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Abstract—This research examines the engagement with tourism digital content for Sumba Island through sentiment and
toxicity analysis. The study uses advanced models such as Perspective, Vader, and TextBlob to reveal an average toxicity
score of 0.04066, indicating minimal harmful language. Sentiment classification shows a predominantly positive reception,
with VADER identifying 81.69% positive, 12.96% neutral, and 5.35% negative sentiments. TextBlob analysis supports these
findings, confirming the robustness of the sentiment evaluation. The research underscores the effectiveness of well-crafted
digital content in promoting positive user engagement while maintaining low toxicity. The urgency of this research is
emphasized by the increasing reliance on digital platforms for tourism marketing, where understanding audience perception
is crucial for effective strategy development. The study employs the Digital Content Reviews and Analysis Framework,
which ensures systematic data processing and comprehensive evaluation. This framework includes data cleansing, sentiment,
toxicity scoring, and rigorous evaluation using multiple analytical models to enhance the reliability and applicability of the
findings. Future recommendations include expanding the analysis to encompass visual content and non-English comments
and incorporating advanced multimodal techniques to capture a holistic view of digital content engagement. Addressing these
areas will further enrich the understanding and impact of tourism digital content, driving more effective and engaging
marketing strategies in the competitive digital landscape.
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1. INTRODUCTION

Engagement with tourism digital content presents a significant challenge in marketing destinations to attract
domestic and international visitors. Effective digital content must capture the essence of the destination and
resonate with diverse audiences through visually appealing and informative materials [1]-[4]. Enhancing this
engagement involves leveraging advanced technologies such as augmented reality and interactive platforms,
which enrich user experiences and facilitate virtual exploration of destinations [5]-[8]. This strategic approach
increases visibility and fosters a deeper connection with potential tourists, ultimately driving higher visitor
numbers. Consequently, a robust digital engagement strategy becomes imperative for destination marketing,
ensuring sustained interest and competitiveness in the global tourism market.

Toxicity and sentiment analysis represent relevant approaches for evaluating the engagement of digital
content intended to encourage tourist visits to published destinations. These analytical methods provide insights
into public perceptions and emotional reactions, crucial for refining content to ensure it resonates positively with
the target audience [9], [10]. By identifying and mitigating negative sentiments and enhancing positive feedback,
these analyses help optimize the appeal and effectiveness of promotional materials [11]-[13]. This strategic
application not only aids in creating more compelling digital content but also enhances the likelihood of
successful tourist engagement, ultimately driving higher visitation rates to the featured destinations.

The Perspective model is employed to identify toxicity scores, while Vader and TextBlob are utilized for
sentiment classification. Perspective analyzes textual data to detect and measure toxic language, providing a
guantitative toxicity score that aids in monitoring and mitigating harmful content [14], [15]. Concurrently, Vader
and TextBlob offer robust sentiment classification capabilities, with VVader excelling in analyzing social media
text and TextBlob being advantageous for its simplicity and adaptability [16]. Employing these models in
tandem enables a comprehensive analysis of digital content, ensuring both the identification of toxic language
and the accurate classification of sentiment, thereby enhancing online interactions' overall quality and relevance.

This research aims to identify viewer responses to digital content through comments and to calculate
textual data using the Perspective model to determine Toxicity, Severe Toxicity, ldentity Attack, Insult,
Profanity, and Threat. By leveraging the Perspective model, the study quantifies various forms of toxic language,
providing a detailed analysis of negative interactions. Vader and TextBlob models also classify sentiments into
positive, neutral, and negative categories, offering a nuanced understanding of audience sentiment. This dual-
method approach enhances the accuracy of content evaluation and provides valuable insights for improving
digital content engagement and moderation strategies.

The urgency of this research lies in its potential to address the escalating issues of digital toxicity and
sentiment misclassification in online platforms. As digital interactions increasingly dominate social and
commercial spheres, accurately identifying and mitigating harmful content becomes paramount [17]-[19].
Employing advanced analytical models such as Perspective, Vader, and TextBlob provides a systematic
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approach to evaluating and enhancing the quality of digital engagement [20]-[22]. This research is essential for
improving user experience and safeguarding online communities against the detrimental effects of toxic
interactions. Consequently, the study's findings will be pivotal in guiding future content moderation and digital
marketing strategies, ensuring a more positive and secure digital environment.

This research's theoretical and practical implications are multifaceted, providing significant advancements
in academic and applied contexts. Theoretically, this study enriches the existing body of knowledge by
integrating sophisticated models like Perspective, Vader, and TextBlob to analyze digital content, thus offering
new insights into online toxicity and sentiment dynamics. Practically, applying these models in real-world
scenarios enhances the capability of digital platforms to manage user interactions more effectively, promoting
healthier online environments. This research contributes to academic discourse and provides actionable strategies
for improving digital content management and user engagement by bridging the gap between theoretical
exploration and practical application.

Similar research in digital content analysis has employed various methodologies to examine toxicity and
sentiment in online interactions. Studies utilizing models such as BERT and RoBERTa have demonstrated the
efficacy of advanced natural language processing techniques in detecting harmful content and sentiment patterns
[23]-[27]. These investigations highlight the importance of integrating multiple analytical frameworks to
comprehensively understand digital engagement [28]-[31]. By comparing the effectiveness of different models,
these studies contribute to optimizing content moderation strategies and enhancing user experience. Thus, the
convergence of findings from similar research underscores the necessity for continuous innovation in the
analysis of digital content.

The limitation of this research lies in the framework employed, precisely the Digital Content Reviews and
Analysis Framework, which predominantly emphasizes contextual analysis aligned with content. While adept at
providing in-depth contextual insights, this framework may overlook specific quantitative metrics crucial for a
comprehensive evaluation of digital engagement [32]-[36]. Additionally, its focus on content-specific context
might limit the generalizability of findings across diverse digital platforms [37]-[39]. Therefore, while the
framework offers valuable context-based analysis, incorporating a more holistic approach could enhance the
robustness and applicability of the research outcomes. Consequently, future studies might benefit from
integrating complementary analytical models to address these limitations.

The recommendation for further research emphasizes the need to integrate more diverse analytical
frameworks to enhance the comprehensiveness of digital content evaluation. Future studies should explore
incorporating quantitative metrics alongside contextual analysis to provide a more balanced and robust
assessment of digital engagement. Additionally, examining the applicability of various natural language
processing models across different digital platforms could yield valuable insights into the generalizability of
findings. By adopting a multifaceted approach, subsequent research can address the limitations of current
frameworks, thereby contributing to the development of more effective strategies for managing digital content
and improving user interactions.

2. RESEARCH METHODOLOGY
2.1 Gap Analysis

The research gap identified in previous studies highlights the lack of comprehensive frameworks that
simultaneously address toxicity and sentiment analysis in tourism digital content. Prior research often focused on
either sentiment analysis or toxicity detection in isolation, failing to provide a holistic view of digital
engagement. This study, titled "Tourism Digital Content Engagement through Toxicity and Sentiment Analysis:
Perspective, Vader, and TextBlob," introduces a novel approach by integrating these analyses to offer a more
nuanced understanding of user interactions with tourism content. This dual-faceted methodology is an existing
research gap, and the precision and effectiveness of digital content evaluation contribute significantly to tourism
marketing and online content moderation.

The novelty of this research lies in its integrative approach to analyzing tourism digital content
engagement through both toxicity and sentiment analysis, employing advanced models such as Perspective,
Vader, and TextBlob [40], [40], [40]-[42], [42]. This study uniquely combines the detection of sentiment
classification of sentiments, providing a comprehensive framework that addresses the multifaceted nature of
digital interactions. By leveraging these models, the research offers an innovative methodology that enhances the
accuracy and depth of content evaluation. This dual-faceted analysis fills a critical gap in the existing literature
and sets a new standard for future digital content engagement and tourism marketing studies.

The importance of this research lies in its ability to provide critical insights into the effectiveness of
tourism digital content through advanced sentiment and toxicity analysis. By employing sophisticated models
such as Perspective, Vader, and TextBlob, the study offers a comprehensive understanding of audience
engagement and sentiment, essential for developing targeted marketing strategies. This research highlights the
positive impact of well-crafted digital content and identifies areas needing improvement, enhancing the overall
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user experience. Ultimately, the findings of this study are pivotal for informing future tourism marketing efforts,
ensuring that digital content effectively captures and retains the interest of potential tourists.
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Figure 1. Network Visualization

Figure 1 shows network visualization using Vosviewer. The current trends in research indicate a
significant focus on social media, sentiment analysis, and sustainable tourism, reflecting the evolving landscape
of digital engagement and marketing. Integrating artificial intelligence and natural language processing has
become paramount, enabling more sophisticated and nuanced analysis of user interactions. Moreover, the impact
of COVID-19 has intensified the need for understanding online community behavior and virtual engagement,
driving researchers to explore innovative solutions for maintaining brand loyalty and audience engagement in a
digital-first world. These trends underscore the critical importance of interdisciplinary approaches, combining
technology, behavioral science, and marketing strategies to adapt to and leverage the rapidly changing digital
environment for more effective and sustainable tourism outcomes.

The importance of using this framework lies in its ability to systematically and comprehensively analyze
digital content, ensuring high accuracy and reliability in the findings. By integrating multiple advanced
analytical models such as Perspective, Vader, and TextBlob, the framework allows for a nuanced understanding
of sentiment and toxicity in user interactions [43], [44]. This multifaceted approach enhances the robustness of
the analysis and provides actionable insights for optimizing digital content. This framework ensures that tourism
marketing strategies are informed by precise and detailed data, leading to more effective engagement with
potential tourists and a better overall user experience.

2.2 Digital Content Reviews and Analysis Framework

This research employs the Digital Content Reviews and Analysis Framework, which provides a robust structure
for examining and interpreting digital content. By focusing on contextual analysis, this framework enables a
nuanced understanding of the intricate dynamics present within user interactions and content engagement. The
methodology encompasses various dimensions of content evaluation, including toxicity detection and sentiment
classification, thereby ensuring a comprehensive assessment [41], [44], [44]. Utilizing this framework
significantly enhances the analytical precision and depth of the study, offering valuable insights into digital
engagement patterns. Consequently, this approach advances academic understanding and informs practical
strategies for effective digital content management.

Digital Content Reviews and Analysis Framework

Content Reviews. Data Processing Evaluation and Visualization Context Analysis

Data Cleaning and Selection
« Model Performance
Raw Data = Data Evaluation
« Data Visualization

Tourism Digital Content
Engagement : Sumba Island

Data Extraction

Figure 2. Digital Content Reviews and Analysis Framework

Figure 2 shows the digital content reviews and analysis framework. The Digital Content Reviews and
Analysis Framework comprises several systematic stages to ensure thorough and accurate content evaluation.
Initially, raw data undergoes data cleansing and selection, followed by data extraction to prepare it for detailed
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analysis. The data processing stage then facilitates the transformation and structuring of the data, which is
essential for subsequent evaluation and visualization. This methodology includes assessing model performance
and visualizing data insights, culminating in a comprehensive context analysis. Ultimately, this structured
approach enhances the depth and accuracy of digital content reviews and provides actionable insights,
particularly in the tourism digital content engagement case study on Sumba Island.

The comment data to be processed is sourced from the YouTube video "SUMBA ISLAND, Indonesia -
The Secret Paradise,”" which has garnered 558 comments and 561,432 views since its upload on August 10,
2019. This substantial volume of user-generated content offers a rich dataset for analysis, providing insights into
viewer engagement and sentiment towards the depicted destination. Analyzing these comments through
advanced models such as Perspective, Vader, and TextBlob will allow for a detailed understanding of positive
and negative sentiments and the prevalence of toxic language. Consequently, this analysis will contribute
significantly to developing more effective digital marketing strategies for tourism on Sumba Island.

2.2.1 Content Reviews

The initial stage involves identifying the content based on the post-per-day statistics of the content. This metric
provides a quantitative measure of content frequency, crucial for understanding post-temporal distribution and
consistency. By analyzing the post-per-day statistics, patterns in content delivery can be discerned, revealing
insights into the engagement strategies employed. This approach not only aids in assessing the effectiveness of
content scheduling but also informs the optimization of future content dissemination plans. Leveraging this
statistical analysis ensures a more strategic and impactful digital content management process.
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Figure 3. Post-Per-Day Statistic of the Content

Figure 3 shows the post-per-day statistic. The initial phase of this data analysis involves identifying
content based on the post-per-day statistic, which provides a detailed overview of user interaction trends over
time. The provided data highlights fluctuations in comment activity, with notable spikes in early 2021, indicating
periods of heightened engagement. These patterns are essential for understanding the temporal dynamics of
content interaction, suggesting that certain events or promotional activities may have influenced increased
viewer participation. By leveraging this temporal analysis, more strategic content planning and audience
engagement techniques can be developed, optimizing digital marketing efforts and enhancing user interaction.

The data illustrates the temporal dynamics of digital content engagement for the "SUMBA ISLAND,
Indonesia - The Secret Paradise” video on YouTube. A notable surge in comments and replies occurred in early
2021, with the highest activity observed in March and April 2021. This peak suggests a significant event or
effective promotional strategy during this period that captured the audience's attention and spurred interaction.
Such fluctuations in engagement metrics underscore the importance of timing in digital content strategies. The
spikes indicate heightened viewer interest, which could be correlated with external factors such as travel trends,
media coverage, or seasonal promotions. Understanding these patterns allows for more informed decisions in
content scheduling and marketing efforts.

Furthermore, the gradual decline in comments post-mid-2021 implies that maintaining consistent
engagement requires continuous innovation in content delivery. Regular monitoring and analysis of post-per-day
statistics enable content creators to identify the most influential periods for audience engagement and adjust their
strategies accordingly. In conclusion, this temporal analysis of digital content engagement highlights the critical
role of strategic timing and adaptive content strategies in sustaining viewer interaction and interest over time.

Based on the data from the top-ten posters, it is evident that @romanbader is the most active
contributor, with 126 posts constituting 66.3% of the total contributions. @ TIMOR_RAYA follows with 33
posts, accounting for 17.4%, while the remaining contributors, including @jessicabellall6, @no-
sparringholloway, and others, have significantly fewer posts. This distribution highlights a predominant
engagement from a single user, which suggests a potential influence or interest focus on the content by
@romanbader. This disproportionate activity could skew the overall sentiment and engagement metrics,
indicating the need for a more balanced interaction from a broader audience to achieve a comprehensive
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analysis. Consequently, strategies to diversify engagement and encourage broader participation should be
considered to enhance the reliability and representativeness of the content evaluation.
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Figure 4. Top Ten Poster

Figure 4 shows the top ten posters of the content. The data visualization of the top-ten posters on the
"SUMBA ISLAND, Indonesia - The Secret Paradise™ video reveals significant insights into user engagement
patterns. The leading contributor, @romanbader, with 126 posts, dominates the interaction, comprising 66.3% of
the total comments and replies. This overwhelming participation indicates this user's solid interest or potential
promotional intent, which can significantly influence the overall engagement dynamics. The second highest
contributor, @TIMOR_RAYA, with 33 posts (17.4%), also shows a notable activity level, though it is
considerably lower than that of @romanbader. The remaining eight contributors, including @jessicabellal16 (7
posts), @no-sparringholloway (6 posts), and others with even fewer posts, collectively comprise a minor
proportion of the engagement.

This disproportionate contribution from a small number of users suggests that the engagement metrics for
this video are not evenly distributed across a broad audience. Such a concentration can lead to a biased
representation of sentiment and engagement levels, where the views and interactions of a few individuals
overshadow the broader audience's reactions. From a strategic perspective, this analysis underscores the
importance of fostering more balanced and widespread user interaction. Encouraging a diverse range of viewers
to engage with the content would provide a more accurate and representative understanding of the audience's
sentiment and engagement. This could be achieved through targeted outreach, engaging content strategies, and
interactive campaigns designed to attract a broader spectrum of viewers. In conclusion, while the high
engagement from top contributors like @romanbader highlights individual solid interest, a more diversified
interaction is essential for reliable and comprehensive content evaluation. Balancing engagement would enhance
the quality of insights derived from the data, ultimately leading to more effective digital marketing strategies.

2.2.2 Data Processing: Cleaning, Selection and Extraction

Following the comprehension of the data context, data cleansing is meticulously executed using the RapidMiner
application. The procedure commences with tokenization, segmenting the text into individual tokens, and is
followed by case transformation to ensure uniformity across the dataset. Subsequently, token filtering based on
length and removing stopwords are implemented to discard common yet non-informative words. The final phase
involves applying the Porter stemming algorithm to reduce words to their root forms. This systematic
methodology significantly enhances data quality, ensuring that ensuing analyses are predicated on purified and
pertinent data. Ultimately, utilizing RapidMiner for data cleansing amplifies the precision and efficacy of the
data analysis process.
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Figure 5. Data Cleaning Process

Figure 5 shows the cleaning process. The cleaned text data comprises 559 entries processed through
sophisticated operations. Initially, the tokenize operator segments the text into discrete tokens, ensuring each
word is individually analyzed. It is followed by the transform cases operator, which standardizes the text to a
uniform case, enhancing consistency. Subsequent steps involve filtering tokens by length and removing
stopwords, eliminating common but uninformative words. The final operation employs the stemming technique
to reduce words to their root forms. This comprehensive data cleansing process ensures the resulting dataset is
refined and relevant, optimizing subsequent analyses' accuracy and effectiveness.

The results of the data cleansing process reveal that the cleaned text data amounts to 509 entries,
necessitating further selection for data processing purposes. This refined dataset represents a significant
reduction from the original volume, indicating the effective removal of extraneous and non-informative
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elements. The subsequent step involves a careful selection process to ensure the remaining data is relevant and
valuable for the intended analysis. This meticulous approach is crucial for enhancing the quality and reliability of
the data, thereby ensuring that the final analysis is both accurate and meaningful. Consequently, this selection
phase is integral to the overall success of the data processing workflow.

(@) (b)
Figure 6. Data Selection Process (a and b)

Figure 6 shows the data selection process. The selected data comprises 509 text entries with polynomial
and binomial types, ensuring a structured approach to data classification. Sentiment classification into negative
and positive categories is meticulously aligned with the extracted scores using the Vader model. This model
provides a nuanced analysis of sentiment intensity, enabling precise categorization of text data based on
sentiment scores. The systematic application of Vader ensures that each entry is accurately classified, thereby
enhancing the reliability of the sentiment analysis. Ultimately, this approach guarantees that the dataset is
thoroughly evaluated, providing robust insights for subsequent data processing and interpretation.
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Figure 7. Extraction Process Using Vader Operator in Rapidminer

Figure 7 shows the extraction process using the VVader operator in Rapidminer. The sentiment extraction
process utilizing Vader follows a systematic and comprehensive workflow. Initially, the text data undergoes
preparation and is appended with necessary attributes for further analysis. The document processing stage
involves transforming the raw text into a structured format ready for attribute selection. Subsequently, the Vader
model extracts sentiment scores, categorizing the data into positive, neutral, and negative sentiments. This step is
crucial for understanding the emotional tone of the text entries. The processed data is then subjected to
multiplication and duplication removal to ensure accuracy and consistency. Finally, the refined data is exported
into an Excel file for detailed analysis and reporting. This meticulous process ensures the sentiment analysis is
thorough and reliable, providing valuable insights for subsequent evaluations.

2.2.3 Data Evaluation and Visualization

The sentiment extraction and classification results are subsequently evaluated using the NBC, DT, k-NN, and
SVM algorithms with SMOTE. These machine-learning algorithms are initially applied to assess the accuracy
and robustness of the sentiment classifications derived from the VVader model. Implementing SMOTE addresses
class imbalances, ensuring a more equitable evaluation across different sentiment categories. Employing a
diverse set of algorithms provides a comprehensive analysis, highlighting the strengths and limitations of each
method in sentiment classification. Ultimately, this rigorous evaluation process enhances the reliability and
validity of the sentiment analysis, ensuring robust and actionable insights.

Copyright © 2024 Author, Page 992
This Journal is licensed under a Creative Commons Attribution 4.0 International License



Journal of Computer System and Informatics (JoSYC)
ISSN 2714-8912 (media online), ISSN 2714-7150 (media cetak)
Volume 5, No. 4, August 2024, Page 987-1000

https://ejurnal.seminar-id.com/index.php/josyc

DOI 10.47065/josyc.v5i4.5757

Set Role (2) Nominal to Text (2)  Process Documents...
q o ol el Guor = o)
| o (1 o wor
v v J v

Process Documents... Remove Duplicates ...

Text to Nominal

Select Attributes (.

3)

D
v

x
dn 3w G |
lv - | =

o o
) ¢ 19
aun)

v |

e

v

NBC

v
SVM T

v
KNN T

'3 odD

o

w g P

' P

)
oD

tanpa SMOTE

b

moa)
B e
wp

s
P

anpa SMOTE ...

b
wh
o

anpa SMOTE ...

mod)
g aad

wp

D

w
|

WordList to Dllf Sort " 10
v = D e [ b CE
Multiply (6 1> - ‘“‘D ‘\/ : °"‘D 'L/ on
q e outh) . LA
‘ o ou)
v
Split Data Multiply (5) Compare ROCs
parD— e out)
F L4
v | ou)
ouf)
o)
ouf)
ouf)
ouf) [
ouf) »
o) SMOTE Upsampling...
b - D
v | =p
s J s ‘

|
SMOTE Upsampling  N8C dengan SMOTE...

B 2 ups )

7 °"P RA_SMOTE
J per sig)
w® per])
‘ e ser)
per ser)
SMOTE Upsampling... DT dengan SMOTE .. per ser)
L 2 wsP— oa % ~ per))

wib 2

v J
o
v
SVM dengan SMOTE...

exa ? wps P exa

SMOTE Upsampling...

RA_Tanpa_SMOTE

Figure 8. Model Evaluation

Figure 8 shows the model evaluation using NBC, k-NN, DT, and SVM. The algorithm performance
evaluation reveals an accuracy of 76.55% with a standard deviation of 5.06%, as indicated by the micro average.
The confusion matrix shows that the model correctly identified 188 negative and 331 positive instances, with
minimal misclassifications. The area under the curve (AUC) values are impressive, with an optimistic AUC of
0.972, a general AUC of 0.970, and a pessimistic AUC of 0.969, reflecting the model's high discriminatory
power. Precision stands at 68.95%, suggesting room for improvement in minimizing false positives, while the
recall rate of 97.63% underscores the model's efficacy in capturing true positive sentiments. The f-measure,
combining precision and recall, is robust at 80.73%, demonstrating a well-balanced performance across all
metrics. This comprehensive evaluation underscores the model's substantial potential for reliable sentiment
classification while highlighting areas for refinement to enhance overall accuracy.
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Figure 9. Area Under Curve (AUC) of SVM with SMOTE.
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Figure 9 shows SVM's Area Under the Curve (AUC) with SMOTE. The visualization of the Area Under
Curve (AUC) for the SVM model with SMOTE illustrates the model's robust performance in distinguishing
between positive and negative sentiment classes. The AUC value of 0.970, with a micro average of 0.970 and a
standard deviation of 0.028, underscores the high discriminatory power of the model. The Receiver Operating
Characteristic (ROC) curve in red for the positive class demonstrates a steep ascent toward the top-left corner,
indicating a high valid positive rate and a low false positive rate. This graphical representation confirms the
model's effectiveness in accurately classifying sentiments, benefiting from the balanced dataset provided by
SMOTE. Ultimately, the high AUC value reflects the SVM model's reliability and precision in sentiment
analysis, making it a valuable tool for extracting meaningful insights from text data.

Visualizing the Area Under Curve (AUC) for the SVM model with SMOTE provides crucial insights into
tourism digital content engagement. With an impressive AUC value of 0.970, the model accurately distinguishes
between positive and negative sentiments in user comments related to tourism content. This high level of
precision is essential for understanding how digital content influences tourist perceptions and engagement. The
ROC curve's sharp ascent towards the top-left corner indicates that the model has a high valid positive rate and a
low false positive rate. In tourism, the model can reliably identify genuinely positive feedback from tourists,
which is invaluable for destination marketing and content strategy. Accurate sentiment classification allows
marketers to pinpoint which aspects of their content resonate most with viewers, enabling them to refine their
messaging and enhance overall engagement.

Furthermore, using SMOTE to balance the dataset ensures that the model's performance is not biased
towards more prevalent classes, such as positive or neutral sentiments, which are standard in promotional
tourism content. This balance is critical for maintaining the integrity of the analysis, ensuring that both positive
and negative sentiments are accurately represented and addressed. In conclusion, the high AUC value and the
robust performance of the SVM model with SMOTE indicate that it is a reliable tool for analyzing sentiment in
tourism digital content. This capability allows for more effective content strategies tailored to elicit positive
engagement and enhance the tourist experience, ultimately driving higher satisfaction and loyalty.

2.2.4 Context Analysis: Tourism Digital Content Engagement

The importance of context analysis for tourism digital content engagement through video cannot be overstated.
Context analysis provides a deeper understanding of how and why certain content resonates with audiences by
examining the surrounding factors that influence viewer reactions. This approach involves evaluating various
elements such as cultural relevance, seasonal trends, and the emotional tone of the video, which collectively
impact viewer engagement. Analyzing these contextual factors enables marketers to tailor their content more
effectively, ensuring it appeals to the target audience's interests and preferences. Consequently, context analysis
is essential for optimizing video content to enhance viewer interaction, drive engagement, and, ultimately,
promote tourism destinations more successfully.
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Figure 10. Wordclouds of Dataset

Figure 10 shows the word clouds of the dataset. Based on the word cloud, the most frequently mentioned
topics in viewer comments on the video are prominently highlighted. Key terms such as "Sumba," "beautiful,"
"island," and "thank" indicate a strong appreciation and admiration for the beauty of Sumba Island, suggesting
that viewers are highly engaged with the aesthetic and visual appeal of the content. Additionally, words like
"Indonesia,” "place,” and "amazing" further emphasize the positive sentiment towards the destination. This
analysis underscores the video's success in capturing and conveying the allure of Sumba, effectively engaging
the audience and evoking a favorable response. Consequently, the frequent occurrence of these terms illustrates
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the video's impact on viewers, reinforcing the importance of visually compelling content in promoting tourism
destinations.

The analysis and interpretation of viewer comments within the context of Tourism Digital Content
Engagement reveal significant insights into audience interaction and sentiment. Frequent mentions of words such
as "beautiful," "island," and "Sumba" indicate a strong positive reception, highlighting the visual and aesthetic
appeal of the destination. The recurring appreciation expressed through terms like "thank," "amazing," and
"nice" suggests that the content successfully evokes emotional responses and gratitude from viewers. This
engagement is critical for tourism marketing, as positive viewer sentiment can enhance destination appeal and
drive potential tourist interest. Therefore, the effective use of captivating visuals and emotive language in digital
content is essential for maximizing engagement and fostering a favorable perception of tourism destinations.

3. RESULT AND DISCUSSION

The discussion in this research is divided into two sections: Tourism Digital Content Engagement through
Toxicity and Sentiment Analysis: Perspective, Vader, and TextBlob, and the general discussion. The first section
focuses on applying advanced analytical models to evaluate the engagement levels of digital content by assessing
toxicity and sentiment. These models provide a comprehensive understanding of user interactions, offering
valuable insights into how digital content is perceived. The subsequent discussion section synthesizes these
findings, exploring their implications for tourism marketing strategies and content creation. Ultimately, this
bifurcated approach ensures a thorough examination of digital content engagement, facilitating a deeper
understanding of its impact on tourism.

3.1 Tourism Digital Content Engagement through Toxicity and Sentiment Analysis: Perspective, Vader,
and TextBlob

Tourism Digital Content Engagement through Toxicity and Sentiment Analysis employs advanced analytical
models such as Perspective, Vader, and TextBlob to evaluate user interactions with digital content
comprehensively. Perspective focuses on identifying and quantifying toxic language, providing insights into the
negative aspects of user comments. Vader and TextBlob, on the other hand, are utilized to classify sentiments
into positive, neutral, and negative categories, offering a nuanced understanding of the emotional tone conveyed
by viewers. The integration of these models allows for a detailed analysis of both the positive engagement and
potential negative impacts, thus enabling more effective and strategic digital content creation. Ultimately, this
approach enhances the understanding of audience reception and optimizes tourism marketing efforts.

0.35

% of posts w/scores
~—e— Toxicity
~eo— Profanity
Severe Toxicity
Identity Attack
—e— Insult
—e— Threat

2020 2021 2022 2023 2024

Date (in months)

Figure 11. Average Toxicity Score Per-Month

Figure 11 shows the average toxicity score per month. Communalytic's analysis of 477 posts out of 558
using the Perspective API reveals various negative sentiment indicators. The average toxicity score is 0.04066,
with a peak of 0.47120, indicating occasional high toxicity. Severe toxicity remains relatively low, with an
average of 0.00276 and a maximum of 0.09386. Identity attacks and insults present slightly higher averages of
0.01019 and 0.01928, respectively, with their maxima approaching 0.49314 and 0.49627, reflecting frequent
personal attacks. Profanity, with an average score of 0.02719 and a maximum of 0.54193, underscores the
regular use of offensive language. While less common, threats have an average score of 0.01027 and a peak of
0.28362. These findings highlight various forms of negative engagement, necessitating ongoing monitoring and
mitigation strategies to foster a positive online environment.

The average monthly toxicity score, as depicted in the graph, reveals significant fluctuations over the
observed period. The scores show occasional spikes, with notable peaks in early 2020, mid-2021, and late 2023,
indicating periods of heightened negative sentiment or harmful language in user comments. These variations
suggest that certain events or content releases may have triggered more toxic interactions, highlighting the
importance of contextual analysis. Understanding these patterns is crucial for developing strategies to mitigate
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negative engagement and enhance user experience. Ultimately, monitoring and addressing monthly toxicity
scores can significantly improve the quality and impact of tourism digital content.

Based on the 378 out of 558 posts analysis, sentiment distribution varies significantly across different
languages and models. The VADER model in English analyzed 355 posts, revealing that 81.69% exhibited
positive sentiment, 12.96% were neutral, and 5.35% were negative. In contrast, the TextBlob model in English
showed a slightly lower positive sentiment at 72.11%, with 23.66% neutral and 4.23% negative. All sentiments
were neutral for the French posts analyzed with TextBlob, accounting for 100%. The German TextBlob analysis
demonstrated that 41.18% of posts were positive and 58.82% were neutral, with no negative sentiments
recorded. These results suggest that while positive sentiment predominates, neutrality and negativity can vary
depending on the language and model used, highlighting the importance of utilizing multiple analytical tools for
a comprehensive sentiment analysis.
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Figure 12. Distribution of Polarity Value

Figure 12 shows the distribution of polarity value. Excluding duplicates such as reposts and retweets,
VADER and TextBlob agree on categorizing 249 out of 312 English language posts, representing a 79.81%
agreement level. This substantial concurrence between the two sentiment analysis models indicates a moderate
level of reliability, as reflected by a Cohen's kappa statistic of 0.506. Such an agreement is noteworthy,
considering the inherent differences in the algorithms' approaches to sentiment classification. This moderate
level of agreement underscores the value of using multiple models to achieve a more comprehensive sentiment
analysis, enhancing the robustness and accuracy of the overall findings.

Expressly, both libraries agree on the categorization of sentiments in the analyzed posts as follows: 9
posts (3.61%) exhibit negative sentiments with polarity scores less than or equal to -0.05, 35 posts (14.06%)
reflect neutral sentiments with polarity scores between -0.05 and 0.05, and 205 posts (82.33%) display positive
sentiments with polarity scores greater than or equal to 0.05. This agreement highlights the predominant positive
sentiment expressed by the majority of users. The concordance in sentiment classification between the two
libraries underscores their reliability in identifying sentiment trends accurately. Consequently, this alignment
enhances confidence in the analytical results, providing a robust foundation for further sentiment analysis in
digital content engagement.

The analysis and interpretation of sentiment agreement between VADER and TextBlob reveal significant
insights into the nature of user engagement with digital content. Specifically, the two libraries concur that 3.61%
of posts exhibit negative sentiments, 14.06% are neutral, and a substantial 82.33% display positive sentiments.
This overwhelming positive sentiment underscores a generally favorable reception of the content, suggesting that
most users have a positive experience or opinion. The relatively low percentage of negative sentiments indicates
that the content is well-received, with minimal adverse reactions. The moderate agreement on neutral sentiments
reflects a balanced view among a smaller subset of users, who neither strongly favor nor oppose the content.

The high level of agreement between VADER and TextBlob, particularly in identifying positive
sentiments, enhances the reliability of the sentiment analysis. This concordance suggests that both models
effectively capture the emotional tone conveyed in user posts. The robust identification of sentiment trends is
crucial for understanding user engagement and guiding content creators and marketers in tailoring their strategies
to reinforce positive aspects and address negative feedback. In conclusion, the alignment in sentiment analysis
between VADER and TextBlob confirms the predominance of positive engagement, providing valuable insights
for optimizing digital content to enhance user experience and satisfaction. This analysis is a critical tool for
improving content strategy and fostering a more engaging and positive interaction with the audience.

3.2 Discussion: Tourism Content Engagement
Tourism content engagement is a critical factor in the success of digital marketing strategies promoting travel
destinations. Analyzing user interactions with digital content, mainly through sentiment and toxicity
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assessments, provides valuable insights into audience perceptions and preferences [45], [46]. Positive
engagement, as indicated by the high percentage of favorable sentiments, underscores the effectiveness of well-
crafted visual and narrative elements in capturing audience interest [47]-[49]. Conversely, understanding the
instances and sources of negative sentiment allows for targeted improvements and mitigation strategies, ensuring
a more balanced and appealing content presentation. Ultimately, leveraging detailed engagement analysis fosters
a deeper connection with potential tourists, enhancing the reach and impact of tourism marketing efforts.

Tourism digital content of Sumba Island plays a pivotal role in showcasing its unique attractions and
captivating landscapes to a global audience. High-quality visual and narrative elements in the content
significantly enhance viewer engagement, effectively highlighting the island's natural beauty and cultural
richness. Analyzing viewer interactions and sentiment towards this content reveals a predominantly positive
reception, indicating successful communication of the island's appeal [50]. This positive engagement boosts the
island's visibility and encourages potential tourists to explore Sumba further. Consequently, well-executed digital
content is a powerful tool in promoting Sumba Island as a premier travel destination, driving the region's tourism
growth and economic benefits.

Aspects to be highlighted in creating destination marketing content are essential for attracting and
engaging potential tourists. Firstly, the content should emphasize the destination's unique attractions and cultural
heritage, offering a compelling narrative that sets it apart from other locations. Additionally, high-quality visuals
and multimedia elements should be incorporated to visually captivate the audience and provide a virtual
experience of the destination [49], [51]-[54]. Engaging storytelling that includes testimonials and experiences
from past visitors can also enhance credibility and relatability. A strategic focus on these aspects maximizes the
destination’s appeal and fosters a deeper emotional connection with the audience, driving higher engagement and
tourism interest.

The role of digital technology in creating destination marketing content is pivotal for enhancing tourism
promotion and engagement. Digital tools enable the production of high-quality visuals and interactive media that
vividly showcase a destination's attractions and cultural assets. Advanced analytics and data-driven insights
facilitate the customization of marketing strategies, ensuring that content resonates with target audiences [55],
[56]. Additionally, virtual and augmented reality technologies provide immersive experiences, allowing potential
tourists to explore destinations virtually. Ultimately, leveraging digital technology amplifies the reach and
effectiveness of marketing campaigns and fosters a deeper connection with prospective travelers, significantly
boosting tourism interest and engagement.

The relevance of this research lies in its comprehensive analysis of tourism digital content engagement
through advanced sentiment and toxicity analysis. By employing models such as Perspective, Vader, and
TextBlob, the study provides critical insights into how digital content is perceived by audiences, thereby
informing more effective marketing strategies. This approach aligns with current trends in leveraging big data
and machine learning to enhance content effectiveness and user engagement. Furthermore, the research's focus
on Sumba Island offers valuable case-specific findings that can be generalized to other tourism destinations.
Ultimately, this research contributes significantly to the field of tourism marketing, providing actionable insights
for optimizing digital content to attract and retain tourists.

The limitations of this research primarily stem from the reliance on specific sentiment and toxicity
analysis models, which may not capture the full complexity of user interactions and sentiments. The study's
focus on textual data excludes other forms of digital content, such as images and videos, which are crucial in
tourism marketing. Additionally, the scope is limited to the analysis of comments in English, potentially
overlooking significant insights from non-English speaking audiences. Future research should consider
incorporating multimodal analysis, including visual content, and expanding the linguistic range to include a more
diverse set of user inputs. Addressing these limitations will enhance the comprehensiveness and applicability of
the findings, providing deeper insights into digital content engagement across varied platforms and cultural
contexts.

4. CONCLUSION

The research concludes that engagement with tourism digital content for Sumba Island demonstrates a
predominantly positive sentiment with relatively low toxicity levels. The analysis, using Perspective, Vader, and
TextBlob models, revealed that the average toxicity score of user comments was 0.04066, indicating minimal
harmful language. Sentiment classification results showed that most posts were positive, with VADER
identifying 81.69% positive, 12.96% neutral, and 5.35% negative sentiments. TextBlob analysis corroborated
these findings, although with slightly different proportions, highlighting the robustness of the sentiment analysis.
These results underscore the effectiveness of well-crafted digital content in promoting positive user engagement
while maintaining a low-toxicity environment. The increasing reliance on digital platforms for tourism
marketing underscores the urgency of this research. Understanding how audiences perceive and engage with
digital content is crucial for developing effective marketing strategies that attract and retain tourists in a highly
competitive digital landscape. Employing the Digital Content Reviews and Analysis Framework, this study

Copyright © 2024 Author, Page 997
This Journal is licensed under a Creative Commons Attribution 4.0 International License



Journal of Computer System and Informatics (JoSYC)
ISSN 2714-8912 (media online), ISSN 2714-7150 (media cetak)
Volume 5, No. 4, August 2024, Page 987-1000
https://ejurnal.seminar-id.com/index.php/josyc

DOI 10.47065/josyc.v5i4.5757

systematically processed and evaluated the data, ensuring a thorough and accurate analysis. This framework
included data cleansing, sentiment, toxicity scoring, and rigorous evaluation using multiple analytical models.
This structured approach not only enhances the reliability of the findings but also provides a replicable
methodology for future research in digital content engagement. Future recommendations include expanding the
scope of analysis to encompass visual content and non-English comments and incorporating more advanced
multimodal analysis techniques to capture a comprehensive view of digital content engagement. Addressing
these areas will further enhance the understanding and impact of tourism digital content, ultimately driving more
effective and engaging marketing strategies.
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