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Abstract. This study presents a context-aware sentiment analysis system
developed to address the challenges of analyzing user-generated comments on
Instagram and TikTok. These platforms are major digital engagement tools in
Indonesia, yet their high volume of informal, emoji-rich, and multilingual content
makes manual sentiment interpretation impractical. To address this, we
developed a web-based application that utilizes Gemini 2.0 Flash, a state-of-the-
art natural language model, integrated with FastAPI and React]S, to classify
sentiments in comments with contextual awareness. The system also incorporates
emoji interpretation and supports Bahasa Indonesia and English. Performance
evaluation on 2,000 real-world comments showed 87.2% accuracy, surpassing
traditional tools such as VADER. This tool enables brands and influencers to
make data-driven decisions by exporting sentiment trends in real time.
Challenges include slang interpretation, API rate limitations, and short-comment
ambiguity. Future enhancements include video transcription and regional dialect
support.
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1 Introduction

Social media has rapidly transformed how people communicate and engage with con-
tent, especially in Indonesia, where over 85% of internet users are active on Instagram
and 73% on TikTok as of 2024. These platforms now play a vital role in brand com-
munication and public opinion. However, their dynamic, multilingual, and informal na-
ture poses challenges for traditional sentiment analysis tools like VADER, which strug-
gle with slang, emojis, and code-switching. To address this, our study introduces a sen-
timent analysis system designed for Indonesia’s digital landscape. Using a full-stack
setup ReactJS for the frontend and FastAPI for the backend the system integrates Apify
for comment scraping and leverages Gemini 2.0 Flash, a large language model capable
of context-aware sentiment interpretation. This allows the platform to analyze real-time
TikTok and Instagram comments accurately, even when they include mixed languages
or emojis. This paper contributes in three ways: it presents a prompt-based sentiment
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model tailored for Indonesia, demonstrates the system’s ability to handle informal and
complex comment patterns, and evaluates real-world usability through user testing and
comparative analysis. The proposed study shows how advanced Al can deliver mean-
ingful insights in fast-paced, multilingual social media environments, helping brands
and creators better understand and respond to audience sentiment.

2 Litarature Review

2.1  Centiment Analysis in Social Media

Sentiment analysis in social media has gained significant attention due to the vast
amount of user-generated content available (L. Mahalakshmi & E. Anbalagan, 2024).
It involves categorizing text as positive, negative, or neutral using various techniques,
including lexical and machine learning methods (Drus & Khalid, 2019). Challenges in
sentiment analysis include dealing with slang, misspellings, and irony in social media.
Researchers have employed opinion-lexicon methods, natural language processing, and
machine learning algorithms like Naive Bayes and support vector machines (Ahad,
2023). Twitter is a popular platform for sentiment analysis studies. Applications of sen-
timent analysis span various fields, including business, politics, healthcare, and sociol-
ogy. It can be used for product profiling (A et al., 2024), trend analysis (Coutinho &
Agarwal, 2025), and forecasting (Ishica et al., 2024). The growing interest in sentiment
analysis reflects its potential to extract valuable insights from social media data.

2.2 Context —Aware Models.

A recent years, context-aware computing has drawn increasing attention, especially as
systems are expected to respond intelligently to their surroundings. (Mohan & Singh,
2013) describe how formal models have been developed to help systems interpret and
react based on contextual inputs. Building on this foundation, newer studies have ex-
plored how deep learning can incorporate context more effectively. For example, (Un-
ger et al., 2020) demonstrated that when recommendation systems take into account
elements like time, location, or social influence, they often outperform more traditional
approaches. A study by (Lone et al., 2024) supports this by showing that combining
temporal, spatial, and social data can significantly improve both prediction accuracy
and overall user experience. These developments are especially relevant for applica-
tions that rely heavily on personalization such as sentiment analysis on social media.
Understanding a short or ambiguous comment often requires more than just looking at
the words; it also involves recognizing the broader context in which the comment was
made. To tackle the software challenges of building such systems, (Henricksen & In-
dulska, 2006) proposed a range of tools and models from context modeling techniques
to preference-handling frameworks that help developers design applications that are
flexible, adaptive, and responsive to users’ environments.
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2.3  Multilingual and Emoji Interpretation.

The task of predicting emojis across multiple languages has seen growing interest in
recent years. A notable milestone in this area was SemEval-2018 Task 2, which chal-
lenged participants to predict emojis from English and Spanish tweets, drawing wide-
spread attention from the research community (Barbieri et al., 2018). Since then, a va-
riety of techniques have been explored, ranging from traditional supervised learning
methods to more advanced deep learning architectures (Alexa et al., 2018). Some re-
searchers have also experimented with hybrid approaches, such as integrating word
embeddings with bag-of-features models to improve predictive accuracy (Ga€l Guibon
et al., 2018). More recently, the use of federated learning has emerged as a promising
direction for multilingual emoji prediction. (Gamal et al., 2023) demonstrated that this
decentralized approach can achieve results on par with centralized models while pre-
serving user privacy and enabling scalable, distributed processing. Their work utilized
various sizes of transformer models, including sparsely activated variants, and showed
robust performance even in adversarial settings. In fact, the federated learning method
outperformed other techniques on the SemEval emoji dataset, underscoring its potential
as a privacy-aware solution for emoji prediction across diverse languages and plat-
forms.

2.4 Communication Theory: Algorithmic Mediation and Affective Publics.

Communication theory suggests that emotions on social media are shaped not only by
users but also by platform algorithms and governance. TikTok and Instagram actively
rank and filter comments, meaning that “visible sentiment” is partially constructed by
algorithmic systems rather than reflecting public opinion alone. From the perspective
of affective publics, emotions serve as connective practices that drive engagement and
community formation through likes, comments, and emojis. Therefore, measuring af-
fect is communicationally significant because it influences how brands, influencers,
and platforms interpret audience reactions. By adopting this perspective, this study rec-
ognizes that its sentiment tool operates within a broader ecosystem of algorithmic vis-
ibility, audience dynamics, and digital culture rather than simply detecting emotions in
isolation.

3 Research Method

3.1  System Overview.

The sentiment analysis system developed in this project is a user-friendly, full-stack
web application designed for analyzing social media content. The frontend was built
with ReactJS to ensure smooth navigation and an intuitive interface, even for non-tech-
nical users. On the backend, FastAPI enabled high-speed data processing and seamless
integration with external Al models. SQLite was used as the lightweight database to
store raw and processed comment data efficiently. For data collection, the team used
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Apify to scrape up to 1,000 comments per TikTok or Instagram post. The core senti-
ment analysis was powered by Gemini 2.0 Flash, a language model capable of under-
standing nuanced, bilingual, and emoji-laden comments. Users could view analysis re-
sults through visual dashboards, track history, and export findings in Excel format. This
system makes Al-driven sentiment analysis accessible for marketers, researchers, and
content creators seeking insights from Indonesian and English-language social media
content.

To enhance sentiment detection, the system incorporates an emoji-to-affect mapping
layer. Emojis were categorized into three primary affective groups: positive (e.g., ©,
V., &, ©), negative (e.g., @, ©, ®), and neutral (e.g., &, @). However, many emojis
are polysemous (i.e., they carry multiple meanings depending on context). For example,
can indicate genuine amusement, sarcasm, or ridicule. To handle this ambiguity, the
system does not classify emojis in isolation but analyzes them together with surround-
ing text using Gemini 2.0 Flash’s contextual reasoning capabilities. In cases where
emoji meaning remained ambiguous, the model prioritized textual sentiment over vis-
ual cues. This approach allowed the system to achieve an 82% emoji interpretation rate
while reducing misclassification caused by standalone emojis or culturally specific us-
age patterns.

3.2  System Workflow

The system starts when a user inputs a TikTok or Instagram post URL. The backend
uses Apify to scrape up to 1,000 comments, which are then analyzed by Gemini 2.0
Flash—a context-aware language model. This enables accurate sentiment classifica-
tion, even for short, emoji-rich comments. Results are stored in SQLite and visualized
on the frontend using ReactJS through charts and detailed tables. Users can also export
the data in Excel format for further analysis. Designed to be fast and user-friendly, the
system delivers real-time sentiment insights. The full workflow is shown in Figure 1
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Fig. 1. System Workflow
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4 Results and Discussions

4.1  Features Implemented

The system offers advanced features that enhance its effectiveness in analyzing social
media comments. One of its key strengths is context-aware sentiment analysis, which
interprets comments based on the surrounding content rather than isolated text. This
approach allows for more accurate detection of nuances such as sarcasm or implied
emotion, for example, distinguishing whether “great job” is genuine praise or sarcasm.
The system also supports multilingual analysis, particularly in Bahasa Indonesia and
English, addressing the common language mixing seen in Indonesian social media. Ad-
ditionally, it effectively interprets emojis, achieving over 80% accuracy, which signif-
icantly improves analysis of informal, visual communication. To enhance usability, an
export feature is included, allowing users to download results in Excel (.xIsx) format
for reporting, further analysis, or integration into other tools. These features collectively
make the system well-suited for marketers, researchers, and content creators who need
quick, reliable insights into audience sentiment across platforms like TikTok and Insta-
gram.

4.2 User Interface Review

To ensure ease of use, the system was designed with a clean and intuitive user interface.
Each page within the application serves a specific function in guiding users through the
sentiment analysis process like the application begins with a simple authentication in-
terface. This page ensures that access to the system is secure and allows user activity to
be tracked and managed effectively. The login page is shown in Figure 2.

PLUTO

Fig. 2. Login Page
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Upon logging in, users are directed to the Home Page, which provides a brief overview
of the application and its features. Here, users can begin the sentiment analysis process
by submitting the URL of a TikTok or Instagram post. The homepage is shown in Fig-
ure 3.

Social Media Analvzer
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Fig. 3. Home Page

The sentiment analyzer page allows users to paste the URL of the social media post and
specify the number of comments they wish to analyze. It serves as the main input point
for launching the sentiment analysis task. The sentiment analyzer page is shown in Fig-
ure 4.

Al Sentiment Analyzer

Fig. 4. Home Page

Once the analysis is complete, the results are presented visually. A pie chart displays
the distribution of sentiment (positive, neutral, and negative), and additional sections
highlight top comments, languages used, and frequently occurring emojis. This pro-
vides users with an at-a- glance understanding of audience sentiment. The result page
is shown in Figure 5, meanwhile the detail analysis page is shown in Figure 6.

Fig. 5. Result Page
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The sentiment classification engine employed in this system is powered by Gemini 2.0
Flash, an advanced large language model designed to process multilingual and informal
texts with high contextual sensitivity. During testing on a dataset of 2,000 real-world
social media comments collected from various TikTok and Instagram posts the model
demonstrated strong performance across multiple evaluation metrics. The system
achieved an overall accuracy of 87.2%, meaning the majority of the sentiment predic-
tions matched the human-labeled ground truth.

Riwayat Analisis

Fig. 6. Detail Analysis Page

The precision for positive sentiment reached 88%, indicating that when the model la-
beled a comment as positive, it was correct in 88% of cases. Meanwhile, the recall for
negative sentiment was 81%, showing the model’s ability to successfully detect and
label negative comments, even when they were brief or colloquial. To benchmark its
performance, Gemini 2.0 Flash was compared against VADER (Valence Aware Dic-
tionary and sEntiment Reasoner), a traditional lexicon-based sentiment analysis tool
often used for analyzing social media text. As shown in Table 1, Gemini consistently
outperformed VADER in all key metrics.

Table 1. Performance comparison between gemini 2.0 flash and vader.

Matrix Performance Comparison
Gemini 2.0 Flash Vader

Accuracy 87.2% 84.5%
Precision (Positive) 88% 81%
Recall (Negative) 81% 74%
Emoji Interpretation Rate 82% Not Supported
Multilingual Support Yes (ID & EN) Limited
Context Awareness Yes No

Although the proposed system achieves high accuracy in sentiment classification, its
scope is limited to estimating affective valence (positive, neutral, or negative) rather
than fully capturing communicative meaning. In platformed publics, sentiment is also
shaped by discursive context, social relationships, and algorithmic ranking that influ-
ence which comments gain visibility. The system may misclassify sarcasm or playful
banter (e.g., “Great job w” or “You’re terrible ), indicating that its outputs should
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be interpreted as approximations of affect rather than definitive meanings. Future en-
hancements could incorporate conversational context, post metadata, and engagement
signals to improve interpretation.

A key strength of the system is its real-time processing of multilingual and emoji-rich
comments, particularly for Indonesian users who frequently mix Bahasa Indonesia and
English. It successfully analyzed large-scale real-world cases such as campaigns by
Wardah and posts by Ria Ricis, processing thousands of comments within minutes to
support timely marketing decisions.

5 Conclusion

This study resulted in the development of a sentiment analysis tool tailored to Indone-
sia’s fast-paced social media landscape. By integrating Gemini 2.0 Flash, ReactJS,
FastAPI, and Apify, we delivered a practical solution for extracting insights from Tik-
Tok and Instagram comments. The system demonstrated strong performance, achieving
high accuracy and offering useful features for both creators and businesses. Moving
forward, we plan to address slang interpretation issues, add video transcription support,
and expand language capabilities to include regional dialects. As digital marketing be-
comes increasingly data-driven, tools like this can help brands and influencers stay
competitive
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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