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Abstract−The rapid growth of the beauty industry has generated a massive volume of online reviews where traditional sentiment 

analysis fails to capture contradictory opinions across specific product features. This study implements Aspect-Based Sentiment 

Analysis (ABSA) using the IndoBERT-base-p1 architecture on 2,139 review data points from Female Daily, integrated with a 

specialized slang normalization stage to mitigate linguistic noise. The novelty lies in evaluating IndoBERT’s bidirectional attention 

robustness in processing technical medical terminology alongside Indonesian social media slang—a complexity often overlooked 

in prior beauty domain studies. This study contributes a novel methodological pipeline that bridges deep learning architectures with 

domain-specific linguistic preprocessing, providing a benchmark dataset for Indonesian beauty product reviews. The results 

showed that IndoBERT was able to distinguish nuances of sentiment, with superior performance in the Effectiveness (F1-Score 

72.57%) and Texture (F1-Score 71.10%). Although the average score was affected by sample limitations in certain aspects, the 

model proved effective in capturing the semantics of Indonesian consumer slang. Ultimately, this research provides a practical 

contribution for consumers in validating product quality specifically and for producers as a basis for evaluating product 

performance in the public eye.  
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1. INTRODUCTION  

The rapid development of digital technology today has changed the interaction pattern between sellers and buyers 

from traditional systems to online systems [1].  This phenomenon forces the industrial sector to expand its marketing 

reach through digital channels in order to maintain competitiveness [2]. The practical advantages of e-commerce 

trigger high public interest in purchasing products online, especially in the cosmetics and skincare sector [3] [4]. 

Skintific is one of the products that has a high volume of reviews, so it requires in-depth analysis to evaluate consumer 

sentiment towards the quality of the product [5]. These digital reviews play a crucial role in shaping purchasing 

decisions, as consumers place greater trust in the real experiences of others. This is particularly significant in the 

moisturizer category, which remains a basic necessity in Indonesian skincare routines.  

Skintific's significant sales growth across various marketplaces demonstrates consumers' reliance on digital 

reviews[6]. As a newcomer to skincare that has been in high demand since its launch in late 2021, Skintific has 

achieved numerous prestigious awards, including awards for "Best Moisturizer" and "Best New Brand 2022" from 

platforms such as Female Daily, Sociolla, and the TikTok Live Awards. The high level of consumer enthusiasm is 

reflected in the thousands of reviews spread across beauty community platforms such as Female Daily [7]. These 

reviews are valuable data assets containing honest consumer opinions. However, these reviews are often complex; A 

consumer may like the texture of a product but feel the price is too high or the packaging is unhygienic.  

Traditional global sentiment analysis often fails to capture these nuances because it tends to generalize the 

entire review content into a single label, thereby losing valuable detailed information [8]. Therefore, an AspectBased 

Sentiment Analysis (ABSA) approach is needed that is able to identify opinions at a more specific entity and aspect 

level. The use of ABSA in this study lies in its ability to unravel the ambiguity of consumer opinions, so that potential 

buyers can know precisely whether the product's advantages (e.g., effectiveness) are outweighed by its disadvantages 

(e.g., price or packaging) before making a purchase decision [9]. The main challenge in conducting ABSA on local 

reviews is the characteristics of consumer language on beauty platforms, which tends to be informal, using many 

abbreviations, slang terms, and high levels of language noise.  

To position the relevance of this research, a review of several related studies from the past five years was 

conducted. The first study [10] used the Support Vector Machine (SVM) method for beauty product sentiment 

classification, but this study was only able to analyze sentiment globally and had limitations in capturing semantic 

features in complex sentences. Unlike statistical-based models such as SVM, which rely on the occurrence of a single 

keyword, this study used IndoBERT, which is able to understand two-way context, thus providing advantages in 

analyzing opinions on more specific aspects. Furthermore, research in [11] implemented ABSA using Naive Bayes, 

but its accuracy decreased drastically when dealing with slang. Another exploration in [12] utilized Bi-LSTM for e-

commerce reviews, but the model failed to associate opinions that were far apart with their aspects. Meanwhile, 

IndoBERT has been applied for emotion analysis [13], but did not address the specific domain of the beauty industry. 

Finally, an attempt to use a hybrid BERT-LSTM model on the Female Daily platform has been conducted [14], but 

has not yet explored the full potential of the pure IndoBERT architecture optimized to handle language noise. Gap 

analysis of these five studies indicates an urgent need to test the robustness of IndoBERT in the specific domain of 

beauty with all its linguistic complexities. 
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While these previous studies evaluated various algorithms, a significant gap remains: none of them addressed 

the architectural robustness of a pure transformer model in handling the simultaneous intersection of technical medical 

terminology and informal Indonesian social media slang. IndoBERT was chosen based on its superiority in capturing 

the complex semantics of Indonesian through a bidirectional attention mechanism [15]. This mechanism allows the 

model to validate the extent to which informal adjectives can be simultaneously associated with the correct aspects, 

especially when combining technical terms (e.g., skin barrier, non-comedogenic, oxidize) with slang. Based on this 

gap, this study aims to implement IndoBERT to decompose sentiments on the aspects of Effectiveness, Texture, Price, 

and Packaging in Skintific products, evaluating the model's reliability against dataset distribution and non-formal 

language nuances. To address this gap, this study provides distinct academic contributions by constructing a 

specialized benchmark dataset consisting of 2,139 labeled Indonesian beauty product reviews and incorporating a 

dedicated slang normalization pipeline designed to enhance IndoBERT's classification alignment. This study is 

expected to provide insight into the challenges of aspect-based sentiment classification in the beauty domain, as well 

as provide practical contributions for consumers in validating product quality specifically and for manufacturers as a 

basis for evaluating product performance in the public eye objectively and transparently. 

2. RESEARCH METHODOLOGY  

2.1 Research Stages  

The research stages were systematically designed to process consumer reviews from raw data into structured 

information. The primary focus of this research was the application of the Aspect-Based Sentiment Analysis (ABSA) 

approach, an analytical method capable of separating opinions into specific product aspect categories. This process 

was supported by the use of the IndoBERT artificial intelligence model. The complete systematic stages of this 

research framework are illustrated in Figure 1: 

 

          Figure 1. Research Flow  

2.2 Scraping Data  

The data in this study was collected through automated web scraping techniques on the Female Daily platform, 

focusing on user reviews of the Skintific moisturizer product. The data extraction process was carried out using the 

Python programming language, integrating the Selenium library for dynamic browser navigation and BeautifulSoup4 

for HTML structure scanning. Technically, the system was configured using Chrome for Testing in a headless browser 

environment to comprehensively extract review variables, including user name, original review text content, upload 

date, and consumer skin type information. This approach ensures that the obtained data accurately and structuredly 

represents real user experiences, which then serves as the primary database in subsequent stages of sentiment analysis 

or text processing.  

2.3 Aspect & Sentiment Labeling   

At this stage, each review was manually identified and labeled using an Aspect-Based Sentiment Analysis approach 

to dissect opinions into deeper components based on four main indicators. First, the Effectiveness Aspect refers to the 

product's performance in providing results on the skin, such as moisturizing effects, smooth or supple skin texture 

(plump), and skin barrier repair. Second, the Texture Aspect focuses on the product's physical attributes and sensations 

during application, including formula density (gel or thick), absorption speed, and light or non-sticky effect on the 

skin. Third, the Price Aspect measures the perceived economic value and accessibility of the product, which includes 

the price tag (cheap or affordable) and an assessment of quality worthiness (worth it). Fourth, the Packaging Aspect 

relates to the functionality and aesthetics of the container, such as the bottle type, closing mechanism, hygiene, and 

the availability of additional attributes such as a spatula. In addition to aspect labeling, each statement is paired with 

a sentiment valence as a form of user emotional assessment, categorized as Positive for expressions of satisfaction, 

Neutral for objective reviews without strong emotional tendencies, and Negative for reviews indicating dissatisfaction, 

criticism, or adverse side effects.  
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2.4 Processing Data  

Preprocessing is a crucial stage in text analysis that functions to transform raw text into a structured format so that it 

is ready for use in further modelling [16]. This stage aims to clean the data from information noise to improve model 

accuracy through several systematic steps [17]. The process consists of Case Folding (standardizing text to lowercase), 

Cleaning (eliminating non-text elements such as URLs, numbers, symbols, and punctuation), Slang Normalization 

(converting non-standard marketplace slang into standard Indonesian words based on KBBI), and Stemming (utilizing 

the Sastrawi library to reduce affixed words to their canonical base form for better feature consistency). 

2.5 Data Splitting  

The dataset in this study was divided into three main parts to maintain the model's objectivity and generalizability. 

The largest allocation of data, 80%, was designated as the Train Data, which serves as the primary learning base for 

the IndoBERT model in recognizing language patterns and review labels. The remaining 10% was divided equally 

between the Validation Data and the Test Data, to ensure the model development process was carried out under strict 

supervision and independent testing.  

Technically, the Train Data is used to train the model's parameter weights, while the Validation Data plays a 

crucial role in monitoring performance during the training process and optimizing hyperparameters to prevent 

overfitting. Finally, the Test Data serves as pure test data to evaluate the model's final performance on previously 

unencountered data. This evaluation stage on the test data serves as a key indicator for measuring the accuracy and 

reliability of the IndoBERT model before its widespread implementation.  

2.6 Indobert Tokenization  

The initial stage in data processing using a language transformation model is tokenization, where cleaned text is 

converted into a machine-readable format. In this study, this process was carried out using the IndoBERT-base-p1 

Tokenizer. IndoBERT-base-p1 is selected over multilingual transformers (such as mBERT or XLM-RoBERTa) 

because it was pre-trained on a massive, pure Indonesian corpus of 4 billion words, making it inherently superior at 

understanding local colloquial structures, marketplace slang, and morphosyntactic variations. Technically, this 

tokenizer breaks text into sub-word units to retain meaning when handling affixed or rare words. It inserts standardized 

special tokens: the [CLS] (Classification) token at the beginning of each sequence as an aggregate representation for 

aspect and sentiment tasks, and the [SEP] (Separator) token to mark sentence boundaries within the Female Daily 

review dataset. 

2.7 Fine-Tuning IndoBERT  

This study applies the Transfer Learning method by fine-tuning the IndoBERT-base-p1 model. This approach allows 

the model to leverage deep linguistic knowledge pre-trained from a very large Indonesian language corpus, eliminating 

the need to train the model from scratch. The fundamental mechanism of this architecture, transitioning from broad 

language comprehension to specific downstream adaptation, is illustrated in Figure 2. By adjusting parameters in the 

final layer (output layer), the IndoBERT architecture can be specifically adapted to understand the context of beauty 

product reviews, which have unique and casual language characteristics. During the training phase, the model 

iteratively updates its weights using Train Data while continuously monitored by Validation Data to reach an optimal 

point of convergence. 

 

        Figure 2. Pre-Training & Fine-Tuning Indobert  

2.8 Model Performance Evaluation  

After the training process is complete, the IndoBERT model, which has reached optimal convergence, is then 

implemented to predict labels on the Test Data, which serves as a representation of real data that has never been 

recognized by the model before. The success rate and reliability of the model in classifying aspects and review 

sentiments are then measured quantitatively using various standard classification evaluation metrics. The Accuracy 

metric is used to provide an overview of the overall proportion of correct predictions, while Precision and Recall are 

applied to measure the model's accuracy in determining specific labels and its ability to retrieve all relevant data within 
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each category. Furthermore, the F1-Score is also calculated as the harmonic mean between precision and recall, which 

is crucial to ensure that the model's performance remains stable and balanced, especially if there is an imbalance in 

the distribution of the amount of data between aspect or sentiment classes in the review dataset.   

3. RESULT AND DISCUSSION 

3.1 Scraping Data  

The results of an in-depth analysis of Skintific moisturizer product review data sourced from the beauty community 

platform Female Daily. In the initial stage, the data collection process using web scraping techniques successfully 

extracted 1,344 raw reviews that organically represent public opinion. The summary and distribution of these initial 

scraped metadata are detailed in Table 1. However, given the often complex nature of user reviews and encompassing 

multiple topics within a single statement, these raw reviews cannot be directly used for aspect-based analysis. 

Therefore, a pre-analysis stage was conducted to identify sentence structures and ensure each review entity has a clear 

relationship to the research object before entering the further decomposition process.     

Table 1. Scraping Data Result 

name Skin type date comment 

Saraslayyy Combination,Medium, Warm 2025-10-12 Sumpah, ini moisturizer kayak pelukan... 

Tazqiyya Normal, Medium Light, Neutral 2025-10-11 sukaa banget sama teksturnyaa enak banget.. 

3.2 Aspect & Sentiment Labeling  

In this section, a manual decomposition and labeling process is performed using the Aspect-Based Sentiment Analysis 

(ABSA) approach to dissect a single raw review line that may contain several different opinions, such as effectiveness, 

texture, price, or packaging. Through this information unit separation strategy, the dataset volume significantly 

increased from 1,344 reviews to 2,139 rows of aspect-based review data. This increase in data not only enriches the 

sample diversity but is also crucial for the IndoBERT model in learning more specific semantic relationships between 

review texts, the aspect categories they refer to, and the sentiment polarity contained within them. This ensures the 

model has a sufficiently broad knowledge base for precise classification during the testing phase.  

3.2.1 Aspect Frequency Distribution   

Based on the labeling process, consumer reviews are divided into four main aspect categories. The complete frequency 

and percentage distribution of data for each designated aspect are detailed in Table 2.  

Table 2. Aspect Frequency Distribution 

No Aspect Category  Amount of Data (rows) 

1 Effectiveness 1.301 

2 Texture  496 

3 Price 262 

4 Packaging 80 

 Total  2.139 

Based on the 4 aspect categories above, the following are the labeling results: 

    Table 3. Aspect-Based Labeling 

comment aspect Label 

I swear, ini moisturizer kayak pelukan buat kulit capek 🥹💗 Pas pertama kali coba, 

kulitku langsung halus dan lembap seharian.Nggak berat, tapi cukup buat hidrasi 

parah. Minusnya cuma satu: kalau kulitmu oily banget, bisa agak too much. 

Effectiveness Positive 

I swear, ini moisturizer kayak pelukan buat kulit capek 🥹💗 Pas pertama kali coba, 

kulitku langsung halus dan lembap seharian.Nggak berat, tapi cukup buat hidrasi 

parah. Minusnya cuma satu: kalau kulitmu oily banget, bisa agak too much. 

Texture  Positive 

mousturazer skintific bagus untuk semua jenis kulit karena sebagus itu produk 

nya😭😭 harga sangat terjangkau untuk semua kalangan karena harga pun 

menentukan produk yang sebagus ini, yuk beli juga produk nya aku rekomendasi 

untuk kalian 

Price Positive 

Produk ini hadir dalam kemasan tube yang praktis, sehingga memudahkan 

pengambilan produk tanpa takut tumpah atau terlalu banyak keluar. Kemasan ini juga 

cukup higienis dan mudah dibawa bepergian. memiliki tekstur krim yang ringan 

namun cukup kaya dan mudah meresap ke dalam kulit 

Packaging Positive 
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comment aspect Label 

krna banyak bgt yg blg ini baguss bgt,jadi akhirnyaaku nyoba dan ternyata tidak 

cocok. walaupun kulit aku berminyak tapi pakai ini malah jadi kering. pakai hari ini 

besok atau lusa lgsg tumbuh jerawat😭 

Effectiveness Negative 

Pemakaian setelah beberapa minggu kulit jadi berminyakberjerawat Teksturnya 

terlalu berat untuk kulit Wajah kusam setelah menggunakannya Saya tidak melihat 

perubahan yang signifikan pada kulit saya Mungkin produknya kurang   cocok di 

wajah saya 

Texture  Negative 

Jujur cocok banget sama untuk kulitku yang sensitif dan jerawatan. Tapi kurangnya 

satu aja, harganya mahal buangettt, satu jar kurang dari satu bulan udah habis. Pas 

makek ini lembab banget tapi gak buat jerawatan, kemerahan di wajah ku juga 

berkurang, kalau dipakek plumpy gitu di pagi hari.Sayangnya aku tinggalin karena 

dompetku gk kuat T_T 

Price Negative 

Di aku jujur ga ada efek apa-apa, cuma moisturizer biasa aja dan melembabkan pada 

umumnya. Tapi di aku masih kurang moisturizing dan gak terlalu tahan terlalu lama 

di mukaku. Aku in general juga kurang suka sama kemasannya yang jar karena gak 

praktis pas tangan lagi licin abis kena products lainnya dan gak higienis juga untuk 

colek moisturizernya pake jari. 

Packaging Negative 

Di aku jujur ga ada efek apa-apa, cuma moisturizer biasa aja dan melembabkan pada 

umumnya. Tapi di aku masih kurang moisturizing dan gak terlalu tahan terlalu lama 

di mukaku. Aku in general juga kurang suka sama kemasannya yang jar karena gak 

praktis pas tangan lagi licin abis kena products lainnya dan gak higienis juga untuk 

colek moisturizernya pake jari. 

Effectiveness Neutral 

“Untuk harga diatas 100k dengan ukuran 30ml mungkin kerasa mahal” itu aku banget 

sebelum coba pakai. Tapi setelah pakai sekali, auto ga bisa lepass karena bener-bener 

bisa merawat skin barier ku yg sempat rusak, melembabkan bangett. Bahkan sekarang 

“ada harga ada rupa, ini sih worth it!” 

Price Neutral 

Gentle menenangkan kulit. Cocok untuk kukit sensitif, kalo dipake adem gitu, 

teksturnya gel. Tapi ga terlalu ngefek dimukaku, untuk kulit berjerawat lumayan ga 

memicu tumbuhnya jerawat baru. Baunya aman, packing lumayan, tapi ternyata 

isinya ga sebanyak yg terlihat 

Packaging Neutral 

Secara tekstur si oke.. But... Proses nya agak lama jadi agak kurang aja ketimbang 

sama yang brightening..tapi oke lah untuk remaja yang mungkin muka nya masih 

aman dan at least ga perlu kandungan yang macam macam dan ga berbahaya seperti 

mercuri 

Texture Neutral 

Percentage of Sentiment Labels per Aspect  

 

        Figure 3. Percentage Labels per Aspect  

As illustrated in the data distribution in Figure 3, significant variations in sentiment distribution were observed 

across the four aspect categories studied. The Effectiveness and Texture aspects demonstrated a strong dominance of 

positive user opinions. In the Effectiveness aspect, 88.16% of reviews were positive, while negative and neutral 

sentiment accounted for only 5.23% and 6.61%, respectively. This satisfaction trend was even more pronounced in 

the Texture aspect, where positive sentiment reached the highest level at 94.96%. This indicates that the product's 

physical characteristics (texture) and its skincare performance are the primary advantages of Skintific products in the 

eyes of consumers on the Female Daily platform. 

Conversely, the Price aspect presented a much more diverse and competitive perception. While positive 

sentiment still held the majority share at 52.29%, this aspect recorded the highest percentage of negative sentiment 
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compared to other aspects, at 41.60%. The high level of negative sentiment in the Price category indicates a sharp 

polarization of opinion among consumers regarding the product's economic value. Meanwhile, the Packaging aspect 

had a fairly positive sentiment trend at 72.50%, but still recorded a significant negative opinion at 22.50%. Overall, 

all aspect categories shared a similar low proportion of Neutral sentiment (below 7%), indicating that consumer 

reviews tended to be expressive and had a clear polarity (either strongly liking or disliking). 

3.3 Processing Data  

After the manual labeling stage, the 2,139 rows of data were preprocessed to clean linguistic noise and structural 

ambiguity. This text cleanup is vital for the IndoBERT model to focus strictly on core semantic information, executed 

through three streamlined phases: 

3.3.1 Case Folding  

In the preprocessing stage, case folding is performed, which is changing all letters in the text to lowercase. This process 

aims to standardize word forms so that there are no differences in representation due to variations in capitalization, 

such as "Bagus", "bagus", and "BAGUS" which have the same meaning but can be considered different by the system 

[18]. The comparative textual transformation before and after this process is exemplified in Table 4. 

Table 4. Case Folding Result 

Before (original comment) After (case folding) 

I swear, ini moisturizer kayak pelukan buat 

kulitku… 

i swear, ini moisturizer kayak pelukan buat 

kulitku...         

Sukaa banget sama teksturnyaa enak banget kalo...         sukaa banget sama teksturnyaa enak banget kalo... 

Pertama kali pake teksturnya, terasa ringan dan...            pertama kali pake teksturnya, terasa ringan dan...           

helpful bangettttttt, aku pakai ini pas kulit ... helpful bangettttttt, aku pakai ini pas kulit ...            

Aku dah lama pake skintofic ini. Aku type oily...           aku dah lama pake skintofic ini. aku type oily...              

3.3.2 Slang Normalization  

At this stage, a slang normalization process is performed to convert non-standard words commonly used in user 

comments into standard Indonesian. This process is carried out using a special dictionary containing pairs of slang 

words and their equivalents, such as "yg" becomes "yang," "gak" becomes "tidak," "bgt" becomes "banget," and 

"mantul" becomes "bagus." Replacements are performed using regular expressions with word boundaries so that only 

the appropriate word is changed without affecting other words. 

The application of slang normalization aims to standardize the variations in informal language often found in 

review data, thereby reducing the redundancy of words with similar meanings [19]. This process results in more 

consistent and structured text, which ultimately improves the quality of feature representation and supports the 

performance of classification models in subsequent stages. The concrete examples of text normalization mapping for 

informal consumer expressions are demonstrated in Table 5. 

Table 5. Slang Normalization Result 

Before (Original Comment)                                     After (Case Folding)           

I swear, ini moisturizer kayak pelukan buat kulitku… i swear ini moisturizer kayak pelukan buat kulitku.. 

Sukaa banget sama teksturnya enak baget kalo.. suka sangat sama teksturnyaa baik sangat kalo.. 

Pertama kali pake teksturnya, terasa ringan dan...            pertama kali pake teksturnya, terasa ringan dan...           

helpful bangettttttt, aku pakai ini pas kulit ...  helpful bangettttttt, aku pakai ini pas kulit ...              

Aku dah lama pake skintofic ini. Aku type oily...           aku dah lama pake skintofic ini. aku type oily...              

3.3.3 Stemming  

At this stage, the stemming process is carried out, namely changing words that have affixes into basic forms (root 

words). This process aims to simplify variations in word forms that have similar meanings so that they are represented 

in the same form [20]. For example, the word "membeli" is changed to "beli", "pemakaian" to "pakai", and 

"digunakan" to "guna". Thus, variations in words that come from one root word are not counted as different features. 

The application of stemming helps reduce the complexity and number of features in text data, so that the 

representation becomes more concise and consistent. This can improve the efficiency and performance of 

classification models in the sentiment analysis process. The explicit transformation of affixed words into their 

respective root forms is detailed in Table 6. 

Table 6. Stemming Result 

Before (Original Comment)                                      After (Case Folding)           

I swear, ini moisturizer kayak pelukan buat 

kulitku… 

i swear, ini moisturizer kayak peluk buat kulitku...         
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Before (Original Comment)                                      After (Case Folding)           

Sukaa banget sama teksturnyaa enak banget kalo...         sukaa sangat sama teksturnyaa enak banget kalo...  

Pertama kali pake teksturnya, terasa ringan dan...            pertama kali pake tekstur asa ringan dan...           

helpful bangettttttt, aku pakai ini pas kulit ...  helpful bangettttttt, aku pakai ini pas kulit ...              

Aku dah lama pake skintofic ini. Aku type oily...           aku dah lama pake skintofic ini. aku type oily...              

3.4 Data Splitting  

At this stage, data splitting is performed to divide the dataset into a training set, a validation set, and a testing set. 

Before splitting, the data is cleaned by removing rows with blank values in the aspect, label, and preprocessing result 

columns (stem_text). Next, a new variable, combined_label, is created, representing a combination of aspect categories 

and sentiment polarity (e.g., effectiveness_positive). This combination aims to build a multi-class classification 

scheme that simultaneously represents a combination of aspects and sentiment.  

The data splitting process utilizes a stratified sampling technique, a method that maintains a balanced 

distribution of each class in each data subset. At this stage, several classes with very limited data sets were identified, 

thus failing to meet the requirements for proportional distribution. Therefore, classes with insufficient frequency were 

excluded from the splitting process. This step ensures that each class used in the study has adequate representation in 

the training, validation, and testing data, allowing for more stable and objective model evaluation. After this 

adjustment process, the final total of classes used in this study was 13. Categorical labels were then converted into 

numerical form using a label encoding process so they could be processed by the classification model.  

3.5 Indo-BERT Tokenization  

At this stage, the IndoBERT model was loaded using the indobenchmark/indobert-base-p1 architecture. This model is 

a BERT-based pre-trained model trained using the Indonesian language corpus [21]. The number of classes was 

adjusted to the research classification scheme, namely 13 classes.  

The loading results showed that all the main model parameters were successfully loaded, while the weights in 

the classifier layer were reinitialized. This is normal because the layer must be adjusted to the number of classes in the 

aspect and sentiment classification tasks being performed. The tokenization process converts text into numeric 

representations according to the model's vocabulary. For example, the sentence "good skin, moist" is converted into 

ID tokens [2, 1215, 1305, 11299, 3], where the first and last tokens are special tokens used in the BERT architecture. 

With this configuration, the model is ready for the fine-tuning stage on the research dataset.  

3.6 Fine-Tuning IndoBERT  

The IndoBERT model was fine-tuned over three epochs, with evaluations at the end of each epoch. The training results 

show a consistent decrease in training loss, indicating the model's increasing ability to learn patterns in the training 

data. Meanwhile, validation loss decreased until the second epoch and increased slightly in the third, achieving the 

best performance on the validation data in the second epoch. The exact values for training loss, validation loss, and 

evaluation metrics recorded across these training iterations are detailed in Table 7.  

Table 7. Fine-Tuning IndoBERT Result  

Epoch Training Loss    Validation Loss  

1 1.471400    1.448476    

2 1.317100    1.257105  

3 1.181600    1.263037  

3.7 Model Performance Evaluation  

3.7.1 Model Performance per Aspect  

In the 80:20 data split scenario, the model exhibited vastly disparate capabilities across different categories. The best 

performance was achieved in the Effectiveness aspect (63.60% accuracy; F1-score 72.57%) and the Texture aspect 

(58.00% accuracy; F1-score 71.10%). This behavior occurs because IndoBERT's multi-head attention mechanism 

successfully leveraged the high volume of training instances in these two categories (1,301 and 496 rows, 

respectively). The large dataset allowed the transformer architecture to build stable contextual mappings between 

specific beauty terms (e.g., "moisturizing", "gel", "plump") and their respective sentiment targets. The detailed 

classification performance metrics and data split across all these evaluation categories are presented in Table 8. 

However, within these successful aspects, the model predominantly recognized positive expressions, while failing 

significantly on neutral and negative classes (F1-score of 0 for texture variants). 

This flaw is a direct consequence of an extreme intra-aspect class imbalance. For instance, in the Texture 

category, 94.96% of the data was heavily skewed toward positive labels. Because deep learning models optimize 

weight coefficients to minimize global loss, IndoBERT adapted a heavy bias toward the majority class. It chose the 

mathematically safer path of predicting positive labels rather than penalizing itself on the severely underrepresented 

negative or neutral classes. 
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Conversely, the Price aspect performed poorly (16.98% accuracy; F1 24.10%), mainly detecting the 

negative_price class. The lowest performance was observed in the Packaging aspect, yielding 0% across all evaluation 

metrics. This absolute drop in performance is not a breakdown of the IndoBERT architecture itself, but a structural 

failure caused by inadequate data volumes (only 79 rows total for Packaging). Deep transformer networks require 

massive structural representations during fine-tuning; when a specific multi-class token appears too infrequently, the 

classifier layer cannot establish a boundary threshold. Consequently, during testing, the model completely 

misclassified packaging-related phrases into more dominant aspect categories like Effectiveness. 

Table 8. Split per Aspect 

Aspect Total data Test size Accuracy(%) Precision Recall (%) F1(%) 

Effectiveness 1301 261 63.60 0.845 63.60 72.57 

Texture  496 100 58.00 0.918 58.00 71.10 

Price 262 53 16.98 0.415 16.98 24.10 

Packaging 79 16 00.00 0.000 0.00 0.00 

3.7.2 Overall Performance Model  

Based on the test results on the test set, the IndoBERT model achieved an accuracy of 52.34%, a precision of 45.61%, 

a recall of 52.34%, and an F1-score of 48.34% (weighted average). These values indicate that the model is quite 

capable of recognizing the majority classes, especially effectiveness_positive, but is still weak in classifying classes 

with small data sets such as price_neutral, packaging_negative, and texture_neutral.  

The significant difference between the weighted average and macro average indicates an imbalance in the data 

distribution between classes (class imbalance), resulting in model performance tending to be dominated by classes 

with large data sets.  

3.7.3 Comparative Analysis: Global vs. Aspect-Based Sentiment (ABSA)  

To validate the significance of this research, a performance comparison was conducted between the standard 

IndoBERT Sentiment Classifier model (without aspects) and the proposed IndoBERT ABSA model. The results of 

this comparison summarize the extent to which the models are able to provide insights beyond general ratings. 

Table 9. Comparison of Global and Aspect-Based Classification Performance 

Metric / Feature IndoBERT Sentiment (Global) IndoBERT ABSA 

Overall Accuracy 95.11% 52.34% 

Weighted F1-Score 1.00 48.34% 

Depth of Analysis Low (only global) High (multi-aspect) 

Table 9 demonstrates a significant accuracy paradox. The global sentiment model achieves near-perfect 

accuracy (95.11%), but has low functional strategic value. This is due to the overwhelming dominance of positive 

sentiment (95.11%), which masks specific customer complaints. In contrast, the proposed ABSA model, despite 

achieving 52.34% accuracy, is able to provide a more complex and truthful representation of realityAspect-based 

analysis offers advantages in detecting sentiment on specific product features. For example, global classification is 

only able to label reviews as "Positive." However, using ABSA's approach, this study successfully revealed that 

consumer satisfaction is dominated by aspects. 

 

Figure 4. Performance comparison chart: Global vs Aspect-Based Sentiment Analysis 

As clearly demonstrated in the comparative visualization in Figure 4, the fundamental difference lies in the 

model's ability to handle mixed reviews. In aspectless classification, reviews containing both praise and criticism tend 

to be lumped into positive categories due to the preponderance of positive words. The ABSA model in this study was 

able to analyze this opinion structure independently. The low accuracy in the Packaging and Price aspects in this test 
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is not a technical failure, but rather evidence of the model's success in identifying class imbalance and product 

weaknesses previously undetected by simple sentiment analysis. 

Thus, these results strengthen the argument that ABSA's IndoBERT architecture provides significantly higher 

diagnostic value for product development compared to traditional classification systems that focus solely on global 

accuracy. 

4. CONCLUSION  

This study concludes that fine-tuning the IndoBERT architecture provides a valuable and highly detailed framework 

for analyzing customer reviews in the beauty product domain. The evaluation shows that while the model excels at 

recognizing well-represented aspects like product effectiveness and texture, its performance is strictly limited by the 

severe data imbalance present in smaller categories. The main contribution of this research lies in providing a 

specialized labeled dataset of 2,139 beauty reviews and implementing a slang normalization pipeline, while 

scientifically demonstrating the "accuracy paradox"—proving that while a traditional global sentiment model yields 

a deceptively high accuracy, it completely hides critical consumer complaints regarding specific features like price or 

packaging. By utilizing an aspect-based approach, this study successfully uncovers these hidden customer insights 

and maps the clear impact of uneven data distribution on deep learning models. These findings offer an essential 

empirical baseline for future research, highlighting the necessity of applying data-balancing or loss-weighting 

techniques to ensure a more stable and reliable classification across all product aspects.  
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