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Abstract 
This paper focuses on the banking retail market, using the retail market of Bank A as a case study. It established 

an amount-combined recency, frequency, and monetary (ARFM) model by combining the RFM model with 

the total number of transactions and collected customer data from Bank A based on this model. The clustering 

performance of three methods, including k-means, agglomerative nesting (AGNES), and density-based spatial 

clustering of applications with noise (DBSCAN) was compared on the customer data of Bank A. The data used 

covered the period from January to June 2024. After removing outliers and missing values, a final sample of 

24,587 customers was analyzed. The effectiveness of each clustering algorithm was evaluated using the 

Silhouette coefficient (SC), Calinski-Harabasz Index (CHI), and Davies-Bouldin Index (DBI). The results 

showed that the k-means algorithm achieved the best clustering performance, with an SC value of 0.78, a CHI 

value of 3,964, and a DBI value of 0.66. It divided the customers of Bank A into four clusters: value customers, 

core customers, general customers, and easy-to-lose customers, for which corresponding profiles were 

established. Moreover, targeted marketing strategies for these clusters were developed. The results verify the 

applicability of customer profiling and cluster analysis in the financial field, demonstrating that they can be 

applied in the actual bank retail market. 
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1. Introduction 

In the face of fierce market competition, various industries must utilize existing technical means to 

pursue development towards informatization and digitalization [1]. Current marketing method tend to 

prioritize the customer [2]. By processing and analyzing customer data, businesses can create detailed 

customer profiles that inform targeted marketing strategies, ultimately reducing costs and effectively 

reaching the right audience [3]. This method has been applied successfully in many fields [4]. Lin and 

Guan [5] proposed an electric power marketing user profile, designed the power payment user value 

model, and then implemented user profiling using the k-means algorithm. This method provides a strong 

foundation for electric power companies to assess user value and offer differentiated services. Liu et al. 

[6] analyzed the marketing mode of clothing enterprises and constructed an improved user profile model. 
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Their tests indicated that this method could boost sales by more than 30%, offering a reference for the 

digital transformation of clothing enterprises. Tanuwijaya et al. [7] used the k-means algorithm to divide 

Netflix’s potential customers into three cluster for personalized marketing. Through this approach, 

operators can improve marketing accuracy and obtain better marketing effects through this method. 

Sabuncu et al. [8] used the recency, frequency, and monetary (RFM) model to analyze data from 1,015 

customers at a gas station in Turkey and subdivided them into five categories through cluster analysis. 

They found that truck drivers were the most valuable customers. Kumar et al. [9] utilized historical sales 

and customer data to analyze demand forecasting and customer segmentation in the medical field through 

statistical techniques and machine learning algorithms. Their analysis revealed that these two methods 

can complement each other to achieve resilience and flexibly respond to market demand fluctuations. 

Zervoudakis and Tsafarakis [10] adopted the flying fox optimization algorithm for customer 

segmentation. When applied to two different datasets, this method demonstrated excellent performance 

in identifying different customer groups, thereby facilitating the formulation of targeted marketing 

strategies. Maghsoudi et al. [11] proposed a method that combines sentiment analysis with customer 

segmentation, enabling manufacturers to effectively align product design with the ever-changing 

consumer demands. Mahendra et al. [12] analyzed the application of graph neural networks (GNNs) in 

customer segmentation within immersive virtual reality environments. The results showed that successful 

customer segmentation can be achieved with a GNN. Applying targeted marketing strategies in the 

financial sector can reduce marketing costs while both attracting new customers and retaining existing 

ones [13]. With the rapid development of Internet finance, banks face significant challenges in their retail 

markets. In order to further expand their customer base, banks must implement targeted marketing 

strategies. However, the classic RFM model widely used today fails to accurately capture the complex 

and diverse business relationships between customers and banks. For example, a customer with a high 

transaction frequency who only uses a savings account has different value and potential than a customer 

who engages in multiple services such as wealth management and credit. It is rather difficult for 

traditional models make these distinctions. To address this issue, this paper developed customer profiles 

through cluster analysis of customer data from Bank A using the k-means algorithm and then put forward 

several suggestions on targeted marketing strategies based on these profiles. The research in this paper 

introduces the total number of transactions (amount) on the basis of the classic RFM model to construct 

a new amount-combined RFM (ARFM) model. The new approach aligns more closely with the 

complexities of banking services and diverse product offerings. Through a systematic comparison, the 

advantages of the proposed method on bank retail market customer data were demonstrated. This paper 

provides a reference for expanding the retail market of banks and enhancing the level of traditional bank 

retail business. It also provides theoretical support for the application of clustering algorithms and 

customer profiling in banking and other financial fields. 

 

 

2. Cluster Analysis 

2.1 k-Means 

The k-means algorithm is a partition-based method [14]. Its principle is to divide a set of samples into 

k non-overlapping clusters. It has good performance in image processing [15], data classification [16], 



How to Develop Targeted Marketing Strategies in the Retail Market? Combining Customer Profile Clustering Analysis 

 

350 | J Inf Process Syst, Vol.22, No.4, pp.348~359, August 2026 

and various other scenarios. The algorithm follows these steps: 

1) randomly select k initial centroids, 

2) assign each sample to the nearest cluster, 

3) recalculate the center of mass for each cluster, 

4) repeat these steps until the centers of mass no longer change. 

As a benchmark algorithm based on partitional clustering, k-means is highly efficient and performs 

well on spherical clusters and clusters with uniform scale, making it suitable for meeting the requirements 

of customer profiling in the banking retail market. 

 

2.2 Agglomerative Nesting 

Agglomerative nesting (AGNES) is a hierarchical method [17] that treats each sample as a single 

cluster and merges clusters based on their distances [18]. The process is as follows: 

1) treat each object as a cluster; 

2) merge the two closest clusters; 

3) repeat the process until k clusters are generated. 

AGNES is a representative of hierarchical clustering. When analyzing customer profiles in the banking 

retail market, this method is advantageous for exploring the hierarchical structure of customer value 

without relying on the selection of the initial center point. 

 

2.3 DBSCAN 

Density-based spatial clustering of applications with noise (DBSCAN) [19] exhibits strong performance 

in processing discrete data [20]. One advantage is that it does not need to input the number of clusters to 

be divided [21]. The method determines the connectivity between samples based on sample density. 

There are two critical parameters in DBSCAN. The first is the neighborhood radius 𝜀: for data 𝑥, the 

circle with 𝑥 as the center and 𝜀 as the radius is called the 𝜀-neighborhood of 𝑥. The second parameter is 

the minimum number of sample points (MinPts). For data 𝑥 , if its 𝜀  neighborhood contains at least 

MinPts, the points can be said to be the core points. The process is as follows: 

1) select an initial point at random and determine the number of points in its 𝜀-neighborhood; 

2) if the number of points is greater than or equal to MinPts, these points are recorded as core points, 

and the samples in this neighborhood are grouped into the same cluster; 

3) repeat the process until all points have been accessed. 

As a density-based algorithm, the advantage of DBSCAN lies in its ability to automatically identify 

noise points (abnormal customers). Applying it to the research on customer profiling in the banking retail 

market can help verify whether there are special customer segments that are difficult to capture in the 

data, such as inactive customers. 

 

2.4 Cluster Effect Evaluation 

1) Contour coefficient (SC)  

Silhouette coefficient (SC) measures how similar a sample is to other samples within the cluster [22]. 

The formula is: 
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𝑆𝐶 =
𝑏 − 𝑎

𝑚𝑎𝑥(𝑎, 𝑏)
 (1) 

 

where 𝑎 is the average distance of the sample from other samples within the cluster and 𝑏 is the average 

distance of the sample from all points within the adjacent cluster. 

 

2) Calinski-Harabasz Index (CHI) 

CHI is the ratio of the degree of dispersion between clusters to the degree of dispersion within clusters 

[23]. The formula is: 
 

𝐶𝐻𝐼(𝑘) =
𝑇𝑟(𝑂𝑘)/(𝑘 − 1)

𝑇𝑟(𝐼𝑘)/(𝑛 − 𝑘)
 (2) 

 

where 𝑛 refers to the number of samples, 𝑘 is the number of clusters, 𝑇𝑟 is the trace of the matrix, 𝑂𝑘 is 

the intercluster covariance matrix, and 𝐼𝑘 is the intra-cluster covariance matrix. 

 

3) Davies-Bouldin Index (DBI) 

DBI is the ratio of the distance within a sample class to the distance between classes [24]. The formula 

is: 
 

𝐷𝐵𝐼 =
1

𝑘
∑max

𝑖≠𝑗
(
𝑐𝑗̅ + 𝑐𝑖̅

𝑑(𝑧𝑗 , 𝑧𝑖)
)

𝑘

𝑖=1

 (3) 

 

where 𝑧𝑖 and 𝑧𝑗 are the center of mass of clusters 𝑖 and 𝑗, 𝑐𝑖̅ and 𝑐𝑗̅ are the average distance of all samples 

in clusters 𝑖 and 𝑗 from the center of mass, and 𝑑 is the Euclidean distance. 

The SC measures the classification rationality of a single sample point. The CHI focuses on the 

macroscopic variance ratio. The DBI measures clustering quality based on the worst-case pairwise 

similarity between clusters, with smaller values indicating better performance. Each of these three 

indicators has a distinct focus. Therefore, this paper integrates all three to comprehensively analyze the 

clustering effects of different algorithms. 

 

 

3. Retail Market of Bank A and Customer Profile 

3.1 Retail Market of Bank A 

Bank A is a commercial bank branch in Henan Province and has made significant investments in the 

retail market. Its retail products mainly include: 

1) wealth: deposits, financial management services, funds, gold, etc.; 

2) credit: mortgages, operating loans, credit cards, etc. 

In terms of customer management, Bank A currently carries out hierarchical management according to 

differences in the value of existing customers and allocates financial managers according to customer 

assets. However, this division method is somewhat simplistic, and the marketing strategy predominantly 

relies on traditional methods, which yield low success rates.  In the face of increasingly fierce market 

competition, Bank A’s retail sector is under significant pressure, leading to customer attrition. 

Consequently, there is an urgent need to develop targeted marketing strategies to enhance the 

competitiveness of its retail market. 
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3.2 Processing of Customer Data of Bank A 

In terms of customer data processing, the RFM model has been extensively used [25], and it contains 

three indicators: 

- R (Recency): the time since the customer’s most recent purchase, 

- F (Frequency): how often the customer makes purchases, 

- M (Monetary): the total amount the customer has spent recently. 

The RFM model evaluates customer value [26] through these three indicators, enabling tasks such as 

customer segmentation [27] and customer profiling [28]. It has been applied to customer data processing 

at Bank A. Moreover, it can be combined with the total number of transactions (amount) based on the 

specific situation of the banking retail market to form the ARFM model.  

The inclusion of “Amount” is justified by the unique characteristics of the banking retail business. 

1) Comprehensive quantitative assessment: In the RFM model, the single “F” alone may not 

adequately distinguish between customers who make numerous small transactions and those who 

engage in fewer, higher-value transactions. The total number of customer transaction activities 

(amount) can more directly measure a customer’s contribution level. 

2) Precise business orientation: The marketing strategies of bank retail businesses, such as those 

related to wealth management and credit, are closely related to a customer’s asset scale. Introducing 

the amount can make the customer segmentation results directly serve differentiated product 

recommendation and interest rate pricing strategies, offering clear business directivity. 

For this study, customer data was drawn from the transaction records of Bank A. The indicators were 

defined as follows: 

- A: total number of transactions a customer has made in the recent 6 months, 

- R: time elapsed since the most recent transaction, 

- F: transaction frequency in the recent 6 months, 

- M: the transaction amount in the recent 6 months. 

Transaction data from Bank A covering January 2024 to June 2024 was selected. Records lacking key 

fields such as transaction amount and frequency were deleted. Records falling below the 1st percentile 

or above the 99th percentile were defined as outliers and deleted. After processing, data from 24,587 

customers was obtained. Part of the data is shown in Table 1. 

 

Table 1. Raw customer data of Bank A 

 Amount (n) Recency (day) Frequency (time) Monetary (yuan) 

125145 * * 5 2.685 18.652 1,985,246 

412586 * * 6 1.854 19.365 2,012,548 

412536 * * 1 9.332 3.215 1,125,415 

123522 * * 6 1.554 17.445 1,865,235 

522367 * * 7 5.685 10.116 3,985,412 

965236 * * 1 8.549 1.225 1,025,412 

411252 * * 2 7.657 2.374 1,136,258 

451285 * * 1 9.465 2.263 1,202,541 

854211 * * 8 6.654 6.258 3,215,216 

854236 * * 2 8.665 3.245 2,122,147 
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Due to the different units of the four dimensions, the customer data in Table 1 was standardized: 
 

𝑥𝑛𝑒𝑤 =
𝑥 −𝑚𝑖𝑛

𝑚𝑎𝑥 −𝑚𝑖𝑛
 (4) 

 

where 𝑚𝑎𝑥 and 𝑚𝑖𝑛 refer to the maximum and minimum values of original data 𝑥. 

 

3.3 A Cluster Analysis of Customer Data of Bank A 

The elbow method was used to determine the k value for the k-means algorithm. The cases where k 

ranged from 2 to 40 were traversed and calculated using a “for” loop, and the result showed that the 

optimal k value was 6. The number of clusters for AGNES also used the k value determined by the k-

means algorithm, namely k = 6. In the DBSCAN algorithm, the radius of neighborhood 𝜀 ranged from 

0.001 to 1, with a step size of 0.05, and the MinPts ranged from 2 to 15. All parameter combinations 

were traversed through a “for” loop. Finally, 𝜀 = 0.95, MinPts = 2. The comparison of the clustering 

performance between different algorithms for the customer data of Bank A is shown in Table 2. 

 

Table 2. Clustering performance analysis 

 SC CHI DBI 

k-means 0.78 3964 0.66 

AGNES 0.75 3845 1.68 

DBSCAN 0.56 656 2.77 

 

As shown in Table 2, the SC value for the k-means algorithm was closest to 1, and it also had the 

highest CHI value and the lowest DBI value, which showed the best clustering performance on the 

customer data of Bank A. Therefore, subsequent analysis was conducted based on the clustering results 

from the k-means algorithm. The k-means algorithm divided the customers of Bank A into four clusters. 

 

Table 3. Customer clustering results of Bank A 

 Number of customers A R F M 

Cluster 1 11,145 6 2.779 15.625 2,015,697 

Cluster 2 4,568 3 5.667 10.897 3,521,484 

Cluster 3 5,307 2 8.942 3.451 1,252,364 

Cluster 4 3,567 1 10.897 1.456 1,021,546 

 

From Table 3, it can be found that Cluster 1 had the largest number of customers, accounting for 

45.33%. This segment of customers had a high transaction volume, with an average of six transactions, 

indicating extensive use of various Bank A products, including deposits, wealth management, and loans. 

Moreover, they had a short average interval since their most recent transaction, at 2.779 days. They also 

had a high average transaction frequency over the recent 6 months, 15.625 times, suggesting frequent 

interactions with Bank A. The total transaction amount for this cluster was also high, reaching 2,015,697 

yuan. Based on these results, this customer group is a significant source of stable income for Bank A. 

They not only make a relatively high current contribution but also have a relatively stable lifetime value. 

The number of customers in Cluster 2 was relatively small, accounting for 18.58%. Customers in this 

cluster had a small number of transactions, with an average of 3, and a long interval since their most 
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recent transaction, with an average of 5.667 days. Therefore, they were not frequent transaction 

customers. Their transaction frequency within 6 months was at a moderate level, averaging 10.897 times, 

but their transaction amount was the highest among all clusters, reaching 3,521,484 yuan. These results 

suggest that their banking business may mainly focus on large-amount wealth management and asset 

custody, indicating that they are likely high-net-worth individuals. 

Cluster 3 comprised 21.58% of the customers. This group had an average transaction volume of 2 and 

an average interval of 8.942 days since their most recent transaction. Their transaction frequency was 

low, at only 3.451 times, and their average transaction amount was lower than that of the first two clusters, 

at 1,252,364 yuan. These customers may only use basic savings accounts, show little interest in wealth 

management products, and do not maintain a close relationship with Bank A. As a result, these customers 

have a risk of churn. 

Cluster 4 had a smaller proportion of customers, at 14.51%. This group had the lowest transaction 

activity, averaging only 1 transaction and the longest interval since their most recent transaction, 

exceeding ten days. Their transaction frequency was also the lowest, at just 1.46 times, and their 

transaction amount was the smallest, totaling 1,021,546 yuan. These customers may have opened 

accounts but rarely used them, or they may be long-standing customers who are on the verge of churning. 

The cost of maintaining these customers may exceed the benefits they generate. 

In order to further validate the business credibility of the clustering results, they were cross-compared 

with the business labels that are known within Bank A but were not used in the modeling. The results 

showed that:  

1) The average financial assets per capita of customers in Cluster 1 far exceeded the average level of 

the whole bank, and the proportion of customers holding high-net-worth or private banking 

customer labels exceeded 80%; in terms of product holdings, the cross-holding rate of these 

customers simultaneously holding financial products, funds, and insurance products was extremely 

high;  

2) The monthly asset activity rate of customers in Cluster 2 remained stable at above 95%, and their 

response rate to newly lunched bank financial products was also the highest, exceeding 30%. Thus, 

they were the most active customers and had the greatest growth potential in the bank’s ecosystem; 

3) The average account balance of customers in Cluster 3 was relatively low, and for more than 50% 

of these customers, their main accounts were either pure settlement accounts or low-balance savings 

accounts; their product holdings were also very single, concentrated in basic savings and payment 

services; 

4) In the past 6 months, for customers in Cluster 4, more than 60% exhibited behaviors such as a 

significant decline in account balance or termination of core products, and the proportion of 

customers marked as inactive by the bank’s system exceeded 50%, which was consistent with the 

clustering results. 

Through the above comprehensive systematic cross-validation using key business indicators, it can be 

concluded that the designed method is not only statistically valid from a data perspective but also has 

practical significance and interpretability in real banking business scenarios. 

 

3.4 Customer Profile and Targeted Marketing Strategy 

According to the clustering results in Table 3, the customers of Bank A were divided into four 
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categories. The customer profiles and targeted marketing strategies are as follows. 

 

1) Value customers 

This group is characterized by a wide variety of transactions, short intervals between transactions, high 

activity frequency, and medium transaction amounts. These customers demonstrate high engagement 

with the bank, holding multiple products and showing strong loyalty. As a result, they have created 

significant value for Bank A’s retail market. 

The number of these customers is large and stable, making them an important segment of the bank’s 

retail operations. Therefore, it is necessary to focus on maintaining these customers. They can be 

encouraged to choose Bank A for wealth management and payment settlement. At the product level, 

advanced wealth management tools such as intelligent fixed-amount investment and fund portfolios can 

be offered to them. The bank could also provide them with complimentary personal asset allocation 

reports and high-limit credit cards with numerous benefits. At the service level, more very important 

person (VIP) activities can be provided for them. A points redemption platform can be established were 

points can be redeemed for airport VIP lounges and high-end hotel discounts to enhance the value of 

points. At the same time, the bank can create a fast track for valuable customers within the mobile banking 

app to reduce their waiting time and improve satisfaction. 

 

2) Core customers 

The characteristics of these customers are a limited variety of transactions, moderate trading intervals 

and frequencies, and high trading amounts. Although this type of customer is not as active as the previous 

group and holds fewer products, their transaction amounts are large, and they can create ultra-high value 

for the bank’s retail market. Therefore, they can be considered core customers of Bank A. 

These customers hold great value for Bank A and is very important. To better serve them, the bank 

should improve closeness of contact with customers by providing one-to-one service through senior 

account managers and offering customers with financial services with good privacy, high integration, and 

convenience. The bank can establish a dedicated channel for high-value services such as large-scale fund 

transfers and loan approvals. In terms of product offerings, exclusive wealth management products with 

high yields and low minimum investment thresholds should be created specifically for these core 

customers. When a significant inflow of funds occurs, the bank can proactively offer preferential 

subscription opportunities for private equity and popular trust products. In addition, it is necessary to 

conduct robust risk monitoring for these customers. When a large outflow of funds is detected, the 

customer manager should follow up to understand the reasons and develop retention strategies. 

 

3) General customers 

The characteristics of these customers are few types of transactions, long trading intervals, low 

frequency, and large transaction amounts. As a result, their activity, loyalty, and value can be considered 

average, bringing little value to the retail market of Bank A; they contribute only modestly to Bank A’s 

retail market. 

The value of these customers is average, but their numbers are significant. If similar management 

strategies as those used for the first two types of customers are adopted, there is a risk of incurring high 

marketing costs without corresponding returns. Therefore, the bank should consider low-cost automated 

marketing methods for these customers. For instance, different services can be offered based on their 
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behaviors. A growth ladder could be integrated into the mobile banking app, rewarding customers with 

1,000 bonus points for purchasing their first financial product. Completing specific tasks would enable 

customers to earn corresponding benefits. 

 

4) Easy-to-lose customers 

These customers show few types of transaction activity, long transaction intervals, infrequent 

purchases, and low transaction amounts. Therefore, their activity level and value are low. They may fall 

into the categories of occasional or inactive customers within Bank A’s retail market, displaying low 

loyalty and a high risk of attrition. 

Given their limited value, marketing to these customers poses a significant challenge. Therefore, Bank 

A can reduce maintenance and marketing efforts for these customers, transitioning all service channels 

to the self-service mode and limit active investment in labor costs, thereby concentrating resources on 

customers with greater potential return value. 

 

 

4. Conclusion 

Based on the ARFM model, this paper divided the customers of Bank A into four clusters, value, core, 

general, and easy-to-lose customers, analyzed their customer profiles, and proposed targeted marketing 

suggestions for each customer category. This paper provides theoretical support for the development of 

the retail market of Bank A. However, the research in this paper also has some limitations. For example, 

the analysis relies solely on existing clustering methods, lacking exploration of advanced and hybrid 

techniques such as the Gaussian mixture model, k-means++, and ordering points to identify the clustering 

structure. Moreover, data such as customer age, occupation, income, and product holding status were not 

included. The marketing strategies proposed in this paper also lack practical verification. Therefore, in 

future work, more customer data will be incorporated to establish a more comprehensive customer 

tagging system, thereby making the marketing strategies more targeted. Moreover, more comparisons 

and combinations of clustering algorithms will be studied to capture more nuanced customer models. 

Then, the strategies proposed in this paper will be transformed into specific marketing activity plans, and 

the empirical cost-benefit of these strategies will be analyzed to scientifically evaluate their return on 

investment. 
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