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Abstract—This research investigates the efficacy of employing the Cross-Industry Standard Process for Data Mining (CRISP-DM)
framework to analyze sentiment classification models. The study focuses on evaluating the performance of Decision Trees (DT) and
Support Vector Machine (SVM) models integrated with the Synthetic Minority Over-sampling Technique (SMOTE) across various
performance metrics, including accuracy, precision, recall, f-measure, and Area Under the Curve (AUC). Using CRISP-DM, the
research ensures a systematic data preprocessing, modeling, and evaluation approach. The findings reveal that both DT and SVM
models with SMOTE achieve high accuracy rates, with DT yielding an accuracy of 98.37% +/- 0.48% and SVM achieving 98.91% +/-
0.59%. These models effectively distinguish between positive and negative sentiments, as precision, recall, and f-measure scores
indicate. Additionally, the AUC scores underscore the robustness of the models in sentiment analysis tasks. These results highlight the
potential of CRISP-DM as a structured methodology for sentiment classification research, providing insights into the performance of
different machine learning algorithms in handling imbalanced datasets. Based on these findings, it is recommended that future studies
further explore the application of CRISP-DM in sentiment analysis tasks and investigate the scalability of DT and SVM models with
SMOTE in larger datasets.
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1. INTROsDUCTION

The proliferation of digital media and sharing platforms has significantly enhanced opportunities for broadening insights,
particularly in comprehending societal livelihoods and settlements through digitally disseminated content by creators.
This evolution has ushered in a paradigm shift in how information is accessed and shared, revolutionizing the
dissemination of knowledge about diverse cultural and societal dynamics [1]-[4]. Consequently, digital content creators
are pivotal in fostering a deeper understanding of various facets of human existence and community structures, fostering
a more interconnected global society [5], [6]. In essence, the synergy between digital media and content creators fosters
greater awareness and empathy toward the multifaceted nature of human civilization and settlement patterns.

The advancement of digital technology has not only escalated participation in the virtual realm but has also
catalyzed the creativity of content creators. This transformative phenomenon has democratized content creation,
empowering individuals to produce and distribute innovative digital media across various online platforms [7]-[12].
Consequently, a burgeoning array of creative content emerges, ranging from immersive storytelling to interactive
multimedia experiences, enriching the digital landscape and captivating audiences worldwide [13], [14]. Thus, the
symbiotic relationship between technological advancements and content creators' ingenuity underscores digital
innovation's pivotal role in shaping contemporary cultural expressions and fostering a vibrant digital ecosystem.

Digital video works are classified based on entertainment, education, politics, ecology, and socio-cultural themes.
This categorization serves as a framework for understanding the diverse purposes and intentions behind digital video
content creation [15]-[19]. In entertainment, videos aim to captivate and engage audiences through storytelling, humor,
and visual spectacle [20]-[24]. Conversely, educational videos leverage the medium to impart knowledge, skills, and
insights on various subjects, catering to formal and informal learning environments [25]-[27]. Moreover, political videos
utilize the power of visual storytelling to communicate messages, advocate for causes, and mobilize public opinion on
socio-political issues [28]-[31]. Thus, the classification of digital videos according to thematic elements reflects the
multifaceted nature of contemporary digital media and its role in shaping discourse, entertainment, and education in the
digital age.

This research aims to analyze digital content based on viewer reviews, employing the CRISP-DM methodology
utilizing Decision Trees (DT) and Support Vector Machines (SVM) models. By leveraging these analytical techniques,
the study seeks to extract meaningful insights from large datasets of viewer feedback, enabling a comprehensive
understanding of audience preferences, sentiments, and engagement patterns; by applying CRISP-DM, a structured
approach to data mining, the research endeavors to uncover actionable insights inform content creators and digital
platforms to optimize the offerings to cater to viewer preferences better and enhance the overall user experience [32]-
[34]. Thus, utilizing DT and SVM models within the CRISP-DM framework represents a methodologically robust
approach to digital content analysis, offering valuable insights for academic research and practical applications in the
digital media industry.

The urgency of this research lies in its potential to address pressing challenges and capitalize on emerging
opportunities within the digital landscape. By delving into the intricate dynamics of viewer feedback analysis through
advanced methodologies such as CRISP-DM, Decision Trees (DT), and Support VVector Machines (SVM), this study aims
to provide actionable insights to inform strategic decision-making processes across various sectors [30], [35]-[37].
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Furthermore, in an era characterized by rapid technological advancements and evolving consumer preferences,
deciphering and leveraging viewer sentiments is paramount for content creators, digital platforms, and other stakeholders
seeking to stay ahead in a competitive marketplace [38]. Hence, the timeliness and significance of this research lie in its
potential to drive innovation, enhance user engagement, and foster sustainable growth within the digital ecosystem.

This research's theoretical and practical implications are profound, offering valuable insights for academia and
industry. Theoretically, the utilization of advanced methodologies such as CRISP-DM, Decision Trees (DT), and Support
Vector Machines (SVM) contributes to the ongoing discourse surrounding data mining techniques and applications in
analyzing digital content. By demonstrating the efficacy of these methodologies in extracting actionable insights from
large datasets of viewer reviews, this research enriches the body of knowledge within the fields of data science, digital
media studies, and consumer behavior analysis [39], [40]. On a practical level, the findings of this research have
significant implications for content creators, digital platforms, and other stakeholders operating within the digital media
landscape. By informing strategic decision-making processes and content optimization strategies, the insights gleaned
from this study enhance user engagement, improve content relevance, and ultimately drive business growth [38], [41],
[42]. This research's theoretical and practical implications underscore its relevance and potential impact in academic and
industry contexts.

The limitation of this research lies in its reliance on a specific dataset, centered around a single video with the
identifier "rL4AHbOhWEhA," which garnered 1,392,613 views and elicited 3,371 comments since February 10, 2024.
While this dataset offers valuable insights into viewer engagement and feedback for the particular video under scrutiny,
its narrow focus may limit the generalizability of findings to broader contexts within the digital media landscape.
Consequently, caution must be exercised when extrapolating conclusions or making broader assertions based solely on
the characteristics of this singular dataset. However, despite this limitation, the detailed analysis of this case provides a
foundation for further explorations and comparative studies, thereby contributing to a deeper understanding of viewer
behavior and content dynamics within digital platforms.

In considering similar research and recommendations for further investigation, it is imperative to explore
comparative studies that examine a broader spectrum of digital content and viewer interactions across diverse platforms.
Expanding the scope beyond the confines of a single video dataset, this research elucidates commonalities and disparities
in viewer engagement patterns, sentiment analysis, and content preferences across different genres, formats, and audience
demographics. Furthermore, exploring the efficacy of alternative methodologies and machine learning algorithms in
analyzing digital content could provide valuable insights into the robustness and generalizability of findings. Thus, by
fostering interdisciplinary collaborations and leveraging diverse datasets, future research endeavors advance our
understanding of digital media consumption behaviors and inform evidence-based strategies for content creators and
platform administrators.

2. RESEARCH METHODOLOGY

A rigorous analysis approach is delineated in the methodology section, incorporating both the Gap Analysis method and
the CRISP-DM framework, which systematically dissects each stage. This structured methodology not only facilitates a
comprehensive understanding of the research landscape but also enables the identification of discrepancies between the
current and desired states, thus fostering informed decision-making processes. By integrating these analytical tools, the
study enhances its methodological robustness and ensures a systematic exploration of the research problem, ultimately
contributing to advancing knowledge in the field.

2.1 Gap Analysis

Gap analysis is essential for identifying pertinent topics in sentiment analysis using Decision Trees (DT) and Support
Vector Machines (SVM) within the context of digital content and sharing media platforms. By thoroughly examining
existing literature and research, this research pinpoints areas where current knowledge falls short and additional
investigation is warranted. This process enables scholars to identify gaps in understanding, such as unexplored aspects of
sentiment analysis methodologies, underrepresented content genres, or overlooked audience demographics. Through
meticulous gap analysis, this research delineates avenues for future inquiry that promise to enrich the field by addressing
unanswered questions and advancing methodological frameworks. Consequently, the systematic identification of research
gaps serves as a cornerstone for guiding the development of innovative approaches and generating valuable insights in
sentiment analysis within the dynamic landscape of digital content and sharing media platforms.

* social media

Figure 1. Gap Analysis using Vosviewer
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Figure 1 shows the network, density, and overlay visualization. Based on the results of gap identification, it is
evident that digital content is intrinsically linked to social media, digital platforms, and knowledge-sharing ecosystems.
These interconnected domains are integral conduits for creating, disseminating, and consuming digital content across
diverse audiences and contexts. Moreover, the symbiotic relationship between digital content and these platforms
underscores the pivotal role in shaping contemporary communication patterns, information dissemination dynamics, and
knowledge exchange mechanisms. Consequently, understanding the intricate interplay between digital content and its
associated platforms is imperative for devising effective strategies to harness the full potential of digital media in
facilitating meaningful interactions, fostering community engagement, and driving knowledge creation and dissemination
initiatives in the digital age.

A disparity is evident among knowledge sharing, digital platforms, video content, and sentiment analysis. While
these areas are crucial in shaping the contemporary digital landscape, the integration and synergy remain underexplored.
Despite the growing recognition of the significance of knowledge-sharing platforms, digital platforms, and video content
in facilitating information exchange and fostering community engagement, there is a notable lack of comprehensive
research that examines the intersectionality between these domains and sentiment analysis methodologies. Consequently,
bridging this gap through interdisciplinary investigations unlocks new insights into audience behaviors, content dynamics,
and sentiment patterns within the digital realm, paving the way for more nuanced understandings and informed digital
media research and practice strategies.

This research proposes the implementation of Decision Trees (DT) and Support Vector Machines (SVM) models
within the CRISP-DM framework for sentiment analysis. By leveraging these advanced analytical techniques, the study
aims to enhance the accuracy and efficiency of sentiment analysis processes, thereby enabling a more nuanced
understanding of audience perceptions and reactions towards digital content. Through the systematic application of DT
and SVM models within the CRISP-DM methodology, the research endeavors to uncover actionable insights to inform
content creators, digital platforms, and other stakeholders in optimizing the strategies to better resonate with audience
sentiments. Consequently, integrating these methodologies holds promise for advancing sentiment analysis
methodologies and facilitating evidence-based decision-making in the digital media landscape.

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

The Cross-Industry Standard Process for Data Mining (CRISP-DM) framework comprises five key stages: business
understanding, data understanding, modeling, evaluation, and deployment. This structured approach provides a systematic
and iterative methodology for conducting data mining projects, ensuring that all process aspects are carefully considered
and executed. Beginning with the business understanding stage, stakeholders define project objectives and requirements,
laying the groundwork for subsequent data collection and analysis. The data understanding stage involves exploring and
familiarizing oneself with the dataset, identifying relevant variables, and assessing data quality. Subsequently, in the
modeling stage, various data mining technigues, such as Decision Trees or Support Vector Machines, are applied to
develop predictive or descriptive models. These models are then evaluated in the next stage to determine the effectiveness
and accuracy in meeting the project objectives. Finally, successful models are deployed in real-world applications, with
ongoing monitoring and refinement to ensure continued relevance and effectiveness. In conclusion, the CRISP-DM
framework provides a comprehensive and structured approach to data mining projects, facilitating the successful
implementation of data-driven solutions across various domains and industries.

Business Understanding Data Understanding Modeling Evaluation Deployment

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

Figure 2 shows the CRISP-DM framework. The Cross-Industry Standard Process for Data Mining (CRISP-DM)
framework is highly pertinent to this research due to its comprehensive consideration of video content context and
research constraints. Given the complexity of analyzing digital video content and the need to navigate specific research
parameters, CRISP-DM offers a structured approach that ensures systematic exploration and utilization of available data.
This research effectively addresses sentiment analysis's intricacies in video content by adhering to the stages of business
understanding, data understanding, modeling, evaluation, and deployment. Moreover, CRISP-DM facilitates the
incorporation of relevant contextual factors and research limitations, thereby enhancing the rigor and applicability of the
study's findings. In essence, using CRISP-DM in this research underscores its relevance and effectiveness in guiding data
mining projects within the dynamic landscape of digital media analysis.

The limitations of the CRoss-Industry Standard Process for Data Mining (CRISP-DM) in this research lie in its
reliance on dataset size and the operationalization of Decision Trees (DT) and Support Vector Machines (SVM) models
supported by the Synthetic Minority Over-sampling Technique (SMOTE) operator. While CRISP-DM provides a
structured framework for conducting data mining projects, its effectiveness is hindered by constraints related to the
availability and quality of datasets and the operational intricacies of machine learning algorithms. In particular, the
dependency on dataset size may limit the generalizability of findings. At the same time, the operationalization of DT and
SVM maodels supported by the SMOTE operator may introduce complexities in model implementation and interpretation.
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Despite these limitations, CRISP-DM remains a valuable tool for guiding data mining endeavors, albeit necessitating
careful consideration and adaptation to address specific research challenges and constraints.

2.2.1 Business Understanding

During the business understanding stage, it is essential to identify the characteristics of the video content to be analyzed.
This research is confined to analyzing digital video content, leveraging statistical data from viewership, encompassing
1,392,613 views as of February 10, 2024, and comments totaling 3,371. The study aims to gain insights into viewer
engagement, sentiment, and preferences regarding the analyzed video content by focusing on these metrics. Consequently,
a thorough understanding of the content's attributes and audience interactions at this initial stage sets the foundation for
subsequent data collection, analysis, and interpretation, ensuring the relevance and effectiveness of the research outcomes.
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Figure 3. Content Video and Post-Per-Day Statistic

Figure 3 shows the video and post-per-day statistics. The Kacong Explorer channel provides the following
description of the video content: "Muara Enggelam is a remote village in the Muara Wis District, Kutai Kartanegara
Regency, East Kalimantan. It requires a land journey of approximately 2-3 hours from the Tenggarong District, the capital
of Kutai Kartanegara, followed by a two-hour boat ride to reach the village in the middle of Lake Melintang. This landless
village is inhabited by approximately 180 families, predominantly from the Kutai tribe. The primary livelihood of its
inhabitants is fishing." This detailed depiction offers insights into the geographical and sociocultural aspects of Muara
Enggelam, providing viewers with a comprehensive understanding of the village's location, demographics, and leading
economic activities. Based on the post-per-day statistics provided, it is evident that there were fluctuations in the
frequency of posts across different dates in February 2024. The data indicates that February 21st had the highest number
of posts with 99, followed closely by February 11th and 22nd with 82 posts each.

Conversely, February 13th had the lowest number of posts, with 52, suggesting a notable decrease in activity on
that particular date. These fluctuations may reflect variations in user engagement, content relevance, or external factors
influencing posting behaviors within the analyzed period. Therefore, a detailed analysis of these trends offers valuable
insights into audience dynamics and content consumption patterns, informing strategic decisions for content creators and
digital platforms.

Based on the data of the top ten posters, it is apparent that @KacongExplorer dominates with 390 posts, indicating
a significant presence and likely a leading role in disseminating content related to the discussed topic. Meanwhile, the
remaining posters, such as @tengkuferdiansyah8617 and @IldaFarida-yr4dc, have contributed significantly fewer posts,
suggesting a comparatively lesser influence or engagement within the community. This distribution of posting activity
underscores the prominence of @KacongExplorer as a pivotal contributor to the discourse surrounding the subject matter,
potentially serving as a central source of information or discussion platform for interested individuals.

@KacongExplorer
@tengkuferdiansyah8617
@IdaFarida-yrddc
@dullahbego2529
@jurmawatijurmawatil71
@user-gm5Sle7yjdd
@rusidahrusidah5656
@ransi8939
@rahmadippg5081
@SudiSubekti-cy3ri

Figure 4. Top Ten Poster (Communalytic)

Figure 4 shows the statistics of the top ten posters. Based on the data of the top-ten posters, it is evident that the
channel owner is highly active in responding to viewer comments. With the channel owner, presumably
@KacongExplorer, posting 390 times, significantly more than any other contributor, it suggests a proactive engagement
with the audience. This level of responsiveness fosters community and interaction, enhancing viewer satisfaction and
loyalty. Consequently, such dedicated interaction contributes to the channel's credibility and popularity, reinforcing its
position as a prominent figure within the digital content landscape.
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Henceforth, it is discernible that the context of the content to be analyzed is associated with exploring the Muara
Enggelam location. As described in the information provided by the Kacong Explorer channel, the content revolves
around the remote village of Muara Enggelam, detailing its geographical features, demographics, and socio-economic
aspects. This thematic coherence suggests a focused examination of the village's dynamics, potentially encompassing
cultural heritage, community livelihoods, and environmental sustainability. Consequently, the alignment between the
content context and the analytical scope enhances the relevance and coherence of the research endeavor, facilitating a
comprehensive exploration of Muara Enggelam's significance within the digital media landscape.

2.2.2 Data Understanding

During the data understanding stage, the process entails data cleaning and extraction before proceeding to model testing.
This crucial phase involves identifying and rectifying any inconsistencies, errors, or missing values within the dataset to
ensure its accuracy and reliability for subsequent analysis. Additionally, data extraction involves selecting and
transforming relevant variables or features essential for model development and evaluation. This research mitigates
potential biases or inaccuracies by meticulously cleaning and extracting data at this initial stage, thus laying a solid
foundation for robust model testing and validation. Consequently, the diligent execution of data understanding processes
enhances the integrity and validity of research outcomes, facilitating informed decision-making and actionable insights.
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Figure 5. Data Cleaning and Extract Sentiment

Figure 5 shows the data cleaning and extract sentiment process in Rapidminer. The cleaned data, processed through
operators such as tokenize, transform cases, filter tokens, and stopwords, undergoes extraction to obtain string scores.
This meticulous preprocessing, involving tokenization, normalization of cases, removal of irrelevant tokens, and
elimination of stopwords, enhances the quality and relevance of the extracted strings. By employing these operators, this
research ensures that the extracted data aligns with the research objectives and is conducive to meaningful analysis.
Consequently, the systematic application of these preprocessing techniques facilitates the extraction of string scores
essential for subsequent sentiment analysis and model evaluation, thus contributing to the overall rigor and validity of the
research outcomes.

Based on the string scores, the review data is classified into negative and positive classes, facilitating its
progression to the modeling process. This classification enables data segmentation based on sentiment polarity,
distinguishing between negative and positive sentiments expressed within the reviews. By categorizing the data into these
classes, this research effectively trains and evaluates sentiment analysis models to accurately predict sentiment labels for
unseen data. Consequently, using string scores for data classification is a crucial preparatory step in modeling, laying the
groundwork for robust sentiment analysis and insightful interpretation of digital content.

2.2.3 Modeling

During the modeling stage, algorithm performance is evaluated using both SMOTE and non-SMOTE operators. This
comparative analysis allows for assessing the effectiveness of SMOTE in addressing class imbalance and enhancing
model generalization. By testing the algorithms under both conditions, this research determines whether the application
of SMOTE improves the classification accuracy and robustness of the models. This systematic evaluation enables
informed decision-making regarding selecting the most suitable algorithm configuration for sentiment analysis tasks,
thereby ensuring the reliability and effectiveness of the modeling process.
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Figure 6. Implementation of DT and SVM Models in Rapidminer

Figure 6 shows the implementation of the DT and SVM models with and without SMOTE. Based on the results
of model performance testing, various metrics such as accuracy, precision, recall, F-measure, and AUC are interpreted.
These metrics provide quantitative measures of the model's effectiveness in correctly classifying instances, capturing the
trade-offs between accurate positive and false favorable rates and overall model performance. By analyzing these metrics
comprehensively, this research gains valuable insights into the strengths and limitations of the sentiment analysis models,
enabling informed decisions regarding model selection and optimization strategies. Consequently, interpreting these
performance metrics is crucial in evaluating the reliability and efficacy of sentiment analysis algorithms in digital content
analysis.

In this study, the data partitioning scheme entails allocating 70% of the dataset for training and 30% for testing.
The difference in the distribution of training and testing data proportions is a crucial factor influencing model performance
evaluation. By systematically adjusting the ratio between training and testing data, this research assesses the model's
ability to generalize to unseen data and its robustness under varying conditions. This approach enables a comprehensive
examination of model performance across different data distributions, thereby enhancing the reliability and validity of
the study's findings.

2.2.4 Evaluation

Evaluation is conducted by comparing the accuracy, precision, recall, F-measure, and AUC values between Decision
Trees (DT) and Support Vector Machines (SVM), both with and without the application of the Synthetic Minority Over-
sampling Technique (SMOTE). This comparative analysis allows for an in-depth assessment of the performance of each
algorithm under different conditions, considering the impact of class imbalance mitigation techniques. By examining
these metrics across various scenarios, this research identifies each algorithm's strengths and weaknesses and determines
the most suitable approach for sentiment analysis tasks. Consequently, this systematic evaluation enhances the
understanding of algorithmic performance and informs the selection of optimal models for digital content analysis.
Higher accuracy and AUC values indicate a model's strong performance and recommend it as a relevant classifier
in sentiment classification based on the volume of review data. These metrics are reliable indicators of a model's ability
to correctly classify instances and distinguish between positive and negative sentiments within the dataset. Therefore,
models demonstrating elevated accuracy and AUC values are deemed more suitable for sentiment analysis tasks, as they
offer greater confidence in the predictive capabilities and generalization to unseen data. Consequently, prioritizing models
with high accuracy and AUC values ensures the selection of robust and effective classifiers for digital content analysis.

2.2.5 Deployment
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The deployment stage of this research involves implementing and integrating the developed sentiment analysis models
into practical applications or systems. During this phase, the models are deployed to real-world environments, allowing
them to analyze and classify sentiment in digital content streams in real-time. This deployment enables stakeholders to
leverage the insights generated by the models to make informed decisions, enhance user experiences, or automate
processes related to sentiment analysis. Consequently, the deployment stage represents the culmination of the research
efforts, transitioning theoretical models into actionable tools that contribute to advancing sentiment analysis practices in
digital content analysis.

Based on the evaluation results of algorithm or classification model performance, it is recommended that media-
sharing platform providers consider integrating real-time sentiment identification features into the applications. This
addition would serve as a valuable tool for content creators, providing them with immediate feedback on the sentiment
of the content. By offering insights into the audience's reactions, content creators understand the impact of the videos or
content and make informed decisions to enhance quality. Consequently, implementing real-time sentiment analysis
features fosters a more engaging and meaningful content creation process, ultimately benefiting content creators and
platform users.

3. RESULT AND DISCUSSION

Based on the results of implementing the Decision Trees (DT) model and Synthetic Minority Over-sampling Technique
(SMOTE), a comparison of performance before and after using SMOTE was conducted. This comparative analysis allows
for an evaluation of the effectiveness of SMOTE in addressing class imbalance and improving the model's predictive
capabilities. By examining the performance metrics such as accuracy, precision, recall, F-measure, and AUC before and
after applying SMOTE, insights were gained into the impact of class rebalancing techniques on the model's ability to
classify instances accurately. Consequently, this comparison facilitates a comprehensive understanding of the benefits of
incorporating SMOTE into the modeling process, aiding in selecting optimal strategies for addressing class imbalance in
sentiment analysis tasks.

The performance of Decision Trees (DT) without utilizing the Synthetic Minority Over-sampling Technique
(SMOTE) reveals notable accuracy, precision, recall, and f-measure metrics. Specifically, the accuracy is reported at
98.73% +/- 0.32%, with a micro average of 98.73%. Similarly, the precision, recall, and f-measure exhibit high values of
98.81% +/- 0.29%, 99.91% +/- 0.19%, and 99.36% +/- 0.16%, respectively, underscoring the model's capability to classify
instances accurately. Furthermore, the area under the curve (AUC) values, including optimistic and pessimistic scenarios,
further validate the model's resilience in distinguishing between negative and positive classes. Hence, the collective
performance metrics underscore the effectiveness of the DT model in sentiment analysis tasks, highlighting its potential
for real-world applications in digital content analysis.

DT without SMOTE SVM without SMOTE
PerformanceVector: PerformanceVector:
accuracy: 98.73% +/- 0.32% (micro average: 98.73%) accuracy: 98.16% +/- 0.19% (micro average: 98.16%)
ConfusionMatrix: ConfusionMatrix: o
True: Negative Positive ;guzéwel‘.legatwee l:osnwe
hegative: b : Pogitiu: 41 2240

Positive: 27 2239

AUC (optimistic): ©.999 +/- 0.801 (micro average: 8.999) (positive class: Positive)
AUC: 0.670 +/- 0.084 (micro average: 0.678) (positive class: Positive)

AUC (pessimistic): ©.348 +/- 0.168 (micro average: 0.348) (positive class: Positive)

AUC (optimistic): @.682 +/- ©.195 (micro average: 0.682) (positive class: Positive)
AUC: 0.682 +/- 0.195 (micro average: 0.682) (positive class: Positive)

AUC (pessimistic): ©.681 +/- 0.195 (micro average: 0.681) (positive class: Positive)
precision: 98.20% +/- 0.14% (micro average: 98.20%) (positive class: Positive)

precision: 98.81% +/- @.29% (micro average: 98.81%) (positive class: Positive) ConfusionMatrix:

ConfusionMatrix: True: Negative Positive

True: Negative Positive Negative: a

Neggt)ive: 14 2 Positive: 41 2240

Positive: 27 2239 recall: 99.96% +/- 0.14% (micro average: 99.96%) (positive class: Positive)
recall: 99.91% +/- 0.19% (micro average: 99.91%) (positive class: Positive) ConfusionMatrix:

ConfusionMatrix: True: Negative Positive

True: Negative Positive Negative: ]

Negative: 14 2 Positive: 41 2248

Positive: 27 2239 f_measure: 99.07% +/- 0.89% (micro average: 99.07%) (positive class: Positive)
f_measure: 99.36% +/- 0.16% (micro average: 99.36%) (positive class: Positive) ConfusionMatrix:

ConfusionMatrix: True: Negative Positive

True: Negative Positive Negative: e 1

Negative: 14 2 Positive: 41 2240

Positive: 27 2239

Figure 7. Performance of DT and SVM without SMOTE

Figure 7 shows the DT and SVM without SMOTE. Moreover, the performance of the Support Vector Machine
(SVM) in the absence of the Synthetic Minority Over-sampling Technique (SMOTE) demonstrates noteworthy accuracy,
precision, recall, and f-measure metrics. Notably, the accuracy is recorded at 98.16% +/- 0.19%, with a micro average of
98.16%. Additionally, the precision, recall, and f-measure exhibit commendable values of 98.20% +/- 0.14%, 99.96% +/-
0.14%, and 99.07% +/- 0.09%, respectively, highlighting the model's proficiency in accurately classifying instances. The
area under the curve (AUC) values further affirm the model's robustness in distinguishing between negative and positive
classes. Despite encountering misclassifications, particularly within the positive class, the SVM model demonstrates vital
performance metrics, implying its suitability for sentiment analysis tasks in the absence of SMOTE.

The evaluation results of the Decision Trees (DT) and Support Vector Machine (SVM) models without the
Synthetic Minority Over-sampling Technique (SMOTE) indicate low values of the Area Under the Curve (AUC). This
outcome suggests that the models exhibit suboptimal performance in distinguishing between positive and negative classes.
Despite achieving high accuracy, precision, recall, and f-measure values, the low AUC values imply a deficiency in the
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model's ability to correctly classify instances, particularly in scenarios where class imbalance exists. Consequently,
addressing this limitation is imperative to enhance the models' effectiveness in sentiment analysis tasks, potentially by
implementing class rebalancing techniques or other model optimization strategies.

DT with SMOTE SVM with SMOTE
PerformanceVector: PerformanceVector:
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Figure 8. Performance of DT and SVM with SMOTE

Figure 8 shows the performance of DT and SVM with SMOTE. Upon evaluating the Decision Trees (DT) model
utilizing the Synthetic Minority Over-sampling Technique (SMOTE), it becomes apparent that it achieves commendable
performance metrics, encompassing accuracy, precision, recall, and f-measure. With an accuracy rating of 98.37% +/-
0.48%, the model adeptly categorizes instances into positive and negative classes. The Area Under the Curve (AUC)
values further validate the model's resilience, with optimistic, regular, and pessimistic AUC scores at 0.998, 0.989, and
0.980, respectively. Additionally, the precision, recall, and f-measure metrics, indicative of the model's proficiency in
identifying positive instances while minimizing false positives and negatives, emphasize its trustworthiness in sentiment
analysis tasks. Consequently, the DT model with SMOTE emerges as a promising avenue for sentiment classification,
showcasing its potential utility in practical settings.

Similarly, by evaluating the Support Vector Machine (SVM) model with the Synthetic Minority Over-sampling
Technique (SMOTE), it is evident that the model attains remarkably high accuracy, precision, recall, and f-measure
scores. Achieving an accuracy rate of 98.91% +/- 0.59%, the model effectively segregates instances into positive and
negative categories. The AUC values further validate the model's robustness, with optimistic, regular, and pessimistic
AUC scores reaching 0.999, signifying its significant predictive capability. Furthermore, the precision, recall, and f-
measure metrics underscore the model's capacity to discern positive instances while minimizing erroneous classifications
accurately, reinforcing its reliability in sentiment analysis endeavors. Hence, the SVM model with SMOTE emerges as a
promising avenue for sentiment classification, hinting at its potential applicability in practical scenarios.

The limitation of this research lies in the scope of the video content and the number of comments, in addition to
being constrained by the framework employed, namely CRISP-DM with DT and SVM models. While the study provides
valuable insights into sentiment classification, the restricted dataset size and content variety may limit the generalizability
of the findings to broader contexts. Moreover, the exclusive focus on DT and SVM models overlooks the potential
contributions of alternative machine learning algorithms, warranting further exploration to enhance the
comprehensiveness of sentiment analysis methodologies.

4. CONCLUSION

In conclusion, following the comprehensive evaluation based on the Cross-Industry Standard Process for Data Mining
(CRISP-DM) framework, the Decision Trees (DT) model integrated with the Synthetic Minority Over-sampling
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Technique (SMOTE) exhibits noteworthy performance metrics across various parameters, including accuracy, precision,
recall, f-measure, and Area Under the Curve (AUC). With an accuracy of 98.37% +/- 0.48%, the DT model demonstrates
robust classification capabilities, distinguishing between positive and negative instances. The AUC scores, encompassing
optimistic, regular, and pessimistic scenarios, further attest to the model's resilience in sentiment analysis tasks. Moreover,
the precision, recall, and f-measure metrics highlight the model's proficiency in identifying positive instances while
minimizing false classifications, underscoring its reliability. Consequently, the DT model with SMOTE emerges as a
promising avenue for sentiment classification within the CRISP-DM framework, suggesting its potential applicability in
real-world scenarios.
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