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ABSTRACT  

The growth of the skincare industry and the increasing activity of consumer reviews on e-commerce platforms have 

generated large text data containing customer opinions, experiences, and perceptions. This study aims to analyze 

sentiment and identify word association patterns in Indonesian-language customer reviews of skincare products. The 

literature review covers sentiment analysis, Natural Language Processing, the IndoBERT language model, Data 

Mining, Knowledge Discovery in Databases, as well as Association Rule Mining using the Apriori algorithm. The 

research method uses a quantitative approach based on KDD, which includes Data Selection, Preprocessing, Data 

Transformation, Data Mining, and interpretation and evaluation. Data was obtained through web scraping of skincare 

product reviews on the Shopee platform, resulting in 7,320 clean reviews. Sentiment analysis was conducted using 

IndoBERT with a Hybrid Linguistic approach to handle neutral rating ambiguities. The results of the sentiment 

classification were then used as the basis for analyzing word association patterns using the Apriori algorithm for each 

sentiment category. The findings indicate that IndoBERT is capable of classifying sentiment contextually, while 

Apriori successfully uncovers word patterns that represent product aspects such as quality, effectiveness, and user 

experience. This study concludes that the integration of sentiment analysis and word association patterns provides a 

more comprehensive understanding of consumer perceptions and can be utilized as a basis for strategic decision-

making in the skincare industry. 
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1. INTRODUCTION  

 The global beauty industry has shown significant development in recent years, 

particularly in the skincare products sector. In Indonesia, the cosmetics industry is projected to 

experience growth of 7.5% during the 2021–2027 period, making Indonesia one of the fastest-

growing cosmetics markets in Asia [1]. Along with this development, e-commerce platforms have 

become the main means for consumers to purchase products as well as share their usage 

experiences through online reviews.  

 Customer reviews on e-commerce platforms contain important information regarding 

consumers' perceptions of product quality, effectiveness, price, and seller service. This information 

is part of electronic word of mouth, which can influence other consumers' purchasing decisions 

[2]. However, the very large number of reviews makes manual analysis inefficient. Moreover, the 
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star rating system often does not fully represent the content of the reviews because user comments 

contain more complex information regarding the product usage experience [3]. 

 Sentiment analysis has become a widely used approach to identify users' opinions or 

attitudes towards a product based on text data. This approach is part of Natural Language 

Processing, which enables computers to understand and process human language automatically 

[4]. The development of deep learning technology has produced various language models capable 

of understanding sentence context more effectively, one of which is IndoBERT, specifically 

developed for the Indonesian language [5]. 

 Previous research has shown that IndoBERT performs well in sentiment classification. 

Aras et al. reported that IndoBERT is capable of achieving accuracy of up to 93% in sentiment 

analysis of product reviews on the Shopee platform [6]. Another study by Jayadianti et al. indicated 

that a combination of IndoBERT and RCNN could achieve an accuracy of 95.16% on the 

IndoNLU dataset [7]. Nevertheless, most of these studies only focus on sentiment classification 

without exploring the relationships between words that appear in customer reviews.  

 To explore relationships between words in reviews, Association Rule Mining techniques 

can be used. This method aims to discover patterns of association between items in a dataset using 

support, confidence, and lift parameters [8]. The Apriori algorithm is one of the frequently used 

methods for finding frequent itemsets that form association rules [9]. Therefore, this study 

integrates sentiment analysis using IndoBERT with word association pattern analysis using the 

Apriori algorithm on Indonesian-language skincare product customer reviews to obtain a more 

comprehensive understanding of consumer perceptions. 

 

2. METHODS  

 This study uses the Knowledge Discovery in Databases (KDD) approach to extract 

knowledge from customer review data of skincare products. The KDD model consists of several 

main stages, namely data collection, preprocessing, transformation, data mining, and 

interpretation. This approach is widely used in text mining research because it can process 

unstructured text data into information that can be analyzed systematically [10]. 

 The research framework used in this study is shown in Figure 1. The research stages begin 

with the process of collecting customer review data, followed by text data preprocessing, sentiment 

classification using the IndoBERT model, and word association pattern analysis using the Apriori 

algorithm. 

 

Figure 1. Research Framework using KDD 

2.1 Data Collection 

The research data was obtained from customer reviews of skincare products on the Shopee 

e-commerce platform. Data collection was carried out using web scraping techniques to 
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automatically extract review data from web pages. This technique is widely used in sentiment 

analysis research because it is capable of collecting large amounts of text data efficiently [11]. 

The obtained dataset includes several important attributes such as username, review time, 

product rating, and customer comments. Customer reviews on e-commerce platforms are an 

important data source because they reflect consumers' experiences and perceptions of the product 

directly. The collected data is then stored in CSV (Comma Separated Values) format so that it 

can be further processed using the Python programming language. 

 

2.2 Data Preprocessing 

The preprocessing stage aims to clean the dataset of various irrelevant elements so that it can 

improve the quality of sentiment analysis. Customer review data generally contains various 

unstructured characters such as symbols, emojis, as well as non-standard language that can 

interfere with the text analysis process. 

 

The preprocessing stages conducted in this study include: 

1. Text Cleaning 

Removing irrelevant characters such as symbols, URLs, numbers, and punctuation marks. 

2. Case Folding 

Convert the entire text to lowercase to maintain data consistency. 

3. Tokenization 

Breaking down text into word units so that it can be analyzed individually. 

4. Normalization 

Converting non-standard or slang words into standard words using an Indonesian 

language dictionary. 

5. Stopword Removal 

Removing common words that do not have a significant contribution in text analysis. 

 

The preprocessing stages are very important in sentiment analysis because they can improve 

the quality of text representation and the performance of the classification model[12]. 

 

2.3 Hybrid Linguistic Labeling 

In this study, a hybrid linguistic labeling approach was used to determine sentiment labels on 

customer reviews. This approach combines product rating information with review text content 

analysis, enabling it to address ambiguities that often arise in neutral ratings.  

For example, a review with a high rating but containing negative words can be re-categorized 

based on the context of the text. The hybrid labeling approach has been proven to improve the 

quality of datasets in sentiment analysis based on transformers such as IndoBERT [13]. 

 

2.4 Sentiment Classification Using IndoBERT 

After the preprocessing process is completed, the next stage is sentiment classification using 

the IndoBERT model. IndoBERT is a transformer-based language model specifically developed 

for the Indonesian language, allowing it to understand local linguistic contexts better compared 

to multilingual models. 

This model uses the Bidirectional Encoder Representations from Transformers (BERT) 

architecture, which enables the system to understand the context of words from both directions 



ISSN: 2774-3993 

 

286 

 
 

within a sentence. This approach has been proven to improve sentiment classification accuracy 

compared to conventional machine learning methods [14], [15]. 

 

The stages of sentiment classification are carried out through the following steps: 

1. Text tokenization using the IndoBERT tokenizer 

2. Conversion of text into numerical representations 

3. Sentiment label prediction by the model 

4. Grouping of sentiment results into positive, neutral, and negative categories 

 

The results of this classification are then used as the basis for analyzing word association 

patterns in the next stage. 

 

2.5 Association Rule Mining Using Apriori 

To find the relationships between words that frequently appear in customer reviews, the 

Association Rule Mining method is used with the Apriori algorithm. This method is employed 

to identify patterns of association between items in large datasets through the identification of 

frequent itemsets. 

 

Association rules are usually expressed in the form of : 

 

X → Y 

 

Where X and Y are sets of items that have an association relationship in the dataset [16]. The 

Apriori algorithm uses three main parameters, namely support, confidence, and lift, to evaluate 

the strength of association rules. 

 

Support 

 

Support indicates how frequently an itemset appears in the dataset. 

 

𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐴 => 𝐵) =
𝑇ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑡ℎ𝑎𝑡 𝑐𝑜𝑛𝑡𝑎𝑖𝑛 (𝐴 ∪𝐵)

𝑇𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠
   (1) 

 

Support is used to determine whether an itemset is considered frequent or not [17]. 

 

Confidence 

 

Confidence indicates the probability of item Y appearing when item X appears. 

 

𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 (𝐴 => 𝐵) =
𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐴 ∪𝐵)

𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (A)
 = 

𝑇ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑡ℎ𝑎𝑡 𝑐𝑜𝑛𝑡𝑎𝑖𝑛 (𝐴 ∪𝐵)

𝑇ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑡ℎ𝑎𝑡 𝑐𝑜𝑛𝑡𝑎𝑖𝑛 (𝐴)
   (2) 

    

A high confidence value indicates a strong relationship between two items [18]. 

 

Lift 

 

Lift is used to measure the strength of association between two items compared to their 

random occurrence. 
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𝐿𝑖𝑓𝑡 (𝐴 => 𝐵) =
𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 (𝐴 =>𝐵)

𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐵)
=

𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐴 ∪𝐵)

𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐴) 𝑋 𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐵)
   (3) 

 

A lift value greater than 1 indicates the presence of a strong associative relationship between 

two items [19]. 

 

2.6 Apriori Parameters 

The parameters used in this study are shown in the following table.  

 
Table 1. Apriori Parameters 

Sentiment 
Minimum 

Support 

Minimum 

Confidence 

Positive 0.10 0.80 

Negative 0.02 0.90 

Neutral 0.10 0.80 

 

The determination of these parameter values aims to produce association rules that have 

strong and relevant relationships within the dataset. 

 

 

3. RESULTS AND DISCUSSION  

 This section presents the analysis results based on the research stages described in the 

methodology. The analysis process begins with the collection and selection of customer review 

datasets for skincare products, followed by text preprocessing, data transformation to form ground 

truth labels using a hybrid linguistic approach, sentiment classification using IndoBERT, and word 

association pattern analysis using the Apriori algorithm. All these stages are conducted to obtain 

a more comprehensive understanding of consumer perceptions of skincare products. 

 

3.1 Data Selection  

Data collection was conducted through a web scraping process on the e-commerce platform 

Shopee using the Shopee Reviews Extractor extension on the Chrome browser. The data 

collected included customer reviews on various skincare products with ratings ranging from one 

star to five stars. 

The crawling process produced an initial dataset of 10,067 customer reviews. This dataset 

then underwent an initial cleaning stage by removing data that did not have a rating or comment. 

After the initial cleaning process was carried out, the number of datasets used in the study became 

7,933 reviews. 

The dataset used in this study consists of several main attributes such as product name, 

username, review time, rating, and the content of customer comments. The dataset variables used 

in the study are shown in the following table. 

Based on the identification results in the Item column, the research dataset includes 133 types 

of skincare products from various brands available on the Shopee platform. All of these reviews 

were then combined into a single dataset for overall analysis. 
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Table 2. Dataset Variables 

Variable Description 

Item Product name on the review page 

Username Reviewer’s username 

Time Time of review upload 

Rating User satisfaction rating on a scale of 1–5 

Comment Review/comment content in text form 

 

3.2 Preprocessing 

The customer review dataset obtained from the scraping process still contains various 

unstructured characters such as symbols, punctuation marks, emojis, and non-standard words. 

Therefore, a preprocessing stage is required to clean the data before performing sentiment 

analysis.  

An example of the preprocessing results is shown in the following table. 

 
Table 3. Example of Preprocessing Results 

Comment 

Tekstur:💦💦💦💦 Kandungan:✨✨ Efektivitas:🧖‍♀️🧖‍♀️🧖‍♀️🧖‍♀️🧖‍♀️ 

Alhamdulillah barang sudah sampe rumah dengan selamat, packing nya aman 

banget.. Sudah jadi langganan disini 😘 

cleaning 
Tekstur Kandungan Efektivitas Alhamdulillah barang sudah sampe rumah dengan 

selamat packing nya aman banget Sudah jadi langganan disini 

case_folding 
tekstur kandungan efektivitas alhamdulillah barang sudah sampe rumah dengan 

selamat packing nya aman banget sudah jadi langganan disini 

tokenization 

[‘tekstur’, ‘kandungan’, ‘efektivitas’, ‘alhamdulillah’, ‘barang’, ‘sudah’, ‘sampe’, 

‘rumah’, ‘dengan’, ‘selamat’, ‘packing’, ‘nya’, ‘aman’, ‘banget’, ‘sudah’, ‘jadi’, 

‘langganan’, ‘disini’] 

normalization 

[‘tekstur’, ‘kandungan’, ‘efektivitas’, ‘alhamdulillah’, ‘barang’, ‘sudah’, ‘sampai’, 

‘rumah’, ‘dengan’, ‘selamat’, ‘packing’, ‘nya’, ‘aman’, ‘banget’, ‘sudah’, ‘jadi’, 

‘langganan’, ‘disini’] 

final_clean_text 
tekstur kandung efektivitas alhamdulillah barang rumah selamat packing nya aman 

banget langgan 

 

After the preprocessing stage is completed, the text dataset becomes cleaner and is ready to 

be used in the data transformation process. 

 

 

3.3 Data Transformation and Ground Truth Labeling 

The data transformation stage aims to create ground truth labels used in the sentiment 

classification model training process. At this stage, initial labeling is carried out based on product 

rating values.  
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The initial labels are determined using the following rules: 

 
Table 4. Initial Distribution Label 

Rating Label Data Quantity 

4 – 5 Positive 3961 

3 Neutral 2080 

1 – 2 Negative 1279 

Total 7320 

 

This distribution shows that the majority of customer reviews have a positive sentiment based 

on product ratings. The use of ratings as sentiment labels has limitations because they do not 

always accurately represent the content of the reviews. For example, some reviews with a rating 

of 3 may contain ambiguous positive or negative opinions. 

Therefore, this study employs a Hybrid Linguistic approach to handle reviews with neutral 

ratings. This approach combines rating information with text content analysis using the 

IndoBERT model to determine the final sentiment label. 

 

This process produces two types of datasets, namely: 

1. Strong labels, which are data with clear ratings representing sentiment 

2. Weak labels, which are data with ambiguous ratings that require model classification 

 

The dataset with strong labels is then used as training data in the sentiment classification 

process using IndoBERT. 

 

3.4 Sentiment Classification Using IndoBERT 

The next stage is sentiment classification using the IndoBERT model. This model is 

employed because it has a better capability to understand Indonesian language context compared 

to multilingual language models. 

The IndoBERT model is trained using a dataset of strong labels that was generated in the data 

transformation stage. The dataset is then divided into training data and test data to evaluate the 

model's performance. 

 
Table 5. Training Data and Test Data Distribution (Strong labels) 

Type of Data Data Quantity 

Training Data 4.832 

Test Data 1.209 

Total 6.041 
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The model evaluation results are presented using a confusion matrix. 

 
Figure 2. Confusion Matrix Strong Labels 

Based on the evaluation results, the IndoBERT model is capable of classifying customer 

review sentiments contextually. The hybrid linguistic approach also improves the quality of data 

labeling, especially for reviews with neutral ratings that were previously ambiguous. 

The final sentiment distribution after the classification process is shown in the following 

graph. 

 

Figure 3. Sentiment Distribution Hybrid Linguistic 

These results indicate that the hybrid linguistic approach produces a more representative 

sentiment distribution compared to rating-based labeling alone. 

 

3.5 Word Association Pattern Using Apriori 

After the final sentiment labels are obtained, the dataset is then grouped based on sentiment 

categories, namely positive, neutral, and negative. Each sentiment group is then analyzed using 

the Apriori algorithm to find association patterns of words that frequently appear in customer 

reviews. 
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The analysis process uses the minimum support and confidence parameters that were 

determined in the research method stage. 

 
Table 6. Results of Rules per sentiment 

Label antecedents consequent support confidence lift 

Positive moga cocok 0.199 0.812 1.67 

Negative ada enggak 0.022 1.938 14.4 

Neutral barang bagus 0.121 0.8 5.28 

 

The results of the association rules analysis indicate that each sentiment category has a 

different word pattern. In positive sentiment, the association rule formed is “moga → cocok” 

with a support value of 0.199, confidence of 0.81, and lift of 1.67. This pattern shows that positive 

reviews often contain expressions of hope regarding the suitability of the product for the user's 

skin condition. 

In negative sentiment, the rule “ada → enggak” has a support value of 0.022, confidence of 

0.94, and lift of 14.37. This pattern indicates the presence of word associations that describe 

discrepancies or dissatisfaction with a product or service. 

Meanwhile, in neutral sentiment, the rule “barang → bagus” appears with a support value of 

0.12, confidence of 0.8, and lift of 5.28. Although the word “bagus” is generally associated with 

positive sentiment, in the context of neutral reviews, it is often used descriptively without 

indicating strong satisfaction. 

 

CONCLUSION  

This study successfully analyzed customer sentiment in skincare product reviews using the 

IndoBERT model and identified word association patterns using the Apriori algorithm. The hybrid 

linguistic approach applied during the labeling stage was able to overcome ambiguity in neutral 

ratings, thereby producing a more representative ground truth before sentiment classification was 

performed. 

The classification results indicate that IndoBERT is capable of contextually identifying 

customer review sentiments. Furthermore, the association rule mining analysis successfully 

discovered patterns of word relationships within each sentiment category, reflecting users' 

experiences with skincare products. These findings suggest that the integration of sentiment 

analysis and word association can provide a more comprehensive understanding of consumer 

perceptions of products. 

Future research can develop this approach by using larger datasets or review sources from 

various digital platforms so that the analysis results have a broader scope. 
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