly comprehending the data sources and the 

attributes forms the foundation for effective data processing and analysis in this research. 
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First Video 

 
Second Video 

 

Figure 3. Video and Post-Per-Day Statistic (Communalytic) 

Figure 3 shows the post-per-day statistic. Based on post-per-day statistical data, it is evident that both videos elicit 

comments from YouTube platform users, indicating that the travel vlog content has been viewed and well comprehended 

by the audience. The frequency and nature of these comments suggest active engagement and interaction, reflecting the 

viewers' interest and understanding of the presented material. This engagement underscores the effectiveness of travel 

vlogs in capturing and maintaining viewer attention. In conclusion, the observed user interactions validate the impact of 

travel vlog content, demonstrating its potential as an influential medium in digital tourism marketing. 

The first video has accumulated 305,403 views since May 28, 2022, while the second video has garnered 253,971 

views as of July 27, 2023. These substantial view counts reflect significant audience interest and engagement with the 

content. The high number of views indicates that the travel vlogs have effectively reached a broad audience, suggesting 

relevance and appeal. It is posited that such levels of engagement demonstrate the effectiveness of visual content in 

attracting and retaining viewer attention. In conclusion, the impressive viewership of both videos underscores the 

impactful role of travel vlogs in digital tourism promotion. 

2.2.2 Data Understanding 

In the data understanding phase, 385 data points will be processed for the video with ID s9ut2k72uwc and 220 for the 

video with ID S7utYxLazMA. The next crucial step is identifying the frequently used words and the top-ten posters from 

both videos. This analysis will reveal common themes and critical contributors, providing deeper insights into audience 

engagement and content reception. It is posited that understanding these elements will enhance the effectiveness of 

subsequent data modeling and evaluation. In conclusion, thorough data understanding lays the foundation for a robust 

analysis, driving more accurate and actionable insights. 

Frist Video Words cloud 
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Second Video Words cloud 

 

Figure 4. Words Cloud (Communalytic) 

Figure 4 shows the frequently used words in the first and second videos. The most frequently occurring words in 

the review data of the first video are as follows: "Bali" (95 occurrences), "Gili" (87 occurrences), "Lombok" (51 

occurrences), "island" (49 occurrences), "like" (36 occurrences), "video" (34 occurrences), "just" (31 occurrences), "back" 

(28 occurrences), and "Bali" (23 occurrences). These keywords highlight the primary locations and general sentiments 

expressed by viewers, indicating a strong interest in specific destinations and the content of the travel vlog. The repetition 

of terms such as "Bali" and "Gili" underscores the prominence of the discussions, reflecting the viewers' focus on these 

locations. In conclusion, analyzing these frequently used words provides valuable insights into the audience's interests 

and the video's impact, guiding more targeted content creation and marketing strategies. 

The most frequently occurring words in the review data of the second video are as follows: "Gili" (50 occurrences), 

"Bali" (33 occurrences), "Lombok" (29 occurrences), "video" (24 occurrences), "back" (23 occurrences), "island" (23 

occurrences), "time" (22 occurrences), "Indonesia" (21 occurrences), and "just" (18 occurrences). These words highlight 

key destinations and sentiments expressed by viewers, indicating a strong focus on specific locations and the overall 

content of the travel vlog. The prominence of terms such as "Gili" and "Bali" suggests that these destinations are central 

to the viewers' interest and discussions. In conclusion, analyzing these frequently used words offers valuable insights into 

audience engagement and the video's impact, aiding in developing more targeted and effective content strategies. 

Subsequently, it is necessary to identify the top ten posters for each video to determine the viewer accounts actively 

commenting on the first and second videos. This analysis will reveal the most engaged audience members and the 

frequency of interaction, providing insights into the community dynamics surrounding the travel vlog content. 

Understanding these active users' engagement patterns helps tailor content to meet audience preferences better and 

enhance viewer retention. It is posited that recognizing and leveraging the contributions of these critical commenters will 

significantly boost the effectiveness of digital engagement strategies. In conclusion, identifying the top posters is crucial 

for optimizing content interaction and fostering a more engaged viewer base. 

Frist Video  

 
Second Video 

 

Figure 5. Top-Ten-Poster (Communalytic) 

Figure 5 shows the top ten posters of the dataset. The top ten posters for the first video are identified as follows: 

@lostleblanc (13 comments), @uddinfamilyyoutubeaccount9230 (7 comments), @jasminebali8068 (7 comments), 

@fjalls (4 comments), @sebastianinouye (3 comments), @Thelostcrew831 (3 comments), @squeegeemeditation2643 (3 

comments), @3disy (3 comments), @enricomartin5689 (3 comments), and @nickmiltenburg3699 (3 comments). These 
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users demonstrate a high level of engagement, contributing significantly to the discussion around the video. The frequent 

interactions suggest they are particularly interested or invested in the content, highlighting critical contributors to the 

viewer community. It is posited that understanding the motivations and preferences of these active commenters informs 

more targeted and effective content strategies. In conclusion, identifying these top posters is crucial for enhancing 

engagement and fostering a loyal viewer base. 

The top ten posters for the second video are identified as follows: @CrosbyGraceTravels (10 comments), 

@crystalslade8056 (4 comments), @ronaldoago-go5907 (4 comments), @whereisrizanow (3 comments), 

@umbertoverbita6653 (3 comments), @aussi5348 (2 comments), @charlotterusson2885 (2 comments), @boynesta-fj5bk 

(2 comments), @deddygiririndjani635 (2 comments), and @nickmiltenburg3699 (2 comments). These users exhibit a 

notable degree of engagement, actively participating in the conversation around the video. The consistent interaction 

signifies a strong interest in the content, marking them as key contributors within the viewer community. It is posited that 

analyzing the preferences and behaviors of these top commenters provides valuable insights for refining content strategies. 

In conclusion, recognizing these active posters is essential for enhancing audience engagement and building a dedicated 

viewership. 

 

Figure 6. Data Cleaning Process (Rapidminer) 

Figure 6 shows the data cleaning process in Rapidminer. Subsequently, the review data from the first and second 

videos will be extracted and cleansed using RapidMiner. This process systematically removes noise and irrelevant 

information to ensure data accuracy and reliability. Data cleansing is crucial for eliminating inconsistencies and enhancing 

the dataset's quality, facilitating more accurate analysis. It is posited that utilizing RapidMiner for these tasks ensures high 

precision and efficiency in data processing. In conclusion, the extraction and cleansing of review data are essential steps 

in preparing the dataset for comprehensive analysis, contributing to the validity and robustness of the research findings. 

2.2.3 Modeling 

the overall validity and applicability of the research findings. The cleansed and combined data will be tested using k-NN, 

DT, SVM, and NBC algorithms to obtain a relevant and context-appropriate model for the dataset. Each algorithm offers 

distinct advantages: k-NN for its simplicity and effectiveness in pattern recognition, DT for its interpretability and 

decision-making process, SVM for its robustness in handling high-dimensional spaces, and NBC for its efficiency in 

probabilistic classification. Applying these algorithms enables a comprehensive evaluation, ensuring the selection of the 

most suitable model. It is posited that this multi-algorithm approach enhances the accuracy and applicability of the 

findings. In conclusion, testing the data with these algorithms is pivotal for deriving an optimal model that aligns with the 

dataset's context. 

 

Figure 7. Implementation of SVM and DT Models in Rapidminer 
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Figure 7 shows the modeling process using Rapidminer. The best-performing algorithm will be evaluated based 

on accuracy, precision, recall, AUC, and F-measure values. These metrics provide a comprehensive assessment of the 

algorithm's performance: accuracy reflects the overall correctness, precision indicates the relevance of the results, recall 

measures the ability to identify all relevant instances, AUC assesses the algorithm's discriminatory ability, and F-measure 

balances precision and recall. It is posited that this multi-faceted evaluation ensures a thorough understanding of the 

algorithm's strengths and weaknesses. In conclusion, selecting the optimal algorithm through these metrics will ensure 

the reliability and effectiveness of the model in the given context. 

The SMOTE operator is also employed to enhance algorithm performance, achieving suitable outputs. SMOTE, 

or Synthetic Minority Over-sampling Technique, addresses class imbalance by generating synthetic samples for the 

minority class, thus improving the algorithm's ability to learn from imbalanced data. This technique ensures that the model 

does not favor the majority class, leading to more balanced and accurate predictions. It is posited that using SMOTE 

significantly contributes to the robustness of the final model. In conclusion, incorporating the SMOTE operator is essential 

for optimizing algorithm performance and ensuring reliable results. 

2.2.4 Evaluation 

Evaluation is conducted based on the testing results of the applied models and within the context of digital engagement 

through travel vlog videos. The assessment involves a thorough analysis of performance metrics, ensuring the models' 

relevance and effectiveness in capturing viewer interaction and engagement. The study aims to derive actionable insights 

to enhance digital marketing strategies by aligning the evaluation with the specific context of travel vlogs. This contextual 

approach is posited to provide a more nuanced understanding of digital engagement dynamics. In conclusion, the 

evaluation process integrates model performance and contextual relevance, offering comprehensive insights into the 

efficacy of travel vlog content in engaging audiences. 

2.2.5 Deployment 

Deployment represents the final phase of CRISP-DM, recommending practical measures to enhance content creator 

performance, digital content statistics, and viewer engagement. This stage involves implementing the insights and models 

developed during the previous phases, ensuring they are effectively applied to real-world scenarios. The deployment 

phase bridges the gap between analysis and practical application by providing actionable recommendations, enabling 

content creators to optimize the strategies and achieve better results. It is posited that effective deployment significantly 

improves the quality and impact of digital content. In conclusion, the deployment phase is crucial for translating analytical 

findings into tangible content creation and improving audience interaction. 

3. RESULT AND DISCUSSION 

Viewer responses to digital travel vlog content were categorized as positive, as indicated by the toxicity score obtained 

using the Perspective API from the review data on the travel vlog videos. The low toxicity scores suggest a predominance 

of constructive and appreciative feedback, reflecting a favorable reception among viewers. This positive engagement 

highlights the effectiveness of the content in resonating well with the audience and fostering a supportive community. It 

is posited that maintaining such positive viewer interactions is crucial for the continued success and growth of travel vlog 

channels. In conclusion, the toxicity score analysis confirms the positive reception of the travel vlog content, underscoring 

its impact and appeal. 

Frist Video  
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Second Video 

 

Figure 8. Average Toxicity Scores per Month 

Figure 8 shows the monthly average Toxicity Scores of the first and second videos. The calculation results for the 

toxicity score of the first video are as follows: Toxicity 0.09627, Severe Toxicity 0.01058, Identity Attack 0.01944, Insult 

0.05249, Profanity 0.05087, and Threat 0.01255. These values indicate relatively low levels of negative interaction, with 

toxicity and severe toxicity scores remaining below critical thresholds. The low incidence of identity attacks, insults, 

profanity, and threats further supports the assessment that the viewer responses are predominantly positive. It is posited 

that such favorable scores reflect the effectiveness of the content in maintaining a respectful and engaging viewer 

community. In conclusion, the low toxicity scores highlight the positive reception and constructive engagement generated 

by the travel vlog content. 

The toxicity score calculations for the second video are as follows: Toxicity 0.06464, Severe Toxicity 0.00515, 

Identity Attack 0.02415, Insult 0.03163, Profanity 0.03301, and Threat 0.01144. These figures demonstrate relatively low 

levels of negative interaction, with the toxicity and severe toxicity scores indicating a generally positive viewer response. 

The minimal presence of identity attacks, insults, profanity, and threats further supports the notion that the engagement 

is mainly constructive. It is posited that these favorable scores reflect the content's success in fostering a respectful and 

engaging viewer community. In conclusion, the low toxicity scores underscore the positive reception and audience 

interaction the travel vlog content elicits. 

Subsequently, implementing the VADER model in sentiment analysis via Communalytic for both the first and 

second videos indicates a predominance of positive sentiment. This analysis highlights viewers' overall favorable 

reception of the content, as reflected in the frequent expression of positive emotions and approval in the comments. The 

VADER model's ability to accurately capture and quantify these sentiments underscores the effectiveness of the travel 

vlog in engaging its audience. It is posited that such positive sentiment is crucial for building a supportive and loyal 

viewer base. In conclusion, the sentiment analysis results demonstrate the successful impact of the travel vlog content in 

eliciting positive viewer engagement. 

Frist Video  

 

Second Video

 

Figure 9. Frequently used Words (Rapidminer) 
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Figure 9 shows the sentiment analysis using the VADER model. In the first video, based on the analysis of 329 

out of 385 posts, it was found that VADER and TextBlob agreed on how to categorize 230 (71.88%) out of 320 English 

language posts. This level of agreement is considered moderate, as indicated by Cohen’s kappa statistic of 0.516. The 

moderate agreement between the two sentiment analysis tools suggests a reasonable level of consistency in the sentiment 

categorization. It is posited that this consistency strengthens the reliability of the sentiment analysis results. In conclusion, 

the alignment between VADER and TextBlob provides a robust foundation for interpreting the sentiment expressed in 

the viewer’s comments on the first video. 

In the second video, based on the analysis of 170 out of 220 posts, it was found that VADER and TextBlob agree 

on how to categorize 127 (74.71%) out of 170 English language posts. This level of agreement is considered moderate, 

as indicated by Cohen’s kappa statistic of 0.420. The moderate agreement between the two sentiment analysis tools 

indicates a reasonable level of consistency in the sentiment categorization. It is posited that this consistency supports the 

reliability of the sentiment analysis results. In conclusion, the alignment between VADER and TextBlob provides a solid 

basis for interpreting the sentiment expressed in the viewer’s comments on the second video. 

Specifically, in the first video, there are 27 posts (11.74%) with negative sentiments (polarity scores <= -0.05), 59 

posts (25.65%) with neutral sentiments (polarity scores between -0.05 and 0.05), and 144 posts (62.61%) with positive 

sentiments (polarity scores >= 0.05). These figures highlight the overall positive reception of the content, with most posts 

expressing positive sentiments. Although less prevalent, neutral and negative sentiments provide a balanced perspective 

on viewer reactions. It is posited that the dominance of positive sentiments underscores the effectiveness and appeal of 

the travel vlog content. In conclusion, the sentiment distribution reveals a generally favorable viewer response, affirming 

the content's impact and resonance with its audience. 

Also, in the second video, there are nine posts (7.09%) with negative sentiments (polarity scores <= -0.05), 11 

posts (8.66%) with neutral sentiments (polarity scores between -0.05 and 0.05), and 107 posts (84.25%) with positive 

sentiments (polarity scores >= 0.05). These figures indicate an overwhelmingly positive reception of the content, with 

most posts expressing positive sentiments. The relatively lower presence of neutral and negative sentiments suggests that 

the content effectively resonates with its audience. It is posited that such a high proportion of positive feedback 

underscores the travel vlog's success in engaging and pleasing its viewers. In conclusion, the sentiment analysis of the 

second video demonstrates a highly favorable viewer response, confirming the content's strong impact. 

Based on the combined data from the first and second videos, 442 data points have been cleaned, extracted, and 

labeled as negative or positive using RapidMiner. This comprehensive data preparation process ensures that each data 

point is accurately categorized, facilitating precise sentiment analysis. RapidMiner enhances the labeling process's 

efficiency and reliability, enabling a clear distinction between positive and negative sentiments. It is posited that such 

meticulous data handling is crucial for deriving valid and actionable insights. In conclusion, carefully labeling the 

combined dataset forms a robust foundation for subsequent sentiment analysis, contributing to the study's overall rigor 

and validity. 

 

Figure 10. Frequently used Words (Rapidminer) 

Figure 10 shows the frequently used words in the dataset. Based on the identification of frequently used words 

after the data combination, the following terms were prominent: "foreign" (4 occurrences), "harbor" (4 occurrences), 

"owner" (4 occurrences), "crazy" (4 occurrences), "editor" (4 occurrences), "holiday" (4 occurrences), "paradise" (4 
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occurrences), "quiet" (4 occurrences), "avoid" (4 occurrences), and "backpack" (2 occurrences). These keywords highlight 

various aspects and themes discussed in the comments, ranging from descriptions of the travel experience to specific 

elements of the destinations. The repeated mention of terms like "paradise" and "holiday" suggests a positive perception 

of the destination, while words like "avoid" and "quiet" might indicate considerations or advice for future travelers. In 

conclusion, analyzing these frequently used words provides valuable insights into viewer sentiments and focal points, 

enhancing the understanding of audience engagement with travel vlog content. 

Based on the identification of frequently used words after combining the data, several key terms emerge that 

provide insights into viewer sentiments and focal points in the comments. The term "foreign" (4 occurrences) suggests 

that the content or destination appeals to or involves foreign elements, indicating significant international interest in the 

travel vlog. The mention of "harbor" (4 occurrences) points to specific locations or features significant to the viewers, 

potentially indicating popular spots or activities related to harbors in the destination. Frequent references to "owner" (4 

occurrences) could imply discussions about property owners, business owners, or hosts, highlighting aspects of service 

or hospitality that viewers find noteworthy. The term "crazy" (4 occurrences), likely standing for "crazy," indicates 

exciting or unusual experiences shared by viewers, reflecting the adventurous nature of the destination.  

Additionally, terms like "editor" (4 occurrences) and "holiday" (4 occurrences) suggest behind-the-scenes aspects 

of content creation and the vacation experience, respectively. Words like "paradise" (4 occurrences) and "quiet" (4 

occurrences) indicate positive perceptions of the destination, with "paradise" suggesting idyllic scenery and "quiet" 

highlighting tranquility. The term "avoid" (4 occurrences) may indicate advice or warnings from viewers, while 

"backpack" (2 occurrences) points to a focus on travel style or target audience. In conclusion, analyzing these frequently 

used words provides valuable insights into viewer sentiments and focal points, enhancing the understanding of audience 

engagement with travel vlog content. 

 

Figure 11. Area Under Curve of SVM with SMOTE in Rapidminer 

Figure 11 shows the best performance of the SVM algorithm using SMOTE in the modeling phase. Subsequently, 

the modeling results indicate that the SVM algorithm with SMOTE demonstrated the best performance, described as 

follows: PerformanceVector accuracy is 88.57% +/- 5.11% (micro average: 88.57%), with the ConfusionMatrix showing 

224 true negatives, 35 false negatives, 21 false positives, and 210 true positives. The AUC (optimistic) is 0.913 +/- 0.046 

(micro average: 0.913), the AUC is 0.906 +/- 0.047 (micro average: 0.906), and the AUC (pessimistic) is 0.899 +/- 0.049 

(micro average: 0.899), all for the positive class. The precision stands at 90.95% +/- 5.09% (micro average: 90.91%), 

with a recall of 85.75% +/- 6.36% (micro average: 85.71%). The f_measure is 88.22% +/- 5.30% (micro average: 88.24%), 

indicating a robust balance between precision and recall. It is posited that the high accuracy and precision, combined with 

the balanced recall and f_measure, affirm the efficacy of SVM with SMOTE in handling class imbalance and providing 

reliable predictions. In conclusion, the superior performance metrics of SVM with SMOTE underscore its suitability for 

the given dataset, ensuring accurate and consistent classification outcomes. 

Thus, the VADER sentiment analysis model and the SVM algorithm with SMOTE demonstrate excellent 

performance in the sentiment classification process. The VADER model effectively captures the nuances of sentiment 
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expressed in the text, providing a detailed sentiment polarity analysis. Meanwhile, the SVM algorithm with SMOTE 

addresses class imbalance and enhances the classification outcomes' accuracy, precision, and recall. These tools 

complement each other, ensuring a robust and reliable sentiment analysis framework. It is posited that the combined use 

significantly improves the accuracy and depth of sentiment classification. In conclusion, integrating VADER and SVM 

with SMOTE offers a powerful approach to achieving high-quality sentiment analysis results. 

The limitations and shortcomings of this study are noteworthy. Firstly, the dataset is confined to specific travel 

vlogs about Gili Trawangan, which may not represent broader trends in digital tourism content. Secondly, relying on 

YouTube comments as the sole data source introduces potential biases related to user demographics and engagement 

levels. Additionally, while robust, the sentiment analysis models may not fully capture the subtleties of sarcasm, humor, 

or cultural nuances in the comments. It is posited that these factors could affect the generalizability and accuracy of the 

findings. In conclusion, while the study offers valuable insights, addressing these limitations in future research could 

enhance the comprehensiveness and applicability of the results. 

Recommendations for the development of this research and for enhancing digital engagement through travel vlog 

content in tourism marketing are proposed. Future research should expand the dataset to include various destinations and 

diverse content platforms to ensure broader applicability and reduce potential biases. Incorporating advanced sentiment 

analysis techniques that better capture linguistic nuances could also improve the accuracy of the findings. For tourism 

marketing, leveraging the engaging nature of travel vlogs by incorporating interactive elements and real-time viewer 

engagement strategies is crucial. It is posited that personalized content and targeted marketing efforts, informed by 

detailed sentiment analysis, significantly enhance viewer retention and brand loyalty. In conclusion, these 

recommendations aim to advance academic research and practical applications in tourism marketing, ensuring more 

comprehensive and effective strategies. 

4. CONCLUSION 

The research concludes that applying the CRISP-DM framework in analyzing digital engagement through travel vlog 

content has proven effective and insightful. By systematically following the CRISP-DM phases—business understanding, 

data understanding, data preparation, modeling, evaluation, and deployment—the study achieved a robust analysis of 

viewer sentiment towards travel vlogs focused on Gili Trawangan. Specifically, the VADER sentiment analysis model 

and the SVM algorithm with SMOTE demonstrated excellent performance, with SVM achieving an accuracy of 88.57% 

+/- 5.11% and a precision of 90.95% +/- 5.09%. The analysis of 442 cleaned and labeled data points revealed that positive 

sentiments overwhelmingly dominated the viewer responses, accounting for 62.61% in the first video and 84.25% in the 

second video. These findings highlight the significant potential of travel vlogs as a powerful tool for tourism marketing, 

engaging a broad audience and generating positive viewer interactions. In conclusion, the CRISP-DM framework 

facilitated a comprehensive and detailed exploration of digital engagement, underscoring its utility in sentiment analysis 

and the strategic enhancement of tourism marketing efforts. 
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