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Abstract 
 

This study analyzes regional disparities in e-commerce business constraints in Indonesia using an 
unsupervised machine learning approach. Using province-level data from Statistik E-Commerce 2024 
published by Statistics Indonesia, the analysis covers 38 provinces. It examines seven major 
constraints, including funding limitations, skilled labor shortages, limited internet access, fraud, 
marketing challenges, delivery constraints, and other operational barriers. K-Means clustering with z-
score standardization is applied to identify regional typologies of e-commerce business constraints. The 
optimal number of clusters is determined using the elbow method, the silhouette score, the Davies-
Bouldin index, and the Calinski-Harabasz index. The results reveal five distinct regional clusters with 
different combinations of constraints. The findings show that provinces in Java and Bali are mainly 
constrained by capital and marketing pressures despite relatively advanced digital infrastructure. 
Several regions outside Java face balanced structural constraints involving multiple interrelated 
obstacles, while capital-heavy constraints dominate others. In contrast, Papua Pegunungan and Papua 
Tengah exhibit severe digital infrastructure constraints, indicating persistent digital divides. This study 
contributes by providing a province-level typology of e-commerce business constraints using official 
statistics and machine learning, offering a data-driven basis for designing region-specific strategies to 
support inclusive e-commerce development in Indonesia. 
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1. INTRODUCTION 

The rapid expansion of the digital economy has positioned e-commerce as a key 

driver of business transformation and regional economic development (Ahi et al., 

2022). In Indonesia, the growth of e-commerce has been supported by rising internet 

penetration, the expansion of digital payment systems, and the growth of logistics 

platforms (Sosyal Araştırmalar, 2025). For businesses, particularly small and medium-

sized enterprises, e-commerce provides opportunities to expand market access and 

improve operational efficiency (Xu et al., 2022). Nevertheless, the adoption and 

sustainability of e-commerce activities remain uneven across regions (Criveanu, 

2023). 

Recent national data indicate that only 42.02 percent of businesses in Indonesia 

have adopted e-commerce, while the majority remain non-e-commerce. This disparity 

suggests that digital transformation is not determined solely by technological 

availability but is also shaped by local economic conditions, human capital, 
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infrastructure, and business environments (Al Azies & Herowati, 2023). Consequently, 

e-commerce businesses across Indonesian provinces face heterogeneous constraints 

that affect their sustainability and growth potential. 

Previous studies have examined e-commerce development in Indonesia from 

different perspectives. Asikin (2024) employs cluster analysis on firm-level microdata 

from the national e-commerce survey to identify diverse e-commerce business models 

based on business characteristics, innovation activities, and performance. While this 

study highlights heterogeneity among firms, its analysis is limited to the firm level and 

does not address regional disparities or spatial patterns of business constraints(Asikin, 

2024). Other studies have applied machine learning techniques to e-commerce data 

for predictive purposes. For example, Wijaya et al. (2022) demonstrate that e-

commerce transaction data can be used to estimate city-level poverty rates, illustrating 

the potential of e-commerce data as a proxy for socio-economic indicators. However, 

such studies focus on outcome prediction rather than on identifying the structural 

constraints faced by e-commerce businesses across regions(Wijaya et al., 2020). 

In addition, research on e-commerce and geographical challenges in Indonesia’s 

retail sector has largely relied on qualitative approaches and literature reviews. Bakri 

et al. (2024) emphasize the role of logistics, market penetration strategies, and firm-

level innovation in overcoming geographical barriers in Indonesia’s archipelagic 

context(Bakri et al., 2024). Although this line of research underscores the importance 

of geography and infrastructure, it does not provide a systematic, data-driven 

classification of regional e-commerce business constraints using official statistics. 

Existing studies either focus on firm-level typologies, predictive modeling, or qualitative 

assessments of geographical challenges. Limited attention has been given to 

developing a province-level typology of e-commerce business constraints that 

integrates financial, human capital, logistical, and digital infrastructure dimensions 

within a single analytical framework. This gap motivates the present study. 

Statistics Indonesia, through the Statistik E-Commerce 2024 publication, 

provides comprehensive province-level data on the major obstacles faced by e-

commerce businesses, including a lack of funding, a shortage of skilled workers, 

limited internet access, fraud in buying and selling processes, product marketing 

constraints, delivery service limitations, and other operational challenges. These 

indicators capture multidimensional risks that directly affect e-commerce sustainability 

across regions. Given the multidimensional and regionally heterogeneous nature of 

these constraints, an exploratory and pattern-oriented analytical approach is 

required(Dadashpoor et al., 2022; Li et al., 2026). Unsupervised machine learning 

methods, particularly clustering techniques, are well-suited to uncover latent regional 

structures without imposing predefined outcome variables (Azies & Rositawati, 2021; 

Baligodugula, 2023; Monica et al., 2021). This approach allows regional 

characteristics to emerge directly from the data and is especially relevant for policy-

oriented analysis. 
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This study aims to develop a regional typology of e-commerce business 

constraints in Indonesia using a machine learning–based clustering approach. By 

applying K-Means clustering to standardized provincial data, this study identifies 

distinct groups of provinces with similar constraint profiles. The resulting typology 

provides a structured overview of regional challenges and offers empirical insights to 

support region-specific strategies for sustainable e-commerce development. 

 

2. METHODOLOGY 

This study adopts a quantitative and exploratory research design using an 

unsupervised machine learning approach. The methodological workflow is 

summarized in Figure 1 and consists of sequential stages ranging from data 

preparation to the development of a regional typology of e-commerce business 

constraints in Indonesia. 

Figure 1. Research methodology workflow for identifying regional typologies of e-

commerce business constraints in Indonesia 
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2.1 Data Source and Unit of Analysis 

The study utilizes secondary data obtained from Statistik E-Commerce 2024 

published by Statistics Indonesia. The dataset provides province-level information on 

the major constraints faced by e-commerce businesses across Indonesia. The unit of 

analysis is the province, covering all 38 provinces. Using provincial-level data enables 

the analysis to capture spatial heterogeneity in e-commerce business conditions within 

a national context. 

Seven variables are employed to represent major e-commerce business 

constraints, namely lack of funding, lack of skilled workers, limited internet access, 

fraud in buying and selling activities, product marketing constraints, delivery service 

limitations, and other operational challenges. Each variable is measured as a 

percentage, reflecting the proportion of e-commerce businesses in each province 

reporting a specific constraint. 

2.2 Exploratory Data Analysis 

As illustrated in the first analytical stage of the flowchart, an exploratory data 

analysis is conducted to examine the basic characteristics of the data. This stage 

includes descriptive statistical analysis to summarize the distribution of each constraint 

across provinces, as well as visual inspection of variable distributions(Cooksey, 2020; 

Mishra et al., 2019). In addition, Pearson correlation analysis is applied to assess the 

relationships among constraint variables and to identify potential redundancy 

(Edelmann et al., 2021; Liu et al., 2020). The exploratory results reveal substantial 

regional heterogeneity and generally low to moderate correlations, supporting the 

inclusion of all variables in the clustering analysis. 

2.3 Data Preprocessing 

Following the exploratory stage, data preprocessing is performed as shown in 

the flowchart. All variables are standardized using z-score normalization (Luengo et 

al., 2020). This step is necessary because K-Means clustering relies on distance-

based calculations and is sensitive to differences in variable scales. Standardization 

ensures that each constraint contributes equally to the clustering process and prevents 

variables with larger numerical ranges from dominating the results. 

2.4 Determination of the Optimal Number of Clusters 

The next stage of the methodology focuses on determining the optimal number 

of clusters (k), as depicted in the flowchart (Onumanyi et al., 2022; SchubertErich, 

2023; Sowan et al., 2023). Several internal validation techniques are applied, including 

the elbow method, silhouette score, Davies-Bouldin index, and Calinski-Harabasz 

index (Ros et al., 2023). These metrics evaluate cluster compactness, separation, and 

overall structure. By jointly considering these criteria, a five-cluster solution is selected 

as the most balanced configuration in terms of statistical performance and 

interpretability (Aik et al., 2023; Lima & Cruz, 2020). 
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2.5 K-Means Clustering Procedure 

After determining the optimal number of clusters, K-Means clustering is applied 

to the standardized data (Gratsos et al., 2023; Inkongngarm et al., 2024; Sinaga & 

Yang, 2020). As indicated in the flowchart, the clustering process begins with the 

initialization of cluster centroids (Abbas et al., 2020; Nirmal, 2008). The algorithm then 

proceeds through a K-Means iterative optimization stage, which includes assignment 

of provinces to the nearest centroid using Euclidean distance, updating centroid 

positions, and checking for convergence (Ahmed et al., 2019). This iterative process 

continues until cluster membership stabilizes. 

2.6 Cluster Profiling and Labeling 

The final stage of the methodology involves cluster profiling and labeling. Cluster 

centroids are transformed back to their original scale to facilitate interpretation. Each 

cluster is then characterized based on the dominant constraints reflected in its centroid 

profile. This process results in the identification of distinct regional typologies of e-

commerce business constraints in Indonesia, which form the basis for the results and 

discussion presented in the subsequent section. 

 

3. FINDINGS AND DISCUSSION 

3.1 Exploratory Data Analysis Results 

Figure 2 presents the distribution of major e-commerce business constraints 

across Indonesian provinces based on exploratory data analysis. The results reveal 

substantial variation in the intensity and dispersion of constraints, indicating 

pronounced regional heterogeneity.  

Figure 2. Exploratory distribution of e-commerce business constraints by province 
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Funding-related constraints dominate across most provinces, with values 

concentrated at relatively high percentages, confirming that access to capital remains 

the most prevalent challenge for e-commerce businesses at the national level. 

Marketing constraints also show a wide distribution, suggesting uneven market access 

and differences in competitive intensity across regions. 

In contrast, internet access constraints exhibit a highly skewed distribution. 

While most provinces report relatively low values, a small number of provinces display 

extremely high percentages, indicating severe digital infrastructure limitations. 

Constraints related to skilled workers, fraud, and delivery services show moderate 

dispersion, suggesting that operational and human capital challenges vary across 

regions but are less extreme than digital infrastructure gaps. 

3.2  Correlation Analysis of E-Commerce Business Constraints 

Figure 3 presents the correlation matrix of major e-commerce business 

constraints across Indonesian provinces. The results indicate that most variables 

exhibit low to moderate correlations, suggesting that each constraint captures a 

distinct dimension of regional challenges.  

Figure 3. Correlation matrix of e-commerce business constraints 
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This pattern supports the use of all variables in the clustering analysis without 

concerns of severe multicollinearity. The strongest relationship is observed between 

funding constraints and internet access constraints, with a correlation coefficient of 

−0.60. This negative correlation indicates that provinces experiencing severe 

limitations in digital infrastructure also tend to face higher funding constraints. This 

finding suggests a structural linkage between digital access and financial capacity, 

where limited infrastructure may reduce business viability and access to external 

financing. A moderate positive correlation is identified between internet access 

constraints and delivery service limitations (r = 0.39). This relationship implies that 

provinces with inadequate digital infrastructure are also more likely to experience 

logistical challenges, reflecting interconnected weaknesses in both digital and physical 

support systems for e-commerce activities. In addition, delivery service limitations 

show a positive association with fraud-related constraints (r = 0.26), indicating that 

logistical inefficiencies may increase transaction risks in certain regions. Most other 

relationships remain weak. For instance, skilled worker constraints exhibit low 

correlations with other variables, suggesting that human capital limitations operate 

relatively independently from financial, infrastructural, and logistical constraints. 

Similarly, marketing-related constraints display only weak associations with other 

factors, indicating that market access challenges are not necessarily driven by 

infrastructure or funding conditions alone. 

3.3  Clustering Results and Cluster Validation 

To determine the optimal number of clusters, several internal validation metrics 

are evaluated, including the silhouette score, Davies-Bouldin index, and Calinski-

Harabasz index. Table 1 summarizes the clustering performance for different numbers 

of clusters ranging from three to nine. 

Table 1. Internal Cluster Validation Metrics for Different Numbers of Clusters 

Number of Clusters 
(k) 

Silhouette 
Score 

Davies-Bouldin 
Index 

Calinski-Harabasz 
Index 

3 0.143 1.387 10.031 

4 0.169 1.065 9.859 

5* 0.173 0.999 10.826 

6 0.135 1.051 9.879 

7 0.148 1.087 9.444 

8 0.165 0.987 9.973 

9 0.129 1.003 9.656 

Note:*)Higher Silhouette and Calinski–Harabasz values indicate better cluster separation and 

structure, while lower Davies–Bouldin values indicate more compact clusters. 

 

The results show that the silhouette score reaches its highest value at 5 clusters 

(0.173), indicating better separation among clusters than in other configurations. 

Although the absolute value of the silhouette score remains moderate, this outcome 
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is common in regional socio-economic data where group boundaries are not sharply 

defined. The Davies-Bouldin index also supports the five-cluster solution, with a value 

close to its minimum (0.999), suggesting improved cluster compactness and 

separation. In contrast, higher values of the Davies-Bouldin index observed at lower 

cluster numbers, such as 3 clusters (1.387), indicate weaker clustering. Furthermore, 

the Calinski-Harabasz index attains its maximum value at 5 clusters (10.826), 

indicating that this configuration provides the strongest overall cluster structure among 

the tested alternatives. Although a slightly lower Davies-Bouldin index is observed at 

eight clusters, the corresponding silhouette and Calinski-Harabasz values are lower 

than those obtained for the five-cluster solution. This suggests that increasing the 

number of clusters beyond five may lead to over-fragmentation without substantial 

gains in interpretability. Based on the joint consideration of all three evaluation metrics, 

a five-cluster solution is selected as the final model. This configuration offers the best 

balance among cluster separation, compactness, and interpretability. The selected 

clustering solution forms the basis for the identification and discussion of regional 

typologies of e-commerce business constraints in Indonesia in the following 

subsection. 

Figure 4. Spatial distribution of provincial e-commerce business constraint clusters in 

Indonesia identified using K-Means clustering (k = 5). 

 
 

Figure 4 illustrates the spatial distribution of e-commerce business constraint 

clusters across Indonesian provinces. The mapping reveals clear geographic patterns, 

indicating that provinces with similar constraint profiles tend to be spatially 

concentrated. Provinces in Java and Bali are predominantly grouped into clusters 

characterized by capital and market-related constraints, reflecting relatively advanced 

digital infrastructure but persistent financial and competitive pressures. In contrast, 

several provinces outside Java, particularly in eastern Indonesia, are associated with 

© Microsoft, OpenStreetMap
Powered by Bing



 

1097 

 

Volume 1 (2026) 

clusters characterized by logistical challenges and digital infrastructure limitations. 

Extreme digital constraint clusters are geographically concentrated in Papua regions, 

highlighting persistent spatial disparities in digital readiness. These spatial patterns 

reinforce the findings of the clustering analysis and demonstrate that regional 

differences in e-commerce sustainability are closely linked to geographic and 

infrastructural contexts. 

3.4  Regional Typologies of E-Commerce Business Constraints 

Figure 5 presents the centroid profiles of the five identified clusters of e-

commerce business constraints across Indonesian provinces, while Table 1 and the 

spatial mapping illustrate their geographic distribution. Each cluster represents a 

distinct regional typology characterized by a dominant combination of constraints, 

rather than differences in constraint intensity alone. The results reveal that these 

typologies are spatially concentrated and closely aligned with regional economic and 

infrastructural conditions. 

Figure 5. Centroid profiles of five clusters of e-commerce business constraints across 

Indonesian provinces. 

 

 
The first cluster (Cluster 0: Capital and Marketing-Constrained) is 

predominantly concentrated in Java and Bali, as well as several economically active 

provinces outside Java. Provinces in this cluster include Sumatra Barat, Lampung, 

Kepulauan Bangka Belitung, DKI Jakarta, Jawa Barat, Jawa Tengah, D.I. Yogyakarta, 

Jawa Timur, Banten, Bali, Kalimantan Selatan, and Sulawesi Selatan. These regions 

generally benefit from relatively advanced digital infrastructure and market access. 

However, intense competition, high marketing costs, and persistent funding 

constraints limit business expansion and long-term sustainability. In this typology, the 
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primary challenges are associated with scaling and market penetration rather than 

basic digital readiness. 

The second cluster (Cluster 1: Balanced Structural Constraints) is mainly 

distributed across parts of Sumatra, Kalimantan, Sulawesi, Maluku, and western 

Papua. Provinces in this group include Jambi, Bengkulu, Kepulauan Riau, Kalimantan 

Timur, Kalimantan Utara, Sulawesi Tengah, Maluku, Maluku Utara, Papua Barat, and 

Papua. This cluster exhibits a relatively even distribution of constraints across funding, 

skilled labor, marketing, logistics, and other operational factors. The absence of a 

single dominant obstacle indicates that e-commerce sustainability in these regions is 

constrained by multiple interrelated structural challenges, requiring coordinated and 

integrated development strategies. 

The third cluster (Cluster 2: Capital-Heavy Constraint) comprises regions where 

funding constraints are the dominant bottleneck, despite the presence of basic digital 

infrastructure. This cluster is largely observed in Sumatra, Nusa Tenggara, 

Kalimantan, and several parts of eastern Indonesia. Provinces classified in this group 

include Aceh, Sumatra Utara, Riau, Sumatra Selatan, Nusa Tenggara Barat, Nusa 

Tenggara Timur, Kalimantan Barat, Kalimantan Tengah, Sulawesi Utara, Sulawesi 

Tenggara, Gorontalo, Sulawesi Barat, Papua Barat Daya, and Papua Selatan. In these 

regions, insufficient financial capacity restricts business continuity and scaling, making 

access to capital the most critical leverage point for improving e-commerce 

sustainability. 

The fourth cluster (Cluster 3: Extreme Digital Infrastructure Constraint) is 

geographically concentrated in Papua Pegunungan. This cluster is characterized by 

exceptionally high internet access constraints, which far exceed other obstacles. In 

this typology, inadequate digital infrastructure constitutes a fundamental structural 

barrier to e-commerce activities. Improvements in financing, marketing, or logistics are 

unlikely to be effective without substantial investments in digital connectivity. 

The fifth cluster (Cluster 4: Extreme Digital Infrastructure Constraint – Severe) 

consists solely of Papua Tengah, which emerges as a distinct outlier with the most 

severe digital infrastructure limitations among all provinces. This cluster represents 

the end of the digital divide, where e-commerce sustainability is structurally infeasible 

under current conditions. The separation of this province into its own cluster highlights 

the depth of regional disparities in digital readiness across Indonesia. 

 

4. CONCLUSION 

This study identifies distinct regional typologies of e-commerce business 

constraints in Indonesia using a K-Means clustering approach based on provincial 

data from Statistik E-Commerce 2024. The results show that e-commerce 

sustainability challenges are unevenly distributed across regions and shaped by 

different combinations of financial, infrastructural, and operational constraints. Five 



 

1099 

 

Volume 1 (2026) 

clusters are identified, ranging from regions constrained mainly by capital and 

marketing pressures to regions facing extreme digital infrastructure limitations. These 

findings indicate that regional disparities in e-commerce development are driven not 

only by the severity of constraints but also by distinct constraint profiles. Consequently, 

uniform national strategies are unlikely to be effective. Instead, region-specific 

approaches are required to support more inclusive and sustainable e-commerce 

development across Indonesian provinces. 
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