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Abstract—This research employs sentiment analysis techniques to examine audience perceptions across three videos featuring
tourist vlog content. Utilizing the CRISP-DM framework, the study compares the performance of VADER and TextBlob in
sentiment classification, analyzing the distribution of polarity values and agreement levels between the two models. The
findings reveal varying proportions of negative, neutral, and positive sentiments across the videos, with VADER and TextBlob
demonstrating fair agreement levels ranging from 64.97% to 72.60%. These results underscore the importance of employing
diverse sentiment analysis tools and language-specific models for accurate sentiment classification. The research contributes
valuable insights for content creators, marketers, and analysts in understanding audience sentiments and shaping content
strategies effectively.
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1. INTRODUCTION

The VADER (Valence Aware Dictionary and sentiment Reasoner) framework excels in sentiment classification
due to its robustness and efficiency. Its unique advantage lies in its ability to accurately analyze text data sentiment
without extensive training data or complex models [1], [2]. By leveraging a pre-defined lexicon of sentiment-
related words and rules for the combination, VADER efficiently assesses text sentiment with high accuracy [3],
[4]. Moreover, its computational efficiency enables real-time sentiment analysis, making it suitable for applications
requiring timely insights, such as social media monitoring or customer feedback analysis [5]-[8]. In conclusion,
VADER stands out in sentiment classification for its simplicity, accuracy, and computational efficiency, making
it a valuable tool for various text analysis tasks.

TextBlob, as a sentiment analysis tool, possesses distinctive advantages in sentiment classification. Its
strength lies in its simplicity and ease of use, making it accessible even to users with limited technical expertise
[9]. Utilizing a pre-trained sentiment analysis model, TextBlob accurately evaluates the sentiment of textual data
by assigning polarity scores to individual words and aggregating them to determine the overall sentiment of a text
[10]. Furthermore, TextBlob offers a user-friendly interface and seamless integration with Python, facilitating its
adoption in various applications ranging from social media monitoring to market research [11], [12]. In conclusion,
TextBlob is a formidable contender in sentiment classification, offering users simplicity, accuracy, and versatility
across diverse domains.

In tourist vliog reviews, Cohen's kappa statistic assesses the relevance and effectiveness of implementing
sentiment classification methods for identifying the number of negative, neutral, and positive classes using
VADER and TextBlob. This statistical measure provides a robust evaluation of agreement between human
annotators and automated sentiment classifiers, thus serving as a reliable metric for assessing the performance of
sentiment analysis algorithms [13]. The approach gauges the level of agreement and discrepancy in sentiment
classification results by comparing the kappa values obtained from VADER and TextBlob against human
annotations [14]-[17]. Moreover, analyzing the kappa statistic enables this research to discern the strengths and
weaknesses of each method in accurately capturing the nuances of sentiment expressed in tourist vlog reviews.
Consequently, leveraging Cohen’s kappa statistic enhances the interpretability and reliability of sentiment analysis
outcomes, facilitating informed decision-making in tourism industry contexts.

This study compares the distribution of polarity values between VADER and TextBlob in sentiment
classification of viewer responses to tourist vlog content reviews. By examining the polarity values assigned by
both sentiment analysis tools, this research discerns patterns and discrepancies in the sentiment expressed by
viewers toward tourist vlog content [18]-[20]. This comparative analysis enables a comprehensive understanding
of the effectiveness and reliability of each method in capturing the nuanced sentiments prevalent in viewer reviews
of tourist vlogs [21]. Ultimately, this research enhances the accuracy and validity of sentiment analysis outcomes
in tourism vlog content evaluation.

The urgency of this research lies in its potential to inform decision-making processes in the tourism industry
by providing insights into the sentiment of viewers toward tourist vlog content. By understanding the prevailing
sentiments expressed in viewer reviews, stakeholders tailor marketing strategies, content creation, and customer
engagement efforts to better align with audience preferences and expectations [22], [23]. Moreover, as the
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popularity of vlog content in tourism continues to rise, there is a pressing need to develop robust methodologies
for sentiment analysis that accurately capture the diverse range of opinions and attitudes expressed by viewers
[24]. Consequently, this research endeavor addresses a critical gap in the literature. It offers practical implications
for enhancing the effectiveness and relevance of tourism vlog content in engaging and resonating with target
audiences.

This research's theoretical and practical contribution is substantial, as it advances our understanding of
sentiment analysis methodologies in the context of tourism vlog content evaluation. By comparing the distribution
of polarity values between VADER and TextBlob, this study offers insights into the efficacy and reliability of
these sentiment analysis tools in capturing viewer sentiments toward tourist vlog content [25]. Furthermore, by
employing Cohen’s kappa statistic to evaluate the agreement between human annotations and automated sentiment
classifiers, this research enhances the methodological rigor of sentiment analysis in tourism research [26].
Ultimately, the findings of this study contribute to both theoretical discourse by refining sentiment analysis
methodologies and practical applications by informing decision-making processes in the tourism industry, thereby
facilitating more targeted and effective marketing strategies and content development efforts.

Similar research in sentiment analysis of online content, particularly in tourism vlogs, has explored various
methodologies and tools for extracting and analyzing sentiment from viewer reviews. Some studies have focused
on comparing the performance of different sentiment analysis algorithms [27], [28]. In contrast, others have
examined the impact of sentiment on user engagement and decision-making in the tourism industry [29]. However,
despite the advancements in sentiment analysis research, several limitations warrant consideration [30]. One
limitation is the inherent subjectivity in the human annotation of sentiment, which introduces bias and
inconsistency in evaluating automated sentiment classifiers. Additionally, the reliance on pre-defined sentiment
lexicons may limit the ability of sentiment analysis tools to accurately capture the nuanced sentiments expressed
in diverse cultural and linguistic contexts. Consequently, while existing research provides valuable insights into
sentiment analysis methodologies and applications in tourism, addressing these limitations is essential for
advancing the reliability and validity of sentiment analysis in online content evaluation.

2. RESEARCH METHODOLOGY

2.1 Gap Analysis

Gap analysis is essential in identifying gaps in previous studies related to the VADER and TextBlob models in
sentiment classification. This research pinpoints areas where current knowledge and methodologies fail to
effectively leverage these sentiment analysis tools by systematically examining existing literature. By conducting
a comprehensive gap analysis, this research identifies shortcomings such as limited applicability to specific
linguistic or cultural contexts, inadequate consideration of contextual factors influencing sentiment expression, or
insufficient validation of sentiment classification results. Consequently, addressing these gaps through rigorous
empirical research and methodological refinement is crucial for advancing the reliability and validity of sentiment
analysis using VADER and TextBlob models.
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Figure 1. Network, Overlay, and Density Visualization

Figure 1 shows the network, overlay, and density visualization using VosViewer. Based on the results of
gap identification, it is evident that topic network analysis in sentiment analysis is associated with the VADER
and TextBlob approaches. Yet, there remains a need for enhancement in terms of quantity. While existing research
has begun to explore the interplay between topic networks and sentiment analysis utilizing VADER and TextBlob
models, the volume of studies addressing this intersection remains relatively sparse. This scarcity underscores the
opportunity for future research endeavors to delve deeper into the integration of topic network analysis with
sentiment classification methodologies, thereby enriching our understanding of sentiment dynamics in textual data
and advancing the applicability of VADER and TextBlob models in diverse domains.

The comparison between VADER and TextBlob in sentiment classification warrants analysis to assess the
performance of both approaches. By scrutinizing each method's strengths and limitations, this research gains
insights into the effectiveness of accurately capturing sentiment from textual data. Evaluating metrics such as
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accuracy, precision, recall, and F1-score allows for a comprehensive assessment of the performance of VADER
and TextBlob across various datasets and contexts. Additionally, exploring factors influencing the discrepancies
in sentiment classification results between the two models facilitates a deeper understanding of underlying
mechanisms. Ultimately, such comparative analysis contributes to the refinement and optimization of sentiment
analysis methodologies, enhancing the utility in real-world applications across diverse domains.

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

The comparison of VADER and TextBlob performance is analyzed through the CRISP-DM framework,
encompassing five key stages: business understanding, data understanding, modeling, evaluation, and deployment.
Beginning with the business understanding phase, this research identifies the objectives and requirements of
sentiment analysis within specific business or research contexts. Subsequently, in the data understanding phase,
they explore the characteristics and quality of the data utilized for sentiment analysis, including its volume, variety,
and veracity. Moving to the modeling phase, this research implements VADER and TextBlob algorithms to
classify sentiment in the dataset, considering the respective methodologies and parameters. The evaluation phase
then assesses the performance of both approaches using metrics such as accuracy, precision, and recall, providing
insights into the efficacy of sentiment classification. Finally, in the deployment phase, findings from the evaluation
stage inform the selection of the most suitable sentiment analysis tool for deployment in practical applications. By
adhering to the systematic process outlined by the CRISP-DM framework, this research comprehensively
compares the performance of VADER and TextBlob, enabling informed decision-making regarding the utilization
of sentiment analysis tasks.

Business Understanding Data Understanding Modeling Evaluation Deployment

Figure 2. Implementation of CRISP-DM Framework

Figure 2 shows the implementation of the CRISP-DM framework. In the context of this research, the
comparison between VADER and TextBlob in sentiment classification is conducted using a dataset relevant to
tourist vlog reviews obtained through Communalytic. Leveraging this dataset allows for a systematic evaluation
of the performance of both sentiment analysis tools in accurately categorizing the sentiment expressed in viewer
reviews of tourist vlogs. By utilizing Communalytic, this research accesses a comprehensive dataset encompassing
a diverse range of vlog content and viewer responses, thereby ensuring the robustness and generalizability of the
findings. Consequently, this approach facilitates a nuanced understanding of the strengths and limitations of
VADER and TextBlob in the specific domain of tourism vlog content evaluation, offering valuable insights for
both research and practical applications.

The CRISP-DM framework is highly relevant to the context of this research, providing a systematic and
structured approach to guide the sentiment analysis process. With its five key stages — business understanding,
data understanding, modeling, evaluation, and deployment — CRISP-DM offers a comprehensive framework for
this research to delineate each phase of the sentiment analysis workflow. In the business understanding phase, this
research identifies sentiment analysis's specific objectives and requirements within the tourism vlog content
evaluation domain. Subsequently, the data understanding phase enables thorough exploration and assessment of
the dataset obtained through Communalytic, ensuring its suitability and reliability for sentiment analysis. Moving
forward, the modeling phase allows for the implementation of sentiment analysis algorithms such as VADER and
TextBlob.

In contrast, the evaluation phase facilitates assessing the performance using metrics like accuracy and
precision. Finally, in the deployment phase, this research utilizes the insights gained from the evaluation stage to
inform decision-making processes regarding selecting and implementing sentiment analysis tools in practical
applications. Thus, the CRISP-DM framework serves as a valuable roadmap for guiding the systematic execution
of sentiment analysis within the context of this research, ultimately enhancing its methodological rigor and
validity.

2.2.1 Business Understanding

In the business understanding phase, it is imperative to discuss the context of the dataset to elucidate the research
boundaries regarding the implementation of VADER and TextBlob approaches in sentiment classification. By
delineating the specific characteristics and nuances of the dataset obtained through Communalytic, this research
establishes clear criteria for selecting and interpreting sentiment analysis methodologies. This discussion ensures
alignment between the research objectives and the practical application of sentiment analysis tools, enhancing the
study outcomes' relevance and effectiveness. Consequently, by meticulously examining the dataset context at the
outset of the research process, this research lays a solid foundation for the subsequent stages of sentiment analysis
within the CRISP-DM framework.

Video 1 : https://www.youtube.com/watch?v=wtb2MwcK3
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Figure 3. Post-per-day Statistic of Tourist Vlog Video Reviews

Figure 3 shows the post-per-day statistics of tourist vlog video reviews. Based on post-per-day statistics
derived from tourist vlog reviews about destinations in Malaysia, insights into viewer interest in review content
were gleaned. By analyzing the frequency of daily posts on platforms hosting tourist vlog reviews, such as social
media channels or dedicated travel websites, this research discerns patterns indicating engagement and enthusiasm
among viewers. Higher post-per-day rates may indicate heightened interest and active participation in discussing
and sharing experiences related to Malaysian destinations, reflecting a positive reception towards the content.
Conversely, lower post-per-day rates may suggest varying degrees of viewer engagement or interest levels. Thus,
post-per-day statistics serve as a valuable metric for gauging viewer interest and engagement with tourist vlog
reviews, offering valuable insights for content creators, marketers, and tourism stakeholders seeking to understand
and cater to audience preferences effectively.

Based on viewer responses in the form of reviews on travel vlogs to Malaysia, an assessment of the
performance of VADER and TextBlob in sentiment classification was conducted. By analyzing the sentiment
expressed in viewer reviews, this research ascertains the effectiveness of these sentiment analysis tools in
accurately categorizing the sentiments conveyed toward the travel experiences depicted in the vlogs. This
empirical evaluation enables a comparative analysis of the strengths and limitations of VADER and TextBlob in
capturing the nuanced sentiments prevalent in viewer feedback, thereby informing decisions regarding the
selection and optimization of sentiment analysis methodologies for tourism-related content. Consequently,
leveraging viewer responses as a basis for evaluating sentiment classification tools enhances the methodological
rigor and relevance of sentiment analysis research in the context of travel vlogs in Malaysia.

2.2.2 Data Understanding

During the data understanding phase, frequently used words from the three travel vliog videos to Malaysia are
identified to ascertain the most common terms appearing in viewer review data. This process involves analyzing
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the text data of viewer reviews associated with each vlog, extracting and tallying the occurrence of words across
the dataset. By identifying frequently used words, this research gains insights into viewers' prominent themes,
topics, and sentiments regarding travel experiences in Malaysia. This systematic examination of word frequency
facilitates a deeper understanding of the underlying patterns and dynamics within the dataset, laying the
groundwork for subsequent sentiment analysis tasks and informing the development of sentiment classification
models tailored to the specific context of travel vliogs to Malaysia.
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Figure 4. Frequently Used Words in Dataset

Figure 4 shows the frequently used words in the datasets. Based on the analysis of the first video, it is
evident that the word "Malaysia" occurs with the highest frequency, appearing 111 times in the viewer review
data. Following "Malaysia," other frequently used words include "country" with 44 occurrences, "like" with 37
occurrences, "people" with 28 occurrences, and "million" with 26 occurrences, among others. This analysis
provides valuable insights into the key themes and topics viewers discuss concerning the perceptions and
experiences of Malaysia as a travel destination. Furthermore, it highlights the prominence of certain aspects, such
as the country's tourism appeal, cultural attractions, and culinary offerings. These are pivotal considerations for
content creators and tourism stakeholders seeking to engage and cater to audience preferences effectively.

Based on the analysis of the second video, it is discerned that the word "Thank™" is the most frequently used
term, appearing 42 times in the viewer reviews data. Following "Thank," other notable words include "Malaysia"
with 36 occurrences, "guys" with 28 occurrences, and "KL" with 20 occurrences. Additionally, terms like "visit,"
"Thanks," and "much" are mentioned frequently, indicating expressions of gratitude and appreciation for the travel
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experience showcased in the vlog. Furthermore, mentioning specific names like "Ann™ and "Jan" suggests personal
connections or interactions depicted in the video, contributing to the narrative and engagement with the audience.
This analysis provides valuable insights into viewer sentiments, preferences, and interactions related to travel
content, informing content creators and tourism stakeholders about effective strategies for audience engagement
and content development.

Based on the analysis of the second video, it is apparent that the word "Malaysia" emerges as the most
frequently used term, appearing 128 times in the viewer reviews data. Following "Malaysia," other prominent
words include "country" with 56 occurrences, "India" with 50 occurrences, and "Welcome" with 43 occurrences.
The repeated mention of "visit" and "Malaysia" underscores the emphasis on promoting Malaysia as a destination
for travelers, while terms like "love," "beautiful,”" and "see" reflect positive sentiments towards the country's
attractions and experiences. Furthermore, terms such as "KL" suggest specific references to Kuala Lumpur, adding
depth and specificity to the discussions within the video. This analysis offers valuable insights into viewer
perceptions and engagement with the travel content. It facilitates informed decisions for content creators and
tourism stakeholders in tailoring the offerings to meet audience preferences and expectations.

2.2.3 Modeling

During the modeling phase, a comparison of the performance of VADER and TextBlob in sentiment classification
is conducted. By implementing both sentiment analysis tools on the dataset derived from viewer reviews of travel
vlogs to Malaysia, this research evaluates the respective abilities to categorize sentiment expressed in the textual
data accurately. This comparative analysis enables a systematic assessment of the strengths and limitations of
VADER and TextBlob, shedding light on the effectiveness in capturing the nuances of sentiment prevalent in
viewer feedback. Ultimately, this modeling phase plays a crucial role in informing decision-making processes
regarding the selection and optimization of sentiment analysis methodologies for tourism-related content, thereby
enhancing the reliability and validity of the sentiment analysis outcomes.

Video 1 : based on the analysis of 220 out of 237 posts
# of Posts Negative Sentiment [-1..-0.05] Neutral Sentiment (-0.05..0.05) Positive Sentiment [0.05..1]

VADER (English/EN) 219 16 (7.31%) 39 (17.81%) 164 (74.89%)
TextBlob (English/EN) 219 16 (7.31%) 58 (26.48%) 145 (66.21%)
TextBlob (French/FR) 1 0 (0.00%) 1 (100.00%) 0 (0.00%)

Video 2 : based on the analysis of 192 out of 240 posts

# of Posts Negative Sentiment [-1..-0.05] Neutral Sentiment (-0.05..0.05) Positive Sentiment [0.05..1]
VADER (English/EN) 185 14 (7.57%) 13 (7.03%) 158 (85.419%)
TextBlob (English/EN) 185 14 (7.57 %) 62 (33.51%) 109 (58.92%)
TextBlob (French/FR) 5 0 (0.00%) 4 (80.00%) 1 (20.00%)
TextBlob (German/DE) 2 0 (0.00%0) 2 (100.00%) 0 (0.00%)

Video 3 : based on the analysis of 362 out of 518 posts
# of Posts Negative Sentiment [-1..-0.05] Neutral Sentiment (-0.05..0.05) Positive Sentiment [0.05..1]

VADER (English/EN) 354 37 (10.45%) 71 (20.06%) 246 (69.49%)
TextBlob (English/EN) 354 27 (7.63%) 113 (31.92%) 214 (60.45%)
TextBlob (French/FR) 8 0 (0.00%) 8 (100.00%) 0 (0.00%)

Figure 5. VADER and TextBlob in Sentiment Classification

Figure 5 shows the VADER and TextBlob in Sentiment Classification. Based on the performance
comparison between VADER and TextBlob across the first, second, and third videos, the strengths and weaknesses
of each model were analyzed. VADER demonstrates robustness in capturing sentiment polarity, particularly
evident in its accurate sentiment classification in the first and second videos. However, it may struggle with
nuanced expressions or sarcasm, as seen in its misclassification of sentiment in certain instances. Conversely,
TextBlob exhibits versatility in handling diverse linguistic styles and expressions, contributing to its effectiveness
in sentiment classification across all three videos. Nonetheless, TextBlob's reliance on pre-defined lexicons may
limit its adaptability to context-specific nuances or emerging linguistic trends. By systematically assessing the
performance of VADER and TextBlob in various contexts, this analysis provides valuable insights into each
sentiment analysis model's comparative strengths and limitations, thereby informing strategic decisions utilized in
sentiment analysis tasks.

2.2.4 Evaluation
During the evaluation phase, the performance of both models is scrutinized based on Cohen’s kappa statistic. This

statistical measure assesses the level of agreement between human annotators and automated sentiment classifiers,
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providing a quantitative indicator of the reliability and consistency of sentiment classification results. This research
ascertains the degree of agreement between the automated classifiers and human annotations by calculating the
kappa statistic for both VADER and TextBlob across the dataset derived from viewer reviews of travel vlogs to
Malaysia. This evaluation process enables a rigorous assessment of the effectiveness and validity of each sentiment
analysis model, facilitating informed decision-making regarding suitability for sentiment analysis tasks in tourism-
related contexts.

2.2.5 Deployment

During the deployment phase, the performance of the relevant model with the dataset was assessed, enabling the
recommendation of content development for travel vlogs that elicit positive responses from viewers. By leveraging
the insights gained from evaluating sentiment analysis models, content creators and tourism stakeholders identify
effective strategies for crafting engaging and resonant travel vlog content. Moreover, deploying sentiment analysis
models facilitates real-time monitoring and analysis of viewer feedback, allowing for agile adjustments and
optimizations to enhance audience satisfaction and engagement. Consequently, this deployment phase is a pivotal
stage in the iterative process of content development and audience engagement, enabling the creation of travel
vlogs that effectively captivate and resonate with viewers, maximizing impact and reach.

3. RESULT AND DISCUSSION

The benefits of analyzing the distribution of polarity values derived from VADER and TextBlob in sentiment
classification are multifaceted. Firstly, this analysis provides insights into the overall sentiment trends within the
dataset, allowing for a comprehensive understanding of viewers' prevailing attitudes and emotions towards the
subject matter. Additionally, by examining the distribution of polarity values, this research identifies patterns,
outliers, and anomalies that may signify specific themes, topics, or sentiments prevalent in the data. Consequently,
this analytical approach enables nuanced interpretation of sentiment dynamics, facilitating informed decision-
making processes in content development, marketing strategies, and audience engagement initiatives.
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Figure 6. Distribution of Polarity Values based on VADER and TextBlob (First Video)

Figure 6 shows the distribution of polarity values based on VADER and TextBlob (first video). In the
context of the first video, the distribution of sentiment polarity values reveals that out of 219 English language
posts, 7 (4.40%) are categorized as having negative sentiments (polarity scores <= -0.05), 24 (15.09%) as neutral
sentiments (polarity scores between -0.05 and 0.05), and 128 (80.50%) as positive sentiments (polarity scores >=
0.05). Excluding duplicates such as reposts or retweets, VADER and TextBlob exhibit agreement in categorizing
159 (72.60%) posts. This level of agreement, as determined by Cohen’s kappa statistic of 0.393, is considered fair.
This analysis underscores the utility of both VADER and TextBlob in sentiment classification tasks, albeit with
varying degrees of agreement, thereby providing valuable insights for understanding audience sentiments and
informing content development strategies.

Based on the distribution of polarity values derived from VADER and TextBlob in the first video, it is
evident that VADER and TextBlob exhibit differences in sentiment classification outcomes. VADER
predominantly classifies posts as positive sentiment, with 74.89% of posts falling within this category, followed
by 17.81% classified as neutral sentiment and 7.31% as negative sentiment. Conversely, TextBlob categorizes a
higher proportion of posts as neutral sentiment (26.48%) compared to VADER while also classifying 66.21% of
posts as positive sentiment and 7.31% as negative sentiment. Notably, the TextBlob model trained on French
language data classifies the sole post as neutral sentiment. This analysis underscores the importance of considering
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the choice of sentiment analysis tool and language model in accurately capturing and interpreting sentiment
dynamics within textual data, informing decision-making processes in content development and audience
engagement strategies.
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Figure 7. Distribution of Polarity Values based on VADER and TextBlob (Second Video)

Figure 7 shows the distribution of polarity values based on VADER and TextBlob (second video). In the
context of the second video, the distribution of sentiment polarity values illustrates that out of 177 English language
posts, 7 (6.09%) are classified as having negative sentiments (polarity scores <= -0.05), 6 (5.22%) as neutral
sentiments (polarity scores between -0.05 and 0.05), and 102 (88.70%) as positive sentiments (polarity scores >=
0.05). Both VADER and TextBlob demonstrate agreement in categorizing 115 (64.97%) posts by excluding
duplicates such as reposts or retweets. This level of agreement, as determined by Cohen’s kappa statistic of 0.236,
is considered fair. The findings underscore the applicability of VADER and TextBlob in discerning sentiment in
textual data, albeit with some variance in agreement levels, thereby contributing valuable insights for
understanding audience perceptions and guiding content creation strategies.

Based on the distribution of polarity values from VADER and TextBlob in the first video, discernible
patterns emerge, highlighting variations in sentiment classification outcomes across different models and
languages. VADER predominantly categorizes posts as positive sentiment, constituting 85.41% of the total posts,
with a smaller proportion classified as negative (7.57%) or neutral (7.03%). In contrast, TextBlob demonstrates a
more balanced distribution, with 58.92% of posts classified as positive, 33.51% as neutral, and 7.57% as negative.
Furthermore, the language-specific TextBlob models for French and German exhibit unique patterns, with French
posts predominantly classified as neutral sentiment (80.00%) and German posts entirely classified as neutral
sentiment (100.00%). This analysis underscores the importance of considering both the sentiment analysis tool
and language model in accurately interpreting sentiment dynamics within textual data, facilitating informed
decision-making in content development and audience engagement strategies.

Distribution of Polarity Values
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Figure 7. Distribution of Polarity Values based on VADER and TextBlob (Third Video)

Figure 7 shows the distribution of polarity values based on VADER and TextBlob (third video). In the
context of the third video, the distribution of sentiment polarity values reveals that out of 351 English language
posts, 14 (5.86%) are identified as having negative sentiments (polarity scores <= -0.05), 43 (17.99%) as neutral
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sentiments (polarity scores between -0.05 and 0.05), and 182 (76.15%) as positive sentiments (polarity scores >=
0.05). Excluding duplicates such as reposts or retweets, VADER and TextBlob demonstrate agreement in
categorizing 239 (68.09%) posts. This level of agreement, as indicated by Cohen’s kappa statistic of 0.372, is
considered fair. These findings underscore the reliability of both VADER and TextBlob in discerning sentiment
in textual data, contributing valuable insights for understanding audience perceptions and guiding content creation
strategies.

Based on the distribution of polarity values derived from VADER and TextBlob in the first video, distinct
patterns emerge, revealing variations in sentiment classification outcomes across different models and languages.
VADER's analysis indicates a predominant presence of positive sentiment, comprising 69.49% of the total posts,
with smaller proportions classified as negative (10.45%) or neutral (20.06%). Conversely, TextBlob exhibits a
more balanced distribution, with 60.45% of posts categorized as positive, 31.92% as neutral, and 7.63% as
negative. Furthermore, the language-specific TextBlob model for French indicates a unique pattern, with all posts
classified as neutral sentiment (100.00%). This analysis underscores the significance of considering both the
sentiment analysis tool and language model in accurately interpreting sentiment dynamics within textual data, thus
providing valuable insights for content development and audience engagement strategies.

4. CONCLUSION

In conclusion, the analysis of sentiment classification across three videos using VADER and TextBlob indicates
notable patterns in sentiment distribution and agreement between the two models. Across the videos, VADER and
TextBlob generally exhibit a fair level of agreement, ranging from 64.97% to 72.60%, as indicated by Cohen’s
kappa statistic. Moreover, the distribution of polarity values showcases varying proportions of negative, neutral,
and positive sentiments across the videos, highlighting the dynamic nature of audience perceptions. These findings
underscore the significance of employing multiple sentiment analysis tools and considering language-specific
models for accurate sentiment classification in textual data. This research provides valuable insights for content
creators, marketers, and analysts in understanding audience sentiments and tailoring content strategies accordingly.
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