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 This study evaluates effectiveness of three clustering techniques—k-means, 

hierarchical clustering, and density-based spatial clustering of applications 

with noise (DBSCAN)—applied to the recency-frequency-monetary (RFM) 

model for customer segmentation in the retail sector. Using sales transaction 

data from a distributor of computer accessories and printing products. The 

results show that k-means achieved the best clustering validation scores and 

effectively identified high-value customers, hierarchical clustering generated 

less meaningful groupings than k-means, and DBSCAN misclassified key 

customers as noise. These findings highlight k-means as the most suitable 

technique for RFM-based segmentation in this retail business context. The 

study offers practical insights for retail and distribution businesses aiming to 

adopt data-driven customer strategies and suggests future research to 

enhance segmentation robustness and refine the RFM framework. 
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1. INTRODUCTION 

Competing on analytics has become an increasingly popular strategy for businesses that generate 

large volumes of transactional data [1]. This study explores customer segmentation in the distribution 

business using the recency-frequency-monetary (RFM) model combined with clustering analysis. Customer 

segmentation is a marketing strategy that groups customer with similar characteristics into the same category, 

which they respond to marketing efforts in a similar way [2]. Clustering is a machine learning technique that 

groups a set of physical or abstract objects into clusters based on similarity [3]. It is particularly useful for 

identifying patterns in unlabeled data. In the context of customer segmentation, the "objects" represent 

customers, and similarity is typically measured based on purchasing behavior, demographics, or other 

relevant attributes. By leveraging clustering techniques, businesses can design targeted marketing campaigns, 

provide personalized recommendations, and implement tailored customer service strategies for each 

identified customer segment. 

The RFM model is a popular approach for customer segmentation. It evaluates customer behavior 

based on three key dimensions: recency, frequency, and monetary value derived from sales data [4], [5]. By 

clustering these RFM variables, businesses can identify distinct customer groups based on their engagement 

patterns. This study applies three clustering techniques—k-means, hierarchical clustering, and density-based 

spatial clustering of applications with noise (DBSCAN)—to determine the most suitable method for analyzing 

master dealer transactional data. The k-means algorithm partitions data into n clusters by minimizing  

intra-cluster variance, also known as inertia or within-cluster sum of squares (WCSS) [6]. Hierarchical 

clustering, on the other hand, creates a hierarchy of clusters without requiring a predefined number of  
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clusters [4]. DBSCAN groups data points based on density, allowing it to detect clusters of arbitrary shape 

and identify noise or outliers, without needing to specify the number of clusters in advance [7]. 

This research addresses the problem of determining the most suitable clustering method for 

customer segmentation in a retail distribution business, where understanding customer patterns is crucial for 

strategic decision-making. The study compares three widely used clustering techniques—k-means, 

hierarchical, and DBSCAN—to evaluate their effectiveness in segmenting customers based on RFM analysis. 

To ensure the reliability and validity of the clustering results, the study employs three internal validation 

metrics: silhouette score, Davies-Bouldin index (DBI), and Calinski-Harabasz index (CHI). Based on the 

evaluation outcomes, the research not only identifies the best-performing clustering method but also provides 

an interpretation of the resulting customer segments to offer practical insights for the business. 

Table 1 summarizes prior studies on customer segmentation employing clustering techniques. 

Among the ten reviewed studies, seven applied k-means clustering, four used hierarchical clustering, and two 

employed DBSCAN. Although k-means appears to be the most frequently used method, its prevalence does 

not imply methodological superiority. Rather, k-means is often adopted due to its simplicity, scalability, and 

general applicability across diverse segmentation contexts. 

The authors [8], [9] both applied the RFM model with k-means clustering to segment customers 

based on purchasing behavior, aiming to enhance data-driven marketing and identify high-value customers. 

Akande et al. [9] used online retail data from the UCI Machine Learning Repository and identified five 

customer categories—platinum, gold, silver, bronze, and bad—using the elbow method to determine the 

optimal number of clusters. Similarly, Christy et al. [10] utilized RFM with k-means, fuzzy c-means, and 

repetitive median based k-means (RM k-means) clustering, finding RM k-means to be the most effective in 

terms of convergence and cluster compactness, reinforcing the value of RFM-based segmentation in 

customer relationship management. Meanwhile, Sutramiani et al. [11] compared k-means and DBSCAN for 

clustering micro, small, and medium enterprises (MSMEs) based on asset value and turnover. K-means 

outperformed DBSCAN in cluster compactness (DBI), though DBSCAN was superior in identifying outliers 

and did not require a predefined number of clusters. This study contributes novelty by systematically 

comparing k-means, hierarchical clustering, and DBSCAN using multiple internal validation metrics 

(silhouette, DBI, and CHI) within a real-world distribution business context to identify the most suitable 

method for actionable customer segmentation. 

 

 

Table 1. Previous studies on customer segmentation clustering analysis 
Article Business 

context 

Features Clustering method Validation method 

[4] Retail RFM Hierarchical DBI and silhouette 

[12] Retail Market basket K-means Sum of squared error (SSE), 
silhouette, and gap statistic 

[8] Online retail RFM K-means Silhouette 

[10] Online retail RFM K-means, RM k-means, and  
fuzzy c-means 

Silhouette 

[13] Online retail RFM interpurchase time Hierarchical CHI and DBI 
[14] Internet 

banking 

RFM K-means and DBSCAN DBI 

[15] Retail RFM (time) Hierarchical and k-shape Silhouette and CHI 
[16] Online retail RdFdMd K-means DBI 

[17] Retail RFM Density peak (DP)-genetic 

algorithm (GA)-possibilistic 
fuzzy c-means (PFCM)  

and k-means 

ARI, NMI, and  

Dunn-Bonferroni 

[18] Distribution 
and retail 

RFM Fuzzy c-means Partition coefficient 

This study Distribution RFM K-means, hierarchical, and 

DBSCAN 

Silhouette, DBI, and CHI 

 

 

2. METHOD 

Figure 1 outline the research framework of this study. It is adapted from previous research [19]. The 

framework consists of four stages: transactional data collection, data preprocessing and preparation, 

clustering and validation, and labelling and analysis. In this study, the transactional dataset was already in a 

clean and structured format, with no missing values or inconsistencies identified; therefore, no additional data 

cleaning was required. Preprocessing was conducted by transforming the raw data into recency, frequency, 

and monetary variables. 
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Figure 1. The research framework 

 

 

2.1.  Clustering and validation 

2.1.1. Clustering 

This study employs three widely used clustering techniques—k-means, hierarchical, and 

DBSCAN—selected for their distinct underlying principles: centroid-based (k-means), hierarchical 

(agglomerative), and density-based (DBSCAN).  

i) K-means clustering: the k-means algorithm partitions data into k clusters by minimizing the spread 

within each cluster [20]. It starts by randomly selecting k centroids and assigning each data point to the 

nearest one. Then, it iteratively updates centroids by calculating the mean of assigned points and 

reassigns points until centroid movement falls under a threshold, indicating cluster stability. 

 

𝐽 = ∑ ∑ ‖𝑥𝑗 − 𝜇𝑖‖
2

𝑥𝑗∈𝐶𝑖
𝑘
𝑖=1  (1) 

 
Where 𝑘 is number of clusters; 𝐶𝑖 is set of points in cluster 𝑖; 𝑥𝑗 is data point in cluster 𝑖; 𝜇𝑖 is the 

centroid of cluster 𝑖; and ‖𝑥𝑗 − 𝜇𝑖‖
2
 is squared Euclidean distance between a data point and its centroid. 

ii) Hierarchical clustering: agglomerative (hierarchical) clustering uses a bottom-up approach, merging 

individual data points into clusters successively to form a tree-like structure called a dendrogram [20]. 

Unlike k-means, it doesn't require specifying the number of clusters in advance. The process starts with 

each point as its own cluster, merging the closest pairs until all points form a single cluster. This paper 

uses Ward’s method, which minimizes the sum of squared differences within clusters. 

 

𝐷(𝐴, 𝐵) =
|𝐵|

|𝐴|+|𝐵|
‖𝜇𝐴 − 𝜇𝐵‖

2 (2) 

 
Where 𝐷(𝐴, 𝐵) is distance between cluster 𝐴 and 𝐵; |𝐴| and |𝐵| is number of points in cluster 𝐴 and 𝐵; 

𝜇𝐴 and 𝜇𝐵 is centroid of cluster 𝐴 and 𝐵; and ‖𝜇𝐴 − 𝜇𝐵‖
2 is squared Euclidean distance between  

the centroids. 

iii) DBSCAN: DBSCAN groups dense regions of data while treating sparse areas as noise [11]. Unlike  

k-means, it can detect clusters of arbitrary shapes without requiring the number of clusters in advance.  

It starts with an unvisited point and checks how many neighbors lie within a specified distance (eps).  

If this number meets or exceeds min_samples, the point becomes a core sample and initiates a cluster. 

The cluster expands by recursively including neighboring core and border points. This process 

continues until all points are classified. 

 
𝑁𝜖(𝑝) = {𝑞 ∈ 𝐷|𝑑(𝑝, 𝑞) ≤ 𝜖} (3) 

 
Where 𝑁𝜖(𝑝) is neighborhood of point 𝑝 within radius 𝜖; 𝑑(𝑝, 𝑞) is distance between points 𝑝 and 𝑞;  

𝜖 is neighborhood radius parameter; and A point p is core point if |𝑁𝜖(𝑝)| ≥ 𝑚𝑖𝑛𝑃𝑡𝑠. 
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2.1.2. Validation 

For validation, this study utilizes introduces: silhouette score, DBI, and CHI. As shown in Table 1, 

these metrics were selected for their widespread use in customer segmentation and their availability in the 

scikit-learn library, ensuring easy reproducibility. Furthermore, prior research identifies silhouette, DBI, and 

CHI as among the top-performing indices within a group of recommended clustering validation metrics [21]. 

i) Silhouette score: the silhouette score evaluates clustering quality by comparing how well a data point 

fits within its own cluster relative to the closest neighboring cluster [22]. This is done by measuring the 

distance between a point and all other points in its cluster, as well as its distance to the nearest cluster. 

Calculating silhouette scores requires two things, the clustering result from a chosen algorithm and the 

pairwise proximities between samples [23]. 

 

𝑠(𝑖) =
𝑏(𝑖)−𝑎(𝑖)

𝑚𝑎𝑥{𝑎(𝑖),𝑏(𝑖)}
 (4) 

 
Where 𝑎(𝑖) is mean intra-cluster distance; 𝑏(𝑖) is mean nearest-cluster distance; and 𝑚𝑎𝑥{𝑎(𝑖), 𝑏(𝑖)} is 

normalize the score so that score remain within -1 and 1. 

ii) DBI: the DBI evaluates clustering quality based on cluster compactness and separation [24]. It measures 

how tightly grouped the points in each cluster are and how distinct the clusters are from one another. 

Lower DBI values indicate better clustering. 

 

𝐷𝐵(𝑘) =
1

𝑘
∑ 𝑚𝑎𝑥

𝑖≠𝑗

𝑆𝑖+𝑆𝑗

𝑑(𝑥̅𝑖,𝑥̅𝑗)

𝑘
𝑖=1  (5) 

 
Where 𝑆𝑖 and 𝑆𝑗 is measure the compactness of cluster 𝑖 and 𝑗; and 𝑑(𝑥̅𝑖 , 𝑥̅𝑗) is measure how far apart 

cluster 𝑖 and 𝑗. 
iii) CHI: the CHI, or variance ratio criterion, measures clustering quality by comparing between-cluster 

separation to within-cluster compactness [25]. A higher CHI indicates denser, well-separated clusters. 

 

𝐶𝐻(𝑘) =
𝐵𝐺𝑆𝑆/(𝑘−1)

𝑊𝐺𝑆𝑆/(𝑛−𝑘)
 (6) 

 
Where between-cluster sum of squares (BCSS) is measures how far each cluster centroid is from the 

global centroid; and WCSS is measures how compact the clusters are by summing the squared distances 

of points to their cluster centroid. 

 

 
3. RESULTS AND DISCUSSION 

3.1.  Results 

The analysis begins with data visualization to understand customer behavior. Recency values were 

reversed for consistency with frequency and monetary metrics, where higher values indicate better 

customers. Figure 2 shows that over half of the customers have high recency, indicating strong loyalty in the 

past two years. Figure 3 reveals most customers have low transaction frequency, with few having high 

frequency. Similarly, Figure 4 shows most customers have low transaction values. To protect sensitive 

information, the customer monetary values distribution plot is normalized as requested by the data owner. 

Figure 5 show the correlation between recency and frequency (Figure 5(a)), recency and monetary  

(Figure 5(b)), and frequency and monetary (Figure 5(c)) value. 

i) Recency vs. frequency: the scatter plot shows that most customers have low frequency values, 

regardless of their recency. However, there is a group of customers with high recency values who also 

exhibit slightly higher frequency, suggesting that customers who have not engaged recently tend to have 

lower interaction levels. 

ii) Recency vs. monetary: similar to the recency-frequency relationship, the majority of customers with 

high recency scores have low monetary values. A small portion of customers with high recency scores 

also have higher monetary values, indicating that while most inactive customers have low spending, a 

few exceptions exist. 

iii) Frequency vs. monetary: the plot reveals a positive correlation, where customers with higher purchase 

frequencies tend to have higher monetary values. However, a concentration of customers with low 

frequency and low monetary values shows a significant portion of the customer base consists of 

infrequent and low-spending buyers. 
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Figure 2. Distribution of customer recency values Figure 3. Distribution of customer frequency values 
 

 

 
 

Figure 4. Distribution of customer monetary values 
 

 

   
(a) (b) (c) 

 

Figure 5. Pairwise correlations among (a) recency vs. frequency, (b) recency vs. monetary, and  

(c) frequency vs. monetary  
 
 

Table 2 presents the iterative results of the k-means clustering, validated using three evaluation 

metrics for each number of clusters. To identify the optimal clustering solution, the validation scores are 

normalized and assigned equal weights of 0.33. Equal weights were assigned to the normalized silhouette, 

DBI, and CHI to ensure a balanced evaluation, as each metric captures complementary aspects of clustering 
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quality and no single metric is theoretically dominant for the given application [21]. The cluster configuration 

with the highest combined weighted score is selected as the best-performing solution. Although k =2 yields 

the highest combined weighted score, this solution provides limited analytical insight due to the overly coarse 

segmentation. Consequently, k =7 is selected as the optimal number of clusters, achieving a combined 

weighted score of 0.49. Figure 6 illustrates the resulting k-means clustering solution. 

Similar to Table 2, Table 3 presents the results of the hierarchical clustering iterations, evaluated for 

cluster numbers ranging from two to ten. For each configuration, the validation metrics, normalized 

validation scores, and combined weighted scores are reported. Based on these results, k =3 is selected as the 

optimal number of clusters for the hierarchical clustering analysis. Figure 7 illustrates the hierarchical 

clustering solution. 
 

 

Table 2. K-means clustering results 
k Silhouette DBI CHI Silhouette_norm DBI_norm CHI_norm Weighted_score 

2 0.725640681 0.43804690 3380.43216 1 1 0.20328174 0.72708297 

7 0.618539941 0.46839858 3869.64461 0.26400870 0.764641245 0.45971310 0.49115980 

6 0.620620343 0.46440856 3502.42214 0.27830513 0.795581374 0.26722545 0.44256694 
9 0.594375815 0.53529723 4852.05627 0.09795395 0.245882872 0.97466557 0.43510579 

3 0.664009699 0.49082345 3160.21805 0.57647476 0.590750008 0.08785172 0.41417524 

 
 

Table 3. Hierarchical clustering results 
k Silhouette DBI CHI Silhouette_norm DBI_norm CHI_norm Weighted_score 

2 0.70044913 0.48555912 2980.290047 1 1 0.044730974 0.67476122 
3 0.65798431 0.49189968 3121.721262 0.794662519 0.962598208 0.123692485 0.62071456 

10 0.50243429 0.55424105 4691.311752 0.042504732 0.594857766 1 0.54032962 

9 0.51976614 0.55066791 4033.047773 0.126312397 0.615935075 0.632489063 0.45366305 
4 0.67108371 0.57117187 2900.170557 0.858004308 0.494985887 0 0.44648676 

 

 

 
 

  

Figure 6. K-means clustering result Figure 7. Hierarchical clustering result 
 
 

The DBSCAN configuration differs from those of k-means and hierarchical clustering, as it does not 

require prior specification of the clusters number. Instead, DBSCAN relies on two parameters, ε (epsilon) 

and min_samples. In this study, ε was varied from 0.1 to 5.0 with increments of 0.1, while min_samples 

ranged from 6 to 20 with increments of 1. Table 4 presents the top ten parameter combinations obtained from 

this iterative process, from which ε=1.6 and min_samples =7 were identified as producing the best clustering 

performance. The resulting DBSCAN clustering structure based on these parameters is illustrated in Figure 8. 
 

 

Table 4. Top 10 DBSCAN clustering results 
eps min_samples Clusters Silhouette DBI CHI Silhouette

_norm 

DBI_norm CHI_norm Weighted_

score 

1.6 7 3 0.48902 1.13440 1706.92 0.93387 0.73158 1 0.879602 
2.1 12 3 0.53151 1.19885 1496.54 0.97025 0.71105 0.874985 0.843576 

2 10 3 0.51923 1.24785 1464.34 0.95973 0.69544 0.855853 0.828642 

1.4 6 4 0.46177 1.04308 1389.07 0.91055 0.76067 0.811123 0.819175 

1.9 9 3 0.53032 1.29533 1393.93 0.96923 0.68032 0.814012 0.812976 
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Figure 8. DBSCAN clustering result 

 

 

3.2.  Discussion 

This subsection evaluates the clustering results using validation metrics and extends the analysis to 

strategic customer insights. Figures 2 to 4 show that the frequency and monetary variables are left-skewed, 

while recency is right-skewed—an expected pattern aligned with the Pareto principle, which states that a 

small proportion of customers contributes to the majority of revenue [26]. In this dataset, 84% of the revenue 

is generated by just 16% of the customers. Identifying these high-value "Pareto customers" is essential for 

effective segmentation and targeted marketing. Clustering techniques that can accurately isolate these 

customers provide significant business value. 

The experimental results, shown in Table 5, indicate that k-means achieved the best performance on 

the DBI and CHI, while hierarchical clustering had the highest silhouette score. DBSCAN performed the 

worst across all metrics. Visualizations in Figures 6 to 8 support these findings: k-means is the only method 

that clearly separates Pareto customers into distinct clusters (e.g., purple and cyan points with high values). 

Hierarchical clustering fails to distinguish these customers, grouping them with lower-value segments. 

Although DBSCAN is effective at identifying noise, in this context it misclassifies Pareto customers as 

outliers—limiting its usefulness when high-value customers may appear as sparse but critical cases in data. 

 

 

Table 5. Comparison of clustering performance across methods 
Algorithm k Silhouette DBI CHI 

K-means 7 0.61853994 0.46839858 3.869.644.617 
Hierarchical 3 0.65798431 0.49189968 3.121.721.262 

DBSCAN 3 0.48902765 113.440.359 1.706.924.696 

 

 

This study has several limitations. First, the analysis is based on a single dataset from one 

distribution business, which may limit the generalizability of the findings to other industries or customer 

structures. Future research should validate the proposed approach across multiple datasets and sectors to 

enhance external validity. Second, the study employs equal weighting across clustering validation metrics 

without conducting sensitivity analysis; although this ensures a balanced evaluation, the absence of 

robustness testing may influence the stability of the final clustering selection under alternative weighting 

schemes. Future work should incorporate sensitivity analysis to further assess the consistency of the results. 

 

 

4. CONCLUSION 

This study evaluated k-means, hierarchical clustering, and DBSCAN for RFM-based customer 

segmentation using the silhouette score, DBI, and CHI. The results show that k-means consistently 

outperforms other methods and is uniquely effective in identifying high-value Pareto customers, making it 

particularly suitable for data-driven marketing applications. Academically, the study contributes a systematic 
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comparison of clustering techniques that integrates quantitative validation metrics with business 

interpretability, emphasizing the importance of aligning methodological choices with analytical objectives. 

Practically, the findings demonstrate that k-means offers a reliable and actionable approach for customer 

segmentation to support targeted marketing and resource allocation decisions. Nevertheless, the 

generalizability of the results is limited by the dataset and methods used, and future research should explore 

additional clustering algorithms and enhanced RFM models tailored to other business contexts. 
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