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	Abstrak (Bahasa Indonesia)
___________________________________________________________________
Perkembangan industri fashion di Indonesia menuntut pelaku usaha memahami perilaku pelanggan secara mendalam untuk menyusun strategi pemasaran tepat sasaran. Penelitian ini bertujuan melakukan segmentasi pelanggan bisnis fashion berdasarkan umur menggunakan algoritma X-Means, metode clustering dengan keunggulan kritis yaitu kemampuan otomatis menentukan jumlah cluster optimal (k) melalui mekanisme recursive splitting berbasis Bayesian Information Criterion (BIC), sehingga menghilangkan subyektivitas penentuan k manual seperti pada K-Means konvensional. Dataset transaksi penjualan dari Kaggle (8.259 record) diproses menggunakan RapidMiner dengan variabel umur pelanggan dan total pengeluaran. Evaluasi performa menggunakan Davies-Bouldin Index (DBI) membandingkan X-Means dengan K-Means dan K-Medoids pada skenario k = 3, 5, dan 7. Hasil menunjukkan X-Means menghasilkan 5 cluster optimal dengan DBI terendah 0,404, mengindikasikan pengelompokan paling representatif terhadap pola alami data. Temuan kunci: kelompok usia 40–50 tahun merupakan segmen dominan dengan rata-rata pengeluaran tertinggi (Rp15.000–20.000), menunjukkan daya beli lebih stabil dibanding kelompok usia muda yang cenderung volatil. Segmentasi ini memungkinkan pelaku bisnis fashion merancang strategi promosi dan rekomendasi produk yang disesuaikan karakteristik tiap kelompok umur. Sebagai rekomendasi metodologis untuk penelitian lanjutan, pendekatan Deep Embedded Clustering (DEC) disarankan apabila menggunakan dataset berskala besar (lebih dari 1.000 record) karena kemampuannya menangkap pola non-linear dan meningkatkan kualitas representasi cluster.
Abstract (English)
____________________________________________________________________
The development of the fashion industry in Indonesia requires business actors to understand customer behavior in depth to develop targeted marketing strategies. This study aims to segment fashion business customers based on age using the X-Means algorithm, a clustering method with a critical advantage: the ability to automatically determine the optimal number of clusters (k) through a Bayesian Information Criterion (BIC) based recursive splitting mechanism, thereby eliminating the subjectivity of manual k determination as in conventional K-Means. The sales transaction dataset from Kaggle (8,259 records) was processed using RapidMiner with customer age and total expenditure as variables. Performance evaluation using the Davies-Bouldin Index (DBI) compared X-Means with K-Means and K-Medoids in scenarios k = 3, 5, and 7. The results showed that X-Means produced 5 optimal clusters with the lowest DBI of 0.404, indicating the most representative grouping of the natural pattern of the data. Key findings: The 40–50 age group is the dominant segment with the highest average expenditure (IDR 15,000–20,000), indicating more stable purchasing power compared to younger age groups who tend to be volatile. This segmentation allows fashion businesses to design promotional strategies and product recommendations tailored to the characteristics of each age group. As a methodological recommendation for further research, the Deep Embedded Clustering (DEC) approach is recommended when using large-scale datasets (more than 1,000 records) due to its ability to capture non-linear patterns and improve the quality of cluster representation..
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1. Introduction
The fashion industry is a business sector that continues to experience rapid growth along with the increasing public interest in modern trends and lifestyles in Indonesia (Anitha & Neelakandan, 2024; Furtiman & Artina, 2023) Increasingly fierce competition requires businesses to understand customer behavior and needs more deeply so that marketing strategies can be formulated with the right targets (Nurfadhilah et al., 2025). Understanding customer characteristics is crucial so that the products offered are in line with consumer preferences in each market segment. Customer segmentation is one of the main methods in customer relationship management (CRM), because it helps companies group customers based on similar characteristics such as demographics, purchasing behavior, and transaction value (Nurfadhilah et al., 2025). In the context of the fashion industry, age factors significantly influence clothing style preferences, consumption patterns, and spending levels. Younger age groups are generally more responsive to new trends, while older age groups are more oriented towards product value and quality (Furtiman & Artina, 2023). Therefore, age-based segmentation analysis can serve as a basis for fashion businesses to develop more effective and relevant promotional strategies.
The clustering method is a commonly used approach in customer segmentation because it can automatically group data based on certain shared characteristics within the dataset (Sekar Setyaningtyas et al., 2022). One popular data mining algorithm for clustering is X-Means, which is designed to automatically determine the number of clusters using the Bayesian Information Criterion (Rohendi et al., 2023; Tarumingkeng, 2025). Previous research has shown that the X-Means algorithm has the advantage of producing more stable and representative clusters, especially in datasets with complex variations and distributions (Mughnyanti & Hafiz Nanda Ginting, 2023; Sholikhah, 2022). Furthermore, several studies have reported that the X-Means method can achieve lower DBI values, making it considered more optimal in cluster analysis (Wulandari et al., 2024). Based on previous research, the X-Means algorithm has been proven to provide good cluster quality, as indicated by a low DBI value as an indicator of optimal cluster evaluation. X-Means clustering is used to address the main weakness of K-means clustering, which requires prior knowledge of the cluster number (K). The X-Means method is known as a new method that overcomes the limitations of K-means (Ardana et al., 2024; Nazihah et al., 2025). Clusters are formed using temporary centroids called parents in the initial phase, then the parent centroids are separated into a set of positions called children that compete in a recursive process to form clusters. In its application, the X-Means method performs better than K-Means in clustering, especially MSMEs in Banyumas based on turnover, assets, and workforce (Adhitama et al., 2022; Sholikhah, 2022).
Therefore, this study applies the X-Means algorithm to segment fashion business customers based on age and purchasing behavior. Furthermore, this study also compared the performance of the X-Means, K-Means, and K-Medoids algorithms to determine the most effective method in the context of fashion business customer data clustering (Rahma Dianti, 2023). Performance evaluation was conducted using the DBI metric, a measure that assesses cluster quality based on the level of similarity within a cluster and differences between clusters, with the provision that the lower the DBI value, the better the quality of the resulting cluster (Ginting et al., 2024).
2. Materials and Methods
This study uses a quantitative approach by applying clustering techniques to segment fashion business customers based on age and purchasing behavior, particularly total spending. The research method consists of five main stages: dataset preparation, data pre-processing, feature engineering, clustering algorithm implementation, and model evaluation.

Figure 1. Research Method Chart
2.1. Dataset Preparation
The dataset was obtained from public data sourced from https://www.kaggle.com/datasets/muhammadrizkishofari/bisnis-clothing-database-customer . The dataset has 8,259 data points and 24 attributes. The dataset used comes from transaction data consisting of four main tables: customers, orders, products, and sales. The four tables are combined based on relational keys (customer_id and order_id) to produce a single dataset containing information on customer age and total expenditure. Irrelevant attributes are removed, and only important attributes such as age and total purchases are retained.  
2.2. Preprocessing Data
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Figure 2. Dataset Clustering Design in RapidMiner Data Load and Join Process

In Figure 2 there is a sales data loading process which is continued with the process of joining the orders, customers and products tables.
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Figure 3. Dataset Clustering Design in RapidMiner Data Pre-Processing to Model Evaluation
Figure 3 shows the data pre-processing process, which consists of selecting attributes, aggregating, generating attributes, replacing missing values, followed by implementing the X-Means algorithm and evaluating the model. A brief explanation of each process is as follows:
1. Join Data
The process of combining tables using key attributes to obtain a unified dataset.
2. Select Attributes
This stage selects unnecessary columns, such as product descriptions, transaction times, and category information, and removes them.
3. Aggregate
Aggregation helps calculate the total spending for each customer using the sum function and is stored as a new attribute named Total_spending.
4. Generate Attributes
This stage creates new attributes needed for the clustering process to facilitate data interpretation.
5. Handling Missing Values
Missing values ​​are corrected using the replace missing values ​​operator in RapidMiner.
2.3. Attribute Selection
Attribute selection was carried out to determine which variables were most relevant and influential in the clustering process. In this study, two primary attributes were selected: Age (customer age) and Total_spending (total spending). The Age attribute is used to represent demographic segmentation commonly used in the fashion industry because it is directly related to style preferences, consumption patterns, and purchasing power. Meanwhile, the Total Spending attribute was chosen because it indicates the intensity of customer transactions and can therefore differentiate customer groups based on their economic value.
Before selecting attributes, the researchers first reviewed all variables in the merged dataset to ensure that only numeric attributes with analytical meaning were used. Categorical and text attributes such as product name, description, and purchase date were removed as they do not contribute to distance calculations in the clustering algorithm. Furthermore, both selected attributes were also verified to be free of blank values, on a consistent scale, and ready to be used as the basis for distance calculations between data in the X-Means, K-Means, and K-Medoids algorithms.
2.4. Clustering Implementation
The clustering implementation stage is the core process in this research, where the X-Means, K-Means, and K-Medoids algorithms are run to form customer groups based on similar age and total expenditure. All algorithms are run using the same processing to ensure fair and consistent performance comparisons. At this stage, the cleaned and attribute-selected dataset is processed using each algorithm as follows:
1. X-Means
X-Means is a development of K-Means with a critical advantage: the ability to automatically determine the optimal number of clusters (k) without the need for manual initial determination. The mechanism uses recursive splitting based on the Bayesian Information Criterion (BIC)—each cluster is evaluated for whether it needs to be split into two; the division is accepted only if it improves the BIC value as an indicator of cluster quality (Tarumingkeng, 2025). This advantage eliminates the subjectivity of determining k in K-Means and K-Medoids, making it more suitable for customer segmentation where the natural cluster structure is unknown in advance (Ginting et al., 2024; Sholikhah, 2022).
2. K-Means
In this algorithm, the researchers tested three different values ​​of k (k = 3, 5, 7). The K-Means process begins by determining the number of clusters, randomizing the cluster centers, and then calculating the distance of each data point to the cluster center using the Euclidean distance. Next, the data is grouped to the nearest center, the cluster centers are updated, and the process is repeated until convergence occurs. The purpose of implementing K-Means is to serve as a baseline comparison to X-Means (Sekar Setyaningtyas et al., 2022).
3. K-Medoids
In this method, cluster centers are not calculated from the average, but rather using medoids, which are the original data within a cluster with the smallest total distance from other cluster members. This algorithm is more robust to outliers, so it is used as an additional comparison to assess cluster stability in the dataset. Similar to K-Means, experiments were conducted at k = 3, 5, and 7 (Sholikhah, 2022).
During this implementation stage, an initial evaluation process was also conducted to ensure each algorithm ran error-free and that cluster formation was appropriate to the data structure. The output of each algorithm was then used in the DBI evaluation stage.
2.5. Model Evaluation
Cluster quality assessment using DBI. DBI measures the ratio between distance within a cluster (intra-cluster distance) and distance between clusters (inter-cluster distance). A lower DBI value indicates better cluster quality. The DBI formula is shown in equation (1).
DBI Equation:
		(1)
Description:
σᵢ = average distance of all data in the i-th cluster from the cluster center
σⱼ = average distance of all data in the j-th cluster from the cluster center
dᵢⱼ = distance between the i-th cluster center and the j-th cluster center
k = number of clusters
The lower the DBI value, the better the quality of the resulting clusters. 	

3. Results and Discussions
3.1. Clustering Test Results
In this study, the authors tested three fairly similar clustering algorithms: X-Means, K-Means, and K-Medoids, with several cluster number scenarios. Performance evaluation was performed using the DBI (Derived Inferiority Index). It should be noted that the lower the DBI, the better the quality of the clusters formed. Table 1 below shows the DBI test results for the three algorithms.
Table 1. DBI Test Results
	K
	K-Means
	X-Means
	K-Medoids

	3
	0.544
	0.513
	0.550

	5
	0.563
	0.404(Lowest)
	0.692

	7
	0.422
	0.409
	0.739


Based on these results, X-Means with a value of K = 5 produces the lowest DBI of the other two algorithms with a result of 0.404, so this algorithm is considered the most optimal in forming clusters for fashion business customer datasets, especially the dataset used in this study.
3.2. Cluster Interpretation Based on Age and Expenditure
	X-Means generates customer groupings into five clusters with distinct patterns. In general, the resulting segmentation indicates a tendency for age to be related to customer spending patterns. One of the key findings in the study using this dataset is that customers aged 40-50 years have the highest average spending, around 15,000-20,000 rupiah. This value also serves as the overall average of customer spending in the dataset (mean total spending ≈ 17,026). This indicates that the adult age group tends to have more stable purchasing power than the younger age group.
3.3. Algorithm Performance Comparison
The evaluation results show that the X-Means algorithm is superior to K-Means and K-Medoids because it is able to automatically determine the optimal number of clusters and produces better cluster separation (lowest DBI). K-Means performed lower than the X-Means algorithm and higher than K-Medoids on this dataset. K-Medoids produced the highest DBI value, indicating that this algorithm is less optimal on the fashion business dataset used in this study.
The factor that makes X-Means superior is its BIC-based clustering mechanism, which makes cluster formation more in line with the natural patterns of customer data.
3.4. Discussion of Results and Implications for Fashion Business
The main finding of this study is the superiority of X-Means with the lowest DBI value of 0.404 at k = 5 can be explained by the BIC based adaptive mechanism that underpins this algorithm. Unlike K-Means, which requires subjective determination of the number of clusters, X-Means recursively evaluates the need for cluster separation based on increasing BIC values ​​as an indicator of model quality (Tarumingkeng, 2025). This finding is consistent with a study by Putra et al. (2022) which demonstrated that the BIC approach to X-Means produced more stable cluster boundaries in datasets with complex distribution variations, a common characteristic of fashion customer transaction data that tends to form heterogeneous purchasing patterns. The superiority of X-Means also aligns with a study by Ginting et al. (2024) which stated that this algorithm is able to produce more representative clusters than conventional methods because its division follows the natural structure of the data, not the researcher's initial assumptions. A surprising finding in this study is the dominance of the 40–50 age group as the group with the highest spending (Rp 15,000–20,000), contradicting the common assumption that young consumers (18–25 years old) dominate the fashion market (Furtiman & Artina, 2023). This phenomenon can be explained through the context of Indonesian modest fashion, which is sought after by adults who prioritize quality and cultural conformity (Tresyanto et al., 2024). The 40–50 age group is generally at the peak of economic productivity with stable purchasing power, thus tending to allocate a larger budget to secondary needs such as quality clothing, consistent with Rahma Dianti's (2023) finding that age-based segmentation significantly influences consumer budget allocation patterns. This finding adds to the customer segmentation literature by demonstrating that the dominance of young people in the fashion industry is not universal and is highly dependent on the product context and local cultural values.
The suboptimal performance of K-Medoids (DBI 0.692–0.739), despite its known resilience to outliers, indicates that this dataset is relatively clean after the preprocessing stage. As explained by Sholikhah (2022), the advantages of K-Medoids are only significant in datasets with high noise; in transaction data that has undergone normalization and missing value handling, these advantages become irrelevant. Meanwhile, fluctuations in K-Means performance across various k values ​​(DBI 0.422–0.563) confirm its dependence on the initial k determination—a structural weakness that X-Means addresses through its automated k mechanism (Rohendi et al., 2023).
The practical implications of these findings are significant for fashion businesses in Indonesia. The five-cluster segmentation allows for strategic differentiation: the 40–50 age group can be targeted with quality- and exclusivity-based campaigns, while the younger segment (18–30) is more responsive to trend-based promotions and affordable prices. However, this study has limitations: using only two variables (age and expenditure) potentially overlooks other behavioral dimensions such as purchase frequency or product category preferences. The integration of additional variables in further research is recommended to increase the depth of segmentation analysis.
[bookmark: _heading=h.ypq0lj011l8]
4. Conclusion
4.1. Conclusion
This study successfully demonstrated that the X-Means algorithm produces a more representative customer segmentation for fashion businesses than K-Means and K-Medoids, with an optimal cluster structure at k = 5, reflecting the natural distribution pattern of customer data.
Theoretically, this study makes two main contributions. First, it empirically validates the superiority of X-Means in the context of Indonesian fashion customer segmentation through a BIC based adaptive mechanism that produces more natural cluster boundaries without subjective k determination. Second, it demonstrates that the dominance of the younger age segment in the fashion industry is not universal—the finding that the 40–50-year-old group dominates as the highest-spending segment indicates that the fashion market structure is heavily influenced by product context (modest fashion) and local cultural values, thus enriching the demographic segmentation literature, which has tended to assume the dominance of the younger generation.
Practically, the results of this study provide an analytical basis for fashion businesses to reorient their marketing strategies. The five-cluster segmentation allows for differentiated approaches: the adult segment (40–50 years old) can be targeted through quality- and exclusivity-based campaigns given their stable purchasing power, while the younger segment (18–30 years old) is more responsive to trend-based promotions and affordable prices, reflecting their fluctuating consumption patterns. These findings provide the foundation for data-driven decision-making in product planning, pricing, and more targeted promotional campaign design.
This study has limitations that require consideration. First, using only two variables (age and total spending) potentially overlooks other behavioral dimensions, such as purchase frequency or product category preferences, that could enrich the segmentation structure. Second, the dataset, sourced from a public source (Kaggle), may not fully represent the characteristics of real fashion business customers in Indonesia. Third, the analysis does not consider external factors such as seasonality, social trends, or cultural influences that can influence purchasing patterns. These limitations form the basis for further research integrating additional variables and using actual transaction data from business owners.
4.2. Suggestion
	Based on the research results, several recommendations can be used as a reference for further research. First, it is recommended to use a larger and more varied dataset to ensure the resulting segmentation is more representative and able to reflect a wider diversity of customer behavior. Second, future research can consider using the DEC method or other deep learning approaches, especially if the dataset has more than ±1,000 entries, given that these methods are able to capture non-linear patterns and provide a more in-depth representation of clusters. Third, research can also integrate additional variables such as the type of product purchased, purchase frequency, or preferences for specific fashion categories. The addition of these variables has the potential to produce more comprehensive segmentation and provide richer insights for fashion business marketing strategies.
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