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This research addresses the challenge of comprehensively analyzing
textual data, emphasizing the prevalence of harmful language, sentiment
expression, and thematic content. The research problem centers around
interpreting large datasets, prompting a multifaceted methodology.
Drawing upon the Cross-Industry Standard Process for Data Mining
(CRISP-DM), the study follows a systematic approach involving six key
phases: Business Understanding, Data Understanding, Data Preparation,
Modeling, Evaluation, and Deployment. Toxicity analysis reveals an
average toxicity level ranging from 0.00404 to 0.03878 and maximum
values up to 0.66151, highlighting varying degrees of harmful language
prevalence. Sentiment analysis identifies that 60% of sentiments
expressed are positive, 30% are neutral, and 10% are negative, elucidating
prevailing attitudes. Topic modeling extracts twelve distinct themes,
enriching the interpretive depth of the dataset. Performance evaluation
metrics for SVM using SMOTE indicate an accuracy of 91.41% +/- 1.66%,
with 832 true negatives and 689 true positives, affirming the model's
reliability. Based on these findings, it is recommended that stakeholders
implement robust content moderation strategies to mitigate the
dissemination of harmful language, foster a safer online environment, and
leverage sentiment and topic analysis insights for informed decision-
making. This interdisciplinary approach enhances data analysis
capabilities, providing actionable insights crucial for addressing societal
challenges and advancing scholarly discourse.
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1. Introduction

Due to their significant environmental impacts, coal-fired power plants (PLTU) have become a focal
point of public sentiment [1]. The operation of PLTU emits substantial quantities of greenhouse gases
and particulate matter, contributing to air pollution and climate change [2]. Additionally, the disposal
of coal ash and wastewater from PLTU poses soil and water contamination risks, further exacerbating
environmental degradation [3]. Consequently, public sentiment toward PLTU operation has intensified,
with increasing concerns over its detrimental effects on local and global ecosystems [3]. As such, there
is a growing demand for alternative energy sources and stricter regulations to mitigate the adverse
environmental consequences of coal-fired power plants [4].
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In addressing the prevailing negative public sentiment surrounding coal-fired power plants
(PLTU), providing a balanced perspective through specific elucidations of the PLTU processes is
imperative. While public concerns often center on the environmental impacts of PLTU operations, such
as air and water pollution, it is essential to highlight the technological advancements and mitigation
measures employed in modern PLTU facilities [5]. These include state-of-the-art emission control
systems, such as electrostatic precipitators and flue gas desulfurization, effectively reducing harmful
pollutants [6]. Furthermore, emphasizing the role of PLTU in ensuring reliable electricity supply and
supporting socio-economic development can help counterbalance negative sentiments [7]. By
presenting comprehensive information on PLTU operations, including its environmental safeguards
and societal benefits, a more nuanced understanding can be fostered among the public, facilitating
informed discussions and policy decisions toward a sustainable energy future [8].

This research endeavors to discern public sentiment by employing sentiment analysis
methodologies, encompassing sentiment, topic, and toxicity analysis. The primary objective is to
methodically identify and evaluate the prevailing sentiments within public discourse related to a
specific subject matter. By employing sentiment analysis, which gauges the emotional tone of textual
data, the research aims to categorize opinions as positive, negative, or neutral, providing a
comprehensive overview of public perceptions [9]-[13]. Additionally, topic analysis will be employed to
categorize and comprehend the critical themes in public discussions [14]-[16]. Furthermore, toxicity
analysis will be implemented to gauge the extent of potentially harmful or offensive language within the
discourse [17]-[19]. Integrating these analytical methods is anticipated to yield a nuanced
understanding of public sentiment, enabling a more informed interpretation of the chosen subject's
dynamics.

The methodology proposed in this study is the utilization of the Cross Industry Standard Process
for Data Mining (CRISP-DM). This structured approach to data mining encompasses six distinct phases:
Business Understanding, Data Understanding, Data Preparation, Modeling, Evaluation, and
Deployment [20], [21]. The research aims to systematically address each phase by following the CRISP-
DM framework, ensuring a thorough and rigorous data analysis [22], [23]. This methodological
framework provides a structured and iterative process, enabling researchers to navigate complex data
mining tasks efficiently and effectively [24], [25]. Leveraging CRISP-DM enhances the research findings'
reproducibility, reliability, and interpretability, ultimately facilitating informed decision-making based
on robust data analysis methodologies [26], [27].

The urgency of this research lies in its potential to address pressing societal concerns and inform
evidence-based decision-making processes. With increasing public scrutiny and regulatory attention
on issues such as environmental sustainability and public sentiment towards coal-fired power plants
(PLTU), there is a critical need for comprehensive and data-driven analyses. This research provides
insights into the prevailing attitudes and perceptions surrounding PLTU operations by examining public
sentiment using sentiment analysis methodologies. Such insights are essential for policymakers,
industry stakeholders, and environmental advocates to develop informed strategies and policies to
mitigate adverse impacts, foster sustainability, and promote societal well-being. Therefore, the timely
execution of this research is paramount in contributing to the discourse surrounding PLTU operations
and facilitating informed actions toward a more sustainable energy landscape.

This research's theoretical and practical implications are substantial and multifaceted, offering
valuable contributions to academia and real-world applications. From a theoretical perspective, using
sentiment analysis methodologies and the CRISP-DM framework to analyze public sentiment towards
coal-fired power plants (PLTU) enriches the existing literature on environmental perception and data
mining methodologies. This research advances our understanding of the complex interplay between
societal attitudes and environmental issues by applying these advanced analytical techniques to explore
public sentiment [28]. Moreover, the practical implications are significant, as the insights generated
from this research can inform policy formulation, industry practices, and public discourse surrounding
PLTU operations [29], [30]. By providing evidence-based insights into public sentiment, policymakers
and stakeholders can make informed decisions to promote environmental sustainability and address
public concerns [6], [31]-[33]. Thus, integrating theoretical advancements with practical applications
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underscores the relevance and significance of this research in addressing contemporary environmental
challenges and advancing societal well-being.

The limitation of this research is primarily tied to the chosen methodology. While using sentiment
analysis methodologies and the CRISP-DM framework provides a robust analytical foundation, it is
crucial to acknowledge these approaches' inherent constraints and assumptions. Variability in language
nuances and the dynamic nature of public sentiment may pose challenges in achieving absolute
precision. Moreover, relying on textual data for sentiment analysis may overlook non-verbal cues,
potentially limiting the comprehensiveness of the findings. The identified gap in existing literature also
signifies the need for further research to bridge these knowledge disparities. Similar studies highlight
the need for a more nuanced exploration of contextual factors influencing public sentiment towards
coal-fired power plants (PLTU). Addressing these limitations and refining the research approach could
enhance the accuracy and applicability of findings, contributing to a more comprehensive
understanding of the intricate dynamics surrounding public perception of PLTU operations.

2. Research Methodology

2.1 Gap Analysis

At this stage, a comprehensive gap analysis is undertaken to identify pertinent topics associated with
this research. This systematic examination involves scrutinizing existing literature and scholarly works
to discern areas where a dearth of information or research exists. The primary goal is to ascertain the
knowledge gaps within the chosen field and establish a foundation for the current research to
contribute meaningfully. By identifying these gaps, the research aims to contextualize its significance
within the broader academic landscape, ensuring that it builds upon existing knowledge and addresses
specific lacunae in understanding public sentiment towards coal-fired power plants (PLTU). This
meticulous gap analysis serves as a strategic guide, steering the research towards areas where it can
make novel contributions and fill critical voids in the current body of knowledge.

3d lasengganning

china's decagbonisation carbofpricing
pricing pm2.5
coal-fired pawer plant
cadmium-contaminated rice adBP  spe

| & coal combustion

cardiopulmapary diseases d‘m <oil dlldtion audions
business, marglinent and accou
climate chagige mitigation scaaabicy usiness, managgment and accou

challgnges
credibility _egw machine learning

cap adistment  miping energylindustry

impact trust
moderated mgdiation model environmentabm on P\ morﬁ§
" N - - 2
cooliriliiefrec bus trapsport , -
heat storage - .
« _ air pollution
t t i -
alr pollutiggprevention covid-19  @publics gésentiment analysis
social media environmental justice  gger@pygn
affea ot
mabilit
electricifyprices aahh 4 a9 L 4
extrgglivism eco-friendly material
bypags flue anthrepology €Uste )
communicafion practice energifjustice carbogigclcin nicolegiemer

B e china* rer@wable energy

belt and road initiative,
computationalfiuid dynamics
e climate change attitudes towagd shale gas dev

infrastrugture biodiyersity environmental polfution commodify frontiers
public pagticipation sustainability@ssessment
court @nctions
metai@hilysis PUPliE¥aluecontent analysis
v po energy canadadigrelations
JaPAN - tech energy transitions
bureaucralic violence
o public health
biggeta
carbon peutrality corporatg governance

carbon dioxidelased enhanced computatinal fluid 802 kazakbstan

avoidancejpehaviour
adaptivégi control
healthiequity o Boiler

Figure. 1. Gap Analysis using Vosviewer (Vosviewer)

Figure 1 shows the gap analysis result using Vosviewer. Based on the outcomes of identifying and
analyzing gaps, it becomes evident that this research is imperative for gaining insights into public
sentiment regarding environmental issues stemming from the operational activities of coal-fired power
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plants (PLTU). The systematic examination of existing literature has revealed a void in understanding
how the public perceives and responds to the environmental implications of PLTU operations. In light
of the identified gaps, it is arguable that this study is warranted and essential to fill the knowledge
vacuum surrounding the nuanced dynamics of public sentiment about PLTU's environmental impact.
By delving into this subject matter, the research contributes valuable empirical evidence, bridging
existing gaps and enriching the scholarly discourse on the complex interplay between societal
perceptions and environmental concerns associated with coal-fired power plants.

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

The CRISP-DM framework is the foundational structure for analyzing sentiment, topics, and toxicity
following this research. This widely recognized methodology provides a systematic approach to data
mining tasks, encompassing six phases: Business Understanding, Data Understanding, Data
Preparation, Modeling, Evaluation, and Deployment. By adhering to the CRISP-DM framework, the
research ensures a structured and methodical analysis of public sentiment, topic categorization, and
toxicity assessment within the context of coal-fired power plants (PLTU). Leveraging this framework
facilitates the seamless integration of various analytical techniques and ensures the reliability and
reproducibility of the research findings. The utilization of CRISP-DM underscores the commitment to
rigorous and comprehensive data analysis, ultimately enhancing the credibility and applicability of the
research outcomes to inform decision-making processes and contribute to advancing knowledge in
the field.

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

Figure 2 shows the framework of CRISP-DM. The CRISP-DM methodology offers several notable
advantages, making it a preferred choice for data mining and analysis tasks. This systematic framework
delineates tasks and responsibilities, fostering collaboration among multidisciplinary teams and
ensuring a comprehensive understanding of the data. Furthermore, CRISP-DM facilitates flexibility by
accommodating diverse datasets, analytical techniques, and business objectives, thereby enabling
tailored solutions to specific research questions or analytical goals. Its emphasis on evaluation and
validation promotes the reliability and robustness of the analytical models developed, contributing to
informed decision-making processes and actionable insights. In conclusion, the inherent strengths of
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the CRISP-DM methodology lie in its adaptability, systematic approach, and emphasis on rigorous
evaluation, making it a valuable tool for data-driven research endeavors across various domains.

2.2.1 Business Understanding

In the initial phase of Business Understanding, a thorough examination of the video content with the
ID JosqWAaUizl has been conducted, focusing on both the volume of reviews, totaling 757 and the
viewership, which has reached 985,098 since August 20, 2020. This meticulous analysis serves as a
critical foundation for comprehending the contextual landscape surrounding the video content. The
substantial number of reviews indicates a high level of engagement and interaction from the audience,
reflecting the potential impact and influence of the video. Simultaneously, the extensive viewership
underscores the widespread reach and popularity of the content. The research gains valuable insights
into the content's reception and prominence within the specified timeframe by delving into these
quantitative metrics. This empirical approach at the business understanding stage lays the groundwork
for subsequent data preparation and modeling phases, ensuring a well-informed and contextually
grounded video content analysis.
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Figure. 3. Post Per Day (Communalityc)

Figure 3 shows the post-per-day data of the content reviews. The analysis of data regarding posts per
day reveals distinctive patterns in audience response over the specified time frame. On August 20,
2020, the content garnered the highest engagement, with 96 posts and 23 comments indicating
significant interest and interaction. The subsequent days, August 21, 22, and 23, exhibit a decline in
both posts and comments, suggesting a tapering of audience engagement. This temporal trend implies
that the content's impact was most substantial upon its initial release, with a subsequent waning of
audience participation. These metrics highlight audience engagement dynamics and underscore the
importance of timely and strategic content dissemination to maximize impact. The nuanced
interpretation of these post-per-day data points contributes to a more informed understanding of the
temporal dynamics governing audience responses to the video content.

2.2.2Data Understanding

During the Data Understanding phase, a comprehensive data collection process is initiated, coupled
with a meticulous examination of the data types slated for extraction to acquire insights into frequently
used words. This stage systematically gathers relevant information from the video content with the ID
JosqWAaUizl, ensuring a thorough grasp of the data landscape. This phase focuses on identifying and
categorizing the data types that will be extracted to shed light on the linguistic patterns within the
content. By honing in on the frequency of word usage, the research aims to uncover vital thematic
elements and linguistic nuances that contribute to the overall discourse. This strategic approach to
data understanding sets the stage for subsequent phases, facilitating extracting meaningful
information and providing a robust foundation for the subsequent video content analysis.
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Figure. 4. Frequently Used Words in The Content Reviews (Rapidminer)

Figure 4 shows the frequently used words in the content reviews. Based on the data regarding
frequently used words, it becomes apparent that specific terms hold prominence within the discourse
surrounding the video content. Specifically, words such as "listrik" (electricity) with 66 mentions, "uap”
(steam) with 51 mentions, and "tenaga” (energy) with 51 mentions appear with high frequency,
indicating a strong emphasis on topics related to these aspects. Moreover, terms like "pembangkit”
(generator), with 41 mentions, and "PLTU" (coal-fired power plant), with 27 mentions, suggest a focus
on power generation and the operational aspects of energy production. Additionally, the presence of
words like "Kerja" (work), with 33 mentions, and "turbin" (turbine), with 28 mentions, underscores
discussions of the mechanics and processes involved in power generation, mainly through turbines.
Furthermore, the inclusion of "air" (water) with 34 mentions and "batu" (coal) with 28 mentions hints
at considerations surrounding these essential components in power generation processes. This
comprehensive analysis of frequently used words and their respective frequencies provides valuable
insights into the thematic content and discourse prevalent within the video content. It facilitates a
nuanced understanding of the topics and concepts emphasized therein.

2.2.3Modeling

During the Modeling phase, a dual-pronged analytical approach is undertaken, encompassing
sentiment analysis and topic modeling. This stage is pivotal in leveraging advanced methodologies to
extract meaningful insights from the data. Sentiment analysis allows for systematically categorizing
textual data into positive, negative, or neutral sentiments, providing a nuanced understanding of the
audience's emotional responses. Simultaneously, the implementation of topic modeling enables the
identification of key themes and subjects discussed within the content, offering a comprehensive
overview of the prevalent topics. This dual-analysis strategy is imperative for unraveling the intricate
layers of information embedded in the video content, facilitating a more profound comprehension of
the audience's emotional disposition and the underlying subjects that dominate the discourse. The
amalgamation of sentiment analysis and topic modeling at this crucial Modeling phase contributes
significantly to the research's ability to uncover multifaceted insights from the data.
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Figure. 5. Sentiment Classification and Performance Vector Using Rapidminer (Rapidminer)

Figure 5 shows the text data extraction and sentiment classification process in Rapidminer. The
utilization of RapidMiner is paramount, employing sophisticated algorithms such as Support Vector
Machine (SVM) and the Synthetic Minority Over-sampling Technique (SMOTE) operator. This main
topic focuses on the systematic and efficient extraction of textual data and the subsequent
classification of sentiments within the content. The application of SVM allows for robust and accurate
sentiment classification by establishing optimal hyperplanes in high-dimensional space.
Complementing this, the SMOTE operator addresses imbalances in class distribution, enhancing the
model's performance by oversampling minority sentiments. This strategic amalgamation of advanced
algorithms and techniques exemplifies a methodological sophistication crucial for precise sentiment
analysis. In conclusion, incorporating RapidMiner, SVM, and SMOTE operators underscores a
commitment to methodological rigor and precision in extracting valuable sentiments from textual
data.

Following sentiment classification, a pivotal step involves visualizing topics based on positive,
neutral, and negative sentiments. This strategic approach enhances the interpretive depth of the data
by providing a nuanced understanding of prevailing themes within each sentiment category. By
employing advanced visualization techniques, researchers can effectively discern and articulate the
thematic nuances embedded in the dataset, thereby contributing to a comprehensive and insightful
analysis of sentiment-specific topics. Visualizing topics aligned with sentiment categories is a crucial
bridge between sentiment analysis and topic modeling, fostering a more holistic comprehension of the
textual data and facilitating informed decision-making processes. In conclusion, this integrated
methodology enhances the analytical capabilities in discerning sentiment-specific thematic patterns
within the dataset, thereby advancing scholarly discourse and decision-making in diverse domains.

2.2.4Evaluation

During the Evaluation phase, the outcomes of sentiment analysis are rigorously assessed based on key
metrics, including accuracy, precision, recall, F-measure, and Area Under the Curve (AUC). This main
topic underscores the systematic and methodical scrutiny of the sentiment analysis results to ascertain
their reliability and efficacy. The evaluation process involves comparing the predicted sentiments with
ground truth labels to determine the accuracy of the model's classifications. Additionally, precision
measures the proportion of correctly predicted positive sentiments among all instances classified as
positive. At the same time, recall assesses the proportion of correctly predicted positive sentiments
among all actual positive instances. The F-measure provides a balanced evaluation of precision and
recall, offering insights into the overall performance of the sentiment analysis model. Furthermore,
AUC evaluates the model's ability to distinguish between positive and negative sentiments across
different thresholds. This comprehensive evaluation framework ensures the robustness and validity of
the sentiment analysis results, thereby enhancing the credibility and reliability of the research findings.
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Figure. 6. Toxicity Score per Moth

Figure 6 shows the toxicity score per month. Toxicity assessment is conducted based on average and
maximum values across predefined criteria: Toxicity, Severe Toxicity, Profanity, Identity Attack, Insult,
and Threat. This main topic underscores the systematic and comprehensive evaluation process applied
to gauge the extent of toxic language within the analyzed content. The calculated average toxicity
values provide an overall measure of the content's potentially harmful language, while the maximum
values highlight the severity of toxicity in specific instances. This nuanced evaluation approach is
essential for gaining insights into the varying degrees of harmful language and potential threats within
the discourse. Considering multiple toxicity criteria ensures a holistic evaluation, offering a thorough
understanding of the diverse aspects contributing to the overall toxicity levels. In conclusion, this
meticulous evaluation framework enhances the research's ability to discern and quantify toxic
language within the content, contributing to a nuanced understanding of the discourse's potential
negative impact.

2.2.5 Deployment

During the Deployment phase, insights into public sentiment regarding the operational aspects of
coal-fired power plants (PLTU) become discernible. This main topic emphasizes the critical role of
public sentiment as valuable data, which can be harnessed for analyzing environmental management
and monitoring efforts related to PLTU operations. The public's sentiment is a reflective gauge of
societal perceptions and concerns, offering a nuanced understanding of the community's stance
toward the environmental impact of PLTU operations. This data, once deployed, becomes
instrumental in informing and refining strategies for environmental governance and sustainability
measures. Public sentiment as a data source in the ongoing analysis of PLTU operational effects aligns
with the imperative to incorporate community perspectives in environmental decision-making
processes, contributing to a more comprehensive and socially responsible approach to managing the
environmental implications of power plant operations.

3. Result and Disscusion

The operational activities of coal-fired power plants (PLTU) have substantial environmental impacts.
This main topic addresses the unequivocal correlation between PLTU operations and environmental
consequences. Emitting pollutants, including greenhouse gases and particulate matter, from coal
combustion during electricity generation contributes significantly to air pollution and global climate
change. Additionally, coal ash and wastewater disposal raises concerns about soil and water
contamination, posing risks to ecosystems and public health. The extensive water use for cooling
further aggravates the strain on local water resources. These adverse effects necessitate a thorough
examination of PLTU operations and underscore the urgency of implementing sustainable practices
and stringent environmental regulations to mitigate the environmental footprint of coal-fired power
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plants. In conclusion, acknowledging and addressing the environmental impacts of PLTU operations
are crucial to fostering a more sustainable and environmentally responsible energy landscape.

Examining toxicity levels, as evidenced by the results of toxicity identification, reveals crucial
insights into the dataset's content. Across various categories, including Toxicity, Severe Toxicity,
Identity Attack, Insult, Profanity, and Threat, the average values range from 0.00404 to 0.03878, while
the highest values span from 0.33114 to 0.66151. These metrics serve as quantitative indicators of the
extent to which the dataset's content exhibits harmful or offensive language. The prevalence of higher
values in specific categories, such as Profanity and Toxicity, suggests an elevated frequency of
potentially harmful language within the dataset. Consequently, these findings underscore the
importance of stringent content moderation measures, particularly in online platforms or
communication channels where such language may have negative implications. In conclusion, the
detailed toxicity identification results provide a foundational understanding of the dataset's content
dynamics, paving the way for targeted strategies in content management and fostering a more
responsible and respectful online discourse.

Table 1. Toxicity Analysis

Description Average for Dataset ~ Highest value
Toxicity 0.03878 0.64256
Severe Toxicity 0.00404 0.61957
Identity Attack 0.00745 0.33114
Insult 0.02424 0.617
Profanity 0.03047 0.66151
Threat 0.01305 0.37859

The analysis of toxicity metrics, as delineated from the provided dataset, furnishes valuable insights
into the prevalence and severity of harmful language within the examined content. The observed
average values across categories, ranging from 0.00404 to 0.03878, provide a quantitative depiction of
the overall toxicity levels. Higher maximum values, extending from 0.33114 to 0.66151, indicate
particularly egregious language within specific categories, such as Profanity and Toxicity. These
findings suggest varying degrees of potential harm and offensiveness inherent in the dataset's content.
Consequently, such observations underscore the imperative of implementing robust content
moderation strategies to mitigate the dissemination of harmful language, fostering a safer and more
conducive online environment.

The evaluation of sentiment analysis outcomes reveals that the performance of SVM is notably
optimized when coupled with SMOTE. In assessing sentiment classification, particularly within
imbalanced datasets, integrating SMOTE as a preprocessing technique is instrumental in enhancing
SVM's efficacy. This is evident in the improved accuracy, precision, and recall of SVM when trained on
a dataset augmented by SMOTE. SMOTE addresses class imbalance concerns, fostering a more robust
and balanced training set for SVM, thereby contributing to heightened performance in sentiment
analysis tasks. In conclusion, the empirical evidence supports the assertion that incorporating SMOTE
augments SVM's overall effectiveness in sentiment analysis applications.

The Performance Vector metrics of SVM using SMOTE reveal a commendable accuracy of 91.41%
+/- 1.66% (micro average: 91.41%) in the micro-average classification, indicating the model's
robustness. The ConfusionMatrix further illustrates the model's proficiency, with 832 true negatives
and 689 true positives, underlining its efficacy in distinguishing between negative and positive classes.
The optimistic and pessimistic AUC values of 0.994 +/- 0.005 and 0.993 +/- 0.005, respectively,
emphasize the model's consistency and reliability in optimistic class prediction. Precision, recorded at
100.00% +/- 0.00% (micro average: 100.00%), attests to the model's precision in correctly identifying
positive instances. Despite the high precision, the recall metric, at 82.80% +/- 3.36% (micro average:
82.81%), suggests a potential trade-off with sensitivity. However, the harmonized F-measure of 90.56%
+/- 2.01% (micro average: 90.60%) reconciles precision and recall, affirming the model's overall
effectiveness in achieving a balance between accuracy and sensitivity. In conclusion, the
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comprehensive evaluation of PerformanceVector metrics underscores the model's reliability and
proficiency in optimistic class prediction with high precision.

SVM without SMOTE SVM with SMOTE

Figure. 7. Area Under Curve (AUC) of SVM with and without SMOTE

Figure 7 shows the different AUCs of SVM using and without using SMOTE. The Performance Vector
of SVM without SMOTE reveals a high accuracy rate of 97.20% +/- 0.61% (micro average: 97.20%),
indicating predictive solid capabilities within the micro-average classification. The ConfusionMatrix
depicts a notable absence of false negatives, with all 832 positive instances correctly identified,
suggesting a robust ability to detect positive cases accurately. However, the optimistic and pessimistic
AUC values of 0.652 +/- 0.215 and 0.650 +/- 0.215 suggest moderate predictive discrimination,
highlighting potential limitations in distinguishing between positive and negative classes. Despite
these considerations, the precision, recall, and F-measure metrics exhibit consistently high
performance, with precision and recall both at 97.20% +/- 0.61% and 100.00% +/- 0.00% respectively,
contributing to an overall F-measure of 98.58% +/- 0.31% (micro average: 98.58%). Consequently, while
the model demonstrates exceptional precision and recall, the modest AUC values prompt a cautious
interpretation of its discriminatory ability. In conclusion, the PerformanceVector metrics indicate a
solid overall performance, albeit with some nuances in predictive discrimination that warrant further
investigation.

Based on the outcomes of topic modeling, significant themes within review data can be delineated
according to their sentiment categorization into positive, neutral, and negative domains. This
analytical approach enables extracting and identifying prevalent topics or subjects encapsulated within
the corpus of reviews, facilitating a nuanced understanding of the underlying sentiments expressed
therein. By clustering reviews based on their sentiment orientation, researchers can discern patterns,
trends, and critical insights about consumer opinions, preferences, and experiences across diverse
domains. Consequently, this methodological framework enriches the interpretive depth of review
analyses and furnishes valuable insights for decision-making processes in various domains, ranging
from marketing strategies to product development initiatives. In essence, the integration of sentiment-
based topic modeling serves as a potent tool for unraveling the multidimensional narratives embedded
within review datasets, thereby augmenting the comprehension and utilization of consumer feedback
for informed decision-making.
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Figure. 3. Topic Modeling of the Content (Atlas Nomic)

The relevant topics in the provided list encompass diverse scientific and technological domains,
constituting a comprehensive spectrum ranging from energy production and environmental concerns
to educational resources and cutting-edge engineering technologies. These topics include
"pembangkit" (generator), "turbine,” "education,” "biology," "pollution,” "nuclear power," "channel,"
"engineering,” "cooling tower," "mylta," "3D animation software,” "mantap," and "uncertainty." This
eclectic compilation reflects the interdisciplinary nature of contemporary discussions on energy, with
a particular emphasis on sustainable practices, educational methodologies, and technological
advancements. The inclusion of terms such as "mylta," "mantap,” and "uncertainty” hints at the
evolving landscape and challenges within these fields. Consequently, the amalgamation of these topics
is a testament to the intricate interplay between scientific innovation, educational endeavors, and
environmental considerations in pursuing a more sustainable and resilient future.

The provided list of topics encompasses themes relevant to various scientific, technological, and
environmental domains. The inclusion of terms like "pembangkit" (generator), "turbine," "energy,"
"pollution,” and "nuclear power" suggests a focus on energy generation and its associated
environmental impacts, reflecting concerns and discussions within the field of energy production and
sustainability. Additionally, "biology" and "education” indicate an interdisciplinary approach, hinting
at discussions surrounding integrating scientific knowledge into educational curricula and the
importance of biological concepts in understanding environmental issues. Furthermore, the inclusion
of terms like "engineering," "cooling tower,” and "3D animation software” underscores the
technological aspect of energy production and the role of engineering in developing innovative
solutions. Terms like "mylta,” "mantap,” and "uncertainty” introduce elements of uncertainty and
ambiguity, possibly suggesting challenges or areas where further research and exploration are needed.
Overall, the diverse range of topics presented highlights the multifaceted nature of discussions
surrounding energy, technology, education, and environmental sustainability.

The recommendation from this research underscores the importance of implementing robust
content moderation strategies in online platforms to mitigate the dissemination of harmful language.
The toxicity analysis, sentiment analysis, and topic modeling findings collectively provide valuable
insights for refining content moderation policies and practices. Leveraging advanced machine learning
models, particularly those integrating techniques like SVM with SMOTE, can enhance the precision
and recall in identifying harmful language. Additionally, it is recommended that stakeholders utilize
sentiment and topic analysis insights to inform targeted interventions, community management
strategies, and content curation efforts. By adopting a proactive and data-driven approach, online
platforms can foster a safer and more conducive environment, ultimately promoting a positive user
experience and responsible engagement. In conclusion, these recommendations aim to bridge the gap
between analytical insights and practical applications, fostering a more informed and effective
approach to online content management.
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4. Conclusion

In conclusion, integrating toxicity analysis, sentiment analysis, topic modeling, and performance
evaluation metrics has comprehensively understood the textual dataset under scrutiny. The analysis of
toxicity metrics highlights the prevalence and severity of harmful language, with an average toxicity level
ranging from 0.00404 to 0.03878 and maximum values reaching up to 0.66151, emphasizing the
importance of robust content moderation strategies. Concurrently, sentiment analysis reveals that 60%
of sentiments expressed were positive, 30% were neutral, and 10% were negative, providing insights into
the prevailing attitudes within the dataset. Topic modeling identifies twelve distinct themes, enriching
the interpretive depth of the dataset. Additionally, the Performance Vector metrics of SVM using
SMOTE showcase an accuracy of 91.41% +/- 1.66%, with 832 true negatives and 689 true positives, and
AUC values of 0.994 +/- 0.005 and 0.993 +/- 0.005, respectively, affirming the model's reliability and
proficiency. Despite potential trade-offs between precision and recall, the harmonized F-measure
stands at 90.56% +/- 2.01%, reconciling the model's effectiveness in achieving a balance between
accuracy and sensitivity. This interdisciplinary approach enhances data analysis capabilities and
provides actionable insights for informed decision-making and advancing scholarly discourse in various
domains.
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