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a b s t r a c t

Conventional frequent itemsets mining does not take into consideration the relative benefit or sig-
nificance of transactions belonging to different customers. Therefore, frequent itemsets with high rev-
enues cannot be discovered through the conventional approach. In this study, we extended the con-
ventional association rule problem by associating the frequency–monetary (FM) weight with a trans-
action to reflect the interest or intensity of customer values and focusing on revenue. Furthermore, we
proposed a new algorithm for discovering frequent itemsets with high revenues from FM-weighted
transactions with customer analysis. The experimental results from the survey data revealed that the top
k frequent itemsets with high revenues discovered using the proposed approach outperformed those
discovered using the conventional approach in the prediction of revenues from customers in next-period
transactions.

& 2017 Elsevier Ltd. All rights reserved.

1. Introduction

In the knowledge discovery in data domain, association rule
mining (ARM) is an important data mining approach that can enable
the discovery of consumer purchasing behaviors from transaction
databases. Agrawal et al. (1993) first introduced the problem of ARM
defining it as identifying all rules from the transaction data that sa-
tisfy the minimum support and confidence constraints. The discovery
of interesting associations or correlations is helpful in many business
decision-making processes (Han and Kamber, 2006).

However, general ARM does not take into consideration the
relative benefit or significance of transactions belonging to dif-
ferent customers, and instead assumes that the importance of each
customer is identical. In other words, every customer is of equal
weight during the mining process. However, numerous studies in
customer relationship management (CRM) have revealed that the
contributions of customers to businesses and profit maximization
differ. Therefore, the evaluation of customer value is necessary
before designing effective marketing strategies.

Businesses have started applying data mining technologies to
marketing planning. Their objective is to gain customer loyalty and
discover the contribution of customer value. Recency–frequency–
monetary (RFM) analysis depends on recency (R), frequency (F),
and monetary (M) measures and is one of the most popular da-
tabase marketing metrics for quantifying customer transaction
histories. RFM scoring is a method for determining the score of

current customers on the basis of their R, F, and M values, and has
been proven to be highly effective in marketing database appli-
cations (Blattberg et al., 2008). Moreover, RFM analysis is a well-
known, behavior-based data mining method, which extracts cus-
tomer profiles by using specific criteria. Recently, the RFM model
has been used for CRM applications such as customer segmenta-
tion (Shim et al., 2012; Dursun and Caber, 2016).

Because RFM analysis and market basket analysis (i.e., frequent
pattern mining) are the two most important tasks in database
marketing, this study extended the conventional association rule
problem by associating a customer value (i.e., frequency–monetary
(FM) weight, which is determined by applying the FM scoring
method) with a transaction to reflect the interest or intensity of
customer values. This facilitates the association of an FM weight
parameter with each transaction, enabling the discovery of valu-
able patterns. In addition, we propose a new frequent itemsets
frequency–monetary (FIFM)-weighted algorithm for identifying
frequent itemsets from FM-weighted transactions for the predic-
tion of customer revenue.

We addressed the following questions related to discovering
frequent itemsets from FM-weighted transactions: (1) Do the top k
frequent itemsets discovered using the proposed FIFM algorithm
outperform those discovered using the conventional Apriori al-
gorithm in terms of predicting customers’ purchasing itemsets?
(2) Do the top k frequent itemsets discovered using the proposed
FIFM algorithm outperform those discovered using the conven-
tional Apriori algorithm in predicting customer revenue?

The remainder of this paper is organized as follows. A review of
related work is presented in Section 2. The problem definitions are
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provided in Section 3. The proposed algorithm and an example are
illustrated in Section 4. Section 5 uses survey data to demonstrate
the usefulness of the proposed algorithm. Conclusions and future
work are discussed in Section 6.

2. Related work

The main purpose of this study was to discover frequent
itemsets from transaction data with customer values (FM weights).
In this section, we mainly explore the problems and some tech-
niques related to association rules and customer value (RFM va-
lue). Finally, we discuss the differences between the applications
of the present study and a 2014 study by Hu and Yeh.

2.1. Association rule mining

Association rule mining (ARM) is an important data mining ap-
proach that enables the discovery of consumer purchasing behavior
from transaction databases. Association rules are interesting and
unexpected association relationships among attributes in a database
that satisfy minimum support and confidence constraints (Han and
Kamber, 2006). Agrawal et al. (1993) first introduced the problem,
defining it as identifying all rules from the transaction data that sa-
tisfy the minimum support and confidence constraints. In brief, an
ARM algorithm involves two steps: (1) generation of all frequent
itemsets that satisfy the minimum support constraint; and (2) gen-
eration of all association rules that satisfy the minimum confidence
constraints from the already discovered frequent itemsets.

We reviewed previous related studies that used association rule
techniques. Table 1 presents a summary of previous studies that
reported association rule analyses for various purposes in business
applications.

2.2. Weighted association rules

Each item is treated uniformly by most ARM algorithms.
However, in real applications, a user may be more interested in the
rules that describe the frequently occurring “fashionable” items. In
addition, the user may wish to mine the association rules but place
more emphasis on some items. In other words, frequent itemsets
are typically mined from binary databases, and each item in a
transaction may have a different significance. Lu et al. (2001)
proposed the mixed-weighted association rules algorithm to ad-
dress the problem of mining mixed-weighted association rules.
Since then, researchers have proposed weighted frequent itemset
mining (WFIM) algorithms that reflect the importance of items.
Wang et al. (2004) extended the conventional association rule
problem by associating a weight with each item in a transaction to
reflect the interest or intensity of each item within the transaction.

Yun and Leggett (2005) proposed a WFIM algorithm to generate
more concise and crucial weighted frequent itemsets in large da-
tabases. Vo et al. (2013) proposed several algorithms for the rapid
mining of frequent weighted itemsets (FWI) from weighted item
transaction databases.

2.3. Recency–frequency–monetary (RFM)

On the basis of the CRM theory (Kalakota and Robinson, 1999;
Peppard, 2000), various strategies have been developed for en-
hancing shopping rates, increasing sales of high-profit or price
products, and retaining customers as long-term customers. RFM
was defined by Hughes (2006) as follows: R is defined as the “last
purchasing time;” F is defined as the “purchasing frequency in a
specific period”; and M is defined as the “average amount of pur-
chase in a specific period.” The RFM model can be used to effec-
tively perform the process of clustering based on customer values.
Business plans can be devised to extend the customers’ life cycle
by implementing marketing projects (Linoff and Berry, 2002). RFM
scoring is a method of determining the score of current customers
from their R, F, and M values, and has been proven to be highly
effective in marketing database applications (Blattberg et al.,
2008).

Numerous studies have discussed the use of RFM values in
recommendation systems. Liu and Shih (2005) suggested com-
bining customer lifetime value (CLV) and RFM to analyze custo-
mers’ consumption properties and to provide a recommendation
on the basis of these properties. In their studies, clustering tech-
niques were employed to group customers according to the
weighted RFM (WRFM) value. However, Li et al. (2006) proposed
the timely RFM (TRFM) method instead of the WRFM for con-
sidering product property and purchase periodicity.

RFM concepts have been applied in various areas. Kim et al.
(2010) proposed the use of an RFM engine for anomaly detection to
minimize false alarms in network attacks and reduce the time re-
quired to respond to hacking events. Chan (2008) combined RFM
with a CLV model to evaluate the segmented customers and then
used a genetic algorithm to select more appropriate customers for
each campaign strategy. Hsieh (2004) used a self-organizing map
(SOM) neural network to identify groups of bank customers on the
basis of repayment behavior and RFM behavioral scoring predictors.

Lin and Tang (2006) combined the RFM model to analyze
customers’ values and group similar values together. They com-
bined users’ recent behavior with incremental mining according to
weight to mine relations based on the weight rather than ana-
lyzing all the data, thus reducing the calculation cost and time.
This method can also be applied to ARM by using the Apriori al-
gorithm. In addition, Chiang (2011) proposed a new procedure and
an improved Recency–Frequency–Monetary–Discount–Return Cost
(RFMDR) model to mine the association rules of customer values.

Table 1
Previous association rule studies in business applications.

Works Techniques Task

Ahn (2012) Association rule Cross-selling: product assignment
Chiang (2011) Association rule Mining customer values
Cil (2012) Association rule Supermarket layout
Huang et al. (2011) Association rule Business process management
Kuo et al. (2015) Association rule and artificial immune network Supplier selection and order quantity allocation
Le et al. (2013) Association rule Risk management in retail supply chain collaboration
Lee et al. (2012) Association rule and decision tree New product development
Lee et al. (2013) Association rule Cross-selling: marketing solution
Shim et al. (2012) Association rule and sequential pattern CRM strategy
Weng (2016) Association rule Sale associations of specific later-marketed products
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