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Abstract 
The development of digital streaming platforms has transformed the way people 
access entertainment, including in Indonesia, making sentiment analysis of user 
experience crucial for evaluating service quality. This study aims to analyze 
Vidio.com user sentiment based on 173,868 comments during April 2026 and 
identify the distribution of sentiment and key factors influencing user perceptions. 
The method used is lexicon-based sentiment analysis with data preprocessing and 
classification of positive, negative, and neutral polarities using a computational 
approach on large-scale text data. The results show that sentiment is dominated by 
negative (52.3%), followed by neutral (44.3%) and positive (3.4%), with the main 
issues stemming from ad interruptions and technical issues such as buffering and 
content playback. These findings indicate that user experience is still influenced by 
monetization strategies and infrastructure quality, particularly regarding excessive 
advertising. In conclusion, improving service quality and optimizing advertising 
strategies have important implications for platform development to increase user 
satisfaction and engagement. The implication is that the results of this study can be 
used as a basis for data-based decision-making in improving user experience through 
improving streaming systems, reducing ad interruptions, and strengthening 
continuous sentiment evaluation to support business strategies that are more 
responsive to user needs.  

Keywords 
Digital Streaming, Lexicon-Based Method, Sentiment Analysis, User-Generated 
Content, Vidio.Com.

Research Horizon 
Volume: 06 
Issue: 03 
Year: 2026 
Page: 1453-1464 
 
 
Citation:  
Hutagulung, V. & Soetanto, 
H. (2026). Sentiment 
analysis of user comments 
on Vidio.com digital 
streaming platform in 
Indonesia. Research Horizon, 
6(3), 1453-1464. 
 
Article History:  
Received:  May 26, 2026 
Revised: June 15, 2026 
Accepted:  June 24, 2026 
Online since:  June 25, 2026 
 
 
 

mailto:violinhtg@gmail.com


Violinna Hutagalung & Hari Soetanto 

1454 | Research Horizon 

1. Introduction 
The rapid advancement of digital technology has fundamentally transformed the 

way people access and consume entertainment. One of the most significant 
developments has been the emergence of digital streaming platforms, which enable 
users to enjoy content anytime and anywhere through various internet-connected 
devices. In Indonesia, the streaming industry has experienced remarkable growth, 
driven by increasing internet penetration, widespread smartphone adoption, and 
changing media consumption patterns. This development has intensified 
competition among both local and international streaming providers, encouraging 
companies to continuously improve content quality, service performance, and user 
experience. In such a highly competitive digital environment, understanding 
customer perceptions and satisfaction has become essential for maintaining user 
loyalty and sustaining competitive advantage (Cortis & Davis, 2020). 

Among the major streaming platforms operating in Indonesia, Vidio.com has 
established itself as a prominent provider of diverse entertainment services, 
including live sports broadcasts, television programs, films, drama series, and 
exclusive digital content. Beyond content consumption, user interaction on the 
platform is also reflected through the comment feature, which allows audiences to 
express opinions, experiences, criticisms, and appreciation regarding the services 
provided. These comments represent a valuable form of user-generated content that 
offers direct insights into customer perceptions and experiences (Fernandez, 2021). 
From a business perspective, online user feedback serves as an important source of 
information for evaluating service quality, identifying customer expectations, and 
understanding audience engagement in digital environments (Cortis & Davis, 2020; 
Khairifa & Mardhiyah, 2023). 

The increasing volume of user-generated comments has created significant 
challenges for organizations seeking to understand customer opinions effectively. 
Manual analysis of large-scale textual data is often impractical, time-consuming, and 
susceptible to human bias. Consequently, sentiment analysis, also known as opinion 
mining, has emerged as a widely adopted computational approach for automatically 
identifying, extracting, and classifying opinions expressed in textual data (Trupthi 
et al., 2017). By employing techniques from Natural Language Processing (NLP) 
and machine learning, sentiment analysis enables researchers and organizations to 
categorize textual content into positive, negative, or neutral sentiments. Previous 
studies have demonstrated that sentiment analysis can provide valuable insights for 
customer relationship management, service evaluation, and data-driven decision-
making processes (Kobs et al., 2020). 

The motivation for this study stems from the substantial volume of user 
comments generated on Vidio.com during April 2026, totaling 173,868 comments. 
This figure reflects a high level of user engagement while simultaneously creating a 
large-scale dataset containing valuable information about customer experiences and 
perceptions. However, the sheer volume of comments makes traditional manual 
analysis inefficient and impractical. As a result, automated sentiment analysis 
becomes a relevant and effective solution for identifying public opinion patterns, 
detecting potential service issues, and recognizing aspects of the platform that are 
positively received by users. Supeli and Setiaji (2023), as well as Permana (2024), 
argued that the ability to process and interpret large-scale textual data can provide 
organizations with actionable insights for improving service quality and enhancing 
customer satisfaction. 

Despite the growing body of literature on sentiment analysis, most previous 
studies have focused on social media platforms such as X (formerly Twitter), 
Instagram, YouTube, and online discussion forums. Research specifically examining 
user sentiment within Indonesian digital streaming platforms remains relatively 
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limited. Furthermore, many existing studies utilize datasets of considerably smaller 
size, which may not fully capture the complexity and diversity of user opinions. 
Therefore, this study addresses this gap by conducting a large-scale sentiment 
analysis of 173,868 user comments collected from Vidio.com during April 2026. The 
novelty of this research lies in its focus on a leading Indonesian streaming platform 
and the utilization of a substantially larger dataset, providing a more comprehensive 
representation of customer perceptions in the digital streaming industry. 

The objective of this study is to analyze user sentiment toward Vidio.com based 
on comments posted during April 2026, identify the distribution of positive, 
negative, and neutral sentiments, and provide a comprehensive understanding of 
customer perceptions regarding the platform’s services. Through this analysis, the 
study seeks to generate meaningful insights into user experiences and expectations 
within the context of digital streaming services. This research contributes to both 
academic and practical domains. This study contributes to the literature by 
extending the application of sentiment analysis to Indonesia's underexplored digital 
streaming platform context while providing practical insights to support Vidio.com 
in enhancing service quality, user experience, customer engagement, and strategic 
decision-making based on user feedback. 

2. Literature Review  

2.1. Sentiment Analysis 
Sentiment analysis, also referred to as opinion mining, is a prominent branch of 

Natural Language Processing (NLP) that focuses on the identification, extraction, 
and classification of opinions expressed in textual data. According to Liu and Chen 
(2015), sentiment analysis is the computational study of people’s opinions, 
sentiments, evaluations, emotions, and attitudes toward various entities, including 
products, services, organizations, individuals, and specific issues. With the rapid 
growth of user-generated textual data on social media platforms, online forums, and 
digital services, sentiment analysis has become an increasingly important tool for 
understanding public perceptions in an efficient and systematic manner. This 
approach enables researchers and organizations to identify opinion trends and 
evaluate user responses more effectively than traditional manual analysis, which is 
often time-consuming and resource-intensive (Waluyan & Hartomo, 2022; Aji, 
2025). 

Sentiment analysis can be conducted at three different levels: document-level, 
sentence-level, and aspect-level. The document-level approach classifies an entire 
text according to its overall sentiment orientation, whereas the sentence-level 
approach examines the sentiment expressed within individual sentences. In contrast, 
the aspect-level approach focuses on identifying sentiments toward specific 
attributes or features of an entity. The present study adopts the document-level 
approach because each user comment is treated as a single unit of analysis. Previous 
studies have commonly categorized sentiment into three primary classes: positive, 
negative, and neutral. Positive sentiment reflects satisfaction, appreciation, or 
favorable evaluations, while negative sentiment indicates dissatisfaction, criticism, 
or unfavorable opinions (Duan et al., 2013). Neutral sentiment, on the other hand, 
represents informational statements that do not convey a strong emotional 
orientation. Xu et al. (2019) and Fernandez (2021) stated that these three categories 
have been widely employed in studies examining customer perceptions of products 
and services, as they provide a comprehensive representation of user opinions and 
experiences. 

2.2. Streaming Platforms and User-Generated Content 
Video streaming platforms are digital services that allow users to access 

audiovisual content through the Internet, either via live streaming or on-demand 
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services. The rapid growth of Internet access and digital technology has significantly 
expanded the streaming industry worldwide, including in Indonesia. According to 
Moreo et al. (2012), streaming platforms have transformed media consumption 
patterns by providing audiences with greater flexibility and control over the content 
they watch. In Indonesia, platforms such as Vidio.com, Netflix, Disney+, and WeTV 
have become increasingly popular as consumers shift from traditional broadcasting 
to digital entertainment services. Beyond content delivery, these platforms also 
encourage user participation through interactive features that facilitate 
communication and engagement among audiences. 

A key form of interaction on streaming platforms is User-Generated Content 
(UGC), which includes comments, ratings, reviews, and other user contributions. 
According to Alrumaih et al. (2020) and Li et al. (2023), UGC refers to content 
created and published voluntarily by users through online platforms. User comments 
are particularly valuable because they provide direct insights into audience 
experiences and perceptions. However, comments on streaming platforms present 
unique analytical challenges. They are often short, informal, and characterized by 
slang, abbreviations, spelling errors, and emotional expressions. In the Indonesian 
context, comments may also involve code-switching between Bahasa Indonesia and 
regional languages, such as Javanese or Sundanese, while containing references 
specific to the content being viewed. These characteristics make sentiment 
identification and text analysis more complex than in conventional product reviews 
(Cui et al., 2013; Gitari et al., 2015). 

2.3. Lexicon-Based Method 
The lexicon-based method is a classical approach in sentiment analysis that 

determines sentiment polarity by matching words in a text with a predefined 
sentiment lexicon. Each word in the lexicon is assigned a sentiment label or score, 
typically positive or negative, and the overall sentiment of a text is computed based 
on the frequency and weighting of the matched words. According to Taboada et al. 
(2011), lexicon-based sentiment analysis relies on sentiment dictionaries that encode 
semantic orientation and strength of words to estimate the overall polarity of a 
document. Similarly, Liu and Chen (2015) emphasize that this approach is widely 
used due to its simplicity and interpretability, as the classification results can be 
directly traced back to the contributing words in the text. 

Despite its advantages, the lexicon-based approach has several limitations. Its 
performance is highly dependent on the quality and coverage of the sentiment 
lexicon used, and it often struggles to capture contextual meaning such as sarcasm, 
negation, and domain-specific expressions (Nandwani & Verma, 2021). In the 
context of informal Indonesian text, such as user comments on Vidio.com, these 
challenges become more pronounced due to the presence of slang, abbreviations, and 
non-standard language. Therefore, adapting the sentiment lexicon to the specific 
linguistic characteristics of the dataset is essential. As noted by Wankhade et al. 
(2022) and Sharma et al. (2025), domain adaptation of sentiment resources plays a 
crucial role in improving classification performance. In this study, the lexicon is 
customized to include informal expressions, common abbreviations (“gak” for 
“tidak”), and domain-specific terms frequently used in streaming platform 
discussions. 

3. Methods  
This study employs a quantitative descriptive research design combined with a 

computational text analysis approach. The quantitative descriptive method is 
selected because the primary objective of this study is to describe and measure 
sentiment distribution numerically based on the available dataset. In addition, a 
computational approach is applied to enable large-scale data processing, particularly 
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since the dataset consists of 173,868 user comments that cannot be feasibly analyzed 
manually. This approach ensures that the analysis is systematic, scalable, and 
reproducible. 

The data used in this study is secondary data obtained from the internal system 
of Vidio.com. The dataset consists of user comments collected from live chat features 
and content comment sections on the platform. The data covers the period from 
April 1, 2026, to April 30, 2026, resulting in a total of 173,868 records with an 
average of approximately 5,795 comments per day. Each record contains several 
attributes, including the timestamp in Western Indonesia Time (Waktu Indonesia 
Barat/WIB), anonymized user identification, content identifier, and content type, 
and automatically generated topic classifications provided by the platform’s internal 
system. The main variable of interest in this study is the textual content of user 
comments. 

Sentiment analysis is conducted using a lexicon-based approach with an 
Indonesian sentiment dictionary specifically developed for the streaming platform 
context. The analysis process begins with data preprocessing, which includes 
converting text to lowercase and removing non-alphanumeric characters. After 
preprocessing, sentiment classification is performed by matching words in the text 
with entries in the sentiment lexicon to calculate the frequency of positive and 
negative terms. A comment is classified as positive if positive words dominate, 
negative if negative words are more frequent, and neutral if both are equal or no 
sentiment words are detected. Comments with fewer than three characters are 
automatically labeled as neutral to ensure data quality. 

This study also utilizes pre-existing topic categorization provided by Vidio.com’s 
internal machine learning system, which includes 17 main categories and more than 
30 subcategories. These categories are used as an additional analytical dimension to 
examine sentiment distribution across different types of user issues and discussions. 
The data processing is conducted using Python 3.12, with pandas used for data 
manipulation and openpyxl for generating structured output reports in Excel 
format. All analyses are performed in a cloud computing environment to ensure 
efficient processing of large-scale data, and the workflow is designed to be fully 
reproducible. 

4. Results 

4.1. Overall Sentiment Distribution 
The dataset analyzed in this study consists of 173,868 user comments from 

Vidio.com, collected over a 30-day period from April 1 to April 30, 2026. The average 
number of comments per day was 5,795, with a relatively consistent distribution 
throughout the month. The data cover various types of content consumed by users, 
including live sports streaming, soap operas, films, and other entertainment 
programs. The comments vary significantly in length, ranging from very short 
expressions of 1–3 words to longer texts containing detailed descriptions of 
complaints or praise. The distribution of comments across topics indicates that Ads 
Issue dominates the dataset with 46.5% of total comments, followed by Others 
(29.1%) and Content Issue (13.7%). This finding suggests that advertising-related 
experiences are the most frequently discussed aspect among users. 
 

Table 1. Sentiment Distribution of Video.com User Comments 
Sentiment Category Number of Comments Percentage 
Positive 5,884 3.4% 
Negative 90,985 52.3% 
Neutral 76,999 44.3% 
Total 173,868 100% 
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 Table 1 presents the overall distribution of sentiment in Vidio.com user 
comments during April 2026. The results show that of the 173,868 total comments, 
the majority were classified as negative (52.3%), followed by neutral (44.3%), and 
only a small portion fell into the positive category (3.4%). This distribution indicates 
a predominance of negative sentiment in user comments on the platform. A similar 
pattern is often found in sentiment analysis research, where negative expressions 
tend to be more dominant in online discussions because users are more active in 
expressing dissatisfaction than satisfaction (Yadav & Vishwakarma, 2020; Cortis & 
Davis, 2021). The substantial proportion of neutral comments also reflects the 
characteristics of user comments, which are often brief, descriptive, or context-
dependent, thus not indicating a clear polarity of sentiment. 

The predominance of negative sentiment does not necessarily mean that the 
majority of users are dissatisfied with the platform. As explained in previous 
research, user-generated content is often influenced by negativity bias, which is the 
tendency for individuals to be more inclined to report negative experiences than 
positive ones (Ranjan et al., 2024; Khekare et al., 2025). Therefore, the negative 
proportion of 52.3% is more accurately understood as an indicator of a high level of 
responsiveness to problematic experiences, rather than an absolute measure of 
overall user dissatisfaction. Meanwhile, neutral comments (44.3%) generally 
consisted of brief reactions, contextual statements, or expressions lacking 
sentimental words detectable by lexicon-based approaches. The relatively small 
proportion of positive comments (3.4%) suggests that users are less likely to 
explicitly express satisfaction in the comments section than to express complaints or 
neutral responses to content. 

4.2. Sentiment Analysis by Topic 
Further analysis was performed by breaking down the sentiment distribution 

based on topics categorized by Vidio.com’s internal system. The results are 
presented in Table 2. 

 
Table 2. Sentiment Distribution by Topic 

Topic Positive Negative Neutral Total Negative (%) 
Ads Issue 225 76,369 4,206 80,800 94.5% 
Others 3,262 5,287 42,092 50,641 10.4% 
Content Issue 1,553 6,352 15,944 23,849 26.6% 
Homepage & 
Recommendation 
Issue 

214 586 8,841 9,641 6.1% 

Playback Error 247 1,293 1,852 3,392 38.1% 
General Subscription 114 508 1,483 2,105 24.1% 
Payment Quality 62 134 525 721 18.6% 
Account Issue 53 98 487 638 15.4% 
Search Issue 30 43 322 395 10.9% 
Watchpage / CPP 33 40 306 379 10.6% 
Paywall Experience 20 44 261 325 13.5% 
Shorts & Coins 17 33 136 186 17.7% 
Content Decision 
Issue 26 30 123 179 16.8% 

Preference & Explicit 
Feedback 4 18 140 162 11.1% 

Cover / Poster Issue 2 19 80 101 18.8% 
Category Issue 6 9 65 80 11.2% 
Ads Quality 0 2 0 2 100.0% 

 
Table 2 shows the distribution of Vidio.com user sentiment based on various 

problem topics raised in comments. In general, the problems are not evenly 
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distributed, but rather concentrated in certain topics, with a very high prevalence of 
negative sentiment. This indicates that the user experience is significantly influenced 
by specific aspects of the platform, particularly those related to advertising and core 
service quality (Sykora et al., 2022). 

First, the ad issue was the topic with the largest comment volume and the highest 
level of negative sentiment, accounting for 94.5% of the 80,800 comments. Almost 
all comments in this category were negative (76,369 comments), indicating strong 
dissatisfaction with the advertising experience on the Vidio.com platform. This 
finding is an important indicator that monetization through advertising has the 
potential to disrupt the user experience and requires urgent improvement. 

Second, the “others” topic had a large number of comments (50,641), but a 
relatively low level of negative sentiment, at 10.4%. Most comments in this category 
tended to be emotional reactions to content, such as joy, surprise, or sadness, that 
were not directly related to service quality. Additionally, content issues recorded 
23,849 comments, with 26.6% negative sentiment, largely driven by complaints 
about content availability, video quality, and subtitles. Meanwhile, playback errors, 
despite having a smaller volume (3,392 comments), remain a concern because they 
directly relate to the user’s primary technical experience in accessing content 
without interruption. 

4.3. Sentiment Analysis by Sub-Category 
To gain a more granular understanding, the analysis was conducted at the topic 

subcategory level. The ten subcategories with the highest volume are presented in 
Table 3. 

 
Table 3. Top 10 Sub-Category Topics Based on Comment Volume 

No Sub-Category Topic Total Comments Negative (%) 
1 Too many ads 62,196 94.5% 
2 General comment about content 50,638 10.4% 
3 Ad’s duration too long 15,872 96.0% 
4 Buffering issue 11,710 26.4% 

5 Time spent going back and forth 
searching for content to watch 8,352 5.5% 

6 Other content-related issues 3,753 22.2% 
7 Unable to play content 3,117 40.7% 
8 Content not available on Vidio 2,852 16.8% 
9 Ads stuck / not playable 2,729 86.4% 
10 Audio issue 1,934 14.1% 

 
Table 3 shows ten main subcategories based on the volume of Vidio.com user 

comments, indicating that the most dominant issues relate to the ad experience and 
the platform’s technical performance. The subcategory with the highest volume is 
dominated by complaints about ads, which also have a very high level of negative 
sentiment. This indicates that monetization is the primary factor influencing user 
satisfaction (Saura et al., 2019). 

The subcategory “Too many ads” was the most dominant, with 62,196 comments 
and a negative sentiment level of 94.5%. This complaint indicates that users feel the 
ad frequency is too high, significantly disrupting their viewing experience. 
Furthermore, the subcategory “Ad duration too long” corroborates these findings 
with 15,872 comments and 96.0% negative sentiment, indicating that not only the 
number of ads is a problem, but also their duration, which users consider excessive. 
The combination of these two issues creates a less-than-optimal viewing experience, 
especially for non-premium users. 

On the technical side, the “Buffering issue” subcategory recorded 11,710 
comments, with 26.4% negative sentiment, indicating disruptions to streaming 
stability that directly impact the user experience. Meanwhile, “general comments 
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about content” had a high volume (50,638 comments) but a low level of negativity 
(10.4%), indicating that most users responded neutrally or emotionally to the 
content, rather than criticizing its quality. These findings suggest that Vidio.com’s 
main issues lie not solely with content quality, but more predominantly with the ad 
experience and the platform’s technical performance. 

4.4. Daily Sentiment Trends 
Sentiment trend analysis was conducted to understand how user sentiment 

changed from day to day during April 2026. Table 4 presents a summary of the daily 
trend data. 

 
Table 4. Daily Trend Data 

Date Positive Negative Neutral Total 
2026-04-01 104 1,261 1,349 2,714 
2026-04-02 166 2,646 3,411 6,223 
2026-04-03 131 1,281 2,182 3,594 
2026-04-04 130 1,006 1,350 2,486 
2026-04-05 250 3,140 3,322 6,712 
2026-04-06 231 2,760 3,432 6,423 
2026-04-07 325 8,173 6,887 15,385 
2026-04-08 213 2,857 3,554 6,624 
2026-04-09 245 6,326 3,706 10,277 
2026-04-10 148 6,842 2,994 9,984 

 
Table 4 shows the daily trend in Vidio.com user comment sentiment during the 

period April 1–10, 2026, which demonstrates significant fluctuations in user activity. 
In general, negative sentiment dominated each day compared to positive sentiment, 
indicating that user perceptions of the platform tended to remain consistently 
dissatisfied. Spikes in comment volume were also observed on certain dates, 
suggesting the possibility of specific triggers on those days (Zhang et al., 2016). 

Peak activity occurred on April 7, 2026, with a total of 15,385 comments, of which 
negative sentiment accounted for 8,173. On the same day, all sentiment categories 
increased significantly, indicating a major event or disruption that triggered a 
widespread user reaction. A high trend was also observed on April 9 and 10, with a 
total of 10,277 and 9,984 comments, respectively, again dominated by negative 
sentiment. This pattern suggests that user dissatisfaction is not incidental but occurs 
repeatedly over several consecutive days. 

Although there was an increase in positive and neutral sentiment on certain days, 
the numbers still failed to outweigh the dominance of negative sentiment. This 
strengthens the indication that the Vidio.com user experience during the observation 
period was still dominated by issues that triggered dissatisfaction, thus requiring 
further attention, especially on aspects of service stability and overall user 
experience. 

5. Discussion 
The findings of this study indicate that user discourse on Vidio.com is 

predominantly characterized by negative sentiment across overall distribution, 
topic-level analysis, and sub-category breakdowns. This pattern is consistent with 
Luca (2015) and Rasool and Pathania (2021), the concept of negativity bias, which 
suggests that individuals are more likely to express and report negative experiences 
than positive ones in digital environments. Rather than simply reflecting low user 
satisfaction, this dominance of negative sentiment should be interpreted as a higher 
level of responsiveness toward problematic or disruptive experiences. In other 
words, users tend to be more vocal when encountering issues, while positive 
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experiences are less frequently articulated in comment sections (Cortis & Davis, 
2021). 

At the topical level, the prominence of advertising-related complaints highlights 
the central role of monetization strategies in shaping user experience. Prior research 
by Duan et al. (2013) in user experience design suggests that excessive or intrusive 
advertisements can significantly reduce perceived usability and increase cognitive 
burden during content consumption. The strong concentration of negative 
sentiment within Ads Issue, therefore, indicates a structural tension between 
revenue generation and user comfort. In streaming platforms, where uninterrupted 
content consumption is a key value proposition, advertising intensity becomes a 
critical determinant of perceived service quality. 

Technical issues such as buffering and playback errors further reinforce the 
importance of system reliability in shaping user satisfaction. This aligns with the 
Technology Acceptance Model, which emphasizes that perceived ease of use and 
system performance are fundamental determinants of user acceptance of technology. 
When technical disruptions occur repeatedly, users are likely to generalize these 
negative experiences to the platform as a whole, even if content quality remains high. 
According to Komarudin et al. (2023), system instability can significantly undermine 
overall perceived service quality because users evaluate digital platforms based on 
seamless functionality as much as content value. 

At a more granular level, the dominance of complaints related to ad frequency 
and duration highlights how interruptions in content flow directly affect user 
engagement. This is consistent with findings by Duan et al. (2013), the concept of 
flow experience, which emphasizes the importance of uninterrupted and immersive 
interaction in sustaining user engagement. When advertising disrupts this flow, 
users experience a break in immersion that reduces satisfaction and increases 
frustration. The high concentration of negative sentiment in these sub-categories 
suggests a misalignment between monetization strategy and the preservation of user 
engagement quality. 

The relatively high proportion of neutral comments and the low share of positive 
sentiment suggest that users are less inclined to explicitly express satisfaction 
compared to dissatisfaction. This observation aligns with findings by Liu and Chen 
(2015) in social media sentiment research, which show that positive experiences are 
often underreported in online environments. Platform performance should not only 
be evaluated based on the absence of complaints but also on its ability to encourage 
and sustain positive user expression. These results indicate that improving user 
experience alone may not be sufficient; fostering positive emotional engagement is 
equally important for achieving a balanced sentiment distribution over time. 

6. Conclusion 
Based on an analysis of 173,868 Vidio.com user comments from April 2026, user 

sentiment was found to be dominated by negative sentiment (52.3%), followed by 
neutral (44.3%) and positive (3.4%). This finding indicates structural issues in the 
user experience, particularly related to the dominance of complaints about ad issues, 
which accounted for 46.5% of the total comments, with a very high level of negative 
sentiment (94.5%). Furthermore, technical issues such as buffering and content 
playback failures also emerged as significant factors impacting the user experience. 
Nevertheless, users still generally considered content quality relatively good, as 
evidenced by the low level of negative sentiment in the general content-related 
comments category. Implications are that improving the user experience requires a 
focus on reforming advertising strategies and strengthening technical infrastructure 
to avoid disrupting content consumption. 

However, this study has several limitations. The analysis was conducted solely 
on comment data for a one-month period, thus not fully reflecting long-term 
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dynamics. Furthermore, a classification-based sentiment analysis approach does not 
always perfectly capture the context of sarcasm or the nuances of users' informal 
language. Therefore, future research is recommended to use a longer observation 
period and combine machine learning-based methods with qualitative analysis to 
improve the accuracy of sentiment interpretation. Future research could also explore 
the relationship between platform policy changes and longitudinal fluctuations in 
user sentiment, including the development of a real-time sentiment monitoring 
system to support more responsive, data-driven decision-making. 

References 
 

Aji, E. P. (2025). Analisis sentimen ulasan aplikasi Vision+ pada Google Play Store 
menggunakan algoritma Naive Bayes Classifier. Jurnal Nasional Komputasi dan Teknologi 
Informasi (JNKTI), 8(4), 400–414. https://doi.org/10.32672/jnkti.v8i5.9846. 

Alrumaih, A., Al-Sabbagh, A., Alsabah, R., Kharrufa, H., & Baldwin, J. (2020). Sentiment 
analysis of comments in social media. International Journal of Electrical & Computer 
Engineering (IJECE), 10(6), 600–661. http://doi.org/10.11591/ijece.v10i6.pp5917-5922. 

Cortis, K., & Davis, B. (2021). Over a decade of social opinion mining: A systematic review. 
Artificial Intelligence Review, 54(7), 4873–4965. https://doi.org/10.1007/s10462-021-
10030-2.  

Cui, A., Zhang, H., Liu, Y., Zhang, M., & Ma, S. (2013). Lexicon-based sentiment analysis on 
topical Chinese microblog messages. In Semantic web and web science (pp. 333–344). New 
York: Springer. https://doi.org/10.1007/978-1-4614-6880-6_29.  

Duan, W., Cao, Q., Yu, Y., & Levy, S. (2013). Mining online user-generated content: Using a 
sentiment analysis technique to study hotel service quality. In Proceedings of the 46th 
Hawaii International Conference on System Sciences (pp. 3119–3128). New York: IEEE. 
https://doi.org/10.1109/HICSS.2013.400.  

Fernandez, A. B. (2021). Pengaruh aktivitas pemasaran media sosial terhadap kesadaran merek, 
citra merek dan loyalitas merek untuk merek Netflix. Yogyakarta: Universitas Atma Jaya 
Yogyakarta (Bachelor’s dissertation). 

Gitari, N. D., Zuping, Z., Damien, H., & Long, J. (2015). A lexicon-based approach for hate 
speech detection. International Journal of Multimedia and Ubiquitous Engineering, 10(4), 
215–230. http://dx.doi.org/10.14257/ijmue.2015.10.4.21.  

Khairifa, F., & Mardhiyah, A. (2023). The influence of online media marketing 
communication among youth in Medan City. Research Horizon, 3(4), 308–330. 
https://doi.org/10.54518/rh.3.4.2023.141.  

Khekare, G., Gupta, S., Shailesh, S., Majumder, G., & Krishnamoorthy, P. (2025). Sentiment 
analysis: user generated comments on streaming platforms. In IET Conference Proceedings 
CP920 (Vol. 2025, No. 7, pp. 511-516). Stevenage: The Institution of Engineering and 
Technology. https://doi.org/10.1049/icp.2025.1340.  

Kobs, K., Zehe, A., Bernstetter, A., Chibane, J., Pfister, J., Tritscher, J., & Hotho, A. (2020). 
Emote-controlled: Obtaining implicit viewer feedback through emote-based sentiment 
analysis on comments of popular Twitch.tv channels. ACM Transactions on Social 
Computing, 3(2), 1–34. https://doi.org/10.1145/3365523. 

Komarudin, U., Panjaitan, S., & Hamid, A. (2023). Social media’s impact on political 
engagement: PSI convention live stream. Research Horizon, 3(5), 509–521. 
https://doi.org/10.54518/rh.3.5.2023.164. 

Li, F., Cui, C., Hu, Y., & Wang, L. (2023). Sentiment analysis of user comment text based on 
LSTM. WSEAS Transactions on Signal Processing, 19(1), 19–31. 
https://doi.org/10.37394/232014.2023.19.3.  

Liu, S. M., & Chen, J. H. (2015). A multi-label classification based approach for sentiment 
classification. Expert Systems with Applications, 42(3), 1083–1093. 
https://doi.org/10.1016/j.eswa.2014.08.036.  

Luca, M. (2015). User-generated content and social media. In Handbook of media economics 
(Vol. 1, pp. 563–592). North-Holland: Elsevier. https://doi.org/10.1016/B978-0-444-
63685-0.00012-7 

https://doi.org/10.32672/jnkti.v8i5.9846
http://doi.org/10.11591/ijece.v10i6.pp5917-5922
https://doi.org/10.1007/s10462-021-10030-2
https://doi.org/10.1007/s10462-021-10030-2
https://doi.org/10.1007/978-1-4614-6880-6_29
https://doi.org/10.1109/HICSS.2013.400
http://dx.doi.org/10.14257/ijmue.2015.10.4.21
https://doi.org/10.54518/rh.3.4.2023.141
https://doi.org/10.1049/icp.2025.1340
https://doi.org/10.1145/3365523
https://doi.org/10.54518/rh.3.5.2023.164
https://doi.org/10.37394/232014.2023.19.3
https://doi.org/10.1016/j.eswa.2014.08.036
https://doi.org/10.1016/B978-0-444-63685-0.00012-7
https://doi.org/10.1016/B978-0-444-63685-0.00012-7


Sentiment Analysis of User Comments on Vidio.com Digital Streaming Platform in…. 

Vol. 6, No. 3 (2026), 1453-1464 | 1463 

Moreo, A., Romero, M., Castro, J. L., & Zurita, J. M. (2012). Lexicon-based comments-
oriented news sentiment analyzer system. Expert Systems with Applications, 39(10), 9166–
9180. https://doi.org/10.1016/j.eswa.2012.02.057.  

Nandwani, P., & Verma, R. (2021). A review on sentiment analysis and emotion detection 
from text. Social Network Analysis and Mining, 11(1), 81–98. 
https://doi.org/10.1007/s13278-021-00776-6.  

Permana, F. C. (2024). Pemetaan sentimen pengguna media sosial dalam evaluasi quality of 
experience kinerja layanan video streaming. JST (Jurnal Sains dan Teknologi), 13(1), 135–
146. https://doi.org/10.23887/jstundiksha.v13i1.61570. 

Ranjan, M., Tiwari, S., Sattar, A. M., & Tatkar, N. S. (2024). A new approach for carrying 
out sentiment analysis of social media comments using natural language processing. 
Engineering Proceedings, 59(1), 181–191. https://doi.org/10.3390/engproc2023059181. 

Rasool, G., & Pathania, A. (2021). Reading between the lines: Untwining online user-
generated content using sentiment analysis. Journal of Research in Interactive Marketing, 
15(3), 401–418. https://doi.org/10.1108/JRIM-03-2020-0045. 

Saura, J. R., Debasa, F., & Reyes-Menendez, A. (2019). Does user generated content 
characterize Millennials’ generation behavior? Journal of Open Innovation: Technology, 
Market, and Complexity, 5(4), 96-104. https://doi.org/10.3390/joitmc5040096. 

Sharma, N. A., Ali, A. S., & Kabir, M. A. (2025). A review of sentiment analysis: Tasks, 
applications, and deep learning techniques. International Journal of Data Science and 
Analytics, 19(3), 351–388. https://doi.org/10.1007/s41060-024-00594-x.  

Supeli, M. F. F., & Setiaji, S. (2023). Klasifikasi sentimen positif dan negatif pada aplikasi 
Vidio dengan algoritma K-Nearest Neighbor. Indonesian Journal Computer Science, 2(1), 7–
15. https://doi.org/10.31294/ijcs.v2i1.1874. 

Sykora, M., Elayan, S., Hodgkinson, I. R., Jackson, T. W., & West, A. (2022). The power of 
emotions: Leveraging user generated content for customer experience management. 
Journal of Business Research, 144(9), 997–1006. 
https://doi.org/10.1016/j.jbusres.2022.02.048.  

Taboada, M., Brooke, J., Tofiloski, M., Voll, K., & Stede, M. (2011). Lexicon-based methods 
for sentiment analysis. Computational Linguistics, 37(2), 267–307. 
https://doi.org/10.1162/COLI_a_00049.  

Trupthi, M., Pabboju, S., & Narasimha, G. (2017). Sentiment analysis on Twitter using 
streaming API. In 2017 IEEE 7th International Advance Computing Conference (IACC) (pp. 
915–919). New York: IEEE. https://doi.org/10.1109/IACC.2017.0186.  

Waluyan, M. T., & Hartomo, K. D. (2022). Analisis sentimen kebutuhan fast track pada 
Originals Vidio menggunakan support vector machine. JATISI, 9(3), 2153–2162. 
https://doi.org/10.35957/jatisi.v9i3.2348. 

Wankhade, M., Rao, A. C. S., & Kulkarni, C. (2022). A survey on sentiment analysis methods, 
applications, and challenges. Artificial Intelligence Review, 55(7), 5731–5780. 
https://doi.org/10.1007/s10462-022-10144-1.  

Xu, G., Meng, Y., Qiu, X., Yu, Z., & Wu, X. (2019). Sentiment analysis of comment texts 
based on BiLSTM. IEEE Access, 7(5), 51522–51532. 
https://doi.org/10.1109/ACCESS.2019.2909919.  

Yadav, A., & Vishwakarma, D. K. (2020). Sentiment analysis using deep learning 
architectures: A review. Artificial Intelligence Review, 53(6), 4335–4385. 
https://doi.org/10.1007/s10462-019-09794-5.  

Zhang, X., Yu, Y., Li, H., & Lin, Z. (2016). Sentimental interplay between structured and 
unstructured user-generated contents: An empirical study on online hotel reviews. Online 
Information Review, 40(1), 119–145. https://doi.org/10.1108/OIR-04-2015-0101. 

 
 

  

https://doi.org/10.1016/j.eswa.2012.02.057
https://doi.org/10.1007/s13278-021-00776-6
https://doi.org/10.23887/jstundiksha.v13i1.61570
https://doi.org/10.3390/engproc2023059181
https://doi.org/10.1108/JRIM-03-2020-0045
https://doi.org/10.3390/joitmc5040096
https://doi.org/10.1007/s41060-024-00594-x
https://doi.org/10.31294/ijcs.v2i1.1874
https://doi.org/10.1016/j.jbusres.2022.02.048
https://doi.org/10.1162/COLI_a_00049
https://doi.org/10.1109/IACC.2017.0186
https://doi.org/10.35957/jatisi.v9i3.2348
https://doi.org/10.1007/s10462-022-10144-1
https://doi.org/10.1109/ACCESS.2019.2909919
https://doi.org/10.1007/s10462-019-09794-5
https://doi.org/10.1108/OIR-04-2015-0101


Violinna Hutagalung & Hari Soetanto 

1464 | Research Horizon 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Acknowledgment 
We gratefully acknowledge the contributions of individuals who supported the 
completion of this article. 
 
Funding Information 
This research did not receive any funding. 
 
Conflict of Interest Statement 
The authors declare that there is no conflict of interest. 
 
Ethical Approval and Originality Statement 
Ethical approval was obtained for this study. The manuscript represents original 
work and has not been previously published, nor is it under consideration by another 
journal. 
 
Data Disclosure Statement 
The data that support the findings of this study are available from the corresponding 
author upon reasonable request. 
 

 
 
 
 
 

 
 
Copyright: © 2026 by the authors.  
This work is licensed under the terms and conditions of the Creative Commons 
Attribution-ShareAlike 4.0 International License 
(https://creativecommons.org/licenses/by-sa/4.0/). 

 

https://creativecommons.org/licenses/by-sa/4.0/

