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Marketplace platforms have become a central component of digital 
commerce, particularly in Southeast Asia where Shopee has 
emerged as one of the dominant e-commerce ecosystems. This 
study aims to analyze and predict the performance of Shopee stores 
using a hybrid data mining approach integrating clustering, spatial 
analysis, and classification. The dataset consists of 655 Shopee 
stores collected on February 18, 2026. K-Means clustering is applied 
to segment store performance, while spatial analysis examines 
geographic distribution patterns. Furthermore, a Random Forest 
classifier is used to predict performance categories and identify 
influential features. The clustering results reveal three distinct store 
performance groups with a Silhouette Score of 0.6704, indicating a 
good cluster structure. Although K = 2 produced a higher score 
(0.7891), K = 3 was selected to provide more meaningful 
segmentation (low, medium, and high performance). The Random 
Forest model achieved an accuracy of 79%, with precision, recall, 
and F1-score demonstrating reliable predictive performance across 
all classes. Feature importance analysis shows that promotional 
activity, chat responsiveness, and follower count significantly 
influence store performance classification. Spatial analysis indicates 
that provinces such as West Java and Jakarta dominate high-
performance clusters. The findings contribute to hybrid data mining 
frameworks and provide practical insights for improving seller 
competitiveness in digital commerce ecosystems. 
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1. Introduction 

Marketplace platforms have become central to digital transactions in the modern economic era, particularly in 
Southeast Asia. Shopee has established a dominant position in the region, with a continuously increasing 
number of users and sellers each year, making it an important subject of research in the fields of information 
systems and data mining. The rapid growth of digital sellers on Shopee intensifies competition and highlights 

the necessity of data-driven approaches to evaluate and segment store performance effectively [1], [2]. 

Recent literature emphasizes that Artificial Intelligence (AI) has become a strategic enabler in e-commerce 

platforms. AI-driven personalization systems significantly enhance customer experience and operational 

efficiency [3]. Similarly, AI-powered recommendation and automation systems have been shown to improve 

firm performance and customer engagement in digital marketplaces [4]. 

Within the Shopee context, empirical studies confirm that AI implementation positively influences customer 

loyalty and digital trust [5]. AI-based chatbot services also significantly improve customer satisfaction and 

responsiveness [6]. Furthermore, seller attributes such as ratings, reviews, pricing strategies, and promotional 

intensity are critical determinants of purchase decisions [7]. 

From a broader digital commerce perspective, marketplace success is shaped by the interplay between 

technological capability, consumer trust, and data-driven marketing strategies [8]. These studies collectively 

highlight the transformative role of AI and analytics in shaping competitive advantage in e-commerce 

ecosystems.  

Despite the increasing number of sellers on Shopee, there remains limited comprehensive understanding of 

store performance patterns. Seller performance is not solely determined by the number and type of products 

offered, but also by factors such as chat response rate, follower count, customer ratings, promotional activities, 

and store tenure. These multidimensional attributes require advanced analytical techniques capable of 

uncovering hidden structures and predictive relationships within the data. 

Previous studies on Shopee have largely focused on customer sentiment analysis and product review 

classification using text mining techniques such as Naïve Bayes and TF-IDF. Other research has applied 

clustering methods, particularly K-Means, to analyze product segmentation within Shopee. However, studies 

integrating seller performance segmentation with spatial analysis and predictive feature importance remain 

limited. Most existing works treat clustering and classification as separate analytical processes without 

incorporating geographic distribution patterns or interpretability of predictive models [9]. 

To address this gap, this study proposes a hybrid data mining framework that integrates: 

1. K-Means clustering to segment store performance based on activity indicators (number of products, chat 

response rate, promotional activity) and reputation metrics (rating, follower count, and store tenure); 

2. Spatial analysis to examine the geographic distribution of performance clusters based on seller address 

data; and 

3. Random Forest classification with feature importance to predict performance categories and identify the 

most influential determinants. 

This research utilizes a dataset of 655 Shopee stores collected up to February 18, 2026. By combining 

unsupervised learning, spatial evaluation, and supervised classification, this study aims to provide a 

comprehensive understanding of seller performance patterns and their key determinants. 

The findings are expected to contribute theoretically to the development of hybrid data mining frameworks in 

e-commerce research and practically to marketplace stakeholders by offering strategic insights for improving 

seller competitiveness through data-driven evaluation. 

2. Research Method 
The overall research workflow consists of four main stages: 
(1) data collection and preprocessing, 
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(2) K-Means clustering for segmentation, 
(3) spatial analysis for geographic distribution, and 
(4) Random Forest classification for prediction and feature importance analysis. 

Each stage is interconnected, where clustering results are used as labels for the classification model. 

 

Figure 1 Research Method 

 

 

2.1 Research Design 

This study employs a quantitative, data-driven approach by integrating unsupervised learning (clustering), 
spatial analysis, and supervised learning (classification). The methodology follows three main stages: (1) data 
pre-processing and normalization, (2) segmentation using K-Means clustering, and (3) spatial and predictive 
analysis utilizing Random Forest classification with feature importance interpretation [10]. 

2.2 Data Collection and Pre-processing 

The dataset consists of 655 sellers on the Shopee marketplace as of February 18, 2026, including attributes 
such as the number of products, chat response rate, follower count, store rating, length of tenure, promotional 
activity, and store address. Data pre-processing involves: 

1. Data cleaning to handle missing values and outliers; 

2. Feature encoding for categorical variables such as promotion indicators; 

3. Normalization using Min-Max scaling to standardize the range of numerical attributes. 

These preparation steps are consistent with best practices in data mining research for e-commerce data 
analysis and clustering applications, as discussed in recent studies on K-Means clustering in online retail 
contexts [11]. 
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Figure 2 Initial Research Dataset 

The dataset was collected using web scraping techniques from publicly available Shopee store information. 
Only non-sensitive and publicly accessible data were used. No personal or private data were collected, ensuring 
compliance with ethical standards. Data validity was ensured through manual verification and preprocessing 
steps. 

2.3 K-Means Clustering for Store Segmentation 

The primary segmentation method employed is K-Means clustering, a widely accepted partition-based 
algorithm that groups entities into homogenous clusters based on Euclidean distance in a multi-dimensional 
feature space. The optimal number of clusters (K) is determined using [12], [13]: 

• Elbow Method, which provides visual information comparing the number of clusters that form a right 
angle at one point on the graph or the value that experiences the greatest decrease, then the cluster 
value is the best and by comparing the calculation of the Sum Square Error (SSE) value with the 
following equation [14] examines the rate of change in within-cluster sum of squares (WCSS); 

……(1) 

• Silhouette Score An evaluation metric used to measure how well data points in a cluster match the 
cluster they belong to and how close or far they are from other clusters [15], [16]. 

…..(2) 

The use of such quantitative validation metrics aligns with methodologies in recent e-commerce clustering 
studies [11], [17]. 

2.4 Spatial Analysis of Seller Distribution 

Spatial analysis is conducted based on extracted location attributes (province and city) from the seller address 
field. Cluster distribution is evaluated for each region to identify geographic patterns in store performance. 
Statistical tests such as Analysis of Variance (ANOVA) are used to determine if performance metrics differ 
significantly among regions.  

Recent research demonstrates the value of combining clustering with spatial analysis and predictive validation 
techniques to understand regional segmentation patterns, especially in digital adoption and performance 
profiling [18]. 

2.5 Random Forest Classification and Feature Importance 

To assess the predictive capacity of identified clusters, a Random Forest classifier is trained using cluster labels 
as targets. Random Forest is selected due to its robustness against overfitting, capability to handle high-
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dimensional data, and provision of feature importance scores that indicate the relative influence of each 
predictor on classification outcomes [19]. 
The process consists of: 

• Splitting the dataset into training (80 %) and testing (20 %) subsets; 
• Training the Random Forest model; 
• Evaluating performance using accuracy, confusion matrix, and classification metrics; 
• Extracting feature importance measures to interpret the influence of each variable. 

The integration of classification and feature importance for predictive evaluation follows recent data mining 
research practices where hybrid methods improve interpretability and predictive insights [20]. 

2.6 Evaluation Metrics 

The effectiveness of the segmentation and classification models is evaluated using: 
• Silhouette coefficient for clustering quality; 
• Classification accuracy and F1-score for predictive performance; 
• Feature importance ranking to highlight dominant variables influencing performance categories; 
• ANOVA results for spatial performance differences [21]. 

3. Result and Discussions 
3.1 Clustering Performance Evaluation 

The K-Means algorithm was applied to segment the performance of 655 Shopee stores based on key activity 
and reputation metrics, including number of products, chat response rate, follower count, store rating, tenure, 
and promotion usage. The optimal number of clusters was determined using the Elbow Method and validated 
with the Silhouette Coefficient. The Elbow plot indicated a clear bend at K = 3, and the Silhouette Score at K = 3 
showed a satisfactory separation among clusters (Silhouette Score = 0.6704), indicating reliable cluster 
structure consistent with prior studies utilizing K-Means for customer segmentation in e-commerce settings.  

The optimal number of clusters was determined using the Silhouette Coefficient method, testing clusters 
ranging from 2 to 9. The test results showed that the highest silhouette value was obtained at k = 2, with a score 
of 0.7891, followed by k = 3, with a score of 0.6704. 

Although the highest silhouette score was achieved at K = 2 (0.7891), this study selected K = 3 to ensure better 
interpretability and practical relevance. A three-cluster model allows classification into low, medium, and high 
performance segments, which provides more actionable insights compared to binary segmentation. 

Conceptually, dividing into three clusters provides a more meaningful business interpretation than two 
clusters, as it allows for the identification of emerging store segments in addition to flagship and low-
performing stores. 

3.2 Cluster Distribution and Characteristics 

 

Figure 3 Distribution Cluster by Provinsi 
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Cluster profiling revealed three distinct performance groups among Shopee stores across several Indonesian 
provinces. The clustering results highlight variations in store activity levels, promotional engagement, and 
customer interaction across different geographical regions. 

As illustrated in Figure X, the distribution of stores across clusters shows that Cluster 2 dominates the overall 
population, particularly in provinces with strong digital commerce ecosystems such as West Java and Jakarta. 
This cluster represents stores with relatively higher operational activity, including a larger number of products, 
stronger promotional utilization, and more consistent customer engagement. 

Cluster 1 represents stores with moderate performance characteristics, where stores demonstrate an 
intermediate level of activity. These stores generally maintain acceptable levels of product offerings and 
engagement metrics but do not exhibit the same level of intensity observed in the high-performing group. In 
the spatial distribution, this cluster appears in several provinces including Central Java and Tangerang, 
suggesting a transitional segment of sellers that may have growth potential within the marketplace ecosystem. 

Meanwhile, Cluster 0 corresponds to the lower activity segment, where stores tend to have fewer products, 
lower promotional intensity, and relatively limited customer interaction. This cluster is distributed in smaller 
numbers across most provinces, indicating that low-performance stores exist but do not dominate the 
marketplace landscape. 

From a spatial perspective, West Java shows the highest concentration of stores across all clusters, reflecting 
the province's strong participation in Indonesia's digital commerce ecosystem. Jakarta also exhibits a high 
density of stores, particularly in Cluster 2, indicating the presence of more competitive and mature online 
sellers. Other regions such as Bali, Lampung, and Kalimantan Selatan contribute a smaller share of stores, which 
may reflect differences in digital adoption, logistics infrastructure, or market maturity. 

Overall, the spatial cluster distribution suggests that regions with stronger digital infrastructure and higher 
economic activity tend to host a larger proportion of active and high-performing online stores. However, the 
presence of all three clusters across multiple provinces indicates that marketplace participation is 
geographically widespread, even though performance levels vary. 

These findings demonstrate that store performance segmentation is influenced not only by internal operational 
factors but also by regional digital ecosystem development, which plays a role in shaping the competitive 
dynamics of online marketplaces such as Shopee. 

The selection of K = 3 is not solely based on the silhouette score but also considers interpretability and practical 
relevance. While K = 2 provides higher compactness, it oversimplifies store performance into binary categories. 
In contrast, K = 3 enables the identification of emerging stores (medium segment), which is crucial for strategic 
decision-making in marketplace development. Therefore, this study prioritizes a balance between statistical 
validity and business interpretability. 

3.3 Classification Performance Evaluation 

The Random Forest classifier was evaluated using accuracy, precision, recall, F1-score, and confusion matrix. 
The model achieved an accuracy of 79%, indicating strong predictive performance. 
The classification results show: 
• Class 0: Precision = 0.82, Recall = 1.00, F1-score = 0.90  
• Class 1: Precision = 0.60, Recall = 0.47, F1-score = 0.53  
• Class 2: Precision = 0.85, Recall = 0.88, F1-score = 0.86  
The confusion matrix demonstrates that most predictions are correctly classified, with minor misclassification 
occurring between adjacent clusters. 
These results confirm that the Random Forest model is effective in predicting store performance categories. 

The hybrid framework used in this study, including K-Means for unsupervised segmentation, spatial mapping, 
and Random Forest for supervised prediction and feature importance analysis, provides significant 
advancements to the existing literature. This approach fills a specific gap in research focused on store or seller 
performance on the Shopee platform, which has rarely been explored in an integrated manner. 
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Most previous research has focused solely on customer or product segmentation [22], [23], or applying 
clustering methods without prediction validation and spatial context. Several hybrid clustering studies with 
supervised learning have also been applied more to predicting customer churn than to salesperson 
performance [24], [25]. By integrating these three elements (clustering, spatial analysis, and predictive 
classification), this study's results show that store performance is influenced by both internal factors (such as 
promotional intensity and chat responsiveness) and external geographic factors (such as concentration in West 
Java and DKI Jakarta). This approach provides a more comprehensive understanding than previously 
commonly used single-technique methods. 

The 79% prediction accuracy and resulting feature importance rankings provide actionable guidance for 
Shopee sellers. These findings align with the practical implications of hybrid churn prediction research using 
Random Forest, where the model consistently demonstrated high performance in classification and 
interpretability [26]. This research extends this application to marketplace seller competitiveness, not just 
customer retention. Limitations of previous research, such as the lack of spatial analysis of Shopee-specific 
clustering or the lack of seller-level data in spatial e-commerce typologies, have been directly addressed in this 
study. 

4. Conclusions and Future Works 
The clustering results using the K-Means algorithm reveal the existence of three distinct store performance 
segments. These clusters represent different levels of operational performance within the marketplace 
ecosystem, namely low-performing stores, moderately performing stores, and high-performing stores. The 
segmentation results demonstrate that marketplace sellers exhibit heterogeneous operational characteristics 
in terms of product offerings, customer engagement, promotional activities, and store reputation. 

The spatial distribution analysis further indicates that store performance is not evenly distributed across 
regions. Provinces such as West Java and Jakarta show a higher concentration of active and competitive stores 
compared to other regions. This finding suggests that regional digital ecosystem maturity, infrastructure 
availability, and economic activity play an important role in shaping the development of online marketplace 
businesses. 

In addition, the feature importance analysis highlights several key variables that significantly influence store 
performance classification. Variables such as number of products, store rating, chat responsiveness, 
promotional activity, and follower count emerge as dominant factors in determining store competitiveness. 
These findings indicate that both operational capacity and customer engagement strategies contribute to the 
success of marketplace sellers. 

For future research, further studies may incorporate larger datasets, temporal transaction data, and additional 
machine learning models such as deep learning or graph-based analysis to better capture the dynamics of 
marketplace performance over time. 
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