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ABSTRACT 

The Indonesian e-commerce market has experienced extraordinary growth, 

driven by increasing internet penetration and smartphone adoption, which 

necessitates advanced data analysis for competitive advantage. Clustering is a 

crucial data mining technique used to group products based on similar 

characteristics, providing in-depth insights into product performance. Previous 

studies often focused on single performance metrics, overlooking the nuances of 

combining multiple variables. This study aims to address this gap by 

implementing and comparing the K-Means and K-Medoids clustering 

algorithms on Tokopedia product data using a combination of numerical 

attributes: Price, Customer Rating, Number Sold, and Total Review. The 

methodology involved data preprocessing, Min-Max Scaling for normalization, 

and using the Elbow Method to determine the optimal number of clusters, which 

was found to be K=2. The clustering quality was rigorously evaluated using the 

Davies-Bouldin Index (DBI) and Silhouette Score. The results demonstrate that 

K-Means exhibits superior performance, achieving a lower DBI of 0.5717 and a 

higher Silhouette Score of 0.6012, compared to K-Medoids (DBI: 0.5870; 

Silhouette Score: 0.5857). Furthermore, K-Means proved significantly more 

efficient computationally, with an execution time of 0.0947 seconds versus 

0.1622 seconds for K-Medoids. The main conclusion is that K-Means is more 

effective in creating compact and clearly separated clusters. This research 

contributes a valuable analytical framework for e-commerce managers to 

comprehensively understand product profiles, guiding more effective marketing 

and recommendation strategies. 
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INTRODUCTION 

The e-commerce market in Indonesia has experienced tremendous growth over the past decade, driven by 

increasing internet penetration and smartphone adoption (V. K. Sari & Nasution, 2024). Increasingly inclusive digital 

access allows consumers from even remote areas to shop online with ease. Major e-commerce platforms such as 

Tokopedia and Shopee have played a significant role in the digitalization of Micro, Small, and Medium Enterprises 

(MSMEs), contributing significantly to their revenue and market reach (Purba et al., 2025). Overall, this trend has not 

only changed people's consumption patterns but also propelled Indonesia's digital economy to become a major force in 

Southeast Asia.  

In a competitive e-commerce ecosystem, platform providers compete not only on the number of products or 

prices, but also on the quality of user experience and personalized services. The use of AI-based automated 

recommendation systems has become a crucial strategy for increasing user interaction and driving sales. One of the 

most commonly used methods to achieve this personalization is clustering, a data analysis technique that groups data 

based on similar characteristics without requiring specific class labels (Gymnastiar & Bahtiar, 2024).  

Although clustering has been widely applied in e-commerce, most previous studies tend to focus on only one 

performance attribute, such as sales levels (Harjono et al., 2023) or product ratings (Rahman & Suroyo, 2021). This gap 

ignores the potential insights that can be gained from multivariate analysis, where high ratings do not always correlate 

with high sales (Rahman & Suroyo, 2021). For example, a product may have a perfect rating but very low sales, or vice 

versa. Therefore, the lack of a holistic approach that integrates several product performance attributes, such as ratings 

and sales volume simultaneously, is a critical gap in e-commerce literature. This study aims to address this gap by 

exploring how the combination of these attributes can produce more relevant and nuanced product groupings. 

As part of the solution, this study implements and compares two popular clustering algorithms, namely K-Means 

and K-Medoids. By combining both variables, this study is expected to identify a more holistic product grouping. The 

main contribution of this study is to provide a new framework for e-commerce managers to understand product 

performance more comprehensively, which can ultimately guide more effective marketing strategies and 

recommendation systems. 
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LITERATURE REVIEW 

Clustering is a data mining technique used to group data into clusters based on similar characteristics. This 

method falls under the category of unsupervised learning because the clustering process does not require class labels on 

the analyzed data (Hermawati et al., 2020). In general, clustering is divided into two categories: hierarchical and non-

hierarchical. Hierarchical clustering forms a hierarchical structure, while non-hierarchical methods directly group data 

into a number of predefined clusters (Saputri & Arianto, 2023). The use of non-hierarchical methods is more efficient 

for large datasets, while hierarchical methods tend to be sensitive to noise and outliers.  

In the clustering approach, two popular algorithms used are K-Means and K-Medoids (Hermawati et al., 2020). 

The K-Means method groups data by considering the proximity between data based on Euclidean distance, while the K-

Medoids algorithm focuses on finding medoids in each cluster, which are points that represent the center of the cluster 

(Arora et al., 2016). K-Means is known to be accurate and simple in its application, but it is limited because it requires a 

predetermined number of clusters and is less capable of detecting outliers. Conversely, K-Medoids is more robust to 

outliers, but does not fully represent the influence of all elements in the cluster and still depends on the predetermined 

number of clusters (Riyahi & Martín, 2025). The selection of the appropriate method can be determined based on data 

characteristics and evaluation using validity metrics. To obtain quality cluster results, the Elbow Method approach will 

be used by comparing the proximity between elements in one cluster to their distance from elements in different clusters 

(Riyahi & Martín, 2025). The data is first standardized, then the optimal number of clusters is determined using the 

Elbow method, which considers data variability (Lukáč et al., 2025). 

Validation of the results produced by the clustering algorithm is an important aspect of the overall clustering 

process (Arbelaitz, 2013). Therefore, in this study, the metrics commonly used in the evaluation are the Davies-Bouldin 

Index (DBI) and Silhouette Score. These two metrics have been proven effective in measuring the closeness and 

separation between data groups (Syahkur & Hartama, 2024). DBI measures the extent to which clustering results are 

able to distinguish between different data groups while maintaining the closeness of the data to its cluster center 

(Umagapi & Umaternate, 2023). The lower the DBI value, the better the cluster formation quality (Idrus et al., 2022). 

Silhouette Score assesses the accuracy of data points in clusters, with values close to 1 indicating good clustering 

quality (Rhomadhona et al., 2025). The higher the Silhouette Coefficient value, the clearer the cluster definition in the 

model (Kulkanjanapiban & Silwattananusarn, 2025).  

 

METHOD 

The flow of this research will be visualized with the following fishbone diagram: 

 
Fig 1. Fishbone Diagram Alur Penelitian 

 

Data Collection 

Data collection in this study was conducted using secondary data sources from the PRDECT-ID dataset (Product 

Reviews Dataset for Emotion Classification Tasks – Indonesian). This dataset was developed by Sutoyo et al, 2022 and 

published through the Mendeley Data platform in 2022. The dataset contains 5,401 product review entries taken directly 

from the Tokopedia e-commerce platform. The available data covers various important attributes such as Category, 

Product Name, Location, Price, Overall Rating, Number Sold, Total Review, Customer Rating, Customer Review, 

Sentiment, and Emotion. In this study, the analysis focuses on numerical attributes such as Price, Customer Rating, 

Number Sold, and Total Review, as these attributes are considered most relevant in forming product segmentation 

based on sales performance and consumer perception. The category attribute (Category) is still used in the interpretation 

of the clustering results to identify product distribution based on business domain.  

 

Data Preprocessing 
Data preprocessing in this study was carried out systematically to ensure optimal data quality prior to clustering. 

The process began with an initial data assessment to identify problems such as missing values, duplicates, text 

inconsistencies, and extreme data. Next, text standardization was performed on product names and categories, followed 

https://doi.org/10.47709/brilliance.v5i2.6992
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by mapping specific categories into eight main groups to simplify analysis. Incomplete or duplicate data was then 

cleaned, and categories with insufficient data were removed to maintain balance. Outliers were handled in numerical 

attributes (Price, Number Sold, and Total Review) using the Interquartile Range (IQR) method, while customer ratings 

were excluded because of their fixed scale. Finally, relevant attributes were selected and prepared for scale 

transformation using Min-Max Scaling, ensuring the data was ready for accurate clustering analysis. All stages were 

implemented using Python on Google Colab, with the help of the pandas, numpy, and openpyxl libraries. 

 

Data Transformation 

This transformation aims to equalize the scale between numerical attributes so that no single attribute dominates 

the distance calculation in the clustering process. For this purpose, the Min-Max Scaling technique is used, which is a 

normalization method that converts the original attribute values into a range of 0 to 1. 

 

Clustering Approach 

The number of clusters is determined using the Elbow Method to help produce representative groupings with 

clear differences between clusters. This approach measures cluster compactness using the Inertia metric for K-Means or 

Total Cost for K-Medoids. Both metrics measure the distance between data points and cluster centers (centroids or 

medoids), where lower values indicate tighter clusters. 

 

Algorithm Implementation 

Product clustering was performed using two main algorithms: K-Means and K-Medoids, with the optimal 

number of clusters (K) determined as 2 based on the Elbow Method. The K-means algorithm is performed in four 

stages, including initial centroid determination, data point placement into clusters, centroid position updating, and 

process termination when centroid changes are no longer significant or the maximum number of iterations has been 

reached (Li et al., 2024). 

 
Fig 2. Flowchart K-Means 

 

In comparison, K-Medoids uses medoids (the most central real data points) as cluster centers, making it more 

robust to outliers but computationally more complex.  

 
Fig 3. Flowchart K-Medoids 

 

Evaluation 

The evaluation stage is conducted to assess the quality of the clustering results produced by the K-Means and K-

Medoids algorithms. The clustering results are evaluated using two popular metrics, namely the Davies Bouldin Index 

(DBI) and Silhouette Score, to ensure the quality of the clustering produced. These two metrics have been proven 

effective in measuring cluster validity based on the proximity and separation between data groups (Syahkur & Hartama, 

2024). The Davies Bouldin Index (DBI) can be calculated using the following formula: 

 

𝐷𝐵𝐼 =
1

𝑘
∑ 𝑚𝑎𝑥

𝑗≠𝑖
𝑘
𝑖=1 (

𝜎𝑖+𝜎𝑗

𝑑(𝑐𝑖,𝑐𝑗
)   (1) 

 𝜎𝑖 : average distance between data and cluster center 𝑖 
 𝑑(𝑐𝑖, 𝑐𝑗) : distance between cluster centers 𝑖 and 𝑗 

Meanwhile, the Silhouette Score can be calculated using the following formula: 

𝑠(𝑖) =
𝑏(𝑖)−𝑎(𝑖)

max (𝑎(𝑖),𝑏(𝑖))
   (2) 

 𝑎i: is the average distance between 𝑖 and other observations in a cluster 

https://doi.org/10.47709/brilliance.v5i2.6992
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 𝑏i: the average distance between 𝑖 and the observation in the nearest cluster 

The calculation and analysis of the Davies-Bouldin Index (DBI) and Silhouette Score will be performed 

separately for the clustering results using the K-Means and K-Medoids algorithms. This aims to obtain a clear picture of 

the performance of each algorithm and to ensure that the evaluation is objective and does not influence each other. 

 

Interpretation 

After the entire process, from data collection, preprocessing, transformation, to determining the optimal number 

of clusters, is complete, the next step is to interpret the clustering results. The interpretation of the results aims to 

provide a deeper understanding of the structure and characteristics of each product group formed based on the clustering 

results. 

 

RESULT 

Data Preprocessing 

At this stage, raw data was collected from the PRDECT-ID (Product Reviews Dataset for Emotions 

Classification Tasks – Indonesian) dataset uploaded to the Mendeley platform in 2022, which contained 5,401 entries 

covering the attributes Category, Product Name, Location, Price, Overall Rating, Number Sold, Total Review, 

Customer Rating, Customer Review, Sentiment, and Emotion. This preprocessing stage involved standardizing the 

writing in the Product Name and Category columns, mapping categories into 8 Main Category groups, removing empty 

and duplicate values, selecting categories with sufficient product entries, and handling outliers in the numeric attributes 

Price, Number Sold, and Total Review using the Interquartile Range (IQR) method.  

After all stages were completed, the amount of data, which originally contained 5,401 entries, was reduced to 

1,838 entries, but this amount was still sufficient for the next stage. 

 
Fig 4. Data After Cleaning 

 

Data Transformation 

Once clean data has been obtained, the next step is to transform the main numerical attributes so that they have a 

uniform scale. The attributes used are: Price, Customer Rating, Number Sold, and Total Review. Normalization is 

performed using the Min-Max Scaling method using the sklearn.preprocessing.MinMaxScaler library, which converts 

numerical values to a range of 0–1. Before transformation, the old “No” numbering column was deleted and replaced 

with new numbering to maintain the data order. After the normalization process was complete, the results were 

recombined with the descriptive columns (Main Category, Category, Product Name). 

 

Optimal Clustering Approach 

Before performing clustering with the K-Means and K-Medoids algorithms, optimization was carried out using 

the Elbow Method approach on two different algorithms, namely K-Means and K-Medoids, by calculating the inertia 

value (for K-Means) and total cost (for K-Medoids) in the range K = 1 to K = 10.  

 
Fig 5.  Graphical Visualization of K Values Using the Elbow Method 

https://doi.org/10.47709/brilliance.v5i2.6992
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The visualization results on both Elbow graphs show that the sharpest decline occurs at K = 2. Therefore, the 

optimal number of clusters used in the algorithm implementation is set at two clusters (K = 2). 

 

Algorithm Implementation 

The entire process of implementing the K-Means and K-Medoids algorithms was carried out using Python 

scripts, utilizing the sklearn.cluster.KMeans library for the implementation of K-Means, and 

sklearn.metrics.pairwise_distances for calculating the distance between data in K-Medoids. Each algorithm was run 

iteratively until it reached a convergent condition, which is when the position of the centroid or medoid no longer 

changed.  

In the iterative process of K-Means implementation, after the calculation in the sixth iteration, the centroid 

position did not change compared to the previous iteration. This indicates that the clustering process has reached 

convergence, where all data has stabilized in its nearest cluster. The two final centroids that were formed represent each 

cluster, namely: 

a. C1: [0.02354793 0.08096591 0.08210225 0.14972725] 

b. C2: [0.04022589 0.82706374 0.06358168 0.12097744] 

In the iterative process of implementing K-Medoids, the iteration stops at the fifth trial as the final medoid for 

each cluster. The process is stopped because the structure is already optimal and no additional iterations are needed. 

Final Total Cost: 403.815028 Final Medoid (Unchanged):  

a. C1 (Index 1336): [0.01685672 0.         0.06773229 0.11960605] 

b. C2 (Index 1154): [0.01685672 1.         0.04401312 0.08579551] 

 

Clustering Evaluation 

After the clustering process is complete, the next step is to evaluate the quality of the grouping using quantitative 

metrics, namely the Davies-Bouldin Index (DBI) and Silhouette Score. The evaluation results can be seen in Table 1 

below: 

Table 1. DBI Evaluation Value and Silhouette Score 

Algorithm Davies-Bouldin Index Silhouette Score 

K-Means 0.5717 0.6012 

K-Medoids 0.5870 0.5857 

 

From the table above, it can be seen that the DBI value in K-Means indicates that the clusters formed have a 

fairly good separation between each other and the Silhouette Score value is in the good category. For the DBI value, K-

Medoids also shows acceptable results and is able to reflect fairly stable clustering performance, as does the Silhouette 

Score, which also shows adequate results. 

In addition to evaluating the structural quality of the clusters, this study also measures the efficiency of each 

algorithm through computation time. The results of the computation time comparison between the two algorithms can 

be seen in Table 2 below:  

Table 2. Comparison of K-Means and K-Medoids Computation Time  

Algorithm Execution Time (seconds) Description 

K-Means 0.0947 Faster 

K-Medoids 0.1622 More Complex Processes 

 

Interpretation of Results 

The clustering of Tokopedia products using K-Means and K-Medoids produced two main clusters (C1 and C2) 

based on price, category, rating, number of reviews, and number of sales. The difference in the number of cluster 

members reflects the difference in center determination, where K-Means uses centroids and K-Medoids uses medoids. 

Table 3. Number of Products per Cluster from K-Means and K-Medoids 

Method Cluster Number of Product 

K-Means C1 880 

K-Means C2 957 

K-Medoids C1 973 

K-Medoids C2 864 

 

Descriptive analysis of numerical attributes (Price, Customer Rating, Number Sold, and Total Reviews) shows 

differences in characteristics between the two clusters. Cluster C1 contains products with higher average sales and 

reviews, representing popular products with strong commercial performance. However, the rating values in this cluster 

tend to be lower. Conversely, cluster C2 has higher ratings but lower sales and reviews, describing quality products that 

have not yet reached a wide market. Price variations are relatively balanced so that they are not a dominant factor in 

https://doi.org/10.47709/brilliance.v5i2.6992
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cluster division. An example of a product in C1 is the i8 mini touchpad wireless keyboard mouse with high sales and 

reviews, while the 12-ingredient herbal medicine product is included in C2 because it has high ratings despite low sales. 

These findings indicate that C1 is the cluster with high commercial performance, while C2 stands out in product quality. 

The recommended strategy is to maintain service quality in C1 and increase promotion and visibility in C2 to expand 

the market. 

 
Fig 6. Analysis of the Characteristics of Each Cluster 

 

Analysis of product category distribution shows differences in trends between each cluster. The Electronics and 

Home categories are relatively evenly distributed across both algorithms, while Fashion and Entertainment are more 

dominant in C2, indicating high-quality products but with low sales volumes. Conversely, the Health and Automotive 

categories are stronger in C1, representing high commercial performance. The General and Travel categories tend to be 

concentrated in C2 with low sales. These findings provide strategic direction: increase promotion and distribution in 

categories in C2, while maintaining service quality and expanding market reach in categories in C1. Overall, category 

distribution provides important insights for designing more targeted marketing strategies in line with established 

consumer segmentation. 

 
Fig 7. Product Distribution Comparison 

 

DISCUSSION 

The results of this study show that product clustering on Tokopedia using the K-Means and K-Medoids 

algorithms successfully grouped products based on numerical attributes such as price, rating, number of sales, and total 

reviews. The most significant finding was the difference in performance between the two algorithms. K-Means 

demonstrated superiority in forming a more focused and consistent cluster structure, producing clear cluster profiles. 

For example, one cluster contained products with high commercial performance (sales and reviews) and another cluster 

contained products with high quality (ratings). These differences in profiles provide nuanced and useful insights for e-

commerce managers. 

https://doi.org/10.47709/brilliance.v5i2.6992
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These findings are consistent with several previous studies that highlight the advantages of K-Means in terms of 

speed and efficiency for large datasets. However, this study also confirms the limitations of K-Means, which is 

theoretically sensitive to outliers. On the other hand, K-Medoids, which is known to be more resistant to outliers, shows 

slightly lower performance than K-Means in terms of cluster quality, although the results are still considered adequate. 

The evaluation results using the Davies-Bouldin Index (DBI) and Silhouette Score reinforce these findings, with K-

Means producing a lower DBI value (0.5717) and a higher Silhouette Score (0.6012) compared to K-Medoids (DBI: 

0.5870; Silhouette Score: 0.5857). This confirms that K-Means creates more compact and clearly separated clusters. 

Furthermore, a comparison of computation time also shows that K-Means is significantly faster (0.0947 seconds) than 

K-Medoids (0.1622 seconds), in line with existing literature on the efficiency of K-Means on large datasets. 

One of the main limitations of this study is the use of secondary data from a specific dataset, which may not fully 

reflect the real-time dynamics of the Tokopedia e-commerce market. In addition, this study focuses only on four 

numerical attributes (Price, Customer Rating, Number Sold, Total Review), which limits the analysis and interpretation 

of cluster profiles. Another limitation is that the analysis does not include non-numerical attributes such as review 

sentiment or product features that could provide richer insights. For future research, it is recommended to use a more 

up-to-date dataset and include additional attributes to produce a more comprehensive product segmentation. It is also 

necessary to consider testing other algorithms or combinations of clustering methods for stronger result validation. 

 

CONCLUSION 

This study successfully applied clustering to Tokopedia product data using the K-Means and K-Medoids 

algorithms, grouping products based on the attributes of Price, Customer Rating, Number Sold, and Total Reviews. The 

results showed that the K-Means algorithm was superior in forming a directed and consistent cluster structure, where 

the clusters formed had clear performance profiles, for example, products with high commercial performance (sales and 

reviews) versus products with high quality (ratings). Evaluation using the Davies-Bouldin Index (DBI) and Silhouette 

Score metrics confirms that K-Means produces more compact and clearly separated clusters and is proven to be more 

efficient in terms of computation time compared to K-Medoids. The main contribution of this research is to provide a 

new analytical framework that enables e-commerce managers to gain comprehensive insights into product profiles, 

which can ultimately guide more effective marketing strategies and recommendation systems. 
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