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ABSTRACT

1

With booming e-commerce and World Wide Web (WWW), a powerful tool in customer relationship management (CRM), called the
RFM analysis model, has been used to ensure that major enterprises
make more profit. Combined with data mining technologies, the
CRM system can automatically predict the future behavior of customers to raise customer retention rate. However, a key issue is that
the existing RFM analysis models are not efficient enough. Thus,
in this study, a fast algorithm based on a compact list-based data
structure is proposed along with several efficient pruning strategies
to address this issue. The new algorithm considers recency (R), frequency (F), and monetary/utility (M) as three different thresholds to
discover interesting patterns where the R, F, and M thresholds combined are no less than the user-specified minimum values. More
significantly, the downward-closure property of frequency and
monetary metrics are utilized to discover super-itemsets. Then,
an extensive experimental study demonstrated that the algorithm
outperforms state-of-the-art algorithms on various datasets. It is
also demonstrated that the proposed algorithm performs well when
considering the frequency metric alone.

The World Wide Web (WWW), commonly known as the Web, has
led to worldwide information retrieval service and data intelligence.
According to the Chinese e-Commerce report in 2019 1 , the total
transaction volume of e-commerce was about 5.2 trillion dollars, including 1.7 trillion dollars of online retail sales, up by 16.5% from the
preceding year. Encouraged by the boom in e-commerce, though
many retail enterprises have already applied data mining technologies to marketing strategies [1, 11, 22], traditional high-utility
pattern mining (HUPM) [4, 8, 10, 20, 28] cannot meet the requirements of the developing business needs of these enterprises. In
the past, in most cases, database marketers focused on analyzing
the commodity sale results directly. They often did not conduct an
in-depth analysis as to what customers are willing to pay or why
they hardly buy their products anymore. Thus, it is necessary to
analyze customer behavior to offer better services. At present, the
main idea of database marketing is to improve the effectiveness
of service, increase the volume of sales, and bring more profits to
companies. Behavioral segmentation offers more accurate behavior prediction than other methods because it provides sufficient
information on customer shopping preferences [12]. Based on an
analysis of customers’ shopping behavior, product-centric enterprises can offer accurate suggestions to their customers, provide
diversified products, and even personal services. For example, if
some customers purchase only a few times, companies can improve the purchasing willingness by sending discount messages
regularly; if consumers are shopping often, companies can recommend relatively more novel commodities to them; and for regular
customers, companies can offer new products free in advance to
enhance their loyalty. Overall, retailers adopt diverse marketing
strategies for various customers to extend their life cycle. In other
words, the business model of these companies is changing into a
customer-centric model. Database marketing strategies based on
customer behavior analysis have gradually become a powerful and
competitive tool in major enterprises [27].
Customers are the main resources for profits, and customer relationship management (CRM) [19, 32] is a key technology that
effectively increases profits. A satisfactory relationship between
companies and their customers is important for the success of
commercial enterprises in their marketing endeavor. How to offer the best-matched service to customers is a challenging task.
Over the past decades, the concept of the RFM analysis model
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INTRODUCTION

1 https://dzswgf.mofcom.gov.cn/news/5/2020/10/1602480531631.html
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has been successfully applied in various data mining domains
[5, 14, 15, 17, 23, 35, 35, 36]. The RFM analysis model has been
widely adopted in real-world applications, such as protecting security of computers [18], the automobile industry [2, 23, 24], and
optimizing electronics industry supply [6]. The ideas on how to utilize the RFM analysis technique can be divided into three methods.
The first method combines clustering of the target customers with
the K-means algorithm to identify the general trend in customers’
true value and loyalty. Then, the original idea of the RFM analysis
model was to divide customers into five groups and adopt distinct
market strategies for target customers who are at different levels.
Thus, it is natural that the second method of RFM analysis is called
classification. The last method uses utility/frequent pattern-mining
algorithms. It takes RFM scores as constraints to discover valuable
customers, referred to as RFM customers. An RFM-customer has
high recency (R), frequency (F), and monetary (M) scores. In other
words, RFM customers have a strong willingness to interact with
a company (high loyalty) and bring more profit to the company
over a long period of time. However, in most cases, obtaining exact
customer identification information is not accepted by the public.
For example, when a customer orders takeaway food online, his/her
IP address and device are not allowed to be published, because this
information can reveal accurate user profiles. On the other hand,
if customers check out by cash instead of using other payment
options requiring ID information, or if different people share the
same membership card, it becomes more difficult to determine the
exact RFM customer. Therefore, combining the RFM analysis model
with data mining technologies to discover interesting patterns in
transactional databases without identifying customer information
is a difficult. Fortunately, Hu and Yeh [16] first proposed the RFMPGrowth algorithm and addressed this issue. Because a database
for customer identification information is lacking [16], they redefine customers as RFM-patterns, where RFM-customers are a subset
of RFM-patterns. The mining task is revised to discover a set of
interesting RFM-patterns. However, since 2014, there have been
few studies in the literature dedicated to developing advanced algorithms. Motivated by this previous work, this paper focuses on
proposing a novel RFM mining algorithm that is more efficient and
scalable than RFMP-Growth.
In this study, the problem of fast data mining for RFM analysis is
addressed by proposing the RFM-pattern Utility List-based mining
algorithm (simplified as RFMUL) to efficiently discover a complete
RFM-pattern set from a transaction database. The new algorithm
extends the vertical structure of HUI-Miner [25] and FHM [7]),
called RFM-List, to compress all vital information on potential
RFM-patterns. It also adopts several efficient pruning strategies to
reduce the search space. The main contributions of this study are
as follows:
• This paper proposes an effective and efficient algorithm aims
at mining a complete set of RFM-patterns from transactional
databases without customer identification information.
• To avoid scanning databases multiple times and reduce the
search space, a novel and compact list-based data structure
called RFM-List is proposed to store key information during
mining to avoid scanning the databases numerous times,
thereby reducing memory consumption.
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• Based on two upper-bounds, several pruning strategies are
utilized to improve the mining process to save on execution
time for efficiency.
• Extensive experimental evaluations have been conducted on
both real and synthetic datasets to evaluate the proposed
algorithm. The performance of RFMUL was also compared
with the state-of-the-art algorithm, RFMP-Growth, both in
terms of runtime and memory usage. The experiments show
that RFMUL performs better than RFMP-Growth.
The remainder of this paper is organized as follows. In Section
2, related work is discussed. In Section 3, some basic preliminaries
and the problem statement of RFM pattern mining are introduced.
In Section 4, the details of our novel algorithm are provided. The
experimental results are presented in Section 5. Conclusions and
future work are presented in Section 6.

2

RELATED WORK

In this section, some studies on combining the RFM model and
data mining techniques are reviewed. To the best of our knowledge,
studies using the RFM analysis model in the data mining domain
can be roughly divided into two types based on whether they 1)
implement the RFM analysis model directly, and then segment
target consumers into different groups; or 2) take R, F, and M scores
as distinct constraints (i.e., thresholds) to measure the pattern value.
However, in both approaches, the implicit assumption is that the
databases contain customer identification information.

2.1

Web Mining Approaches Adopting RFM
Analysis

Web service and data intelligence are commonly seen and powerful.
For instance, Web data mining on rich type of data can achieve the
segmentation of customer groups. Tavakoli et al. [36] pointed out
that the parameters of the RFM analysis model were independent
in previous studies. Thus, there is a lack of knowledge regarding
the internal relation of user behavior records. They discussed the
relationship between R, F, and M dimensions of the RFM analysis
model and concluded that a connection exists between F and M
such that the higher the frequency, the more the monetary profit is.
In other words, the RFM analysis model offers useful knowledge
to managers. It can be used to predict customers’ future behavior
online/offline, such as whether the client will visit the market soon,
how frequently consumers shop, and how much they spend. Recently, integrating the classification method and RFM analysis was
studied by Olson et al. [29], who analyzed the response possibilities of customers for the promotion of a specific product. They
discussed the relative trade-off among data mining algorithms (e.g.,
logistic regression, decision tree, and neural network) in the context of customer segmentation. Cheng and Chen [5] also proposed
an algorithm called LEM2, which combines RFM attributes and
rough set theory. LEM2 aims to discover classification rules to help
enterprises determine consumer features, which can strengthen
customer relationship management (CRM). They adopted the RFM
analysis model along with CRM to maximize profits. In addition,
to prove the accuracy of the final classification rules, they experimented with the algorithm and then compared three different
methods: decision tree, artificial neural networks, and naive Bayes.

Fast RFM Model for Customer Segmentation

The final results show that LEM2 outperforms the other algorithms
in terms of accuracy. With respect to changes in customer requirements, Ha [12] adopted a decision tree to track changes in the RFM
values. Then, they discovered classification rules to help predict
RFM values in the future from current customer records.
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Referring to studies [16, 33], the more recent the occurrence of a
pattern, the higher the recency value is. Herein, our novel algorithm
and RFMP-growth both adopt the same formula for calculating
recency.
Table 1: A basic notion table.

2.2

Data Mining Utilizing RFM Variables

Data mining is a powerful tool [3, 9]. In early year, Pei et al. [30]
developed the notion of convertible constraints. In 2007, they completed a case study in which constraints can be effectively and
efficiently introduced into deeper levels to sequentially mine patterns under their proposed framework [31]. There have also been
some studies [16, 17, 20, 21] on how to combine various constraints
and high-utility pattern mining. However, as discussed in Section
1, there is plenty of information that should not be disclosed or
collected. That is, the record database may not contain sensitive
data (e.g., customer identification) in most cases. It seems impossible to integrate RFM variables into data-mining techniques when
key information is lost. However, RFM customers are hidden in
transaction databases although they cannot be identified exactly.
Hu and Yeh [16] first retrieved RFM-patterns without customer identification from transaction databases. They proposed a tree-based
mining algorithm to successfully discover a comprehensive set of
RFM-patterns without using customer identification information.
An RFM-pattern is denoted as a promising pattern, when the R, F,
and M values are no less than the user-specified minimum R, F,
and M thresholds. The recency value depends on the occurrence
of a pattern in a specified period. Frequency is defined as the total
number of times a pattern appears. Monetary value refers to the
utility of the pattern. Subsequently, according to human behavior
(recency effect), Kim et al. [17] found that the closer previous events
are, the more important a role they play in the decision making
process of the user. Although the novel algorithm does not consider
the M value, it still demonstrates the availability of the addition
of other useful constraint variables in finding interesting patterns
during the data mining process.
RFMP-Growth adopts an extended version of the FP-tree structure [13], and thus it has to scan the database multiple times during
the mining process when a large number of candidates exist. The
RFM-pattern-tree also requires massive memory resources when
the database is dense. These problems motivated us to develop a
novel algorithm that adopts a more efficient framework to mine
RFM-patterns without private information.

3 PRELIMINARIES
3.1 Basic Concepts
In this subsection, most notations and definitions are given in Ref.
[16], and some are listed in Table 1. In particular, user-specified
minimal thresholds α is given as percentage, and β is a positive
value. In the following, without loss of generality, it is assumed that
the database discussed always lacks sensitive information such
as customer ID and IP address. In addition, Table 2 presents a
simple transaction database as our running example. It consists
of ten transactions and six distinct items {A, B, C, D, E, F }. The
corresponding p(x i ) of each item x i are $3, $15, $1, $5, $10, and $12,
respectively.

Symbol
xi
I
X
Tj
D
q(x i , T j )
p(x i )
u(x i ,T j )
α
β
γ

Description
An item (e.g., goods and products).
A finite set of distinct items, I = {x 1 , x 2 , . . ., x n }.
A finite subset of I .
A transaction w.r.t a set of distinct items with a
unique ID (TID).
A multiset of transactions, D = {T1 , T2 , . . ., Tm }.
A positive internal utility (e.g., quantity) of x i in T j .
A positive external utility (e.g., unit profit) belongs
to an item x i .
The monetary/utility of x i in T j , p(x i ) × q(x i , T j ).
A user-specified minimum frequency threshold.
A user-specified minimum monetary threshold.
A user-specified minimum recency threshold.

Definition 3.1. (Recency pattern). Given an itemset X in a transaction T j , the recency value of X in T j is defined as R(X ,T j ) =
(1 − δ )Tlast −Tcurrent 2 . Specifically, δ is a user-specified decay speed,
where 0 < δ < 1 and |D| represents the total number of transactions
containing in |D|. In this study, it is assumed that TID is the recording timestamp of each transaction. Then, the last transaction is the
closest. That is, R(X ,T j ) = (1 − δ ) | D |−j . Furthermore, the summary
of recency values of all transactions containing X is denoted by
Í
R(X ) = T j ⊆ D R(X , T j ). It is assumed that X is an R-pattern if R(X )
is no less than γ .
Definition 3.2. (Frequency pattern). Frequency value represents the number of times an itemset occurs in a database D, denoted as F (X ). An itemset X is called a F-pattern only if its F (X ) is
higher than or equal to |D| × α (i.e., F (X ) ≥ |D| × α).
Definition 3.3. (Monetary pattern). Given an itemset X in a
transaction T j , the monetary value of X in T j is defined as M(X ,
Í
T j ) = x i ∈X u(x i ,T j ). Furthermore, the monetary value of X in D
Í
is denoted by M(X ) = T j ⊆ D M(X , T j ). If M(X ) of an itemset is no
less than the minimal utility threshold, then X is a M-pattern, that
is, M(X ) ≥ β. In addition, in this paper, the monetary value is also
regarded as utility.

3.2

Problem Formulation

Definition 3.4. (RFM-pattern) If an itemset X satisfies the three
following constraints: 1) R(X ) ≥ γ ; 2) F (X ) ≥ |D| × α; and 3) M(X )
≥ β. Then, X is assumed to be an RFM-pattern.
Problem Statement. Based on the definitions so far introduced,
given a transaction database D with three minimal thresholds for
recency, frequency, and utility, the problem of the RFM-pattern
2 There

are also many other expressions that can be adopted, such as in [33].
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Table 2: A sample transaction database.
TID
T1
T2
T3
T4
T5
T6
T7
T8
T9
T10

Transaction
(A, 3) (B, 2) (D, 3)
(A, 2) (D, 4) (E, 2)
(A, 3) (C, 5) (F , 3)
(A, 1) (C, 3) (E, 1) (F , 2)
(A, 1) (D, 3) (E, 2)
(A, 1) (B, 2) (D, 4)
(A, 2) (B, 3) (C, 2) (E, 1) (F , 1)
(F , 2)
(C, 3) (D, 3)
(A, 3) (D, 4)

mining task is described as identifying a complete set of RFMpatterns in D.
Example 1: Given an itemset {A, E}, assume α = 20%, β = $43, γ
= 3 and δ = 0.01. Then, R({A, E}) = R({A, E},T2 ) + R({A, E},T4 ) +
R({A, E},T5 ) + R({A, E},T7 ) = 3.79, Obviously, the total support of
{A, E} is 4, which is higher than 10 × 20%. Furthermore, because
M({A, E}) = $78 > $43, itemset {A, E} is an RFM-pattern. However,
because of F ({A, B, C, E, F }) = 1, {A, B, C, E, F } is not an RFM-pattern.
Consider another itemset {A, C, E}, and its M({A, C, E}) = $34. Hence,
it is not an RFM-pattern.
As introduced by Hu et al. [16], it is difficult to simultaneously
consider three constraints during mining. Thus, the focus here is
mainly to improve the efficiency and effectiveness of the utility
metric. In this section, a new model and some basic operations for
the novel algorithm in transaction databases are described.

3.3

Downward-Closure Property

The huge volumes of data, make the effective reduction of the search
space a vital challenge in the data-mining domain. A widely accepted strategy is to utilize the downward-closure property, which
avoids searching many useless patterns. The downward-closure
property, was also adopted in this study for frequency and utility
and is introduced as follows.
It is clear that any sub-itemset of a frequent itemset cannot be
infrequent [1]. In other words, if an itemset is infrequent, it is not
necessary to explore its super-itemsets.
As mentioned in Example 1, when an item has non-binary purchase quantities (namely internal utility) and unit profit (namely external utility) to indicate relative importance, the utility of the item
is a numeric function that is neither monotonic nor anti-monotonic.
This indicates that the utility of an itemset may be higher, lower, or
equal to the utility values of its subsets. Therefore, the downwardclosure property of the frequency metric cannot be used directly.
Fortunately, a novel concept called transaction-weighted utilization
[26] addresses this issue well.
Definition 3.5. (Transaction utility). Let there be a transaction
T j , its corresponding utility is the summation of the utilities of
Í
items T j contains, which is denoted as TU (T j ) = x i ∈T j u(x i ,T j ).
Definition 3.6. (Transaction-weighted utilization). Given an
itemset X , the transaction-weighted utilization (abbreviated as

Table 3: Transaction-weighted utilization of items.
Item
TWU

A
$385

B
$182

C
$183

D
$238

E
$199

F
$189

TWU ) is defined as the sum of transaction utilities which conÍ
tain X . Formally, TWU (X ) = X ⊆T j TU (T j ). Obviously, TWU is a
loose upper-bound because the real utility of any itemset in T j must
be lower than or equal to the TU (T j ) value3 . Hence, X is a potential
high-utility itemset (simplified as pHUI ) if its TWU value is no less
than β.
Definition 3.7. (RFT-pattern). In a transaction database D, if
any itemset X is R-pattern, F-pattern, and pHUI at the same time,
it is denoted as an RFT-pattern. This means that X is a potential
RFM-pattern. Furthermore, RFM-patterns and any subset of an RFTpattern are both RFT-patterns [16].

4 THE RFMUL ALGORITHM
4.1 RFM-List Structure
Definition 4.1. (Global order). Let ≺ be a global order on I (e.g.,
the lexicographical order). In this study, ≺ is defined as an ascending
order based on the TWU value. For example, from Table 3, there is
“B ≺ C ≺ F ≺ E ≺ D ≺ A". Then, the proposed algorithm appends
one item at a time to itemset to generate high-level itemsets by
following the global order ≺.
Definition 4.2. (Remaining utility [25]). Based on the global
order ≺, the set of items after X in T j is defined as T j /X . Then,
the corresponding utility of the remaining itemset is denoted as
Í
ru(X ,T j ) = x i ∈T j /X u(x i ,T j ). The remaining utility can be interpreted as the amount of profit that can be made when other items
in T j are appended to X .
Definition 4.3. (RFM-List structure). As shown in Figure 1, an
RFM-List is a different highly compressed list structure of each
itemset X and denoted as a set of tuples (<tid, iutil, rutil>). The
term tid represents the identification of a transaction that contains
X . The term iutil is the real utility of X , and rutil denotes the remaining utility of X in tid. Specifically, the symbol X List is adopted
to represent the RFM-List of X .
Definition 4.4. (Join operation). In order to construct RFM-List
structure of a l-itemset (l ≥ 2) without scanning the database
multiple times, the lists of two distinct (l-1)-itemsets containing
some of the same tids are directly joined. Then, with respect to
the utility of the l-itemset, the term ituil is the summation of the
corresponding utility of two constituent itemsets, where rutil is
dependent on the smaller one.
Example 2: In Figure 1, the two RFM-lists AList and E List have
the same four tids (i.e., T2 , T4 , T5 and T7 ). The mathematical formula
is iutil({A, E}, T2 ) = iutil({A}, T2 ) + iutil({E}, T2 ) = $26. In addition,
the rutil of {A, E} is $0 in T2 because rutil({A}, T2 ) < rutil({E}, T2 ).
3

Due to the limited space of this paper, preclude us from providing the details of the
proof. For details, please refer to [26].
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Property 2. Given an RFM-List X List , if the sum of all iutils and
rutils in X List is less than β, its supersets are low-utility itemsets.
Í
The mathematical inequality is M(X ′ ) ≤ T j ∈X Lis t (iutil(X , T j ) +
rutil(X , T j )) < β, where X ⊆ X ′ . The proof was first provided by
Liu and Qu [25].
Strategy 2. Based on the Property 2, if the summation of whole
iutils and rutils in some X List is less than the minimal threshold,
there is no need to construct RFM-Lists of supersets of X .

4.3

{ F }
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iutil

rutil
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36

9

3

𝑇4

24

13

0

𝑇7

12

16

9
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24

0

Figure 1: The RFM-List structures of 1-itemsets.
According to the RFM-List structure, all the key information in
itemsets is saved after scanning the database for the first time. It
is not necessary to check an RFT-pattern by scanning the database
again, which is different from that of RFMP-Growth. Following
the definition of HUI-Miner [25], this kind of mining framework
is regarded as “one phase”. Our study is the first to use the “one
phase” algorithm to discover RFM-patterns.

4.2

This means that if the summation of all iutils and rutils of X is no
less than the β, X and its supersets are pHUIs.

Efficient Pruning Strategy

With the definitions of global order and join operation, the search
space of the RFM-pattern mining process can be regarded as traversing a set-enumeration trees [34]. We assume the root node is null,
and the n child nodes of the root have n 1-itemsets, respectively.
Then, the remaining grandchild nodes represent other high-level
itemsets (i.e., l-itemset where l ≥ 2). Obviously, if a naive exhaustive
search method is utilized, it has to check 2n nodes, which is excessively time-consuming. Thus, several efficient pruning strategies
are adopted to effectively reduce the search space.
In the high-utility itemset mining task, a general pruning method
is based on the TWU concept. Because of the downward-closure
property, TWU is a suitable natural upper bound eliminating the
unpromising items in advance, which helps reduce the number of
subsequent traversal nodes.
Property 1. If TWU (X ) is less than β, all supersets of X are lowutility itemsets. The mathematical inequality is M(X ′ ) ≤ TWU (X ′ )
≤ TWU (X ) < β, where X ⊆ X ′ . The details of the proof are provided
in Ref. [26].
Strategy 1. Based on the Property 1, if there exist TWU of 1itemsets less than the minimal threshold, there is no need to explore
their supersets.
Because the RFM-List stores all the necessary information on
the itemset in D, the sum of the remaining utility indicates the
future increases in utility value of the itemset. It also serves as a
useful upper-bound in pruning unpromising itemsets in advance.

The Proposed Algorithm

The RFMUL algorithm adopts the depth-first search method to generate high-level itemsets by joining different RFM-Lists of low-level
itemsets. In this section, the details are presented below. Algorithm
1 which takes six parameters as input: 1) the prefix itemset P, 2)
the RFM-List of P, 3) a set of RFM-Lists of all P’s with 1-extension,
4) the minimal recency threshold Rmin , 5) the minimum frequency
threshold, Fmin , and 6) the minimal utility threshold Mmin . The
algorithm first traverses each RFM-List of itemset X in RFM-Lists. If
X is an R-pattern, F-pattern, and M-pattern at the same time, X will
be regarded as an RFM-pattern that should be output (Lines 2-4).
Otherwise, it should be checked whether X is a F-pattern and pHUI
(Line 5, using Strategy 2). If X is not both a F-pattern and pHUI,
the procedure will select the next itemset after X and repeat the
checking steps above. Otherwise, the current itemset represents
the super-itemsets of X and maybe RFM-patterns, too. In line 6, the
RFM-List of super-itemset X ′ is initialized as NULL. To explore the
search space, the procedure joins X List and each YList after X in
RFM-Lists. Then, the Construct procedure is called, and a novel RFMList of extension itemset XY is created (Line 8). If the real utility of
XY is higher than $0, XY becomes an element of X ′ (Lines 9-11),
whereby, the intersection process between two distinct itemsets, X
and Y , is completed. Finally, in Line 13, the procedure adds X as a
new super-itemset. The RFMUL procedure is recursively processed
until no new itemset is generated (Line 14).
Algorithm 2 shows how to construct the super-itemset according
to two distinct RFM-Lists. It takes three parameters as input: 1) the
RFM-List of the prefix itemset P, 2) the RFM-List of itemset Px, and
3) another distinct RFM-List of itemset Py. The construct procedure
first initializes the RFM-List of the super-itemset as NULL (Line 1).
The itemsets Px e and Pye are two different elements in Px List and
Py List , respectively (Px precedes Py). If Px e has the same tid term
as Pye , then Construct procedure starts to build the new RFM-List
of Pxy (Line 3). Note that if the itemset P is NULL, then it directly
constructs a new tuple (Line 8). Otherwise, it finds the element Pe in
P List that has the same tid, and then constructs a new tuple (Lines
5 and 6). In addition, the iutil(Pe ) is calculated twice because Px e
and Pye have a common prefix itemset P. Thereafter, the obtained
tuple Pxy is inserted into RFM-List Pxy List (Line 10). Thus far,
constructing and updating a new RFM-List of a super-itemset has
been illustrated. The foregoing steps are repeated until the last
element of X List is processed. Finally, the Construct procedure
outputs a complete RFM-List of the super-itemset Pxy (Line 13).
The RFMP-Growth algorithm utilizes tree-based technology, but
a common trick used by the tree structure is to scan the original
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Algorithm 1: The RFMUL algorithm
Input: P: the prefix itemset; P List : the RFM-List of P;
RFM-Lists: the set of RFM-Lists of all P’s 1-extensions;
Rmin : the minimal recency threshold;
Fmin : the minimal frequency threshold;
Mmin : the minimal utility threshold.
Output: all the RFM-patterns with P as prefix.
1 for each X List of X in RFM-Lists do
2
if R(X ) ≥ Rmin and F (X ) ≥ Fmin and M(X ) ≥ Mmin then
3
RFM-patterns ← X ;
4
end
Í
5
if F (X ) ≥ Fmin and (iutil(X ) + rutil(X )) ≥ Mmin then
′
6
initialize X List as NULL;
7
for each YList of Y after X in RFM-Lists do
8
XYList = Construct(P List ,X List ,YList );
9
if M(XY ) > 0 then
′
′
10
X List
= X List
+ XYList ;
11
end
12
end
13
P = P ∪ X;
′
14
call RFMUL(P, X List ,X List
,Rmin ,Fmin ,Mmin );
15
end
16 end

Algorithm 2: The Construct procedure
Input: P List : the RFM-List of prefix itemset P;
Px List : the RFM-List of itemset Px;
Py List : the RFM-List of itemset Py.
Output: Pxy List : a RFM-List of super-itemset Pxy.
1 initialize Pxy List as NULL;
2 for each element Px e ∈ Px List do
3
if ∃Pye ∈ Py List and Px e .tid == Pye .tid then
4
if P List , NULL then
5
find element Pe ∈ P List where Pe .tid == Px e .tid;
6
Pxy e = (Px e .tid, iutil(pxy e )-iutil(Pe ), rutil(Pye ));
7
else
8
Pxy e = (Px e .tid, iutil(pxy e ), rutil(Pye ));
9
end
10
insert Pxy e into Pxy List ;
11
end
12 end
13 return Pxy List

database multiple times. This is unacceptable and is a waste in
terms of runtime and memory consumption. However, RFMUL
compresses all key information on itemsets into lists by scanning
the database once. On the other hand, RFMUL adopts a binary
search method to lower the time complexity while RFMP-Growth
has to check the nodes from up to down. In the next section, in
extensive experiments, it is demonstrated that the novel algorithm
outperforms the RFMP-Growth algorithm.
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5

THE EXPERIMENTAL ANALYSIS

In this section, the performance of the novel RFM-pattern mining
algorithm is discussed on several famous benchmark datasets, in
comparison with the state-of-the-art RFMP-Growth algorithm [16].
Because the precision and recall rate of mining results of RFMPGrowth has already been evaluated, we should make sure that the
mining results of proposed algorithm are the same with that of
RFMP-Growth, rather than repeating the same experiments. All
experiments were carried out on a computer with a 64 bit Intel Core
3.0 GHz processor running the Windows 10 operating system with
16 GB of RAM. The experimental algorithms were implemented in
the Java language.

5.1

Dataset Description and Parameter Settings

Dataset description. The three experimental datasets (one synthetic and two real-world datasets) were downloaded from the SPMF
website4 . All of these have been published and are available to researchers. Table 4 summarizes the characteristics of the datasets.
First, some feature labels of the selected datasets are introduced:
#Trans is the number of transaction datasets contained; #Items represent the number of distinct items in the dataset; #AvgLen is the
average length of a transaction in the dataset; and #Type indicates
that the dataset is sparse or dense. BMSPOS is a sparse dataset with
short transactions. Foodmart has the same features as BMSPOS,
but it is the smallest dataset in the experiments. T40I10D100K is a
sparse and dense synthetic dataset, respectively. These datasets all
do not contain privacy information, and the SPMF website provides
additional details on these datasets.
Table 4: Dataset characteristics
Dataset
BMSPOS
Foodmart
T40I10D100K

#Trans
515,366
4,141
100,000

#Items
1,656
1,559
942

#AvgLen
6.51
4.4
39.6

#Type
Sparse
Sparse
Dense

Parameter settings. Unless the goal is to stress the differences,
the decay speed δ of all datasets is always set to 0.001. Because
the RFM-pattern mining task has three different constraints (i.e.,
recency, frequency, and monetary/ utility), the same parameter settings were kept when testing different datasets as much as possible.
The details of the parameters of each experimental dataset are introduced in Table 5, and the “variable” represents the threshold used for
testing. Moreover, as described in the formulation of the previous
problem (Subsection 3.2), it is difficult to consider three constraints
simultaneously. Thus, primarily, the excellent performance of the
utility part of our novel algorithm is presented. Most experiments
have the same minimal recency and minimum frequency thresholds
of γ and α, respectively, but a distinct minimum utility threshold
β. Because β was set to a too large value (most of them are more
than $100,000) “K” and “M” are used to represent thousand and
million, respectively. The results of each method are displayed in
the subsequent figures and tables. There are no specific results on
runtime and memory consumption. If the runtime exceeds 100,000
s or if the algorithm is out of memory, then the result of related
patterns are marked as “-”.
4 http://www.philippe-fournier-viger.com/spmf/index.php?link=datasets.php
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Table 5: Thresholds setting of experimental datasets

(a) BMSPOS

1100

frequency (α )
0.005
variable
0.005

recency (γ )
1
0.005
2

RFMUL
RFMP-Growth

1200

900

Memory (MB)

utility (β )
variable
10,000
variable

Memory (MB)

Dataset
BMSPOS
Foodmart
T40I10D100K

800
700
600

Runtime Consumption Analysis

400
3.9M

First, in this subsection, the runtime analysis content is discussed. In
all sub-figures of Figure 2, the runtime cost of the three algorithms
keeps dropping as β increases, and the computation time of RFMUL
(the red line) is the least. Especially in the T40I10D100K dataset,
RFMUL has an obvious gap compared to RFMP-Growth. In BMSPOS
dataset, RFMUL also performance better than RFMP-Growth in
terms of runtime. For example, when β is $3.9M, RFMUL and RFMPGrowth spend 20.9 s and 48.9 s on computations, respectively. On
the other hand, following the β raises, the gap in the execution time
usage between two algorithms is closing. It is easy to understand
that the higher the β, the less satisfying the patterns have gotten. In
conclusion, RFMUL performs better than RFMP-Growth in terms
of runtime.
(a) BMSPOS

50

Runtime (s)

20
10

28
27

6.5M

9.1M

13M

39M

200
7.8M

65M

8.1M

8.4M

8.7M

9M

9.3M

($)

Figure 3: Memory cost under various β.
is small (= 4,141) and the number of distinct items is very large
(= 1,559). This situation causes the minimal frequency to be very
small, thereby prolonging the execution time. Hence, to ensure that
each experimental algorithm obtains the correct results in time, γ
was set to 0.005 and β to $10,000, and α to a value in the range of
0.2% to 0.3%, as shown in Table 5. In Figure 4, RFMUL outperforms
RFMP-Growth in terms of runtime and memory usage. For example,
when α is 0.2%, RFMP-Growth consumes nearly 150 MB, which
is approximately three times that of RFMUL. Although RFMUL
generates more candidates than RFMP-Growth, it is still a viable
approach. Because considering runtime usage, the binary search
method helps reduce the search time, while RFMP-Growth has
to perform a downwards traversal of every branch from the root.
In conclusion, RFMUL performs very well in terms of frequency
without considering the utility metric.

25

39M

65M

24
7.8M

(a) Runtime

1.4
8.1M

8.4M

8.7M

9M

($)

Performance under Frequency Metric

In this subsection, the experiment is also performed to compare the
performances of different frequency values between two algorithms.
First, it should be noted that the number of transactions in Foodmart

RFMUL
RFMP-Growth

RFMUL
RFMP-Growth

1.2
1
0.8
0.6

100

50

0.4

Memory Cost Analysis

The memory cost of RFMUL is analyzed next. As observed in Figure
3, the performance of the RFMP-Growth algorithm is not very
well in dense dataset. For instance, in T40I10D100K, RFMP-Growth
utilizes approximately 700 MB when β = $9.3M, while RFMUL only
requires 300 MB with the same β. In fact, when a database is sparse
and large, the size of the corresponding prefix tree is relatively
large, whereas the number of candidate itemsets is relatively small.
However, RFMUL performs nor very well in BMSPOS. We suppose
the reason is that BMSPOS is a sparse dataset and has a large number
of distinct items, which makes RFMUL has to keep many useless
RFM-Lists in memory. And we also can learn that there are fewer
differences in memory cost between RFMUL and RFMP-Growth as
β increases. The reason is the same as that described in the runtime
analysis subsection. That is, β is too large to discover additional
RFM-patterns.

(b) Memory
150

9.3M

Memory (MB)

13M

0.2
2

2.2

2.4

2.6

2.8

0
2

3

(c) Candidate

5000
4000

2.2

3000
2000
1000

2.4

2.6

2.8

3

(d) RFM-pattern

1000

RFMUL
RFMP-Grwoth

#RFM-pattern

9.1M

Runtime (s)

6.5M

Figure 2: Runtime consumption under various β.

5.4

600

26

($)

5.3

800

($)

#Candidate

Runtime (s)

30

RFMUL
RFMP-Growth

29

40

0
3.9M

(b) T40I10D100K

30
RFMUL
RFMP-Growth

1000

400

500

5.2

(b) T40I10D100K

1400
RFMUL
RFMP-Growth

1000

RFMUL
RFMP-Grwoth

800
600
400
200

0

0
2

2.2

2.4

2.6

2.8

3

2

2.2

2.4

2.6

2.8

3

Figure 4: Influence of frequency metric on Foodmart.

5.5

Scalability Analysis

Finally, the scalability of the proposed algorithm is discussed. As
shown in Figs. 2, 3 and 4, the variable-controlling approach is used to
respectively evaluate the scalability performance of RFMUL under
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the frequency and utility metrics. For example, in T40I10D100K, the
runtime and memory consumption have been decreasing steadily
as β increases from $7.8M to $9.3M. This trend can also be seen in
the Foodmart dataset. Hence, it is concluded that RMFUL performs
well under both frequency and utility metrics.

6

CONCLUSIONS AND FUTURE WORK

Web data mining, such as RFM analysis, is powerful for direct
marketing. In this paper, a “one phase” RFM-pattern mining framework called RFMUL is proposed to find interesting RFM-patterns
in a transaction dataset without private information. Based on the
remaining utility, the efficient pruning strategy is introduced to
effectively reduce the search space. To evaluate the performance
of RFMUL, extensive experiments are performed to demonstrate
the effectiveness of the novel algorithm by comparing with the
state-of-the-art algorithm on various datasets. The experimental
results reveal that our new approach performs better than the other
approach. In the future, several more efficient pruning strategies
will be studied to improve the performance of different variants of
RFMUL. The RFM-pattern mining task, without private information,
can also be adopted in other subject domains, such as sequential
pattern mining, episode mining, and association analysis.
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