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Nowadays, companies should establish a long-term
relationship with their customers throughout customer
relationship management (CRM). In order to be a winner in
the market competition, marketing managers want to
maximize customer lifetime value (CLV) and customer
equity. So, creating a customer value assessment system is
obligatory for companies to identify customers’ value,
develop strategies for customers’ segments, and preserve the
high value for them. Commonly, customer lifetime value is
evaluated by RFM (recency, frequency and monetary)
method. In this paper a model for customer value assessment
integrated with multi-criteria decision making method and
Fuzzy clustering method based on customer purchasing
behavior was proposed. Fuzzy Analytical Hierarchy Process
was utilized to calculate the weight of RFM variables. Then,
based on the weighted RFM values, Fuzzy c-means
clustering was used in order to cluster customers. Finally,
TOPSIS (Technique for Order Preference by Similarity to
Ideal Solution) has been employed to rank customer lifetime
value. A case study was used to demonstrate the employment
of the proposed model.
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I. INTRODUCTION

Encountering with complicated situations and
contests in today’s market environment, organizations
need to adjust their structures and processes to capture the
customers’ needs for acquiring customers, increasing
customers’ values and retaining valuable customers [1, 2].
Companies want to recognize customers’ true value and
loyalty with the data gained from customers’ transactions
and activities by establishing appropriate customer
relationship management (CRM). CRM assists companies
to make long-term relationship with customers and
formulates appropriate strategies for customer segments
[1]. CRM is a strategy for establishing, managing and
intensifying faithful and valuable customers [3]. This
customer-based approach for marketing, tied with the
large amount of customer-transaction data has highlighted
the importance of estimating and understanding customer
lifetime value (CLV) [2]. The concept of CLV presents
future cash flow value produced from a customer in CRM
[4]. CLV has been used in many researches and has been
applied for a lot of purposes such as evaluating customers
[5], customer segmentation [6], product recommendation
[7], marketing and sales strategies [1].
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CLV is normally used to recognize beneficial
customers and formulate strategies for customers’
segments. One of the most applicable methods for
measuring CLV which has been used commonly is RFM
(recency, frequency and monetary) method. RFM method
has been proposed by Hughes in 1994 [8]. The definitions
of RFM model were illustrated as follows [9]: (1)
Recency (R) refers to the interval from the time when the
previous purchase has been made by a customer; a lower
value is a better value (cost criterion); (2) Frequency (F)
is the total number of purchases that has been made
within a specific period; a higher frequency value shows
greater loyalty (benefit criterion); (3) Monetary(M)
indicates the total amount of money spent during a certain
period; a higher value indicates the customer is more
profitable for a company (benefit criterion). RFM has
been calculated without considering its variables’ weights.
In recent researches, researchers suggested weighted
RFM. Stone [10] proposed that different weights have to
be allocated to RFM variables according to different
conditions, but the variables are weighted subjectively
without any systematic model.

Some researchers used Analytic Hierarchy Process
(AHP) as a systematic method for weighing the variables
of RFM [11, 7]. AHP is one of the most applicable multi-
criteria decision making (MCDM) methods for weighing
criteria and alternatives. However, crisp value is unable to
represent the inherent subjectivity and vagueness of the
expert perception with an exact number. So, in this paper,
Fuzzy AHP (FAHP) was used to solve this problem. Due
to the huge amount of customers’ information, data
mining techniques are widely used to convert data into
useful information and knowledge. Data mining
techniques are used in CRM for market basket and
sequence analysis, customer segmentation, and direct
marketing management [3].

One of the most popular techniques of data mining in
CRM which is widely used for grouping customers into
some segments is clustering [12, 13, 14]. Clustering
method can cluster customers with similar lifetime value
(LTV). K-means, kohonen network/self organizing map,
two step, and Fuzzy C-means are some of the modeling
techniques for clustering [15, 16]. K-means clustering is a
method frequently used to categorize data into groups
[15]. This algorithm performs based on crisp partitioning
which means each datum belongs to just one cluster.
However, many objects have ambiguous characteristics
and belong to more than one cluster with different fuzzy
memberships. Thus, a method for soft partitioning is
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required [13]. For solving this problem, Fuzzy c-means
(FCM) algorithm has been utilized which allows objects
to belong to more than one cluster. In this research, FCM
has been used to cluster customers with similar lifetime
value.

The CLV ranking is one of the important issues for

companies to develop appropriate strategies for retaining
customers, identifying and comparing market segments.
In spite of that, in previous researches for ranking CLV,
integrated ratings were computed which indicated the sum
of multiplication of normalized RFM values of customers
in clusters and the corresponded weight for each criterion
(Recency, Frequency and Monetary).
In this paper, TOPSIS method as one of the MCDM
(Multi Criteria Decision Making) methods was used. The
concept of TOPSIS is that the ideal solution in addition to
having a maximum distance with the negative ideal
solution should have minimum distance with the positive
ideal solution. It permits the pursuit of best alternatives
for each criterion depicted in a simple mathematical form.
It can be used when there are both cost and benefit
criteria. Among the RFM variables, recency is a cost
criterion, but monetary and frequency are benefit criteria.
Because of that, TOPSIS has been used in this research.
The rest of this paper is organized as follows: Section II
gives the backgrounds, definitions and methods which
have been used. Section III presents the research
methodology. Section IV illustrates a case study and the
approaches which are used to rank CLV. Section V draws
conclusions and discussion.

II. BACKGROUND

A. (FAHP) for Weighting RFM Variables

In this paper, Chang's [18] FAHP approach for
weighting RFM variables, indicated by W, (weight of
recency variable), W¢(weight of frequency variable), and
W, (weight of monetary variable) was applied. It is one
of the Linear Weighting Models which works based on
pairwise comparisons of human judgments. The biggest
weight indicates the highest importance. Initially, Fuzzy
AHP (FAHP) was introduced by Buckly in 1985 who
generated fuzzy ratios for expressions of decision makers
regarding to the pair wise comparisons. Table I shows the
triangular fuzzy scale and linguistic variables.

TABLE I
TRIANGULARE FUZZY SCALE

Triangular fuzzy scale Linguistic scale
(1,1,1) Just equal
(1/2,1,3/2) Equally important
(1,3/2,2) More important
(3/2,2,5/2) Strongly more important
(2,5/2,3) Very strongly more important
(5/2,3,7/2) Absolutely more important
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B. FCM for Customer Clustering

Fuzzy c-means (FCM) is a clustering method which
proposed by Dunn in 1973 and further developed by
Bezdek in 1981. The main aim of this method is
minimization of the following objective function:

Jm = Z?I:l Z;‘:luz} "xi - Cj”Z l1<m<oo

Where, N and ¢ are respectively the number of data and
clusters. x; is the ith data, m is any real number greater
than 1, ¢; is the center of the /" cluster, u; is the
membership degree of x; belonging to the cluster j and ||*||
is the Euclidean vector norm expressing the distance
between j” cluster’s center and i data. Fuzzy clustering is
done throughout an iterative optimization of thej,,, with
the update of u;; and ¢; by:

I 1 o= i1 Ui X
ij = 2 ’ j m
2 = ;]\ Liz1
ZC L ]
k=1 \lx; — cxell
If UK —U¥|| < §, then the iteration will be

discontinued, where & is a prescribed accuracy level
between 0 and 1, while £ is the iteration step. This
procedure converges to a local minimum or a saddle point
of j,,. The algorithm steps are as follows:

i) Initialize U = [u;;] matrix, U®
ii) At k-step: calculate the center vectors

Ck = [C]] with U(k) ,Cj = w
Y=g Ujj
iii) Update U**D, y®), u; = v -
5<_ [i=ei\ ™
=\ [eg=cell

iv) If ||U k+D) —y (k)" < & then stop; Otherwise return
to step ii

C. TOPSIS for Ranking the Clusters

TOPSIS was initially presented by Hwang and Yoon
[17]. It is to define the negative ideal solution (NIS) and
the positive ideal solution (PIS) for ranking alternatives
based on criteria. The PIS is the solution that maximizes
the positive criteria (frequency, monetary) and minimizes
the negative criteria (recency). The best alternative is the
one, which has shortest distance to PIS and the farthest
distance to NIS. TOPSIS will be used to rank the CLV
based on the RFM scores in clusters.

The steps of TOPSIS are presented as follows:
1) Obtain the weights, w;of criteria (RFM), using
AHP.
2) Establishing the data matrix [x;;] which shows
the average score of each group of customers
based on criteria (RFM).
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3) Normalizing the data matrix R = [Tij]m*n ,

xij

7'ij=m—2 i=1...mj=1;,...;n
v Li=1%ij
4)  Establishing weighted matrix; therefore the

weighted matrix is configured to be:
V=l v = [wiryl

5) Determining the positive ideal point Vj and

negative ideal point vj_. for j=1,2,..,n

6) Determining the distance from point V; to
positive ideal point v;f and negative ideal point
v, for j=1,2,..,n as follows:
n
+ #\271/2
di :[Z(Vij _Vj) ]
Jj=1
N 291/2
di :[Z(Vij _Vj) ]
=1
7) Compute the relative closeness to the ideal

solution. (large is better)
R =—bt
bodf+d;

III. METHODOLOGY

As in Fig. 1, the proposed method mainly used RFM,
Fuzzy AHP, Fuzzy c-means clustering and TOPSIS. The
basis of the proposed approach is that the customers with
similar values in RFM variables (recency, frequency,
monetary) have more likely purchasing behavior and they
can be segmented and clustered based on CLV. The
attributes of RFM were weighted by FAHP. Based on
these weights, the RFM scores have been determined for
customers. Then, the Fuzzy C-means clustering method
has been applied to cluster the customers in groups with
similar RFM. In the next step, the clusters were ranked
with TOPSIS which employed the RFM attributes
weights and the average RFM scores of each cluster. To
illustrate the model, a case study was used. The company
produces electrical goods. Managers of the company
wanted to establish a system to evaluate customer lifetime
value, and develop proper marketing strategies to meet
customer needs and acquire more customers. From the
company database, the data sets on customers purchasing
transactions were collected. Then, because of some noisy
and uncompleted data sets, some of them were discarded.
Finally, data sets based on RFM values for 806 customers
based on their purchase transaction within 18 months
have been extracted to calculate CLV. The RFM variables
in this research are described as follows:

1. Recency: Period from last purchase (day)

2. Frequency: Count of purchase during 18 months

3. Monetary: Total amount of money spent during

18 months (US Dollar)

Customer transaction l

v

Data preprocessing

Weighting RFM attribute with
Fuzzy AHP

v

RFM scoring I

v

Normalization& Weighting

Fuzzy C-means clustering I

v

Cluster ranking with TOPSIS I

Fig. 1 Proposed method.

IV. CASE STUDY
A. Calculating RFM Variables Weights

In this phase, the weights of RFM variables were
calculated using FAHP.
Step1: Pairwise comparisons. In this step, using the fuzzy
scale shown in Table I, five experts as a group were asked
to make pairwise comparison of the relative importance of
RFM variables. The experts group consisted of director
manager, sale manager, business manager, administrative
manager, and logistic manager of the company. The
results are shown in Table II.

Step 2: Computing the weights of variables. This
calculates the weight of each decision element. This work
employed Chang’s [18] extent analysis to determine the
weights of the RFM. The results are illustrated in Table
111

TABLE 11
RFM FUZZY PAIRWISE COMPARISON

Recency Frequency Monetary
Recency (1,1,1) (2/5,1/2,2/3) (1/2,2/3,1)
Frequency (3/2,2,5/2) (1,1,1) (1,3/2,2)
Monetary (1,3/2,2) (1/2,2/3,1) (1,1,1)
TABLE 111
RFM WEIGHTS
Variable Weight

Recency (W;,), .0970

Frequency (Wy .3446

Monetary (W, 5583
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B. Clustering the Customers with Similar RFM Score

The steps for clustering the customers are described as
follows:

1. Data Normalization and Weighting

Table IV shows the data matrix which indicates
customers purchasing behavior in 18 months.RFM inputs
are measured in different scales. Hence, a normalization
process is required to put the fields into comparable scales
and guarantees that fields with larger values don’t
determine the solution. In this paper, min-max approach
was used which recalled all record values in the range 0-1.

For benefit criteria (monetary and frequency) is equal
to (record value- min value of field)/(max value of field-
min value of field) .

And for cost criterion (recency) is equal to (max value
of field- record value)/ (max value of field- min value of
field).

The normalized data have been weighted by W,, W,
W,, The results are shown in Table V.

2. FCM Clustering

Subsequently, customers with similarity regarding
weighted RFM have been clustered in groups. For this
FCM algorithm has been used. In fuzzy c-means
algorithm, the number of clusters, (c¢), should be

TABLE IV
DATA MATRIX
Customer ID Recency Frequency Monetary
1 139 31 1979
2 18 53 770
3 167 18 4183
4 167 41 1339
5 68 23 5100
804 18 42 2641
805 96 43 3880
806 6 21 3103

C. Estimating and Ranking CLV

In this paper, TOPSIS was used to rank CLV. TOPSIS
method has been selected because it considers costs and
benefits criteria and doesn’t need to use RFM normalized
data, so the average of RFM variable scores can be used
in each cluster. The data were obtained from Table VI.
The results of TOPSIS ranking are shown in Table VII.

TABLE V
WEIGHTED NORMALIZED DATA MATRIX

determined first. In this research, 8 clusters were selected Customer ID Recency Frequency Monetary
because R, F, and M in each cluster can be higher/lower 1 0.029725 0.179503 0.090506
than their overall average. So there are 8 possible 2 0.088688 0.337466 0.019957
. . £ % 3 0.016081 0.086162 0.219116
combinations (2*2*2). 4 0.016081 0251305 0.05316
Matlab 7.10 has been used for fuzzy c-means 5 0.064323 0122062 0272626
clustering. Table VI shows the results of customer
clustering using Fuzzy c-means. It indicates 8 clusters,
each with the related number of customers and their
average R, F and M values. The last row in addition : : :
shows the total average of R, F, and M for all customers. 804 0.088688 0.258485 0.129136
805 0.050679 0.265665 0.201435
806 0.094535 0.107702 0.156095
TABLE VI
CLUSTERS CREATED BY FUZZY C-MEANS
Average in cluster
Cluster no Recency Frequency Monetary Number of customers
1 104 43 1394 94
2 108 17 4443 109
3 110 42 3504 115
4 102 45 6651 36
5 88 39 8490 101
6 103 16 8661 98
7 86 17 1870 108
8 107 20 6654 95
Total average 101 30 5208
19
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TABLE VII
TOPSIS RESULT

Cluster number R; Rank

0.293679 7
0.368973
0.405545
0.7537
0917718
0.692357
0.06673
0.608084

0NN AW~
S0 W = NN

As shown in Table VII, the customers’ cluster ranking in
term of their CLV is 5, 4,6,8,3,2,1,7.

V.CONCLUSION

Customer segmentation is one of the important CLV
applications in current studies. Evaluating and ranking
customer lifetime value can help companies to make
better segmentation based on customer’s value. The RFM
method as one of the applicable tools for measuring CLV
has been used in this research. RFM is a very helpful
device for companies in the process of customer
segmentation. The supervision and assessment of the
recency, frequency and monetary value of the purchases
facilitate well-organized segmentation, market targeting
and strategies development in customer relationship
management. In order to cluster the huge amount of
customers’ data, FCM method as a data mining method
has been utilized. The clustering has been done based on
customers’ RFM values similarity. TOPSIS method as a
systematic approach has been used to rank customers
based on their CLV. The main contributions of this study
are summarized as follows:

1. A new model for customer clustering has been
developed based on customer lifetime value.

2. A new model for CLV assessment has been
developed

3. FAHP has been utilized for weighting RFM
variables to solve the subjectivity and vagueness
associated with the expert opinions.

4. Fuzzy c-means clustering method was used for
customer clustering in terms of RFM values.

5. A new approach for ranking CLV has been
suggested using TOPSIS.

This research can help managers to make better decision
about their policy and strategy in each market segment.
By considering the CLV ranks of customers in segmented
groups, appropriate marketing strategies can be
formulated. There should be a good opportunity for future
research to develop strategies based on this segmentation
and CLV ranking.
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