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Abstract: Advances in information technology have encouraged the implementation of 

recommendation systems in various fields, including beauty and skincare. Selecting skincare 

products that are not suitable for an individual's skin type and condition may reduce treatment 

effectiveness and potentially lead to skin problems. Dermakila Clinic offers a wide range of skincare 

products with diverse characteristics, creating a need for a system that can assist users in selecting 

products that best suit their skin needs. This study aims to implement the Naïve Bayes method in 

developing a skincare product recommendation system based on user characteristics, including age 

range, gender, skin type, and skin concerns. The research applies a Data Mining approach using 

the Naïve Bayes classification algorithm. The dataset consists of 960 skincare product records that 

have undergone preprocessing and data transformation stages. The system was developed as a web-

based application to provide users with fast and accurate product recommendations. The 

experimental results demonstrate that the Naïve Bayes method achieved an accuracy of 88%, with 

a precision of 89%, a recall of 88%, and an F1-score of 88%. These findings indicate that the Naïve 

Bayes method is effective for implementing a skincare product recommendation system at Dermakila 

Clinic. 
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1. Introduction 

The rapid development of information technology has driven the application of intelligent 

systems across various fields, including the beauty and skincare sector. One widely used 

implementation is the recommendation system, which functions to assist users in determining 

choices based on their characteristics and needs. In skincare, selecting products that do not 

match one's skin type and condition can reduce treatment effectiveness and potentially cause 

various skin problems, such as acne, irritation, dehydration, and excessive oil production. 

Therefore, a system is needed that can provide accurate and objective skincare product 

recommendations to help users obtain products suitable for their skin condition. 

Dermakila Clinic is a beauty clinic that offers a variety of skincare products with diverse 

characteristics and benefits. The large number of available product options often makes it 

difficult for users to determine the products that best suit their skin needs. In addition, the 

product selection process still relies on direct consultation with experts, which requires 

considerable time and resources. This condition indicates the need for a recommendation 

system that can help users obtain product recommendations quickly, accurately, and efficiently. 

Furthermore, the implementation of web-based information systems has been shown to improve 

service efficiency, data management, and user accessibility across various application domains 

[1] 
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Various approaches have been developed to build recommendation systems, including 

collaborative filtering, which generates recommendations by measuring the similarity between 

users or items. This approach has been widely applied in recommendation systems and has 

demonstrated promising performance in generating personalized recommendations [2]. In the 

development of recommendation systems, one widely used method is Naïve Bayes. According 

to [3], the Naïve Bayes method is a classification algorithm that applies Bayes' Theorem to 

calculate the probability of a class based on the attributes possessed by the data. This method 

is widely used because of its simple and efficient computation process and its ability to produce 

good accuracy for various classification problems. Recent studies have also demonstrated that 

the Naïve Bayes algorithm remains a competitive classification method, achieving effective 

performance in comparison with other machine learning algorithms such as Support Vector 

Machine (SVM) and K-Nearest Neighbor (KNN) in text classification tasks [4]. This method 

is also widely applied in the field of data mining owing to its simple and efficient computation 

process and its ability to yield good accuracy across various classification problems. These 

capabilities make Naïve Bayes a relevant method for application in skincare product 

recommendation systems based on user characteristics. 

Several previous studies have shown that the Naïve Bayes method performs well in 

classification and recommendation system problems. Applied the Naïve Bayes algorithm to a 

skincare product recommendation system based on skin type and obtained good classification 

results [5]. However, this study differs from previous research in several important aspects. The 

previous study developed a skincare recommendation system using data collected through 
observations, interviews, and customer surveys, combined with ingredient recommendations 

based on skin type. In contrast, the proposed study utilizes a dataset of 960 skincare 

recommendation records obtained from Dermakila Clinic. Furthermore, this study employs a 

more comprehensive set of predictive attributes, including age range, gender, skin type, and 

eleven skin complaint indicators, namely acne, blackheads, enlarged pores, excess oil, dull skin, 

dark spots, redness, irritation, dry skin, dehydration, and small bumps. The recommendation 

results are classified into twelve skincare product classes and implemented in a web-based 

recommendation system. The performance of the proposed model is evaluated using a 

confusion matrix with accuracy, precision, recall, and F1-score metrics. Therefore, this study 

provides a more comprehensive and personalized skincare product recommendation model by 

considering multiple user characteristics and skin conditions.  

In addition, [6] used the Naïve Bayes method to identify facial skin types for skincare product 

selection and demonstrated that the algorithm can effectively support the decision-making 

process. In another study, [7] applied the Naïve Bayes method to classify sentiment in skincare 

product reviews and obtained effective results in grouping review data. Similar results were 

also shown by [8], who applied Naïve Bayes to sentiment analysis of beauty products based on 

user reviews. Beyond the skincare field, [9] demonstrated that the Naïve Bayes method is 

capable of generating product recommendations based on user characteristics with a good level 

of accuracy. These findings indicate that the Naïve Bayes algorithm has strong capability in 

processing attribute-based data to produce accurate classifications and recommendations . 

Although various studies have applied the Naïve Bayes method to recommendation systems 

and skincare data analysis, most of these studies have focused on sentiment analysis, skin type 

identification, or product recommendation for different research objects. Research specifically 

addressing skincare product recommendations based on user characteristics—including age 

range, gender, skin type, and skin complaints—at Dermakila Clinic remains limited. Recent 

studies have also demonstrated that web-based recommendation systems continue to evolve by 

incorporating various intelligent recommendation techniques to generate more personalized 

recommendations based on user characteristics. This indicates that recommendation systems 
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remain an active research area with broad applications across different domains. Therefore, this 

study was conducted to fill this research gap through the development of a web-based skincare 

product recommendation system using the Naïve Bayes algorithm. 

This study aims to apply the Naïve Bayes method in building a skincare product 

recommendation system for Dermakila Clinic and to evaluate the performance of the resulting 

model. The results of this study are expected to help users select skincare products that suit their 

skin characteristics and to support the improvement of consultation service effectiveness at 

Dermakila Clinic. 

2.Methods 

The research method used in this study consists of several interrelated stages to produce a 

skincare product recommendation system based on the Naïve Bayes method. The research 

stages begin with the collection of a dataset from Dermakila Clinic containing information on 

user characteristics and skincare product recommendations. The obtained data then undergoes 

a preprocessing stage to ensure data quality and consistency before being used in the 

classification process [10]. 

After the preprocessing stage is completed, the dataset is divided into training data and testing 

data using a data splitting method. The training data is used to build the Naïve Bayes 

classification model, while the testing data is used to measure the model's ability to provide 

appropriate skincare product recommendations. Subsequently, the classification results are 

evaluated using a confusion matrix to determine the model's performance level based on the 

values of accuracy, precision, recall, and F1-Score. The overall sequence of research stages is 

shown in Figure 1. 
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Figure 1. Research Methodology Flow 

Dataset 

The data preparation stage begins with the collection of a dataset obtained from Dermakila 

Clinic. The dataset used consists of 960 data entries and contains information on user 

characteristics as well as the recommended skincare products. User characteristics consist of 

attributes for age range, gender, and skin type, along with ten skin condition attributes 

represented in binary form (0 and 1), namely acne, blackheads, enlarged pores, excess oil, dull 

skin, dark spots, redness, irritation, dry skin, dehydration, and small bumps (fungal acne). 

Meanwhile, the skincare product attribute is used as the class (target) in the classification 

process [11]. The description of the attributes used in this study is shown in Table 1. 
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Table 1. Description Attribute Dataset Dermakila Clinic 

Attribute Data Type Description 

Age range Categorical 13–15, 16–20, 21–25, etc. 

Gender Categorical Male, Female 

Skin type Categorical Normal, Oily, Dry, Sensitive, Combination 

Skin complaints Binary 1 = Yes, 0 = No 

Product Label Acne Series, Brightening Series, etc. 

 

The collected dataset was subsequently prepared for the preprocessing stage before being used 

to build the Naïve Bayes classification model [12]. Due to space limitations in this article, Table 

2 only displays a portion of the data as a representative sample of the total 960 data used. 

Data Preprocessing 

The data preprocessing stage was carried out to improve data quality before it was used in the 

Naïve Bayes model training process [13]. This process includes data cleaning, data 

transformation, label encoding, and dataset splitting. Data cleaning was performed by checking 

data completeness and removing duplicate data or data that did not meet the research 

requirements. The next stage was the transformation of categorical data using the label encoding 

technique. The attributes of age range, gender, skin type, and skincare product were converted 

into numerical form so that they could be processed by the Naïve Bayes algorithm. After all 

data had been successfully transformed, the dataset was divided into training data and testing 

data using the holdout method with an 80:20 ratio. A total of 80% of the data was used for the 

model training process, while 20% of the data was used for the testing and performance 

evaluation process. The preprocessing results produced a dataset ready for use in the 

classification and skincare product recommendation process. 

Data Splitting 

In the data splitting stage, the dataset was divided into two parts, namely training data and 

testing data, with an 80:20 ratio. This ratio was chosen because it is a commonly used approach 

in machine learning modeling and is able to provide a balance between the model training and 

testing processes. The selection of the composition of training data and testing data is a factor 

that can affect the performance of the classification model, so the determination of the data 

splitting ratio needs to be carried out appropriately [14]. A total of 80% of the data was used as 

training data so that the Naïve Bayes model could learn the pattern of relationships between 

user characteristics and the recommended skincare products. Meanwhile, the remaining 20% 

of the data was used as testing data to evaluate the model's performance in providing skincare 

product recommendations. Of the total 960 data used, 768 data were allocated as training data 

and 192 data as testing data. The testing data was used to provide an objective assessment of 

the model's ability to generate skincare product recommendations based on user characteristics 

that had not been previously learned. 

Naïve Bayes 

At this stage, the model was built using training data that had undergone the preprocessing 

process. The Naïve Bayes algorithm was used to perform classification and generate skincare 

product recommendations based on user characteristics, including age range, gender, skin type, 

and skin complaints. The Naïve Bayes method is a classification algorithm based on Bayes' 

Theorem, which assumes that each attribute is independent of the other attributes. 
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This algorithm works by calculating the probability of a class occurring based on the attributes 

possessed by the input data. The class with the highest probability value is selected as the 

skincare product recommendation result. The Naïve Bayes method was chosen because it has 

a simple computation process, is capable of handling categorical data well, and has fairly 

effective performance in various classification problems [15]. Probability calculations are 

performed based on the training data available in the system, and Bayesian prediction is based 

on Bayes' theorem with the following general formula [16]. The formula for the Naïve Bayes 

method used in this study is: 

P(H|X) =
P(X|H)⋅P(H)

P(X)
     (1) 

Confusion Matrix 

Model evaluation was carried out using a confusion matrix to measure the performance of the 

Naïve Bayes algorithm in generating skincare product recommendations. The measurement was 

carried out using the metrics of accuracy, precision, recall, and F1-Score. Accuracy was used 

to measure the overall accuracy of the recommendations, while precision and recall were used 

to evaluate the model's ability to recommend skincare products that match user characteristics. 

In addition, F1-Score was used to measure the balance between precision and recall so as to 

provide a more comprehensive picture of the model's performance. The evaluation formulas 

used to calculate accuracy, precision, recall, and F1-Score are shown in the following equations. 

a. Accuracy 

Accuracy is used to measure the model's performance based on the proportion of data 

correctly classified relative to the total data tested. In multiclass classification cases, the 

accuracy calculation is expressed through equation (2) [17]. 

Accuracy = 
TP + TN

TP + TN + FP + FN
    (2) 

 

b. Precision 

Precision measures the accuracy of the positive predictions generated by the classification 

model. The precision value can be calculated using equation (3) [18] 

Precision = 
TP

TP + FP
     (3) 

 

c. Recall 

Recall measures the model's success rate in identifying data belonging to the positive class. 

The recall value can be calculated using equation (4) [19] 

Recall = 
𝑇𝑃

TP + FN
     (4) 

d. F1-Score 

F1-Score is an evaluation metric that combines precision and recall through their harmonic 

mean to assess model performance in a balanced manner. The F1-Score value can be 

calculated using equation (5). 

F1-Score =
2 × (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
     (5) 

 

3. Results and Discussion 

Dataset  

The dataset used in this study consists of 960 skincare recommendation records obtained from 

Dermakila Clinic. The data were collected from historical customer consultation records 

containing user characteristics, including age range, gender, skin type, skin concerns, and the 

corresponding skincare product recommendations, which served as the target classes in the 

Naïve Bayes classification model. Before being used for model development, all records were 
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anonymized to protect customer privacy and underwent data selection and preprocessing to 

ensure completeness and consistency. The recommendation labels were derived from skincare 

products recommended during routine consultation services provided by experienced 

beauticians and therapists at Dermakila Clinic. These consultation services are conducted 

following the clinic's standard skincare procedures under the supervision of a dermatologist. 

The skincare products used as the target classes are presented in Table 3. 

 
Table 2. Target Skincare Product Classes 

Product Skincare 

Acne Series 

Serum Exfoliating 

Hydroprotect Barrier Serum 

Probiotic Skin Defence Serum 

Barrier Moist Cream 

Brightening Night Cream 

Serum Vitamin C 

RetiWhite Night Cream 

Derma Acne Facial Wash 

Derma Bright Facial Wash 

Derma Liquid Cleanser 

Cover Up Sunscreen  

To prevent the classification model from being biased toward a particular product class, a 

balanced dataset was constructed by selecting 80 records for each of the twelve skincare product 

classes. This sampling strategy ensured equal class representation during model training and 

evaluation, thereby improving the fairness and reliability of the classification results. In this 

study, the recommendation problem was formulated as a single-label classification task. Each 

consultation record was associated with one primary skincare product recommended during the 

consultation process at Dermakila Clinic. Therefore, each data instance contained only one 

target class, and the Categorical Naïve Bayes model was trained to predict a single skincare 

product based on the user's characteristics and skin concerns. The recommendation provided 

by the system is intended to represent the primary product recommendation rather than a 

complete skincare routine or a combination of multiple products. 

 

Preprocessing Data 

The preprocessing stage was carried out to prepare the dataset before it was used in the training 

and testing of the Naïve Bayes model. The research dataset consisted of 960 data entries 

containing the attributes of age range, gender, skin type, various skin complaints such as acne, 

blackheads, enlarged pores, excess oil, redness, irritation, dark spots, dull skin, dry skin, 

dehydration, and small bumps (fungal acne), as well as skincare products as the target class. At 

this stage, data quality checks were performed to ensure data completeness and the 

appropriateness of the format of each attribute. The categorical attributes, namely age range, 

gender, skin type, and skincare product, were transformed into numerical form using the Label 

Encoding technique so that they could be processed by the Categorical Naïve Bayes algorithm. 

The encoded values were used solely as categorical identifiers required by the classifier and 

were not interpreted as continuous numerical or ordinal values. Furthermore, duplicate records 

were identified and removed during the preprocessing stage before the dataset was divided into 

training and testing subsets. This procedure was performed to prevent duplicate-data leakage, 

ensuring that identical records did not appear simultaneously in both subsets. The preprocessing 

results showed that all data had been successfully transformed and were ready to be used in the 

data splitting stage and the model training process. 
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Data Splitting 

In the data splitting stage, the preprocessed dataset was divided into two subsets, namely 

training data and testing data, using the train_test_split function with an 80:20 ratio. A total of 

768 records (80%) were allocated to the training set, while the remaining 192 records (20%) 

were assigned to the testing set. The parameter random_state = 42 was applied to ensure the 

reproducibility of the experimental results, while stratified sampling (stratify = y) was 

employed to preserve the class distribution in both subsets. Since a balanced dataset was used, 

each of the twelve skincare product classes consisted of 64 training records and 16 testing 

records after the splitting process. The training dataset was used to build the Categorical Naïve 

Bayes classification model, whereas the testing dataset was used to evaluate the model's 

performance on previously unseen data [20]. 

 

Naïve Bayes Classification 

In the classification stage, the testing data was processed using the Naïve Bayes model that had 

been built from the training data. The model performed predictions on each data entry based on 

the attributes used in the study, namely age range, gender, skin type, and the various skin 

conditions experienced by the user. Based on the probability calculation process, the system 

determines the class with the highest posterior probability value as the prediction result [21]. 

This study employed the Categorical Naïve Bayes (CategoricalNB) algorithm implemented in 
the Scikit-learn library because all predictor variables were categorical after the preprocessing 

stage. The classifier used the default Laplace smoothing parameter (alpha = 1.0) to prevent zero 

probability estimates for unseen categorical feature values, thereby improving the robustness 

of the classification process. 

The classification results show that the Categorical Naïve Bayes model was able to identify the 

relationships between user characteristics and appropriate skincare products. Each testing 

instance was classified into one of the twelve skincare product classes based on the highest 

posterior probability. The prediction results were subsequently used as the basis for evaluating 

the model's performance using the metrics of accuracy, precision, recall, and F1-Score [22]. 

The classification performance was evaluated using the classification_report function from the 

Scikit-learn library. Precision, recall, and F1-score were calculated for each skincare product 

class, together with the macro average and weighted average values to provide a comprehensive 

evaluation of the proposed model. 

 
Table 3. Classification Performance for Each Skincare Product Class 

Skincare Product Precision Recall F1-score Support 

Acne Series 0.93 0.81 0.87 16 

Serum Exfoliating 1.00 1.00 1.00 16 

Hydroprotect 

Barrier Serum 

0.57 0.50 0.53 16 

Probiotic Skin 

Defence Serum 

1.00 0.94 0.97 16 

Barrier Moist 

Cream 

1.00 0.94 0.97 16 

Brightening Night 

Cream 

0.93 0.88 0.90 16 

Serum Vitamin C 1.00 0.94 0.97 16 

RetiWhite Night 

Cream 

1.00 0.94 0.97 16 
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Derma Acne Facial 

Wash 

0.89 1.00 0.94 16 

Derma Bright 

Facial Wash 

1.00 0.94 0.97 16 

Derma Liquid 

Cleanser 

0.84 1.00 0.91 16 

Cover Up 

Sunscreen 

0.52 0.69 0.59 16 

Accuracy   0.88 192 

Macro avg 0.89 0.88 0.88 192 

Weighted avg 0.89 0.88 0.88 192 

 

Table 3 presents the classification performance for each skincare product class. Most skincare 

product classes achieved high precision, recall, and F1-score values, indicating that the 

proposed Categorical Naïve Bayes model was able to classify skincare recommendations 

accurately. Several product classes, such as Hydroprotect Barrier Serum and Cover Up 

Sunscreen, obtained relatively lower F1-score values of 0.53 and 0.59, respectively. This 

indicates that these classes share similar user characteristics and skin concern attributes with 

other product classes, making them more difficult to distinguish. Overall, the proposed model 

achieved a macro-average precision of 0.89, recall of 0.88, and F1-score of 0.88. Since the 

dataset was balanced, the weighted-average values were identical to the macro-average values, 

indicating consistent classification performance across all product classes. 

 

Confusion Matrix 

Model performance evaluation was carried out using a confusion matrix to determine the ability 

of the Naïve Bayes algorithm to classify data into the appropriate skincare product classes. The 

confusion matrix was used to compare the prediction results generated by the model with the 

actual classes in the testing data. Through this method, it is possible to determine the number 

of data correctly classified as well as the data that experienced classification errors for each 

skincare product class. 

Based on the test results on 192 testing data, most of the data were correctly classified. This is 

indicated by the dominance of values along the main diagonal of the matrix, which represents 

the number of predictions that match the actual class. The confusion matrix was interpreted by 

examining the values of true positive, true negative, false positive, and false negative so that 

the performance of the classification model could be determined [23], [24]. Although there 

were still several classification errors in some skincare product classes, the number of correct 

predictions was more dominant compared to incorrect predictions. The confusion matrix results 

indicate that the Naïve Bayes model has a good ability to recognize the pattern of relationships 

between user characteristics and the recommended skincare products. 
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Figure 2. Confusion Matrix of Naïve Bayes Classification Results 

 

Discussion 

The proposed recommendation system was designed to predict a single primary skincare 

product based on the consultation records available in the dataset. Therefore, the 

recommendation generated by the system represents the primary product recommended for a 

user's skin condition rather than a complete skincare routine. The current model does not 

explicitly consider additional clinical factors such as ingredient compatibility, allergy history, 

contraindications, or combinations of complementary skincare products because these variables 

were not available in the dataset used in this study. Future research may incorporate these 

clinical factors and adopt a multi-label recommendation approach to provide more 

comprehensive and personalized skincare recommendations. 

 

4. Conclusions 

The results of this study demonstrate that the proposed Categorical Naïve Bayes model was 

able to classify skincare product recommendations based on user characteristics, achieving an 

accuracy of 88%, with a precision of 89%, recall of 88%, and F1-score of 88%. These results 

indicate that the proposed approach shows promising performance for supporting skincare 

product recommendations within the scope of the dataset used in this study.  

However, this study has several limitations. First, the dataset was collected from consultation 

records at a single skincare clinic, which may limit the generalizability of the proposed model 

to other clinical settings. Second, the recommendation labels were derived from routine 

consultation records conducted under dermatologist supervision and were not independently 

validated by dermatology experts specifically for this study. Third, the model evaluation was 

performed using the holdout validation method with an 80:20 data split. Finally, the proposed 

system focuses on predicting the primary skincare product recommendation and does not 

evaluate clinical safety aspects such as ingredient compatibility, allergy history, 

contraindications, or multi-product skincare combinations. Future research should incorporate 

larger multi-clinic datasets, additional clinical variables, and more robust validation methods to 

improve the reliability and applicability of the recommendation system. 
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