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The development of social media-based e-commerce, particularly, opens
new opportunities for digital affiliate systems. This study examines public
perception of affiliate performance through comment sentiment analysis
(positive, negative, neutral) using support vector machine (SVM) and
gradient boosting machine (GBM). Data was collected from TikTok Shop

comments, processed through text preprocessing, manual labeling, and then

analyzed using Python. Evaluation using accuracy, precision, recall, and F1-
Keywords: score metrics showed that the combination of the synthetic minority
oversampling technique (SMOTE) with SVM and GBM improved
classification performance, although negative sentiment remained
challenging. SVM achieved the highest accuracy (84%) with a ratio of
90:10, while GBM excelled in detecting neutral sentiment (F1 0.91). These
findings are useful for sentiment-based marketing strategies and natural
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1. INTRODUCTION

The rapid advancement of digital technology has transformed marketing strategies, with social
media emerging as a dominant platform for sales and affiliate promotion. TikTok Shop represents one of the
fastest-growing examples of this phenomenon, enabling users to act as affiliates who earn commissions based
on product sales through interactive short videos. This model effectively expands market reach, particularly
among younger audiences, due to its algorithmic engagement and visual content dynamics [1].

However, affiliate performance on TikTok Shop is not solely determined by content frequency or
follower count but is strongly influenced by public sentiment toward products, affiliates, and brands.
Negative sentiment expressed through user comments can diminish consumer trust and reduce conversion
rates [2]. Despite the growing relevance of social commerce, empirical research that systematically analyzes
the relationship between user sentiment and affiliate performance on TikTok Shop remains scarce.
Furthermore, existing studies tend to rely on general sentiment detection frameworks or focus on
Western-language datasets, which are not fully applicable to the linguistic and cultural nuances of Indonesian
social media users. These shortcomings emphasize the importance of having a locally relevant sentiment
analysis model that can manage informal language, a lot of slang terms, and the context present in responses
on TikTok Shop.
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Important issues arise from not properly checking how well machine learning methods compare in
this field. Even though support vector machines (SVM) and gradient boosting machines (GBM) have
shown strong results when sorting text, their relative effectiveness in evaluating sentiments in Indonesian on
TikTok Shop has yet to be validated through empirical research. As a result, pinpointing which model more
effectively interprets user sentiments particularly when paired with advanced preprocessing and embedding
methods represents a critical avenue for ongoing scholarly inquiry.

As a supervised learning algorithm, SVM operates by determining the most optimal hyperplane to
achieve clear category separation. It works well in tasks where the data has many features, such as text
classification [3], [4]. On the other hand, GBM uses a method that combines multiple models to gradually
reduce errors in predictions, which makes it effective for dealing with complicated data sets [5], [6]. To make
sure the data is of high quality, various steps are taken before training the models. These steps include
breaking down text into words, removing unnecessary words, adjusting slang to standard language, and
shortening words to their root forms, all of which help improve the accuracy of the models [7]-[10].

Sentiment analysis in this study was conducted using the valence aware dictionary and sentiment
reasoner (VADER) approach. This instrument excels in interpreting the informal vernacular prevalent in
social media content [11]-[13]. After the sentiment labels are assigned, the data is processed into numerical
form using the term frequency—inverse document frequency (TF-IDF) technique. This technique quantifies
word significance within the corpus [14], [15]. When an imbalance occurs because one category is
overrepresented, the data is balanced by applying the synthetic minority oversampling technique (SMOTE).
It generates synthetic instances of minority classes, thereby enhancing the model’s overall efficacy [16]-[18].

Additionally, IndoBERT embeddings are employed to enhance the comprehension of word
meanings and contextual nuances within the Indonesian language. This approach provides more accurate
representation of language than traditional methods [19]-[22]. By combining traditional machine learning
techniques with modern transformer models, the analysis of sentiment on social media platforms becomes
more reliable.

The research also explores the potential of embedding sentiment engines into cyber-physical
systems (CPS), where real-time sentiment feedback from IoT-based retail environments can inform dynamic
promotional strategies and automated decision-making. Hence, this study not only contributes to
computational sentiment classification but also highlights its practical implications in smart e-commerce
systems. The reliability of the model is tested through various measures in the confusion matrix, namely
accuracy, precision, recall, and F1-score, so that the evaluation results are more comprehensive [23], [24].

2. METHOD

The present research employs an experimental quantitative approach that integrates natural language
processing (NLP) and machine learning techniques to categorize the sentiment of comments posted by
TikTok shop users. The goal is to understand what people think about the TikTok shop affiliate program and
to check how well different models work with various ways of representing text. Figure 1 shows the
complete research design, illustrating the workflow from data collection through preprocessing, feature
extraction, model training, optimization, evaluation, and deployment to the web dashboard.
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Figure 1. Research stages
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a. Data collection: we gathered 9,208 comments from TikTok posts that had tags like “#tiktokshopaffiliate,
#affiliatejualan”, and similar hashtags using web scraping between January and July 2025. The comments
came from both regular users and active affiliates, and we carefully selected them to make sure they were
relevant to the affiliate program.

b. Data pre-processing: the gathered comments underwent preprocessing, which involved cleaning the data,
segmenting them into individual words, stemming them to their root forms, and eliminating common
words that contribute little to the overall meaning. Following this, each comment was assigned a
sentiment classification as either positive, neutral, or negative.

c. Feature extraction: two different methods were used to represent the text: i) TF-IDF, which assigns
numerical weights based on word frequency; and ii) IndoBERT embedding, which provides a more
detailed and meaningful representation of Indonesian text by considering the context.

d. Data splitting and balancing: the dataset was divided into 80% for training and 20% for testing. The
SMOTE technique was applied to balance the classes, while k-fold cross-validation was used to ensure
stable and reliable evaluation.

e. Model training: the study employed two primary models: SVM and GBM. SVM excels in handling
extensive and intricate datasets, whereas GBM is adept at identifying non-linear relationships [25].
Additionally, an ensemble model integrating SVM and GBM was evaluated, along with a transformer-
based approach utilizing IndoBERT. The model is optimized using grid search and random search
techniques to find the most effective configuration.

f. Model performance evaluation: performance evaluation was conducted using several metrics-accuracy,
precision, recall, F1-score, and ROC-AUC. The research findings revealed that SVM produced the best
overall accuracy, while GBM demonstrated the strongest ability to classify neutral sentiment. Meanwhile,
the ensemble model produced consistent results across all sentiment classes.

g. Results integration: the final model was put into a web-based dashboard that helps small and medium
businesses and affiliates track sentiment trends and assess their marketing strategies in real time.

3.  RESULTS AND DISCUSSION

This study assesses the effectiveness of sentiment classification in user comments on TikTok shop
using two machine learning methods: SVM and GBM. The dataset is divided into several training and testing
schemes, such as 80:20, 90:10, and 70:30. To address class imbalance-particularly the dominance of neutral
comments-the SMOTE is applied. The results are analyzed through a comparison of TF-IDF and IndoBERT
performance, an examination of model errors, feature importance visualizations, and an interpretation of
public sentiment trends concerning the TikTok shop affiliate program. Figure 2 illustrates the review data
labeling process.
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Figure 2. Review data labeling graph

3.1. Test results of SVM and GBM models with TF-IDF representation

The test results using TF-IDF, SMOTE, SVM, and GBM modeling show that the application of
SMOTE is able to balance the class distribution that was originally dominated by neutral sentiment, so that
the model can learn more fairly for all categories. Table 1 summarizes the detailed performance metrics
(accuracy, Fl-scores per class) across 80:20, 90:10, and 70:30 train-test splits for both models. In the 80:20
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data proportion, SVM achieved 82% accuracy with the highest F1 score in the neutral class (0.86) and the
lowest in the negative class (0.61), while GBM slightly outperformed with 83% accuracy and a higher neutral
F1 (0.88), although performance in the negative class remained low (0.62). In the 90:10 scenario, SVM
recorded the best performance with 84% accuracy and an increase in F1 in the positive class (0.80), while
GBM remained relatively stable at 83% with a similar pattern, namely very good in the neutral class but weak
in the negative class (0.59). In the 70:30 scenario, SVM accuracy decreased to 81% with a small
improvement in the negative class (0.63), while GBM remained around 82% with strength in the neutral
(0.87) and positive (0.76) classes, but again weakened in the negative class (0.60).

These differences in results are primarily due to the nature of each algorithm. SVM tends to be more
consistent in maintaining performance balance between classes on high-dimensional data like TF-IDF, while
GBM excels at capturing non-linear patterns, making it better for the majority (neutral) class. Although
SMOTE effectively reduces bias toward the majority class, the diverse linguistic features and intricate
semantic nature of negative comments hinder the model’s ability to identify data structures or patterns,
leading to inferior F1 scores for the negative class relative to others across all tested scenarios.

Table 1. Comparison of model test results (TF-IDF + SMOTE)
Accuracy F1 Fl1 F1

Proportion of training data:

test Model (%) positive  negative  neutral Key notes
80:20 SVM 82 0.74 0.61 0.86  Good on neutral class, weak on negative
GBM 83 0.75 0.62 0.88  Slightly higher accuracy, still weak in the
negatives
90:10 SVM 84 0.80 0.60 0.88  Highest accuracy; significant improvement in
positive
GBM 83 0.77 0.59 0.88  Stable, but negative not increasing
70:30 SVM 81 0.72 0.63 0.86  More balanced, although accuracy is down
GBM 82 0.76 0.60 0.87  Consistent, but still low in the negative

3.2. Test results of SVM and GBM models with IndoBERT embedding-based representation

Testing with IndoBERT embedding-based representations shows that both SVM and GBM are able
to capture the semantic context of Indonesian better than TF-IDF, but performance between classes remains
uneven. Table 2 presents the detailed performance metrics (accuracy, Fl-scores per class) across 80:20,
90:10, and 70:30 train-test splits for SVM and GBM using IndoBERT embeddings. In the 80:20 scenario,
SVM achieved 79% accuracy with the highest F1 score in the neutral class (0.86) and the lowest in the
negative class (0.46), while GBM slightly outperformed with 80% accuracy and improved F1 scores in the
negative (0.55) and positive (0.78) classes. This confirms GBM’s superiority in handling non-linear patterns,
although challenges remain in the negative class.

Table 2. Comparison of IndoBERT model test results

Data proportion  Model  Accuracy (%) F1 negative F1 neutral F1 positive Key notes
80:20 SVM 79 0.46 0.86 0.75 High neutral, very low negative
GBM 80 0.55 0.85 0.78 Better than SVM in negative & positive
90:10 SVM 77 047 0.84 0.73 Accuracy down, negative still low
GBM 81 0.55 0.86 0.79 Stable, excels in neutral & positive
70:30 SVM 81 0.63 0.86 0.74 More balanced, negative increases
GBM 82 0.60 0.87 0.76 Most stable in all classes

In the 90:10 scenario, SVM accuracy actually decreased to 77%, despite consistently showing
strength in the neutral class (F1 0.84). Performance in the negative class remained low (0.47), indicating the
model’s difficulty in recognizing the more linguistically diverse negative language variations. Conversely,
the GBM model showed greater consistency in its accuracy at 81%, paired with a more balanced spread of
Fl-scores across the categories: 0.86 for neutral, 0.79 for positive, and 0.55 for negative. The stability of
GBM in this scenario demonstrates that IndoBERT’s representation is more optimal when combined with a
boosting model capable of capturing interactions between features.

In the 70:30 scenario, SVM accuracy improved again to 80%, with the highest F1 score in the
neutral class (0.86) and a significant improvement in the negative class (0.76), although the score in the
positive class was relatively low (0.49). On the other hand, GBM again excelled with 82% accuracy and a
more balanced F1 distribution, particularly for neutral (0.87) and positive (0.76), although its weakness in the
negative class (0.60) remained apparent.
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Overall, the IndoBERT embedding provides an advantage in the positive class and maintains
consistent performance in the neutral class, but still struggles with the more linguistically diverse negative
comments. SVM tends to be more adaptive to large data distributions, while GBM is more stable in
maintaining average accuracy. This difference confirms that while transformer-based representations
improve semantic understanding, the quality of minority data and stylistic variations remain decisive factors
in sentiment classification.

3.3. Key findings
The findings of new things (novelty) can be formulated in the following aspects:

—  Systematic comparison of TF-IDF vs IndoBERT on TikTok shop: this study not only uses the classic
TF-IDF method but also compares it directly with the modern representation of IndoBERT embedding
on the social media-based e-commerce domain (TikTok Shop), which has so far been rarely studied.

—  Multi-scenario evaluation of train—test data with SMOTE: this study presents an in-depth analysis of
three data proportion scenarios (80:20, 90:10, 70:30), combined with the SMOTE balancing technique.
The results show consistent differences: SVM is more adaptive to variations in data proportions, while
GBM is more stable in maintaining accuracy across all scenarios.

—  Negative classroom performance as a unique challenge: a key finding is that both TF-IDF and
IndoBERT still struggle to classify negative comments, even with balancing SMOTE. This indicates the
linguistic diversity and unique style of negative comments on TikTok (e.g., slang, irony, or sarcasm),
which are not fully accommodated by embedding models or classical algorithms.

—  Avantages of GBM on non-linear representation of IndoBERT: the study found that GBM was more
consistent than SVM when using IndoBERT embedding, with a more even Fl-score distribution,
especially in the positive and neutral classes. This confirms the combination of transformer and
boosting representations as a promising pathway for Indonesian-language sentiment classification.

—  Practical implications for E-commerce analytics: this study positions the sentiment model not only as an
academic test but also as a tool to support micro, small, and medium enterprises (MSMESs) and TikTok
Shop affiliates through potential integration into a real-time analytics dashboard system. This is a
significant contribution because it connects NLP techniques with digital business needs.

4. FUTURE RESEARCH

Based on the challenges identified in this study, particularly the lower classification performance in
the negative sentiment class, as well as the relevance of implementing sentiment results in digital systems,
the following are suggestions for further research focused on innovation algorithms:

— Introducing advanced algorithmic innovation: to address existing limitations and improve semantic
understanding of complex social media language (such as slang and sarcasm), future research needs to go
beyond the TF-IDF and SMOTE approaches by integrating more sophisticated methodologies:

a. Transformer models for richer semantic understanding: replacing feature extraction with end-to-end
fine-tuning techniques using social media-specific Indonesian language variants of the transformer
model, such as IndoBERTweet or IndoRoBERTa. These models offer much richer contextual
semantic representation capabilities than TF-IDF, which is crucial for handling slang, irony, and
ambiguity in TikTok comments.

b. Real-time sentiment streaming: integrating sentiment engines into data streaming architectures using
platforms like Apache Kafka or lightweight protocols like message queuing telemetry transport
(MQTT). This integration is crucial for realizing a real-time affiliate performance monitoring system,
enabling MSMEs or brands to respond to market sentiment instantly.

¢. Hybrid model (rule-based and machine learning): a hybrid model leverages the predictive power of
machine learning (SVM/GBM/transformer) and a rule-based system built from a lexicon of sarcastic
slang and emoticons. This hybrid approach can explicitly force the sentiment label to be negative if
the rule criteria are met, thereby increasing recall in the minority (negative) class more consistently.

— Exploring hardware-software integration CPS: sentiment analysis should be framed as a digital sensor
component within a CPS to unify and optimize affiliate and sales performance.

a. CPS framework: sentiment results (from cyberspace) act as data inputs that trigger control actions in
the physical environment.

b. Promotional display control: if real-time sentiment analysis indicates a significant increase in positive
sentiment for a specific product, the CPS system can send digital signals to actuators to control
promotional displays in smart retail kiosks, such as turning on special lights or replaying affiliate
videos on digital screens.
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c. Pricing adjustment algorithms: high negative sentiment detected with specific keywords (“expensive,”
“unreasonable price”) can trigger the cyber system to automatically adjust its pricing algorithm
(dynamic pricing) or trigger temporary discounts to maintain conversions.

d. Triggering alerts in smart environments: negative sentiment focused on product or delivery quality
(e.g., “damaged goods,” “long delivery”) should trigger urgent alerts sent to the supply chain
management or logistics system.

— Implications for intelligent and multimodal systems: furthermore, enhanced machine sentiment can be at
the core of CPS. This model can be embedded in edge computing devices (e.g., Raspberry Pi) as part of
electronic and control systems in smart retail. Furthermore, in the context of TikTok, future research
could analyze multimodal analysis by combining text sentiment with audio and visual signals (facial
expressions) from affiliate video content using signal delivery and embedded vision techniques.

5.  CONCLUSION

This research assesses the sentiment analysis of user comments on TikTok Shop by contrasting two
text representation methods—TF-IDF embedding and IndoBERT—paired with two algorithms, namely SVM
and GBM. The use of the SMOTE technique provides significant results in correcting the imbalance in class
distribution, enhancing the model’s equity in managing various sentiment types.

The experimental findings indicate that the conventional lexical approach (TF-IDF + SVM) holds up
as a strong benchmark, achieving the top accuracy of 84% on a 90:10 data split. The TF-IDF + GBM
configuration exhibited the most consistent results in identifying neutral sentiment, with an F1 score of 0.88.
On the other hand, the IndoBERT + GBM pairing delivered a more equitable performance across sentiment
categories, especially for positive and neutral classes, boasting an average accuracy of 82%. Nonetheless, the
negative class continues to pose significant difficulties for all models, owing to the linguistic variety, irony,
and sarcasm prevalent in user feedback.

These findings provide empirical evidence that integrating contextual embedding IndoBERT with
ensemble learning GBM can improve the stability and accuracy of sentiment detection in informal and
meaningful Indonesian contexts. Furthermore, this study highlights practical implications for affiliate
marketers and e-commerce platforms, where sentiment analysis results can be leveraged to develop more
effective engagement strategies, improve customer experience, and support real-time decision-making in
smart retail systems.

The originality of this research resides in its methodical evaluation of conventional versus transformer-
driven methods within the TikTok Shop environment, delivering a noteworthy advancement to the progress of
NLP for the Indonesian language. Future research is expected to explore domain-specific transformer models
such as IndoBERTweet or IndoRoBERTa, as well as incorporate multimodal sentiment analysis based on text,
audio, and visuals to further advance sentiment intelligence in Indonesia’s growing social commerce ecosystem.
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