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Abstract−This research employs the CRISP-DM framework to analyze consumer sentiment and preferences regarding DJI Avata 

drone products, aiming to provide data-driven strategic recommendations for marketing and product development. By systematically 

exploring business objectives, preparing and cleaning data, and modeling sentiment, the study reveals high consumer engagement and 

predominantly positive sentiment (51.91% positive, 31.16% neutral, 16.93% negative) towards the DJI Avata. The Support Vector 

Machine (SVM) algorithm demonstrated superior performance in sentiment classification, achieving an accuracy of 74.69%, with an 

AUC of 0.839, precision of 77.57%, recall of 69.68%, and F-measure of 73.23%. A comparative analysis between the VADER and 

TextBlob models, showing a moderate agreement (Cohen’s kappa statistic = 0.413) on 64.84% of the posts, highlighted the value of 

using multiple sentiment analysis tools. Furthermore, toxicity scores calculated via the Perspective API identified critical areas for 

improvement in user engagement. Subsequently, the toxicity results reveal the following scores: Toxicity with an average of 0.09461 

and a peak of 0.90451, Severe Toxicity with an average of 0.00817 and a peak of 0.45895, Identity Attack with an average of 0.01139 

and a peak of 0.58743, Insult with an average of 0.04543 and a peak of 0.70658, Profanity with an average of 0.06133 and a peak of 

0.89080, and Threat with an average of 0.02063 and a peak of 0.69437. These detailed metrics provide a comprehensive understanding 

of the dataset's different dimensions and intensities of negative sentiments. The significant variation between average and peak values 

indicates the presence of highly negative interactions, which necessitates targeted intervention. Consequently, these findings inform 

the development of specific strategies to mitigate toxicity and enhance the overall user experience in digital communities. These 

insights informed strategic recommendations to enhance digital marketing efforts and product features, underscoring the CRISP-DM 

framework's efficacy in guiding comprehensive consumer sentiment analysis and fostering informed decision-making in the aerial 

photography and videography market. 
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1. INTRODUCTION  

Aerial photography and videography products, such as drones, have become indispensable tools for content creators in 

the digital marketing era. This surge in drone utilization has sparked considerable consumer commentary regarding the 

various brands available [1]. The widespread adoption of drones is driven by the ability to capture high-quality, immersive 

visuals that significantly enhance marketing campaigns [2]–[4]. Despite the initial investment, the return on visual content 

engagement justifies the expense, highlighting the critical role of drones in contemporary content creation [5]. 

Consequently, the increasing consumer discourse around drone brands underscores the integral role in digital marketing 

strategies. 

A significant challenge in developing product and service marketing studies lies in contextualizing products based 

on the targeted market segments, exemplified by content creators' use of drones for aerial photography and videography 

[6]–[9]. Addressing this challenge involves understanding different consumer segments' distinct preferences and 

requirements, directly influencing marketing strategies [10]–[15]. Additionally, the dynamic nature of digital content 

creation necessitates continuous adaptation and innovation in product offerings [16]–[20]. Effectively contextualizing 

products ensures the relevance and appeal to specific market segments, ultimately driving success in competitive markets. 

Based on the market segment for drone products, influencers conducting product reviews through audiovisual 

content stimulate purchase intentions via various online channels. These influencers leverage credibility and reach to 

showcase product features and benefits, engaging potential buyers [21], [22]. Moreover, such content's visual and auditory 

appeal provides a comprehensive understanding of the product's capabilities, enhancing consumer confidence [23]–[25]. 

Consequently, influencer reviews significantly impact consumer purchasing behavior, highlighting the importance of 

strategic influencer partnerships in digital marketing efforts. 

The urgency of this research is underscored by the rapid proliferation of digital content and the consequential rise 

in user-generated reviews and feedback. Understanding consumer sentiment and managing toxicity in online interactions 

are critical for maintaining a positive digital environment. This study's comprehensive analysis of sentiment and toxicity 

provides actionable insights that can significantly enhance community management and product development. Promptly 

addressing negative sentiments and toxicity is essential to foster a healthier, more engaging user experience. 

Consequently, the findings of this research offer timely and practical solutions to pressing challenges in digital marketing 

and online community management. 

This study uses the CRISP-DM methodology to analyze sentiment and calculate the toxicity score of the DJI Avata 

aerial photography and videography product. By systematically applying this data mining process, sentiment analysis will 

reveal consumer perceptions, while the toxicity score will quantify the presence of harmful language in user reviews. 

Employing CRISP-DM ensures a structured and comprehensive analysis, facilitating accurate insights into consumer 
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sentiment [26]. Ultimately, this research provides valuable data for understanding market reception and guiding product 

improvement strategies. 

The theoretical and practical contributions of this research are significant and multifaceted. Theoretically, it 

advances knowledge by offering new insights into consumer behavior and sentiment analysis within the context of aerial 

photography and videography products [27], [28]. The findings provide actionable intelligence for marketers and product 

developers to refine strategies and enhance product offerings based on data-driven insights [29], [30]. This dual 

contribution enriches the academic literature and directly benefits industry stakeholders by informing effective decision-

making processes. Consequently, this research bridges the gap between theory and practice, fostering innovation and 

improvement in the field. 

The limitation of this research lies in the specificity of the methodology and product description through 

audiovisual channels and content. This focus may restrict the generalizability of the findings to other products or contexts, 

as the analysis is heavily dependent on the unique characteristics of the audiovisual medium. Additionally, the reliance 

on audiovisual content might not fully capture the breadth of consumer sentiment expressed through other forms of media. 

Therefore, while the insights gained are valuable, they should be interpreted with caution and considered within the 

specific scope of the study. This limitation highlights the need for further research incorporating diverse methodologies 

and broader contexts. 

2. RESEARCH METHODOLOGY 

2.1 Gap Analysis 

Gap analysis is essential for understanding consumer perceptions of aerial photography and videography products 

marketed through YouTube. This method identifies discrepancies between current knowledge and potential insights, 

highlighting areas where further investigation is necessary. Evaluating consumer feedback on YouTube offers a nuanced 

understanding of market reception and user satisfaction. Thus, conducting a thorough gap analysis illuminates existing 

research shortcomings and guides future studies in addressing these gaps, ultimately enhancing the effectiveness of 

marketing strategies on digital platforms. 

 

Figure 1. Gap Analysis using Vosviewer 

Figure 1 shows the network, overlay, and density visualization. Based on the results of the gap identification, it is 

evident that drone products used in aerial photography and videography have not been extensively studied from the 

perspectives of consumer perception, consumer behavior, and purchasing behavior. Current research primarily employs 

a generalized theoretical framework, focusing on product patterns and trends rather than specific consumer insights [21], 

[22], [31]. This oversight suggests a need for more targeted studies that delve into the nuanced consumer interactions with 

drone technology. Addressing these gaps will provide a more comprehensive understanding of market dynamics and 

inform more effective marketing strategies tailored to consumer needs. 

2.2 Cross-Industry Standard Process for Data-Mining (CRISP-DM) 
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The CRISP-DM framework is employed to understand business context, data, models, evaluation, and marketing 

optimization recommendations during deployment. This structured approach facilitates a comprehensive analysis of 

business objectives and relevant data, ensuring that models are accurately developed and assessed. Furthermore, the 

framework's iterative process allows for continuous refinement, resulting in actionable insights and effective marketing 

strategies. Consequently, the CRISP-DM framework's systematic methodology significantly enhances the precision and 

efficacy of marketing optimizations, ensuring alignment with business goals and market demands. 

 

Figure 2. Implementation of CRISP-DM Framework 

Figure 2 shows the implementation of the CRISP-DM framework. Implementing the CRISP-DM framework 

enables a comprehensive analysis of consumer perceptions and preferences regarding drone products, particularly the DJI 

Avata. This methodical approach systematically processes business understanding, data collection, and model 

development to uncover valuable insights. By evaluating these insights, the framework facilitates the generation of well-

informed recommendations for product development and digital marketing optimization. Therefore, applying CRISP-DM 

enhances the accuracy of consumer analysis and drives strategic decisions that align with market demands, ultimately 

improving both product offerings and marketing effectiveness. 

2.2.1 Business Understanding 

At the business understanding stage, the promotional video for the DJI Avata, titled "DJI - Introducing DJI Avata," was 

published through the official DJI account and has garnered 3,972,921 views since its premiere on August 25, 2022. This 

high view count reflects significant consumer interest and engagement with the product. Such metrics indicate the 

effectiveness of the promotional strategy in capturing the target audience's attention. Consequently, analyzing this 

engagement provides valuable insights into consumer behavior and preferences, guiding further marketing and product 

development strategies. 

 

Figure 3. Video and Post-Per-Day Statistic (Communalytic) 

Figure 2 shows the post-per-day statistic. Based on statistical data, the dates and number of comments on the DJI 

Avata promotional video are as follows: August 25, 2022, with 720 comments; August 26, 2022, with 152 comments; 

August 28, 2022, with 146 comments; August 29, 2022, with 130 comments; August 30, 2022, with 130 comments; 

August 27, 2022, with 129 comments; August 31, 2022, with 56 comments; September 8, 2022, with 52 comments; 

September 9, 2022, with 48 comments; and September 7, 2022, with 46 comments. This distribution reveals a significant 

initial spike in engagement followed by a gradual decline, suggesting that the video's release generated immediate interest, 
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which tapered over time. Such patterns highlight the importance of timing and initial promotional efforts in maximizing 

consumer interaction. Consequently, this data informs future marketing strategies to sustain engagement beyond the initial 

release period. 

Based on the number of responses to the DJI Avata drone product video with ID tU8BuomMd-4, it is evident that 

there has been a significant increase in interest in drones used in aerial photography and videography. This heightened 

engagement is reflected in the substantial number of comments and interactions, indicating a growing consumer 

fascination with advanced drone technology. Such trends suggest that the market for these products is expanding rapidly, 

driven by consumer demand for high-quality visual content. Consequently, this data underscores the importance of 

continued innovation and strategic marketing to capitalize on this increasing interest. 

2.2.2 Data Understanding 

At the data understanding stage, it is crucial to meticulously undertake the data cleaning and review extraction processes, 

followed by modeling to achieve high accuracy in review classification. Effective data cleaning ensures that the dataset 

is free from inconsistencies and irrelevant information, enhancing the quality of the extracted reviews. Subsequent 

modeling using advanced algorithms is pivotal in accurately classifying the reviews into meaningful categories. This 

systematic approach not only improves the reliability of the data analysis but also provides valuable insights for informed 

decision-making. Hence, thorough data preparation and precise modeling are fundamental to achieving optimal 

classification accuracy. 

Furthermore, it is essential to understand the characteristics of the data to be analyzed from the top ten posters that 

provide information about the channels or accounts that contribute most significantly to reviews and responses to other 

users' reviews. Identifying these key contributors allows a more targeted analysis of influential opinions and engagement 

patterns. This focus on high-impact users aids in recognizing the dynamics of user interaction and the spread of 

information within the community. Consequently, analyzing the data from these top contributors provides deeper insights 

into the overall sentiment and engagement trends, thereby enhancing the effectiveness of subsequent analytical strategies. 

 

Figure 4. Top-Ten-Poster (Communalytic) 

Figure 4 shows the top ten posters of the dataset. Based on the data from the top-ten posters, it is evident that 

@Gamingbot0-text contributed 53 posts, followed by @TRICKYBYRD with eight posts, @silbay and @DUVALTV 

each with seven posts, @phaenosmusic with six posts, and several users including @youtubeisproCCP, @Ezzywheels, 

@SuperKREPSINIS, and @STEELCITYDRONEPILOT, each contributing five posts. Given the substantial volume of 

contributions, this distribution highlights the significant influence of @Gamingbot0-text in shaping the discourse around 

the product. Understanding the activity levels of these critical accounts provides insights into the sources of dominant 

perspectives and engagement within the community. Consequently, this information is crucial for identifying influential 

voices and tailoring marketing strategies accordingly. 

Subsequently, the data cleaning process was conducted using RapidMiner, employing operators such as tokenize, 

transform cases, stopwords, stem, and other supportive pre-processing tools. The tokenize operator breaks down the text 

into manageable units while transforming cases standardized text into a consistent format. Removing stopwords and 

stemming further refines the data, eliminating noise and reducing words to the base forms. This meticulous pre-processing 

ensures the dataset is clean and ready for accurate analysis. Therefore, leveraging these RapidMiner operators 

significantly enhances the quality and reliability of the data, facilitating more precise and insightful results. 

 

Figure 5. Data Cleaning Process (Rapidminer) 
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Figure 5 shows the data cleaning process in Rapidminer. After the data has been cleaned, the extract sentiment 

operator is utilized through the VADER model to label the data based on positive and negative classes. This sentiment 

analysis tool efficiently categorizes textual data, distinguishing between favorable and unfavorable sentiments. Applying 

the VADER model systematically labels the data, enhancing the accuracy of subsequent analysis. Consequently, this 

process facilitates a deeper understanding of consumer opinions and trends, contributing to more informed decision-

making and strategy development. 

Labeled data then proceed to the modeling process to determine the best-performing model for classification. This 

step involves training various models to evaluate the accuracy, precision, and recall in categorizing the data. The most 

effective model for the given dataset was identified by comparing these metrics, ensuring robust and reliable 

classification. Consequently, selecting the optimal model enhances the analysis's overall predictive performance and 

reliability, supporting more accurate and actionable insights. 

2.2.3 Modeling 

At the modeling stage, toxicity scores were calculated to identify the average and highest values for categories such as 

Toxicity, Severe Toxicity, Identity Attack, Insult, Profanity, and Threat. By processing data from 2,447 posts (out of 

2,845) using the Perspective API, the analysis aimed to gauge the intensity and prevalence of negative sentiment within 

the dataset. These toxicity metrics provide a nuanced understanding of the potential harmful interactions in user 

comments. Consequently, the findings highlight areas where community management and moderation efforts improved, 

ensuring a safer and more positive online environment. 

A limitation of the Perspective API model is its language support scope. The Perspective models currently support 

Arabic, Chinese, Czech, Dutch, English, French, German, Hindi, Hinglish, Indonesian, Italian, Japanese, Korean, Polish, 

Portuguese, Russian, Spanish, and Swedish. This restricted language range may impact the model's applicability and 

effectiveness in analyzing multilingual datasets. Consequently, the insights derived from non-supported languages may 

be less accurate or entirely unavailable, potentially limiting the comprehensiveness of sentiment analysis in a global 

context. Addressing this limitation requires additional language support to enhance the model's versatility and utility. 

In addition, algorithms such as k-NN, SVM, DT, and NBC are tested for classification. Each algorithm's 

performance is evaluated based on accuracy, precision, and recall metrics. The most effective algorithm is identified 

through rigorous testing, which will be discussed in detail in this article. This thorough evaluation ensures that the chosen 

algorithm provides the highest classification accuracy, supporting robust and reliable data analysis. Consequently, 

focusing on the best-performing algorithm enhances the overall validity and applicability of the research findings. 

 

Figure 6. Implementation of SVM and DT Models in Rapidminer 

Figure 6 shows the modeling process using Rapidminer. The modeling results will be evaluated based on accuracy, 

precision, recall, AUC, and F-measure. These metrics comprehensively assess the model's performance, capturing 

different aspects of its classification ability. Accuracy measures the overall correctness of the model, while precision and 
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recall evaluate its performance in identifying positive instances. The AUC metric assesses the model's ability to 

distinguish between classes, and the F-measure provides a balanced evaluation of precision and recall. Therefore, these 

metrics ensure a thorough and nuanced evaluation of the model's effectiveness in classification tasks. 

The algorithm with the best performance will be recommended as the most relevant model for processing review 

data of DJI Avata product content. This recommendation is based on thoroughly evaluating various metrics, ensuring the 

selected algorithm demonstrates superior accuracy, precision, recall, AUC, and F-measure. The model's robustness and 

reliability in classifying consumer reviews are crucial for gaining actionable insights. Consequently, implementing the 

top-performing algorithm will enhance the effectiveness of data analysis and support strategic decision-making in digital 

marketing efforts for DJI Avata. 

2.2.4 Evaluation 

At the evaluation stage, the results of the toxicity score were analyzed comprehensively to generate precise 

recommendations. This thorough analysis examined the average and highest values of various toxicity categories, such 

as Toxicity, Severe Toxicity, Identity Attack, Insult, Profanity, and Threat. Understanding these metrics allowed for a 

detailed assessment of the harmful sentiment levels within the dataset. Consequently, this informed the development of 

targeted strategies for community management and content moderation. Ultimately, such a meticulous evaluation ensures 

that the recommendations are accurate and actionable, enhancing the overall user experience and promoting a healthier 

online environment. 

Subsequently, the toxicity results were evaluated based on the classification of negative, neutral, and positive 

sentiments to generate precise recommendations. This comprehensive evaluation involved categorizing the sentiment 

scores and analyzing the distribution and intensity of toxicity across these classifications. More accurate insights into user 

feedback and behavior were obtained by understanding the prevalence of negative, neutral, and optimistic sentiments. 

Consequently, this analysis informed the development of targeted strategies for community engagement and content 

moderation. Ultimately, this systematic approach ensures that the recommendations are well-informed and effective, 

enhancing the overall quality and safety of the online environment. 

2.2.5 Deployment 

At the deployment stage, it is recommended that a marketing strategy for drone products be implemented aimed at aerial 

photography and videography for content creators. This strategy should leverage insights gained from data analysis to 

target specific consumer segments effectively. Utilizing platforms popular among content creators like YouTube and 

Instagram maximizes engagement and reach. Additionally, collaborations with influencers with a substantial following 

in the photography and videography community further amplify the product's visibility. Consequently, these targeted 

marketing efforts will likely enhance brand awareness and drive sales within this niche market. 

3. RESULT AND DISCUSSION 

The discussion in this research indicates that the toxicity score, derived using the Perspective API model, provides a 

comprehensive classification of review data based on categories such as Toxicity, Severe Toxicity, Identity Attack, Insult, 

Profanity, and Threat. This detailed categorization allows for a nuanced understanding of the nature and intensity of 

negative sentiments within user reviews. The model's ability to distinguish between various toxicity levels and types 

enhances sentiment analysis's accuracy. Consequently, these insights are instrumental in developing strategies to address 

and mitigate negative feedback, improving overall user engagement and satisfaction. 

 

Figure 7. Average Toxicity Scores per Month 

Figure 7 shows the average Toxicity Scores per Month. Based on the average toxicity score per month, it is 

observed that the mean and highest values of toxicity are as follows: Toxicity with an average of 0.09461 and a highest 
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value of 0.90451, Severe Toxicity with an average of 0.00817 and a highest value of 0.45895, Identity Attack with an 

average of 0.01139 and a highest value of 0.58743, Insult with an average of 0.04543 and a highest value of 0.70658, 

Profanity with an average of 0.06133 and the highest value of 0.89080, and Threat with an average of 0.02063 and the 

highest value of 0.69437. These metrics provide a detailed view of user reviews' varying degrees of negative sentiment. 

The significant disparity between the average and peak values underscores the potential for extreme negativity in certain 

instances. Consequently, these insights are crucial for developing targeted strategies to address specific types of toxicity, 

ultimately enhancing the user experience and fostering a more positive online community. 

 

Figure 8. Frequently used Words (Rapidminer) 

Figure 8 shows the frequently used words in the dataset. The frequently used words indicate the occurrence in 

documents and totals as follows: "Jesu" appears three times in documents with a total of 10 occurrences, "power" 3 times 

in documents with six occurrences, "regular" 4 times in documents with six occurrences, "screen" 4 times in documents 

with six occurrences, "speed" 3 times in documents with six occurrences, "advertise" 4 times in documents with five 

occurrences, "change" 3 times in documents with five occurrences, "class" 3 times in documents with five occurrences, 

"country" 4 times in documents with five occurrences, and "doubt" 4 times in documents with five occurrences. This 

frequency analysis highlights the key themes and concepts prevalent in the documents. The repetition of these words 

underscores the significance in the context of the text, suggesting they are central to the discussion. Consequently, 

understanding the frequency and distribution of these terms provides valuable insights into the dataset's main topics and 

focus areas. 

There is a discrepancy in the calculation and identification of frequently used words between RapidMiner and 

Communalytic. RapidMiner's analysis reveals a distinct set of keywords, emphasizing terms that might reflect specific 

trends or patterns unique to its algorithms. Conversely, Communalytic's results highlight frequently used words, 

potentially due to its varied methodological approach in text mining and data analysis. This divergence in findings 

suggests that the choice of tool significantly influences the outcomes of text analysis. Consequently, it is crucial to 

consider these differences when interpreting the results, as they may impact the overall insights and conclusions drawn 

from the data. 

 

Figure 9. Frequently Used Words (Communalytic) 
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Figure 9 shows the frequently used words based on Communalytic. The identification of frequently used words 

on Communalytic reveals the following terms and frequencies: "drone" appears 141 times, "DJI" 114 times, "like" 81 

times, "fly" 76 times, "time" 73 times, "can" 70 times, "drones" 57 times, "just" 54 times, "minutes" 52 times, "flight" 49 

times, "controller" 48 times, "buy" 48 times, "DJI" 46 times, "get" 44 times, "new" 42 times, "video" 41 times, "amazing" 

40 times, "need" 39 times, and "money" 36 times. These frequencies highlight the prominence of specific themes and 

concepts within the dataset, particularly those related to drone technology and consumer experiences. The recurrent 

appearance of terms such as "fly," "flight," and "controller" underscores the technical aspects of drone usage. At the same 

time, words like "buy," "get," and "money" reflect consumer behavior and purchasing considerations. Consequently, these 

insights provide a nuanced understanding of users' central topics and concerns about DJI drones. 

Subsequently, the sentiment analysis modeling results on Communalytic, which utilized the VADER model to 

process 2,240 out of 2,845 posts, reveal the following distribution: out of 2,150 posts, 364 (16.93%) exhibited negative 

sentiment, 670 (31.16%) showed neutral sentiment, and 1,116 (51.91%) expressed positive sentiment. These findings 

indicate a predominance of positive sentiment within the dataset, suggesting a generally favorable reception of the topics 

discussed. The significant proportion of neutral sentiments highlights a considerable amount of impartial or balanced 

discourse. Consequently, the analysis provides valuable insights into the overall sentiment landscape, informing more 

nuanced interpretations and strategic decisions based on the data. 

 

Figure 10.  Implementation of Vader Model in Sentiment Analysis 

Figure 10 shows the per. Based on the comparison between the VADER and TextBlob models, it is evident that 

both models agree on the categorization of 1,348 (64.84%) out of 2,079 English language posts. This level of agreement 

is considered moderate, as indicated by a Cohen’s kappa statistic of 0.413. Specifically, both models concur on the 

following: 121 (8.98%) posts with negative sentiments (polarity scores <= -0.05), 445 (33.01%) posts with neutral 

sentiments (polarity scores between -0.05 and 0.05), and 782 (58.01%) posts with positive sentiments (polarity scores >= 

0.05). These agreements are highlighted with a green background in the confusion matrix below, illustrating a significant 

alignment in sentiment categorization between the two models. Consequently, the moderate agreement level underscores 

the importance of using multiple models to analyze sentiment comprehensively. 

Subsequently, the modeling results indicate that the Support Vector Machine (SVM) algorithm best classifies 

sentiment data in RapidMiner. The PerformanceVector shows an accuracy of 74.69% +/- 8.13% (micro average: 74.70%). 

The ConfusionMatrix details the true negatives as 200 and the true positives as 175, with false negatives and positives 

being 51 and 76, respectively. The optimistic AUC is 0.844 +/- 0.065 (micro average: 0.844) for the positive class, while 

the regular and pessimistic AUCs are 0.839 +/- 0.063 (micro average: 0.839) and 0.833 +/- 0.061 (micro average: 0.833), 

respectively. The precision is 77.57% +/- 9.29% (micro average: 77.43%), and the recall is 69.68% +/- 9.89% (micro 

average: 69.72%). The f_measure is 73.23% +/- 8.79% (micro average: 73.38%). These metrics collectively demonstrate 

the robustness and reliability of the SVM algorithm in sentiment classification, making it a highly effective model for this 

task. 

The recommendations based on the results of this research are multifaceted and aim to enhance product 

development and marketing strategies for DJI Avata drone products. First, leveraging the Support Vector Machine (SVM) 

model for sentiment classification has proven effective and should be incorporated into ongoing data analysis efforts to 

monitor consumer sentiment accurately. Second, addressing the identified toxicity issues through improved community 

management and moderation fosters a more positive user environment. Additionally, expanding language support in 

sentiment analysis tools, such as the Perspective API, will enable a more comprehensive analysis of global consumer 

feedback. Consequently, these steps will ensure a more robust understanding of consumer needs and preferences, driving 

better-informed decision-making and strategic planning. 

4. CONCLUSION 

This research utilized the CRISP-DM framework to analyze consumer sentiment and preferences regarding DJI Avata 

drone products, leading to significant insights and strategic recommendations. The structured approach encompassed 

business understanding, data preparation, and modeling, revealing high consumer interest and predominantly positive 

sentiment towards the product (51.91% positive, 31.16% neutral, 16.93% unfavorable). The Support Vector Machine 
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(SVM) algorithm emerged as the most effective for sentiment classification, with an accuracy of 74.69% and robust 

performance metrics, including an AUC of 0.839, precision of 77.57%, recall of 69.68%, and F-measure of 73.23%. 

Additionally, the comparison between VADER and TextBlob models, which agreed on 64.84% of the 2,079 English 

language posts, underscored the importance of using multiple tools for comprehensive analysis. The toxicity score 

analysis using the Perspective API revealed average and highest values for various toxicity categories, such as Toxicity 

(0.09461, 0.90451) and Severe Toxicity (0.00817, 0.45895), indicating areas for potential improvement in community 

engagement. Consequently, the findings informed strategic marketing recommendations aimed at optimizing digital 

marketing efforts and enhancing product features to better cater to consumer needs, thereby demonstrating the 

framework's efficacy in guiding data-driven decision-making in the context of aerial photography and videography 

products. 
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