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Abstract−In recent years, sentiment analysis has emerged as a critical area of research due to its wide-ranging applications in 

understanding public opinion, customer feedback, and social media sentiment. However, one of the significant challenges faced in 

sentiment analysis is the handling of imbalanced datasets, where the distribution of sentiment classes is uneven, leading to biased 

model performance. This study employs the Cross-Industry Standard Process for Data Mining (CRISP-DM) methodology to 

investigate sentiment analysis algorithms, mainly focusing on the Support Vector Machine (SVM) algorithm and the integration 

of the Synthetic Minority Over-sampling Technique (SMOTE). Through systematic experimentation and evaluation, the research 

demonstrates the superior performance of the SVM-SMOTE model in handling imbalanced datasets, achieving an accuracy of 

98.46%, an AUC of 1.000, precision of 100.00%, recall of 96.91%, and an impressive F-measure of 98.42%. Additionally, the 

evaluation unveils specific toxicity scores across various categories, with Toxicity scoring at 0.11036 and 0.93915, Severe Toxicity 

at 0.00905 and 0.45895, Identity Attack at 0.02415 and 0.66373, Insult at 0.05149 and 0.85793, Profanity at 0.06392 and 0.93426, 

and Threat at 0.01562 and 0.51957. These numerical indicators provide quantitative insights into potential harm within analyzed 

content, emphasizing the efficacy of the SVM-SMOTE model in real-world applications and contributing to the advancement of 

sentiment analysis within the CRISP-DM framework. 
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1. INTRODUCTION 

Artificial tourist destinations have gained significant popularity, prompting thorough analysis from travelers' 

perspectives to identify and analyze preferences and behaviors [1], [2], [3]. The emergence of such destinations as 

key attractions underscores the need for meticulous examination to comprehend the underlying factors driving the 

allure and appeal [4], [5], [6]. Through meticulous scrutiny of tourist behaviors and preferences, insights into the 

dynamics shaping the tourism landscape are gleaned, facilitating informed decision-making and strategic planning 

within the industry [7]. Consequently, the analysis of artificial tourist destinations serves as an indispensable tool for 

stakeholders aiming to capitalize on emerging trends and meet the evolving demands of contemporary travelers. 

One of Singapore's popular artificial tourist destinations is the S.E.A Aquarium on Sentosa Island. Entering 

and exploring the marine realm of the S.E.A. Aquarium allows visitors to immerse themselves in a captivating 

experience, encountering over 100,000 marine animals comprising more than 1,000 species across 50 different 

habitats. This vast array of marine life offers an unparalleled opportunity for education and exploration, making it an 

unforgettable experience for visitors. The diversity of species and habitats within the aquarium underscores its 

significance as a prominent attraction, contributing to Singapore's vibrant tourism landscape and serving as a testament 

to the marvels of marine biodiversity. 

This study aims to analyze the sentiment of tourists through data sourced from reviews on TripAdvisor and 

influencer channels on YouTube. This endeavor is essential for comprehending the behavioral context of tourists 

visiting the S.E.A Aquarium in Singapore. A comprehensive understanding of tourists' sentiments towards the 

attraction is attained by examining reviews from multiple platforms, including user-generated content and influencer 

perspectives [8], [9], [10], [11]. This analysis enables stakeholders to gain insights into the factors influencing 

tourists' perceptions and experiences at the S.E.A Aquarium, informing strategic decisions to enhance visitor 

satisfaction and promote sustainable tourism development. 

The urgency of this research lies in its potential to offer invaluable insights into the dynamics of tourist 

sentiment towards the S.E.A Aquarium in Singapore. By analyzing data derived from TripAdvisor reviews and 

influencer channels on YouTube, this study seeks to unravel the underlying factors shaping tourists' perceptions and 

experiences in the attraction [12], [13], [14]. Such insights are crucial for stakeholders in the tourism industry, as 

they enable informed decision-making to optimize visitor satisfaction and foster sustainable tourism practices [15], 

[16], [17], [18], [19], [20], [21]. Consequently, this research promises to drive positive outcomes for both the 

S.E.A Aquarium and the broader tourism ecosystem in Singapore. 

This research's theoretical and practical implications are profound, extending beyond the immediate scope of 

analyzing tourist sentiment towards the S.E.A Aquarium in Singapore. By delving into the nuanced dynamics of visitor 

perceptions and experiences, this study contributes to the enrichment of existing theoretical frameworks in tourism 

studies, particularly in understanding the interplay between user-generated content and influencer narratives in 

shaping tourist behavior [22], [23], [24], [25], [26]. Moreover, the findings of this research hold practical 
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significance for stakeholders in the tourism industry, offering actionable insights to inform strategic decision-making 

processes [27], [28], [29], [30]. By leveraging the insights from analyzing TripAdvisor reviews and influencer 

content on YouTube, stakeholders devise targeted marketing strategies, enhance visitor experiences, and optimize 

resource allocation to maximize the attractiveness and sustainability of the S.E.A Aquarium as a key tourist 

destination. This research bridges the gap between theory and practice, offering tangible benefits for academic 

discourse and industry practitioners. 

Exploring similar research endeavors presents a fertile ground for expanding knowledge and fostering 

collaborative learning within tourism studies. This research identifies gaps, trends, and emerging themes that warrant 

further exploration by examining related studies investigating tourist sentiment toward various attractions or 

destinations [31], [32]. This process enhances the breadth and depth of existing knowledge and offers an opportunity 

to contribute novel insights and methodologies to the academic discourse. Through interdisciplinary collaboration and 

knowledge exchange, this research collectively advances our understanding of tourist behavior, preferences, and 

experiences, enriching theoretical frameworks and informing practical applications in the tourism industry [33], 

[34], [35]. Consequently, engaging with similar research broadens the intellectual horizon and fosters a culture of 

innovation and continuous improvement in addressing complex challenges within tourism studies. 

The limitation of this research primarily hinges on the constraints posed by the methodology employed, the 

availability and adequacy of data resources, and the contextual specificity of the S.E.A Aquarium in Singapore. While 

the CRISP-DM framework provides a systematic approach to data analysis, its efficacy is contingent upon the quality 

and comprehensiveness of the data sources utilized. Furthermore, the inherent limitations of relying on reviews from 

platforms like TripAdvisor and influencer channels on YouTube may introduce biases or overlook certain aspects of 

tourist sentiment. Additionally, the unique contextual factors surrounding the S.E.A Aquarium, such as cultural 

nuances, visitor demographics, and seasonal variations, may not be fully captured within the scope of this study. 

Despite these limitations, acknowledging and addressing these methodological and contextual constraints is essential 

for ensuring the robustness and validity of the research findings, thereby facilitating more nuanced insights into tourist 

behavior and experiences at the S.E.A Aquarium in Singapore. 

2. RESEARCH METHODOLOGY 

2.1 Gap Analysis 

Conducting a gap analysis is imperative to pinpoint areas of novelty and potential contributions, both theoretically 

and practically, within the research domain. This research identifies gaps, inconsistencies, or unexplored avenues that 

warrant further investigation by systematically assessing existing literature and empirical studies. This analytical 

process illuminates areas where current knowledge falls short and unveils opportunities for theoretical advancement 

and practical application. By meticulously examining the research landscape, scholars strategically position the work 

to address critical gaps and make meaningful contributions to advancing knowledge in respective fields. In essence, 

the pursuit of gap analysis catalyzes fostering innovation, driving intellectual progress, and shaping the future 

trajectory of research endeavors. 

   

Figure 1. Gap Analysis using VosViewer 

Figure 1 shows the overlay, density, and network visualization of topics related to man-made tourism. Based 

on the theoretical gap analysis, the study of sentiment analysis has gained prominence; however, there remains a 

paucity of research focusing specifically on tourist sentiment at tourist destinations. While sentiment analysis has 

garnered attention across various domains for its ability to extract insights from textual data, its application within the 

context of tourism remains relatively underexplored. Despite the burgeoning interest in understanding tourist 

behaviors and preferences, there is a notable gap in the literature concerning the sentiment tourists express towards 

specific attractions or destinations. This gap presents an opportunity to delve into the nuances of tourist sentiment and 

its implications for destination management, marketing strategies, and visitor experience enhancement. In essence, 
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bridging this theoretical gap holds promise for enriching our understanding of tourist behavior and contributing to the 

advancement of sentiment analysis within the context of tourism studies. 

Several studies have highlighted sustainability as a prominent topic within tourism. The relevance of this topic 

extends to sentiment classification research, mainly through aspect-based sentiment analysis, which centers on 

assessing sentiment toward specific tourism activities. Sustainability has emerged as a critical concern in tourism 

discourse, with stakeholders increasingly emphasizing responsible practices to mitigate environmental impact and 

preserve cultural integrity. Aspect-based sentiment analysis offers a nuanced approach to understanding tourists' 

sentiments towards sustainability initiatives and related activities, shedding light on perceptions, preferences, and 

behaviors. By integrating sustainability considerations into sentiment classification frameworks, this research 

provides valuable insights that inform sustainable tourism development strategies and contribute to the long-term 

viability of tourism destinations. The intersection of sustainability and sentiment analysis presents a fertile ground for 

advancing knowledge and fostering sustainable practices within the tourism industry. 

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

The CRISP-DM framework is adopted as a solution-oriented approach to address the research problem in sentiment 

classification using Support Vector Machine (SVM) and Decision Tree (DT) models. CRISP-DM provides a 

structured methodology comprising distinct phases such as business understanding, data understanding, data 

preparation, modeling, evaluation, and deployment. By leveraging CRISP-DM, this research systematically navigates 

the complexities of sentiment classification, from understanding the business context to deploying predictive models 

effectively. Adopting CRISP-DM ensures methodological rigor and consistency, facilitating the efficient development 

and implementation of SVM and DT models for sentiment analysis. Consequently, this framework is a robust guide 

in tackling the research problem, enabling them to generate reliable and actionable insights from textual data for 

informed decision-making and strategic planning. 

 

Figure 2. Cross-Industry Standard Process for Data Mining (CRISP-DM) Framework 

Figure 2 shows the implementation of the CRISP-DM framework. Based on the processed textual data from 

TripAdvisor reviews, 1071 data entries are available for analysis, indicating a substantial volume of user-generated 

content to draw insights. Concurrently, the dataset obtained from YouTube, identified by the unique video identifier 

"nzMSLssodPY," comprises 2001 textual entries, further enriching the corpus for sentiment analysis. This abundance 

of data from diverse sources presents a valuable opportunity to conduct comprehensive and robust analyses of tourist 

sentiment toward the designated attraction. The sizable datasets from TripAdvisor and YouTube offer a 

comprehensive perspective on visitor experiences and perceptions, laying the groundwork for insightful findings and 

informed decision-making in tourism studies. 

Using CRISP-DM, the sentiment analysis results obtained using Communalytic and RapidMiner will be 

compared and analyzed to generate pertinent recommendations. CRISP-DM provides a structured data mining and 
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analysis framework, encompassing distinct phases such as business understanding, data understanding, data 

preparation, modeling, evaluation, and deployment. By adopting this systematic approach, this research ensures 

methodological rigor and consistency in comparing and analyzing sentiment analysis outcomes from different tools 

or methodologies. Using Communalytic and RapidMiner for sentiment analysis enables this research to leverage 

diverse analytical techniques and algorithms, thereby facilitating a comprehensive assessment of tourist sentiment 

toward the designated attraction. Consequently, the comparative analysis facilitated by CRISP-DM holds promise for 

generating actionable insights and recommendations that contribute to informed decision-making and strategic 

planning in the tourism industry. 

2.2.1 Business Understanding 

In the business understanding phase, it is imperative to delineate the specific context of inquiry, emphasizing man-

made tourism, mainly focusing on the S.E.A Aquarium in Singapore, which will be analyzed based on reviews from 

TripAdvisor and YouTube platforms. This initial phase serves as a crucial foundation for the subsequent stages of the 

CRISP-DM framework, elucidating the key objectives, stakeholders, and contextual nuances pertinent to the research 

endeavor. By precisely delineating the scope and context of the study, ensure alignment with the overarching research 

goals and maximize the relevance and applicability of the subsequent analyses and recommendations. The business 

understanding phase lays the groundwork for a comprehensive and systematic exploration of tourist sentiment towards 

the designated attraction, facilitating informed decision-making and strategic planning in the tourism industry. 

The selection of data sources from the YouTube and TripAdvisor platforms considers the substantial volume 

of textual data, exceeding 1000 entries. Consequently, this abundance of data provides a robust foundation for 

interpreting the perceptions and preferences of tourists visiting the designated destination. By leveraging data from 

platforms with extensive user-generated content, such as YouTube and TripAdvisor, this research captures diverse 

opinions and experiences, offering valuable insights into the multifaceted nature of tourist sentiment. This strategic 

approach to data selection enhances the depth and breadth of the analysis, enabling a comprehensive understanding 

of the factors shaping tourist perceptions and behaviors at the designated attraction. 

  

Figure 3. Frequently Used Words of Video Reviews in Communalytic 

Figure 3 shows the word clouds in communistic. Based on the identification of frequently used words from 

2001 comments on the video with the ID "nzMSLssodPY," it is evident that specific terms prominently feature in the 

discourse surrounding the S.E.A Aquarium in Singapore. Words such as "aquarium" (253 occurrences), "Singapore" 

(138 occurrences), "fish" (137 occurrences), and "sharks" (67 occurrences) emerge as recurrent themes, reflecting the 

central focus on marine life and the destination itself. Additionally, terms like "just" (134 occurrences), "like" (124 

occurrences), and "really" (66 occurrences) suggest expressions of personal opinion or emphasis, indicating the 

subjective nature of the comments. The prevalence of words such as "love" (67 occurrences), "great" (55 occurrences), 

and "place" (61 occurrences) further underscores positive sentiments towards the aquarium experience. Conversely, 

terms like "can" (66 occurrences) and "know" (73 occurrences) may indicate inquiries or expressions of curiosity from 

viewers. Overall, the frequency analysis offers valuable insights into the predominant themes and sentiments 

expressed within the comments, providing a basis for further qualitative analysis and interpretation of tourist 

perceptions and experiences at the S.E.A Aquarium in Singapore. 

Further analysis of the top-ten posters reveals vital contributors to the discourse surrounding the S.E.A 

Aquarium in Singapore. The usernames @seyerus (19 posts), @notlev9731 (18 posts), and @exs1803 (13 posts) 

emerge as the most prolific contributors, indicating significant engagement with the topic. Additionally, usernames 

such as @smkstatus-pn4ll (10 posts) and @stefanymaes (10 posts) demonstrate notable discussion participation. 

While some users, such as @jayboy975hi6 (8 posts) and @jacktoh4552 (6 posts), contribute moderately, others like 

@wackywavinginflatablearmfl3685 (6 posts), @Praise___YaH (5 posts), and @jygergruz9562 (5 posts) contribute to 

a lesser extent. This analysis sheds light on the distribution of contributions within the online discourse, highlighting 

key influencers and respective levels of engagement. 

Subsequently, an observational study is conducted at the S.E.A Aquarium to reaffirm the patterns of interaction 

and behavior exhibited by tourists based on various categories, including solo travelers, couples, business visitors, 

families, and friends. This observational approach offers valuable insights into visitor engagement and social 

dynamics within the attraction, allowing for a deeper understanding of distinct visitor groups' differing needs and 
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preferences. By observing the behaviors and interactions of tourists in different contexts, this research augments 

analysis with qualitative observations, providing a holistic perspective on the visitor experience at the S.E.A 

Aquarium. 

    

Figure 4. Field Observation in S.E.A Aquarium Singapore 

Figure 4 shows the field observation of the S.E.A Aquarium in Singapore. Based on the observational findings, 

visitors to the S.E.A Aquarium are classified into distinct categories: solo travelers, couples, friends, families, and 

business visitors. Consequently, there is a need to collect and categorize review data from TripAdvisor alongside 

feedback from YouTube, specifically through influencer George Mavrakis' video with the ID "nzMSLssodPY," which 

has garnered a significant viewership of 3,950,962 views as of May 20, 2020. This comprehensive approach to data 

collection ensures the inclusion of diverse perspectives and experiences, allowing for a nuanced analysis of tourist 

sentiment and preferences towards the destination across different visitor types. 

Based on the identification of the number of reviews for the S.E.A Aquarium on TripAdvisor, a total of 6,852 

reviews were identified, categorized as follows: Excellent (3,664 reviews), Excellent (2,235 reviews), Average (726 

reviews), Poor (151 reviews), and Terrible (76 reviews). This comprehensive dataset provides a quantitative overview 

of visitor feedback, allowing for a detailed analysis of the overall satisfaction levels and sentiments expressed towards 

the attraction. The distribution of reviews across different rating categories offers insights into the strengths and 

weaknesses of the S.E.A Aquarium, informing strategic decision-making and improvement initiatives to enhance the 

visitor experience. 

Therefore, the text data downloaded from TripAdvisor and YouTube was preprocessed and extracted to be 

classified based on negative and positive sentiments. This preprocessing step involves cleaning the data to remove 

noise and irrelevant information, such as punctuation marks and stop words while standardizing the text format for 

consistency in analysis. Subsequently, sentiment analysis techniques, such as lexicon-based or machine-learning 

approaches, were applied to classify each review's sentiment polarity as negative or positive. By categorizing the 

reviews based on sentiment, this research gains valuable insights into tourists' overall perception and satisfaction levels 

towards the SEA Aquarium, facilitating informed decision-making and strategic planning to address areas of concern 

and capitalize on strengths. 

2.2.2 Data Understanding 

During the data understanding phase, the scraped data undergoes processing and extraction based on negative and 

positive classes. This crucial step involves parsing and structuring the raw data to facilitate further analysis and 

interpretation by categorizing the data into negative and positive classes and gaining insights into the sentiment 

polarity of the collected reviews, enabling a nuanced understanding of tourist perceptions and experiences. This 

systematic approach to data processing lays the groundwork for subsequent sentiment analysis, allowing for the 

identification of prevalent themes, sentiment trends, and areas of concern or satisfaction within the dataset. 

Based on the data obtained from YouTube videos about the S.E.A Aquarium, a total of 2001 data points have 

been collected and are ready for classification into negative, neutral, and positive classes using the Vader and TextBlob 

approaches. This extensive dataset offers a rich source of information for analyzing the sentiment viewers express 

towards the attraction. By employing Vader and TextBlob, widely used sentiment analysis tools, and leveraging 

different algorithms and linguistic models to assess the sentiment pola comprehensively. This multi-faceted approach 

enhances the robustness and reliability of the sentiment analysis results, providing valuable insights into visitors' 

overall perception and satisfaction levels towards the S.E.A Aquarium. 

Meanwhile, the data collected from TripAdvisor amounts to 1070 entries, which will undergo cleaning and 

extraction using operators within the RapidMiner application. This step in the data preprocessing phase is essential 

for ensuring the quality and consistency of the dataset, as it involves removing any noise or irrelevant information that 

may skew the analysis results. This research efficiently preprocesses the TripAdvisor data by utilizing RapidMiner's 

suite of operators, including removing duplicate entries, handling missing values, and standardizing the text format. 

This systematic approach streamlines the data preparation, laying a solid foundation for subsequent analysis and 

interpretation of tourist sentiment towards the S.E.A Aquarium. 

 

https://ejurnal.seminar-id.com/index.php/bits
https://creativecommons.org/licenses/by/4.0/


Building of Informatics, Technology and Science (BITS)  
Volume 5, No 3, Desember 2023 Page: 595−606  

ISSN 2684-8910 (media cetak)   

ISSN 2685-3310 (media online) 

DOI 10.47065/bits.v5i3.4703  

Copyright © 2023 Yerik Afrianto Singgalen, Page 600  
This Journal is licensed under a Creative Commons Attribution 4.0 International License 

 

 

Figure 5. Data Cleaning and Extract Sentiment  

Figure 5 shows the data cleaning and extract sentiment process based on string score. After cleaning and 

classifying the review data based on string scores, the next step involves proceeding to the modeling phase to test the 

algorithms' performance. Once the data is preprocessed and labeled with appropriate sentiment classifications, this 

research employs machine learning and statistical techniques to build predictive models that accurately classify 

sentiment based on textual features. The efficacy and accuracy of different algorithms were assessed through rigorous 

testing and evaluation to identify the most suitable approach for sentiment analysis of the S.E.A Aquarium reviews. 

This modeling phase serves as a crucial step in the research process, as it determines the reliability and robustness of 

the sentiment analysis framework employed, ultimately contributing to a comprehensive understanding of tourist 

perceptions and experiences at the attraction. 

2.2.3 Modeling 

During the modeling phase, textual data from YouTube videos is analyzed based on toxicity scores using Perspective 

API and sentiment analysis based on Vader and TextBlob. This stage involves leveraging advanced computational 

tools and algorithms to quantify the level of toxicity within the comments and assess the sentiment polarity expressed 

by viewers. By employing Perspective API, this research evaluates the comments' potential harmfulness or toxicity, 

providing insights into the overall discourse surrounding the S.E.A Aquarium. Additionally, sentiment analysis using 

Vader and TextBlob allows for a nuanced understanding of the sentiment expressed in the comments to gauge the 

overall sentiment polarity towards the attraction. This multi-faceted approach to analysis enhances the 

comprehensiveness and accuracy of the findings, facilitating a deeper understanding of public sentiment and 

perception towards the S.E.A Aquarium on YouTube. 

 

 

Figure 6. Toxicity Score and Sentiment Classification  

Figure 6 shows the toxicity score and sentiment classification process in Communalytic. Based on the 

implementation of the Perspective API model on 1758 out of 2001 textual data from YouTube videos, it is discerned 

that the toxicity scores vary across different dimensions. The toxicity score, ranging from 0.11036 to 0.93915, 

indicates potential harm or toxicity within the comments, with higher scores suggesting a greater likelihood of harmful 

content. Additionally, scores for severe toxicity, identity attack, insult, profanity, and threat further elucidate the 

diverse facets of potentially harmful language or behavior within the comments. This quantitative analysis provides 

valuable insights into the nature and prevalence of toxic discourse surrounding the S.E.A Aquarium on YouTube, 

facilitating informed strategies for managing and mitigating harmful content within the online platform. 

Based on the implementation of the Vader and TextBlob models on 1647 out of 2001 posts, it is evident that 

both models provide insights into the sentiment distribution within the dataset. The Vader model identifies 14.35% of 
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posts as having a negative sentiment, 33.27% as neutral, and 52.38% as positive, while the TextBlob model for English 

reveals 10.88% negative, 40.69% neutral, and 48.42% positive sentiment. Moreover, TextBlob analysis in French and 

German languages showcases varying sentiment distributions, with a higher prevalence of neutral sentiments in 

French and predominantly positive sentiments in German. This comprehensive analysis offers a nuanced 

understanding of sentiment dynamics across different languages, providing valuable insights into public perception 

and sentiment towards the S.E.A Aquarium across various linguistic contexts. 

 

Figure 7. SVM and DT Performance Evaluation Using Rapidminer 

Figure 7 shows the evaluation of SVM and DT models in sentiment classification. Subsequently, the textual 

data processing from TripAdvisor is conducted using the RapidMiner application, employing the SVM and DT models 

for evaluation. The dataset, comprising 1070 collected reviews extracted via WebHarvy, is divided into a 30% training 

data subset and a 70% testing data subset. This division allows for assessing model performance on unseen data, 

ensuring robustness and generalizability. By leveraging the capabilities of RapidMiner and employing machine 

learning algorithms such as SVM and DT, this research effectively analyzes and classifies the sentiment expressed in 

TripAdvisor reviews, contributing to a comprehensive understanding of tourist perceptions and experiences at the 

S.E.A Aquarium. 

In SVM and DT models, a comparison is made before and after employing the SMOTE operator to address 

data imbalance. This comparison allows for an assessment of the effectiveness of SMOTE in mitigating the challenges 

posed by imbalanced datasets, particularly in classification tasks. By augmenting the minority class samples through 

synthetic data generation, SMOTE aims to balance the class distribution and improve the performance of machine 

learning models. Evaluating the model's performance before and after the SMOTE application provides valuable 

insights into the impact of data balancing techniques on classification accuracy and model robustness, ultimately 

enhancing the reliability of sentiment analysis results in the context of tourist reviews for the S.E.A Aquarium. 

2.2.4 Evaluation 

During the evaluation stage, the processed data from Communalytic and RapidMiner are tailored to respective data 

contexts. In Communalytic, the analysis includes toxicity scoring based on the Perspective API model and sentiment 

classification using VadEr and Textblob. Meanwhile, in RapidMiner, the processed data is evaluated using SVM and 

DT algorithms. This tailored approach ensures that the evaluation criteria align with the specific characteristics and 
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requirements of each dataset and analysis platform. By adapting the evaluation process accordingly, this research 

effectively assesses the performance and accuracy of the sentiment analysis and toxicity scoring methodologies, 

thereby providing reliable insights into the public perception and discourse surrounding the S.E.A Aquarium. 

The evaluation of the data processing results using the Communalytic application is divided into two parts: the 

assessment of the Perspective API model's performance for toxicity analysis on 1758 out of 2001 posts and the 

evaluation of the Vader and Textblob models in sentiment analysis on 1647 out of 2001 posts. This structured approach 

allows for a comprehensive examination of the effectiveness and accuracy of each model in respective analytical tasks. 

By systematically assessing the performance of the Perspective API, Vader, and Textblob models, this research gains 

valuable insights into the toxicity levels and sentiment expressions in the dataset, contributing to a deeper 

understanding of public perceptions and attitudes towards the S.E.A Aquarium. 

In evaluating the data processing outcomes in RapidMiner, the emphasis lies on assessing key performance 

metrics such as accuracy, precision, recall, F-measure, and AUC using SVM and DT algorithms on a dataset 

comprising 1070 review data. This meticulous evaluation gauges the effectiveness and reliability of the applied 

machine learning models in classifying sentiment and toxicity levels within the dataset. By scrutinizing these 

performance metrics, this research ascertains the robustness and efficacy of the SVM and DT algorithms in accurately 

classifying sentiment and toxicity levels, thus facilitating informed decision-making and insights generation regarding 

public perceptions of the S.E.A Aquarium. 

2.2.5 Deployment 

During the deployment phase, the evaluation outcomes are recommendations to align destination facilities and services 

with tourists' preferences and perceptions. Destination managers tailor offerings to better cater to visitor expectations 

and needs by leveraging insights from sentiment analysis and toxicity scoring. This iterative process of utilizing data-

driven insights to inform decision-making ensures a more responsive and customer-centric approach to destination 

management, ultimately enhancing the overall tourist experience and fostering positive perceptions of the destination. 

The deployment of the research findings contributes significantly to marketing strategies. By leveraging 

insights garnered from sentiment analysis, toxicity scoring, and visitor preferences, destination marketers refine 

promotional efforts to resonate more effectively with target audiences. This data-driven approach allows for the 

development of tailored marketing campaigns that highlight the unique features and offerings of the destination, 

thereby attracting more visitors and enhancing the destination's competitive edge in the tourism market. Through 

strategic marketing initiatives informed by research outcomes, destinations effectively position themselves to 

capitalize on emerging trends and meet travelers' evolving needs and expectations, ultimately driving tourism growth 

and economic development. 

3. RESULT AND DISCUSSION 

The discussion in this research is divided into two parts: evaluating performance outcomes based on Communalytic 

and RapidMiner. The research assesses the effectiveness and efficiency of data processing and modeling techniques 

employed in sentiment analysis and toxicity scoring through these analytical frameworks. By dissecting and 

comparing the results obtained from each platform, the research aims to provide comprehensive insights into the 

strengths and limitations of different methodologies in analyzing and interpreting textual data. This structured 

approach enables a nuanced understanding of the complexities involved in data analysis. It facilitates informed 

decision-making in future research endeavors and practical applications within tourism management and marketing. 

3.1 Toxicity Scores and Sentiment Classification using Vader and Textblob based on Content Video  

The netizen response to video ID nzMSLssodPY is predominantly characterized by positive sentiment, which is 

examined explicitly through toxicity scores and sentiment classification results. This observation suggests a favorable 

perception and engagement among viewers towards the content presented in the video. The prevalence of positive 

sentiment underscores the effectiveness of the video in eliciting favorable reactions and fostering a supportive online 

community. Such insights gleaned from the analysis of netizen responses provide valuable feedback for content 

creators and marketers, aiding in optimizing future content strategies and audience engagement initiatives. 

The evaluation results unveil specific numeric values denoting toxicity across various categories, with Toxicity 

scoring at 0.11036 and 0.93915, Severe Toxicity at 0.00905 and 0.45895, Identity Attack at 0.02415 and 0.66373, 

Insult at 0.05149 and 0.85793, Profanity at 0.06392 and 0.93426, and Threat at 0.01562 and 0.51957. These numerical 

indicators provide a quantitative understanding of the extent of potential harm within the analyzed content, aiding in 

assessing online discourse and fostering a safer digital environment. 
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Figure 8. Average Toxicity Scores per Month 

Figure 8 shows the average toxicity scores per month. The analysis of this data is based on the context of the 

research data at hand. It serves as a quantitative representation of toxicity levels within the specific dataset under 

examination, offering insights into the prevalence of various harmful elements such as severe toxicity, identity attack, 

insult, profanity, and threat. Contextualizing these numerical findings within the scope of the research enables a deeper 

understanding of the nature and extent of negative sentiment present within the analyzed content, thus informing 

subsequent actions or decisions aimed at mitigating potential harm or fostering a more positive online environment. 

Based on the sentiment analysis conducted on 1647 out of 2001 posts, it is evident that VADER (English/EN) 

yields sentiment distributions of 14.35% negative, 33.27% neutral, and 52.38% positive. Similarly, TextBlob 

(English/EN) exhibits sentiment proportions of 10.88% negative, 40.69% neutral, and 48.42% positive sentiments. 

For TextBlob in French (FR), out of 18 posts analyzed, there were no negative sentiments; 77.78% were classified as 

neutral, and 22.22% as positive. Likewise, TextBlob in German (DE) also shows no negative sentiments among the 

12 posts analyzed, with 91.67% categorized as neutral and 8.33% as positive. These findings provide insights into the 

varying sentiment distributions across different languages and sentiment analysis models, contributing to a 

comprehensive understanding of sentiment dynamics in the analyzed dataset. 

 

Figure 9. Distribution of Polarity Values 

Figure 9 shows the distribution of polarity values. Based on the distribution of polarity scores, it is evident that 

out of the analyzed posts, 99 (8.62%) exhibit negative sentiments (polarity scores <= -0.05), 409 (35.63%) are 

classified as neutral sentiments (polarity scores between -0.05 and 0.05), and the majority, comprising 640 (55.75%) 

posts, demonstrate positive sentiments (polarity scores >= 0.05). This distribution provides valuable insights into the 

overall sentiment tendencies within the dataset, highlighting the prevalence of positive sentiments and the relatively 

lower occurrence of negative sentiments, thus indicating a predominantly positive sentiment environment among the 

analyzed posts. 
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VADER and TextBlob agree in categorizing 1148 (71.48%) out of 1606 English language posts, excluding 

duplicates, such as reposts or retweets. This level of agreement is assessed as moderate, with a Cohen’s kappa statistic 

of 0.521. Specifically, there are 39 instances where VADER assigns positive polarity scores while TextBlob assigns 

negative scores and 57 instances where VADER assigns negative polarity scores while TextBlob assigns positive 

scores. This moderate level of agreement underscores the consistency between the two sentiment analysis tools in 

most cases, highlighting areas of divergence where further investigation may be warranted. 

3.2 SVM and DT Performance Evaluation With and Without Using SMOTE 

Based on the implementation results of SVM and DT models in sentiment classification of 1070 review data from 

Tripadvisor regarding the S.E.A. Aquarium, the performance of each model was assessed to determine the optimal 

one. Evaluating both models' accuracy, precision, recall, F-measure, and AUC will provide insights into the 

effectiveness of classifying sentiment. By comparing these metrics, it will be possible to identify which model 

demonstrates superior performance in accurately categorizing the sentiment expressed in the reviews. The testing 

results of the DT algorithm without utilizing SMOTE indicate promising performance metrics: an accuracy rate of 

94.53%, an AUC value of 0.544, precision at 95.52%, recall reaching 98.88%, and an f-measure of 97.17%. These 

metrics comprehensively evaluate the algorithm's effectiveness in classification tasks, demonstrating its robustness in 

accurately predicting outcomes based on the input data. 

DT without SMOTE DT with SMOTE 

  

Figure 10. Decision Tree Performance Evaluation 

Figure 10 shows the comparison of DT with and without SMOTE. Evaluating the Decision Tree (DT) algorithm 

with the application of the Synthetic Minority Over-sampling Technique (SMOTE) yields promising results. With the 

SMOTE operator, the algorithm achieves notable performance metrics, showcasing an accuracy of 95.78%, a high 

AUC (Area Under the Curve) value of 0.959, precision at 92.93%, an impressive recall of 99.16%, and a substantial 

f-measure of 95.93%. These metrics indicate the effectiveness of integrating the SMOTE technique to address data 

imbalance issues, significantly enhancing the model's classification accuracy and predictive ability. The robust 

performance of the DT algorithm with SMOTE underscores its potential for effectively handling imbalanced datasets 

and improving the overall performance of sentiment classification tasks. 

SVM without SMOTE SVM with SMOTE 

  

Figure 11. Support Vector Machine Performance Evaluation 

Figure 11 shows the comparison of SVM with and without SMOTE. Assessing the Support Vector Machine 

(SVM) algorithm without employing the Synthetic Minority Over-sampling Technique (SMOTE) reveals compelling 

performance outcomes. The SVM model demonstrates commendable accuracy, achieving 95.06%, and exhibits a 

moderate AUC (Area Under the Curve) value of 0.739. Additionally, it showcases precision and recall rates at 95.06% 

and 100.00%, respectively, culminating in a robust f-measure of 97.47%. These results underscore the SVM 
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algorithm's efficacy in classification tasks, particularly in scenarios where data imbalance is not prevalent. The high 

recall rate further suggests the SVM's ability to effectively capture all positive instances in the dataset, thereby 

bolstering its utility in various real-world applications. 

The evaluation of the Support Vector Machine (SVM) algorithm, integrated with the Synthetic Minority Over-

sampling Technique (SMOTE), showcases remarkable performance metrics. The SVM model demonstrates 

exceptional classification prowess with an impressive accuracy rate of 98.46% and a perfect AUC (Area Under the 

Curve) value 1.000. Moreover, achieving a precision score of 100.00% underscores its capability to accurately identify 

positive instances while maintaining a high recall rate of 96.91%. These results collectively yield a robust f-measure 

of 98.42%, reaffirming the SVM algorithm's effectiveness in handling imbalanced datasets. Using SMOTE enhances 

the model's ability to generalize and mitigate potential biases, making it a valuable tool for various practical 

applications in classification tasks. 

4. CONCLUSION 

In conclusion, adhering to the CRISP-DM (Cross-Industry Standard Process for Data Mining) methodology, this 

research has comprehensively explored sentiment analysis and classification algorithms, mainly focusing on the 

Support Vector Machine (SVM) algorithm with and without the Synthetic Minority Over-sampling Technique 

(SMOTE). Through systematic experimentation and evaluation, significant insights have been garnered into the 

efficacy of these algorithms in managing imbalanced datasets. Notably, the integration of SMOTE with the SVM 

algorithm has demonstrated remarkable performance, achieving an accuracy of 98.46%, an AUC of 1.000, a precision 

of 100.00%, a recall of 96.91%, and an impressive F-measure of 98.42%. Furthermore, the evaluation results unveil 

specific numeric values denoting toxicity across various categories, with Toxicity scoring at 0.11036 and 0.93915, 

Severe Toxicity at 0.00905 and 0.45895, Identity Attack at 0.02415 and 0.66373, Insult at 0.05149 and 0.85793, 

Profanity at 0.06392 and 0.93426, and Threat at 0.01562 and 0.51957. These numerical indicators provide a 

quantitative understanding of the extent of potential harm within the analyzed content, aiding in assessing online 

discourse and fostering a safer digital environment. Together, these findings underscore the robustness and 

applicability of the SVM-SMOTE model in real-world scenarios, contributing valuable insights into machine learning 

and enhancing algorithmic performance within the CRISP-DM framework. 
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