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Abstract−This study addresses the research problem of understanding public sentiment towards tourism-themed content on YouTube, 

with a specific focus on "A Visual Journey of Wonderful Indonesia." The primary aim is to explore how viewers perceive and depict 

Indonesia as a tourism destination through their comments on YouTube videos. Employing the Cross-Industry Standard Process for 

Data Mining (CRISP-DM) methodology, sentence analysis is conducted using the Support Vector Machine (SVM) algorithm with the 

Synthetic Minority Over-sampling Technique (SMOTE) to classify sentiments within a dataset of YouTube comments as positive, 

negative, or neutral. The analysis of frequently used words in the comments provides valuable insights into Indonesia's perception, 

revealing positive sentiments reflected in terms such as "beautiful," "wonderful," and "amazing," emphasizing the country's aesthetic 

appeal. Notably, terms like "orang" and "Indonesian" indicate appreciation for Indonesia's rich cultural heritage and its people. These 

findings highlight the pivotal role of destination branding efforts in shaping positive perceptions and emotions toward Indonesia. The 

results indicate the efficacy of the SVM-SMOTE model, achieving high accuracy (84.26%), precision (100.00%), recall (68.51%), f-

measure (81.25%), and AUC (0.996) in accurately classifying sentiment patterns within analyzed YouTube content. This offers 

practical implications for destination managers and marketers. Conversely, the SVM algorithm without SMOTE demonstrates 

impressive accuracy, precision, and recall scores of 97.08%, but its AUC value of 0.607 suggests potential challenges in discriminating 

between positive and negative sentiment instances. These findings provide valuable insights into the role of digital media platforms in 

shaping destination perceptions and offer practical implications for destination marketers and managers. 
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1. INTRODUCTION  

Destination branding has been acknowledged to significantly influence public sentiment, prompting destination managers 

to strive to enhance impactful visitor experiences. This recognition underscores the pivotal role of destination branding 

in shaping perceptions and attitudes towards a particular locale and driving tourist preferences [1]. Consequently, 

stakeholders within the tourism industry are increasingly investing resources in crafting compelling narratives and 

delivering memorable services to visitors [2]. Such efforts not only contribute to cultivating positive sentiments but also 

foster loyalty among tourists, thereby bolstering the overall competitiveness and sustainability of the destination [3]. 

Previous research has extensively discussed the concept of destination branding and its implications on visitor 

perceptions [4]. However, a research gap highlights the limited attention given to public sentiment regarding tourism-

themed content on YouTube videos [5]. This oversight underscores the necessity for further investigation into the role of 

digital media platforms, particularly YouTube, in shaping public sentiments toward tourism destinations [6]. By 

addressing this research gap, scholars can provide valuable insights into the effectiveness of destination branding 

strategies in the digital age and offer practical recommendations for destination managers to optimize their online presence 

and engagement with potential visitors [7]. 

Understanding sentiment analysis through research is imperative for several reasons. The primary motivation lies 

in the growing significance of digital media and social platforms, where user-generated content reflects diverse opinions 

and sentiments. The exploration of sentiment analysis aids in deciphering the nuanced perceptions, attitudes, and emotions 

expressed by individuals online, particularly in the context of tourism-themed content. This research becomes essential 

for destination managers and marketers as it offers a systematic approach to unravel the sentiment patterns surrounding a 

destination, such as "A Visual Journey of Wonderful Indonesia" on YouTube. By employing advanced methodologies 

like the Support Vector Machine algorithm with the Synthetic Minority Over-sampling Technique, researchers can gain 

valuable insights into the public's sentiments, ultimately informing destination branding and marketing strategies. In 

conclusion, the necessity to conduct sentiment analysis research stems from the dynamic nature of online discourse, 

enabling a deeper understanding of public perceptions that is crucial for strategic decision-making in destination 

management and marketing. 

The urgency of this research lies in the contemporary importance of digital platforms, particularly YouTube, as 

influential mediums shaping destination perceptions. As tourism-themed content on such platforms can significantly 

impact public sentiments, it becomes crucial to employ robust methodologies for sentiment analysis. The chosen process 

involves utilizing the Cross-Industry Standard Process for Data Mining (CRISP-DM) methodology, coupled with the 

Support Vector Machine (SVM) algorithm and Synthetic Minority Over-sampling Technique (SMOTE). This 

methodological approach ensures a systematic and comprehensive analysis of sentiment patterns within YouTube 

comments, allowing for a nuanced understanding of public sentiments towards destination content. The utilization of 

CRISP-DM provides a structured framework, ensuring methodical execution from data collection to interpretation. The 

inclusion of SVM, known for its effectiveness in classification tasks, and SMOTE to address imbalances in sentiment 

class distribution, enhances the research's robustness. In conclusion, the urgency of the research is underlined by the need 
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to adapt to evolving digital landscapes, and the chosen process ensures a thorough investigation into public sentiments 

surrounding tourism-themed content on YouTube. 

The practical implications of this research are significant for both academia and industry. Firstly, findings from 

this study can provide destination managers and marketers with valuable insights into the effectiveness of digital content, 

specifically YouTube videos, in shaping public sentiment towards tourism destinations. By understanding the sentiment 

patterns identified through applying the CRISP-DM methodology and the Support Vector Machine algorithm, 

practitioners are able to optimize branding strategies to better resonate with the target audience. Furthermore, the study's 

methodological approach is a framework for future research endeavors to analyze public sentiment toward destination 

branding efforts across various digital platforms. Overall, the outcomes of this research hold promise for enhancing 

destination marketing practices and fostering positive perceptions among potential visitors, thereby contributing to the 

sustainable development of tourism destinations. 

The theoretical implications of this research are noteworthy within destination branding and digital marketing. By 

utilizing the CRISP-DM methodology and Support Vector Machine algorithm to analyze public sentiment toward 

tourism-themed content on YouTube, this study contributes to advancing knowledge regarding the effectiveness of digital 

media in shaping destination perceptions. Additionally, the findings of this research offer insights into the evolving nature 

of destination branding strategies in the digital age, highlighting the importance of understanding and leveraging digital 

platforms for destination marketing purposes [7]–[10]. This study thus enriches theoretical discourse surrounding 

destination branding and digital media, providing a foundation for further scholarly inquiry in this area. 

The limitations of this research should be acknowledged to provide a comprehensive understanding of its scope 

and implications. Firstly, focusing solely on public sentiment towards "A Visual Journey of Wonderful Indonesia" on 

YouTube may restrict the generalizability of findings to other destination branding efforts or digital platforms. 

Additionally, relying on the Support Vector Machine algorithm for sentiment analysis may overlook nuances and context-

specific factors influencing public perceptions. Moreover, the inherent biases in online user-generated content could 

impact the accuracy and reliability of the sentiment analysis results. Despite these limitations, this research is a valuable 

contribution to the literature on destination branding and digital marketing, paving the way for future studies to address 

these constraints and further advance knowledge in this field. 

This research makes a significant contribution to advancing knowledge in the domain of destination branding and 

digital marketing [2], [11]–[14]. By employing the CRISP-DM methodology and the Support Vector Machine algorithm 

to analyze public sentiment toward tourism-themed content on YouTube, this study sheds light on the effectiveness of 

digital media platforms in shaping destination perceptions. The findings offer insights into the evolving nature of 

destination branding strategies in the digital age and highlight the importance of understanding and leveraging digital 

platforms for destination marketing [8], [15]–[18]. This research provides a foundation for further scholarly inquiry and 

practical applications in destination marketing, thereby enriching the existing body of knowledge in the field. 

2. RESEARCH METHODOLOGY 

2.1 Gap Analysis of Destination Branding & Destination Image Topics using Vosviewer 

The research gap concerning destination branding and destination image revolves around the limited attention given to 

the intersectionality of these constructs in the context of digital media platforms. While previous studies have extensively 

examined destination branding strategies and their impact on destination image formation, there remains a notable absence 

of research focusing specifically on the role of digital platforms, such as social media and online review sites, in shaping 

destination perceptions [19]–[24]. Additionally, existing literature predominantly emphasizes the perspectives of 

destination marketers and managers, overlooking the crucial role of tourists and online users in co-creating destination 

images through user-generated content [25], [26]. Addressing this research gap is essential for understanding the dynamic 

processes involved in destination branding and image formation in the digital age. 

  

Figure 1. Gap Analysis of Destination Branding and Destination Image Topics 
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Figure 1 shows the gap analysis of destination branding and destination image topics. Based on the results of the 

gap analysis conducted using Vosviewer, it is evident that destination branding and destination image warrant further 

examination, particularly from the data mining perspective, specifically sentiment analysis based on algorithms as a 

classification model. The identified gap underscores the need for a more nuanced exploration of the intersection between 

destination branding, destination image, and advanced data mining techniques. By incorporating sentiment analysis 

algorithms as a classification model, researchers gain deeper insights into the dynamic and evolving nature of public 

perceptions towards tourism destinations. This approach allows for a more comprehensive understanding of the factors 

influencing sentiment formation, thus contributing to the refinement and optimization of destination branding strategies 

in the contemporary digital landscape. 

This study examines the performance evaluation of the support vector machine (SVM) algorithm in sentiment 

classification using "a visual journey of wonderful Indonesia" content. By addressing the limited attention given to the 

role of digital media platforms in shaping destination perceptions and sentiment analysis, this research aims to contribute 

to filling the existing gap in the literature. Specifically, the study investigates the effectiveness of the SVM algorithm in 

classifying sentiments expressed in YouTube comments related to Indonesian tourism content. Through this inquiry, the 

research seeks to provide insights into the potential of machine learning techniques for enhancing destination branding 

strategies and understanding public sentiment towards tourism destinations in the digital era. 

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

This research employs the Cross-Industry Standard Process for Data Mining (CRISP-DM) methodology as a 

methodological framework for the classification process. CRISP-DM provides a systematic approach to data mining, 

comprising six distinct phases: business understanding, data understanding, data preparation, modeling, evaluation, and 

deployment. Using CRISP-DM, this study ensures a structured and comprehensive process for sentiment analysis on 

YouTube content related to destination branding. The adoption of CRISP-DM underscores the rigor and methodological 

soundness of the research, enhancing the reliability and validity of the findings [27]–[34]. Overall, leveraging CRISP-

DM as a methodological framework strengthens the study's analytical process and advances destination branding and 

sentiment analysis knowledge. 

 

Figure 2. Implementation of CRISP-DM in Sentiment Classification using SVM  

Figure 2 showing the framework of CRISP-DM in sentiment classification using SVM. In the business 

understanding phase, comprehension of destination branding is imperative before selecting suitable tourism destination 

marketing video content. The chosen video for this study is "Visual Journey of Wonderful Indonesia" from the YouTube 

platform (ojQbArbuN4E). This initial phase of the CRISP-DM methodology lays the foundation for practical sentiment 

analysis by ensuring alignment between the research objectives and the selected content. By thoroughly understanding 

destination branding principles, researchers can better contextualize the analyzed content within the broader framework 

of destination marketing strategies. Therefore, this phase serves as a crucial precursor to subsequent stages of data 
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understanding, preparation, modeling, evaluation, and deployment, contributing to the methodological rigor and relevance 

of the research. 

In the data understanding phase, the Netlytic website serves as a tool for data collection, enabling the gathering of 

comments with a maximum limit of 10,000 data points. Based on the acquired number of comments, which amounted to 

2555 comments, these data are subsequently processed for modeling. This phase is integral in comprehending the nature 

and scope of the dataset, ensuring that the subsequent modeling phase can effectively analyze and derive insights from 

the collected comments. By utilizing Netlytic for data collection, researchers can streamline the process of acquiring 

relevant data for sentiment analysis, enhancing the efficiency and accuracy of the research endeavor. Thus, the data 

understanding phase is crucial in facilitating the subsequent stages of analysis and interpretation within the research 

framework. 

  

Figure 3. Scraping Data through Netlytic 

Figure 3 shows the result of scraping process using Netlytic. In the modeling phase, the collected data undergo 

selection and extraction using the sentiment extraction operator within the RapidMiner application to obtain string scores 

based on token counts, thereby facilitating ease of classification. This pivotal stage involves transforming raw data into a 

structured format amenable to sentiment analysis. By leveraging the sentiment extraction capabilities of RapidMiner, 

researchers can efficiently derive sentiment scores from the collected comments, enabling subsequent classification 

processes. Utilizing such tools enhances the methodological rigor and accuracy of sentiment analysis, ultimately 

contributing to the robustness of the research findings. Hence, the modeling phase is critical in the analytical process, 

bridging the gap between raw data and actionable insights within destination branding and sentiment analysis. 

Furthermore, the algorithm employed in the classification process is the Support Vector Machine (SVM), with a 

data split of 30% for training data and 70% for testing data, alongside the utilization of the Synthetic Minority Over-

sampling Technique (SMOTE) operator to address data imbalance. This strategic approach ensures the robustness and 

generalizability of the sentiment analysis model by training it on a diverse range of data while mitigating the effects of 

imbalanced class distributions. By incorporating SMOTE, the model can effectively handle minority class instances, thus 

enhancing its performance in accurately classifying sentiment patterns. Such methodological considerations underscore 

the rigor and validity of the research approach, facilitating reliable and meaningful insights into public sentiment towards 

destination branding efforts on digital platforms. Meanwhile, the regression function of the SVM method is as follows. 

𝑓(𝑥) = 𝑤. 𝑥 + 𝑏         (1) 

Where : 

𝑓(𝑥) is the decision function, 

W  is the weight vector perpendicular to the hyperplane, 

X  is the input feature vector, 

B  is the bias term. 

In the case of binary classification, the class label 𝑦𝑖  of a data point 𝑥𝑖 can be determined by the sign of 𝑓(𝑥) ∶ 

𝑦𝑖 = {
+1, 𝑖𝑓 𝑓(𝑥𝑖)  ≥ 0

−1, 𝑖𝑓 𝑓(𝑥𝑖)  < 1
        (2) 

In non-linearly separable cases, SVM utilizes a kernel function K(𝑥𝑖 , 𝑥𝑗) to map the input feature vectors  into a 

higher-dimensional space where the data becomes linearly separable. The decision function then becomes: 

𝑓(𝑥)  =  ∑ ∝𝑖 , 𝑦𝑗
𝑁
𝑖=1 K(𝑥𝑖 , 𝑥) + b       (3) 

Where ∝𝑖 are the Lagrange multipliers obtained during training. In addition, SMOTE is employed as a strategic 

approach to tackle data imbalance, consequently augmenting the effectiveness of the Support Vector Machine (SVM). 

This methodological choice underscores the importance of addressing imbalanced class distributions in sentiment analysis 

tasks, as it ensures that the model can adequately capture minority class instances and avoid bias towards dominant 
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classes. By leveraging SMOTE, the SVM algorithm can generate synthetic samples for the minority class, thereby 

balancing the dataset and improving the model's ability to classify sentiment patterns accurately. Thus, integrating 

SMOTE enhances the robustness and reliability of the sentiment analysis model, ultimately contributing to more 

meaningful and actionable insights in the context of destination branding and digital marketing strategies. 

In the evaluation phase, the metrics of accuracy, precision, recall, Area Under the Curve (AUC), and f-measure 

will be assessed to gauge the performance of the sentiment analysis model. This crucial stage comprehensively examines 

the model's predictive capabilities and effectiveness in classifying sentiment patterns within the analyzed data. By 

evaluating these key metrics, researchers can ascertain the model's reliability, robustness, and overall efficacy in 

accurately capturing and categorizing sentiment instances. The evaluation process is critical in validating the applicability 

and relevance of the sentiment analysis model within the context of destination branding and digital marketing strategies, 

thereby enhancing the trustworthiness and utility of the research findings. 

In the Deployment phase, the examination of destination branding or image through tourism destination marketing 

video content can be analyzed based on tourists' behavior through video comments. This pivotal stage involves applying 

the sentiment analysis model developed in earlier phases to real-world scenarios, allowing researchers to derive actionable 

insights into the effectiveness of destination branding strategies on digital platforms. By deploying the sentiment analysis 

model to analyze tourists' comments on destination marketing videos, researchers can gain valuable perspectives on 

tourists' perceptions, preferences, and attitudes towards specific destinations, thereby informing destination managers and 

marketers in refining their branding strategies to better resonate with target audiences. Thus, the Deployment phase is 

crucial in bridging the gap between theoretical insights and practical implications within destination branding and 

marketing. 

3. RESULT AND DISCUSSION 

Destination branding emerges as an effective marketing strategy by disseminating audio-visual content across social 

media platforms and YouTube. This primary approach capitalizes on the visual storytelling potential of multimedia 

content to evoke emotional connections and shape perceptions of tourist destinations [35]. By leveraging the immersive 

nature of audio-visual materials, destination marketers can create compelling narratives that resonate with target 

audiences, ultimately influencing their decision-making processes [36]. Consequently, destination branding initiatives 

underscore the transformative power of multimedia content in fostering positive destination perceptions and driving 

visitor engagement [37]. Thus, the strategic deployment of audio-visual content within destination branding signifies a 

potent tool for enhancing destination competitiveness and sustainability in the contemporary tourism landscape. 

CRISP-DM employed in evaluating the performance of tourism destination marketing is sentiment analysis of 

public responses through comments on YouTube videos. This primary method entails scrutinizing the sentiment 

expressed in user comments to gauge the effectiveness of destination marketing efforts. By examining the public's 

reactions and perceptions reflected in these comments, destination managers and marketers can obtain valuable insights 

into the success of their branding strategies and identify improvement areas. The sentiment analysis in YouTube 

comments serves as a direct avenue for understanding the impact of destination marketing content on the audience, 

providing a nuanced evaluation of the effectiveness and resonance of promotional efforts within the digital landscape. 

Consequently, the sentiment analysis of YouTube comments emerges as a valuable tool for refining destination marketing 

strategies and enhancing the overall effectiveness of tourism promotion initiatives. 

  

Figure 4. Post over Time and Top Ten Posters 

Figure 4 shows the post over time and top ten posters of the content. Based on the results of sentiment data 

extraction, it is evident that string scores can serve as a guideline for sentiment classification based on positive and 

negative classes. This outcome underscores the significance of employing sentiment analysis techniques to derive 

meaningful insights from textual data, particularly in discerning sentiment's polarity in comments or reviews. Using string 

scores as a reference point, researchers can effectively categorize sentiments into favorable or hostile classes, thereby 

facilitating a comprehensive understanding of public perceptions and attitudes toward tourism destinations. Consequently, 

the extraction of sentiment data and subsequent classification based on string scores provide valuable insights into 
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sentiment patterns, aiding destination managers and marketers in devising tailored strategies to enhance destination 

branding and marketing efforts. 

 

Figure 5. Extract Sentiment Using Rapidminer 

Figure 5 shows the extract result using extract sentiment operator in Rapidminer. Data cleaning is conducted before 

the sentiment extraction process to ensure that words with negative or positive connotations can be classified optimally. 

This preliminary step is crucial in preparing the dataset for sentiment analysis, as it involves removing noise, irrelevant 

information, and inconsistencies from the textual data. By cleansing the data, researchers can enhance the accuracy and 

reliability of sentiment classification, thereby improving the effectiveness of subsequent analyses. This underscores the 

importance of data preprocessing techniques in mitigating potential biases and inaccuracies that may arise during 

sentiment analysis, ultimately contributing to more robust and meaningful insights into public perceptions and attitudes 

toward tourism destinations. 

The Extract Sentiment operator in RapidMiner offers significant benefits for sentiment analysis tasks. As the 

primary tool for extracting sentiment from textual data, this operator facilitates the classification of sentiments into 

positive, negative, or neutral categories, thereby enabling researchers to gain valuable insights into public opinions and 

attitudes. Through its efficient processing capabilities, the Extract Sentiment operator enhances the accuracy and 

reliability of sentiment analysis, enabling researchers to make informed decisions and derive actionable insights from 

large volumes of textual data. Overall, the utilization of this operator in RapidMiner streamlines the sentiment analysis 

process, ultimately contributing to more effective decision-making and strategy formulation in various domains, including 

marketing, customer service, and social media monitoring. 

Table 1. Classification based on Extract Sentiment Result 

Review String Score Score Classification 

This video was only taken from 4 locations out of 

hundreds of beautiful places out there. People who live 

in a big city like Jakarta or Surabaya sometimes got so 

caught up in their own small busy life in the city, that 

they hate their country and dream to move somewhere 

else outside Indonesia. They just forget how beautiful 

this country that they live in. 

beautiful (0.74)  

like (0.38)  hate (-

0.69)  dream 

(0.26)  forget (-

0.23)  beautiful 

(0.74) 

1,20512820512821 Positive 

Booo... its only advertisement! in the reality, your 

country is dirty, racist and fanatic sh**! Singapore is 

better! 

dirty (-0.49)  

racist (-0.77)  

better (0.49) 

-

0,769230769230769 

Negative 

Table 1 shows the classification results obtained through the Extract Sentiment operator; performance testing can 

be conducted using Support Vector Machine (SVM) models. This approach allows researchers to evaluate the 

effectiveness and accuracy of sentiment analysis in categorizing textual data into positive, negative, or neutral sentiments. 

By leveraging SVM models, researchers can assess the predictive capabilities of the sentiment classification algorithm, 

thereby gauging its suitability for analyzing public perceptions and attitudes toward tourism destinations. This testing 

process provides valuable insights into the reliability and robustness of the sentiment analysis model, ultimately enhancing 

the validity and applicability of findings in the context of destination branding and marketing strategies. 

Support Vector Machine (SVM) exhibits several advantages in classification tasks. As a robust supervised learning 

algorithm, SVM handles linear and non-linear data by separating different classes with a hyperplane in a high-dimensional 

space. Its ability to maximize the margin between classes ensures robust generalization performance, making it less prone 

to overfitting. Additionally, SVM can handle datasets with many features and is relatively insensitive to outliers. Its 

versatility allows various kernel functions to be employed, enabling the classification of complex datasets with non-linear 

decision boundaries. These strengths position SVM as a highly effective and widely used tool in classification tasks across 

diverse domains, ranging from text categorization to image recognition. 

The performance of the Support Vector Machine (SVM) algorithm using Synthetic Minority Over-sampling 

Technique (SMOTE) can significantly enhance accuracy values. This is primarily due to SMOTE's ability to address 

imbalanced datasets by generating synthetic samples from the minority class, thereby mitigating the bias towards the 

majority class. By oversampling the minority class, SVM with SMOTE ensures that the classifier is trained on a more 

balanced dataset. This leads to improved classification accuracy, particularly in scenarios where class imbalance is 

prevalent. Consequently, leveraging SMOTE with SVM holds promise in enhancing classification models' overall 

performance and reliability, making it a valuable approach in various fields, including sentiment analysis, medical 

diagnosis, and fraud detection. 
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Table 2. Confusion Matrix of SVM with and without SMOTE 

Confusion Matrix SVM with SMOTE SVM without SMOTE 

Accuracy 84.26% 97.08% 

Precision 100.00% 97.08% 

Recall 68.51% 100.00% 

F-measure 81.25% 98.52% 

AUC 0.996 0.607 

Based on Table 2, it is evident that SVM with SMOTE demonstrates notable performance metrics, with an 

accuracy of 84.26%, precision of 100.00%, recall of 68.51%, f-measure of 81.25%, and an Area Under the Curve (AUC) 

value of 0.996. These results highlight the effectiveness of the SVM-SMOTE approach in accurately classifying sentiment 

patterns within the analyzed dataset. The high precision score indicates the model's ability to correctly identify positive 

sentiment instances, while the recall score suggests its capability to capture the majority of positive sentiment cases. 

Moreover, the substantial AUC value underscores the model's overall predictive performance, emphasizing its reliability 

in discriminating between positive and negative sentiment instances. Therefore, these findings provide valuable insights 

into the efficacy of SVM with SMOTE in sentiment analysis and offer practical implications for destination branding and 

marketing strategies. 

Subsequently, SVM without SMOTE demonstrates impressive performance metrics, with an accuracy of 97.08%, 

precision of 97.08%, recall of 100.00%, f-measure of 98.52%, and an Area Under the Curve (AUC) value of 0.607. These 

results signify the robustness of the SVM algorithm in accurately classifying sentiment patterns within the dataset, even 

without employing oversampling techniques to address data imbalance. The high precision and recall scores indicate the 

model's ability to identify and capture positive and negative sentiment instances effectively. However, the comparatively 

lower AUC value suggests potential limitations in discriminating between positive and negative sentiment instances 

compared to the SVM-SMOTE approach. Nonetheless, these findings highlight the promising performance of SVM 

without SMOTE in sentiment analysis and underscore its potential utility in informing destination branding and marketing 

strategies. 

SVM with SMOTE SVM without SMOTE 

  

Figure 6. Area Under Curve 

Figure 6 shows the AUC of SVM with SMOTE and SVM without SMOTE. The analysis of the two approaches, 

SVM with SMOTE and SVM without SMOTE, reveals distinct patterns in their performance metrics. For SVM with 

SMOTE, the accuracy, precision, and recall scores demonstrate its effectiveness in classifying sentiment patterns, 

particularly in identifying positive sentiment instances with high precision. The substantial AUC value further validates 

its reliability in distinguishing between positive and negative sentiment instances, emphasizing its overall predictive 

performance. Conversely, SVM without SMOTE showcases impressive accuracy and precision scores, indicating its 

robustness in accurately classifying sentiment patterns even without oversampling techniques. However, the lower AUC 

value suggests potential limitations in discriminating between positive and negative sentiment instances compared to 

SVM with SMOTE. Nonetheless, both approaches offer valuable insights into sentiment analysis, with SVM without 

SMOTE showing promise as a viable alternative in informing destination branding and marketing strategies. 

Based on the analysis of frequently used words in the review data, it is evident that specific terms stand out 

significantly in terms of frequency. For instance, the word "Indonesia" appears 736 times, followed by "video" with 283 

occurrences, and "love" with 215 mentions. Additionally, words like "beautiful" and "country" are mentioned 150 and 

139 times, respectively, suggesting a positive portrayal of Indonesia's aesthetic appeal and overall allure. Furthermore, 

"wonderful" and "amazing" appear 109 and 98 times, respectively, emphasizing the overwhelmingly positive sentiment 
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associated with Indonesia as a destination. Interestingly, the word "Indah" which means beautiful in Bahasa Indonesia, is 

observed 92 times, indicating a recognition of the country's natural beauty among local and international audiences. 

Additionally, "orang" and "Indonesian" are mentioned 71 and 89 times, respectively, reflecting a sense of appreciation 

for Indonesia's culture and people. Overall, these frequent positive descriptors underscore the effectiveness of destination 

branding efforts in shaping favorable perceptions of Indonesia as a tourism destination. 

 

Figure 7. Frequently used Words 

Figure 7 shows the frequently used words of the content reviews. From a destination branding perspective, 

analyzing frequently used words in the review data provides valuable insights into how Indonesia is perceived and 

portrayed as a tourism destination. The high frequency of terms such as "Indonesia," "video," "love," "beautiful," 

"country," "wonderful," and "amazing" suggests a positive and visually captivating image of the country. These words 

evoke admiration, fascination, and appreciation, indicating that Indonesia is seen as a destination with aesthetic appeal 

and intrinsic charm. The repetition of terms like "beautiful" and "amazing" underscores the visual allure and natural 

beauty of Indonesia, while words like "wonderful" highlight the overall positive experiences associated with visiting the 

country. Additionally, the frequent use of "orang" and "Indonesian" signifies a recognition and appreciation of Indonesia's 

rich cultural heritage and its people. Overall, the analysis reflects Indonesia's solid and favorable brand image as a 

destination characterized by its natural beauty, cultural richness, and warm hospitality. These positive perceptions and 

sentiments are essential for destination marketers and managers in crafting effective branding strategies to attract and 

retain tourists, enhancing Indonesia's competitive position in the global tourism market. 

In deploying destination branding strategies based on the insights gathered from the analysis of frequently used 

words in the review data, several recommendations can be made to enhance the effectiveness of deployment efforts, such 

as content creation and distribution, capitalize on the positive sentiments expressed toward Indonesia's natural beauty, 

cultural richness, and hospitality by creating visually captivating and culturally immersive content [38]. Utilize platforms 

like YouTube to showcase Indonesia's diverse attractions, local experiences, and warm hospitality through high-quality 

videos and engaging storytelling. Engage with influencers and collaborate with travel influencers, content creators, and 

local advocates to amplify the reach and impact of the destination branding efforts [39]. Encourage users to share their 

authentic experiences and positive stories about Indonesia, leveraging their influence to attract and inspire potential 

visitors [40]. Community Engagement and Participation foster community engagement and participation by encouraging 

travelers to share their experiences and recommendations about Indonesia on social media platforms [41]. Create 

interactive campaigns, contests, and challenges to encourage user-generated content and foster a sense of belonging 

among travelers. 

In addition, optimize the targeted marketing and promotion campaigns to specific target audiences based on their 

interests, preferences, and demographics [42]. Utilize data-driven insights to identify key markets and segments and craft 

personalized messaging and offers that resonate with their needs and aspirations [43]. Implement a robust monitoring and 

evaluation framework to track the performance and impact of destination branding efforts over time [44]. Regularly 

analyze vital metrics such as engagement levels, sentiment trends, and visitor feedback to identify areas for improvement 

and optimization [45]. By implementing these recommendations, destination marketers and managers can effectively 

deploy destination branding strategies that leverage Indonesia's positive sentiments and perceptions, ultimately driving 

visitor engagement, loyalty, and advocacy in the global tourism market. 

4. CONCLUSION 

In conclusion, the analysis of frequently used words in the review data provides valuable insights into the perception and 

portrayal of Indonesia as a tourism destination. With "Indonesia" mentioned 736 times, "video" 283 times, and "love" 

215 times, among other significant terms, it is evident that Indonesia is perceived positively, with terms like "beautiful," 

"wonderful," and "amazing" emphasizing its aesthetic appeal and allure. Additionally, "orang" and "Indonesian" show 
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appreciation for the country's rich cultural heritage and people. These findings underscore the importance of destination 

branding efforts in shaping favorable perceptions and emotions toward Indonesia. Moving forward, destination marketers 

and managers can leverage these insights to develop targeted branding strategies that highlight Indonesia's unique 

attractions, cultural experiences, and warm hospitality, ultimately enhancing its competitiveness and appeal in the global 

tourism market. In addition, comparing the two approaches in sentiment classification using the Support Vector Machine 

(SVM) algorithm reveals exciting insights into their respective performance. The SVM algorithm with Synthetic Minority 

Over-sampling Technique (SMOTE) showcases promising results with an accuracy of 84.26%, precision of 100.00%, 

recall of 68.51%, and a remarkable Area Under the Curve (AUC) value of 0.996. These metrics indicate its efficacy in 

accurately classifying sentiment patterns within analyzed YouTube content, offering valuable practical implications for 

destination managers and marketers. On the other hand, the SVM algorithm without SMOTE achieves notably high 

accuracy, precision, and recall scores of 97.08%. Yet, its AUC value of 0.607 suggests potential limitations in 

discriminating between positive and negative sentiment instances. While this approach demonstrates robustness, further 

investigation is necessary to enhance its performance in capturing nuanced sentiment patterns. Overall, both approaches 

highlight the significance of SVM algorithms in sentiment analysis for destination branding strategies, albeit with varying 

degrees of predictive power and potential areas for improvement. 
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