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Abstract: Due to competitive environment, companies want to create a durable relationship with their 
customers. Building effective customer relationship management, companies should estimate customer 
lifetime value (CLV). CLV is normally calculated in terms of recency, frequency and monetary (RFM) 
variables. Allocating resource to customers’ segments regarding to communication channel based on 
CLV can be helpful for managers .In this paper, a hybrid model for estimating CLV based on RFM 
variables incorporated with data mining and multi criteria decision making (MCDM) methods has been 
proposed. The proposed methodology contains three phases: data understanding and collection, data 
preprocessing, modeling and data analyzing in which Fuzzy Analytical Hierarchy Process (FAHP) has 
been used to determine RFM variables’ weights. Then, K-means clustering method as a data mining 
method was employed in order to customer clustering and segmentation. Customer clusters were then 
ranked using MCDM method. Based on this ranking the company’s marketing and advertising resources 
have been allocated to different clusters. Finally, the proficiency of the model was shown by conducting a 
case study of cosmetics industry 
 
Keywords: Customer Lifetime Value, Data mining, Multi Criteria Decision Making 
 
 
1. Introduction 
 
    In today’s competitive era, customer relationship management (CRM) can be adopted as a core 
business strategy in order to help organizations manage customer interactions more effectively [1]. Value 
added services offered by the company and understanding the customers’ needs verify the success or 
failure of companies [2]. Customer lifetime value (CLV) aims to develop strategies to target customers 
and to identify profitable customers [3]. Measuring Recency value (R), Frequency value (F) and 
Monetary value (M) is an important method for assessing CLV. Customer lifetime value evaluation has 
been discussed in various studies. Customer lifetime value evaluation has been discussed in various 
studies [4, 5]. Data of CLV could help companies to decide better about strategies development and 
resource allocation to each customer. So, customers should be clustered in term of their CLV. For 
example the communicating channel for advertising and product recommendation are should be different 
for different customers based on their clusters and segments.  Because of large amount of customers’ data, 
data mining techniques have been used in order to extract useful data. Using data mining methods 
integrated with CLV analysis have been practiced by several researchers. One of the applicable methods 
of data mining in CRM is clustering method which is used to group customers into segments. K-means, 
kohonen network/self organizing map, two step, and Fuzzy C-means are some of the modeling techniques 
for clustering [6, 7]. Because of large amount of customers’ data, data mining techniques have been used 
in order to extract useful data. Using data mining methods integrated with CLV analysis have been 
practiced by several researchers. One of the applicable methods of data mining in CRM is clustering 
method which is used to group customers into segments. K-means, kohonen network/self organizing map, 
two step, and are some of the modeling techniques for clustering [6, 7]. In this research, K-means 
clustering has been used to segment customers based on RFM values because it is very common and 
simple. Weighing the attributes of RFM can improve the calculation of CLV [8]. For weighting RFM 
variables, Analytic Hierarchy Process (AHP) as one of the most applicable multi-criteria decision making 
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(MCDM) methods has been used by various researchers [9, 10].  Fuzzy AHP (FAHP) has been applied in 
this research in order to solve the problem of vagueness and ambiguity of decision makers’ judgments. 
 
    In this paper, K-means clustering analysis was applied with the integration of Technique for Order 
Preference by Similarity to Ideal Solution (TOPSIS) and FAHP methods to customer segmentation and 
ranking. The proficiency of this hybrid methodology was then illustrated by conducting a case study in 
cosmetics industry.     
 
2. Preliminaries 
 
2.1 K-means Clustering Algorithm 
 
    K-means algorithm was developed by MacQueen [11] which aims to find the cluster centers, (c1, . . . , 
cK), in order to minimize the sum of the squared distances (Distortion, D) of each data point (xi) to its 
nearest cluster centre (ck), as shown in Equation below where d is some distance function. Typically, d is 
chosen as the Euclidean distance. The steps of K-means algorithm are shown as follows: 
 
(1) Initialize K centre locations (c1, . . . , cK). 
(2) Assign each xi to its nearest cluster centre ck. 
(3) Update each cluster centre ck as the mean of all xi that have been assigned as closest to it. 
(4) Calculate 2    ∑ min ….   ,   

 

∑

(5) If the value of D has converged, then return (c1, . . . , cK); else go to Step 2. 
 
2.2 TOPSIS 
 
    In this work, TOPSIS as a MCDM technique has been utilized to rank the clusters. TOPSIS was 
proposed by Hwang and Yoon [12]. The steps of TOPSIS are presented as follows: 

1) Determining of criteria (RFM), using FAHP.  
2) Establishing the data matrix  which shows the final center of each cluster. 
3) Normalization   , 

    1, . . . , m;    1;   . . . ;  n 

4)   Establishing V matrix which is weighted matrix: 

5) positive ideal point  and negative ideal point 
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3. Methodology 
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    The methodology used in this study combines two approaches to estimate, and evaluate CLV. These 
approaches are Clustering method and MCDM method. The concept of this methodology is that 

hase2- Data preprocessing 
strategies development 

 data base. RFM scores of customers were considered as 
basic data of this research.  

oisy and uncompleted data have been omitted. Next, a normalization process 

-

. Case Study 

customers with similar values in RFM variables can be segmented based on their CLV. The methodology 
is illustrated in Figure 1. The proposed methodology in this study includes three phases as stated below:  
 
Phase1- Data understanding and collection 
P
Phase3 - Modeling and data analyzing  and 

These phases are explained in detail as follows: 

- Phase 1- Data were collected from the company

- Phase 2- Data preparation and data normalization were included in data preprocessing phase. In 
data preparation step, some n
is required to put the fields into comparable scales. This process is due to different scales of RFM inputs. 
In this paper, min-max approach was used which recalled all record values in the range between 0 to1. 
- Phase 3- Weights of RFM variables were calculated by FAHP and the normalized data of RFM have 
been weighted by these weights. Then, based on weighted RFM values customers were clustered by K
means clustering. Finally, the clusters of customers were ranked using TOPSIS method. Then the 
strategies for resource allocation have been developed based on the clusters ranks. 
 

Phase1- 
 Data collection (RFM values 

of customers
Data understanding 

and collection )

 

 

 

 

 

 

 

 

 

 

 

4

Phase3- Modeling 
and data analyzing 
and strategies 
development 

Phase2- 
Data 

preprocessing 

Weighted RFM (FAHP 
method)

Customer clustering 
based on Weighted RFM

Data preparation

Data normalization

Ranking customers’ clusters 
and strategies development 

Figure 1. Proposed method 
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    In order to demonstrate the proposed method, a case study has been conducted in a cosmetics 
commercial company which is located in Iran. Board of directors of the case company had a plan to 
segment customers based on their CLV. Then, they wanted to recognize the high value segment in order 
to allocate their marketing and advertising resources to their customers and cluster their customers. 
According to the methodology, this study has been conducted as follows and the results of the study have 
been tabulated. 
 
Phase1 - Data understanding and collection 
 
Based on RFM scores of customers, 1132 customer records have been collected from the historical 
records of the company. RFM scores of customers are shown in Table 1.  

Table 1. RFM scores of customers 
Customer No. Recency Frequency Monetary 

1 305 18 46965730 
2 363 3 2795880 
. . . 
. . . 
. . . 
 10034620 

1132 308 13 40615500 
 

Phase2 - Data preprocessing 

    In this phase, a normalization process has been applied in order to convert data in similar scale ranging 
from zero to one (0 to1). The normalized data are shown in Table 2. 

Table 2. RFM normalized data 
Customer No. Recency Frequency Monetary 

1 0.802111 0.2727273 0.060254 
2 0.955145 0.9545455 0.950566 
 . . . 
 . . . 
 . . . 

1131 0.300792 0.9545455 0.804658 
1132 0.810026 0.5 0.188253 

 

Phase3 - Modeling and data analyzing  

    In this phase, firstly, RFM variables were weighted by FAHP. Chang’s FAHP [13] has been used in 
order to weight the variables. Three experts were asked to make pairwise comparison. Using pairwise 
comparison, FAHP has been calculated the weights of RFM variables. Table 3 shows the results of 
FAHP. 

Table 3. RFM variables weights 
 Recency Frequency Monetary 

Weight 0.273056 0.296826 0.430118 
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    Then, as shown in Table 4, normalized RFM scores of customers were multiplied in their corresponded 
weights. Next, weighted data were clustered by K-means clustering algorithm. SPSS 11.5 software has 
been utilized to perform K-means clustering. Customers were divided into five from the best to worst 
clusters and the final centers of clusters were calculated. The clustering results are shown in Table 5. 
Finally, TOPSIS method has been used to rank clusters based on their RFM final center which is shown 
in Table 6. 

 
Table 4. RFM weighted normalized data 

Customer no Recency Frequency Monetary 
1 0.219021 0.080952 0.025916 
2 0.260808 0.283333 0.408856 
 . . . 
 . . . 
 . . . 

1131 0.082133 0.283333 0.346098 
1132 0.221183 0.148413 0.080971 

 

Table 5. Clustering results 
Final Cluster Centers 

Cluster no. Recency Monetary Frequency Number of customers 
1 0.109608435 0.151007444 0.064992773 339 
2 0.182033947 0.36312595 0.070634954 136 
3 0.077944344 0.354582789 0.21364836 188 
4 0.20294865 0.18480728 0.20478898 353 
5 0.073042616 0.075218273 0.236873816 116 

 
Table 6. Results of TOPSIS 

Cluster CLi Rank 

1 0.17891 5 
2 0.492909 4 
3 0.661831 2 
4 0.666229 1 
5 0.500225 3 

- 3-1Strategies development 

The company has three communication channels which are categorized based on their implementation 
costs from high to low that are stated as follows, respectively: 

1. Verbal communications (Face-to-face, telephone) 
2. Written communications (catalogues, proposals, e-mails, letters, and training manuals)  
3. External communications (Media advertisement and web pages). 

According to ranking of the clusters shown in Table 6, board of directors of the company can decide 
better about allocating each of this communication channels to the ranked clusters. Consequently, some 
strategic decisions can be made regarding to attain new customers, maintain current customers, and 
increase the satisfaction of high value customers. 
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5. Conclusion and discussion 

        Maintaining positive relationships with customers, increasing customer loyalty, and expanding 
customer lifetime value are the basis of Customer Relationship Management (CRM) approach [14-16]. In 
this research weighted RFM model integrated with K-means clustering and MCDM has been used to 
measure and rank customer lifetime value and allocate the advertisement and communication resources to 
clusters. With this proposed method, the company allocated its resource and communication channels 
such as verbal communications, written communications, external communications to customers’ clusters 
based on their lifetime values ranking.  This proposed model helps manager to allocate the resources to 
segments more precise. For the future works, mathematical model for resource allocation based on 
company costs and customers’ values can be considered. 
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