A GA-based Approach for Mining Membership
Functions and Concept-Drift Patterns

Chun-Hao Chen?, Yu Li?, Tzung-Pei Hong®?, Yan-Kang Li* and Eric Hsueh-Chan Lu®
!Department of Computer Science and Information Engineering, Tamkang University, Taipei, Taiwan
Department of Computer Science and Engineering, National Sun Yat-sen University, Kaohsiung, Taiwan
®Department of Computer Science and Information Engineering, National University of Kaohsiung, Kaohsiung, Taiwan
*Department of Geomatics, National Cheng Kung University, Tainan, Taiwan
chchen@mail.tku.edu.tw, m023040059@student.nsysu.edu.tw, tphong@nuk.edu.tw, mirail3521434@gmail.com,
luhc@mail.ncku.edu.tw

Abstract—Since customers’ behaviors may change over time in
real applications, algorithms that can be utilized to mine these
drift patterns are needed. In this paper, we propose a GA-based
approach for mining fuzzy concept-drift patterns. It consists of
two phases. The first phase mines membership functions and the
second one finds fuzzy concept-drift patterns. In the first phase,
appropriate membership functions for items are derived by GA
with a designed fitness function. Then, the derived membership
functions are utilized to mine fuzzy concept-drift patterns in the
second phase. Experiments on simulated datasets are also made
to show the effectiveness of the proposed approach.

Keywords-concept drift, data mining, fuzzy association rules,
genetic algorithms, membership functions.

I. INTRODUCTION

Association rule mining is commonly used to analyze the
transaction database for providing useful relationship between
itemsets, and Apriori is one of the well-known mining
algorithms [2]. Many Apriori-like approaches were then
proposed for dealing with different types of transactions.
Recently, the research about concept drift is very popular.
Tsymbal described concept drift as finding patterns that
change over time in unexpected ways [23]. For example,
assume at time t there is an association rule "if buying milk,
then buying bread", and at time t+k, there is another rule "if
buying milk, then buying apple” mined. The Iatter rule
changes from the former rule in the consequence part along
the time. This change is a type of concept-drift patterns.

Based on the definition of concept-drift patterns, classic
data mining approaches have been extended for the purpose
and applied to various research fields [4, 7, 8, 22, 25]. For
classification tasks, when concept drift occurs, a model built
by the old data may not be suitable for predicting new data.
Thus, Black et al. proposed an algorithm based on decision
trees to learn concept-drift rules for dealing with telecom
customer call data [4]. Tsai et al. proposed an algorithm for
mining concept-drift decision rules from data streams [22]. A
survey of emerging patterns for classification can be found in
[9]. In addition, Pang et al. proposed an approach for detecting
emerging anomalous traffic patterns from GPS data [20].
Some other approaches were proposed for mining emerging
patterns from high-dimensional datasets [24, 26].

As to association rule mining, Song et al. defined three
types of concept-drift patterns, namely emerging patterns,
unexpected change and added/perished rules. They also
proposed an algorithm for mining concept-drift patterns [21].
It first separated the database into several time blocks and
mined association rules from each block. Then, the rules
derived from different blocks were compared to discover the
concept-drift patterns. Since transactions usually consist of
quantitative values, traditional mining approaches can not
easily handle them. Thus, some researchers adopted the fuzzy
theory to handle quantitative transactions and induce fuzzy
association rules [5, 10, 15, 16, 18, 27]. In fuzzy data mining,
membership functions, however, have a great influence on the
final results, and thus how to get appropriate membership
functions is an interesting problem. Several genetic-fuzzy
mining (GFM) algorithms have then been proposed for
deriving appropriate membership functions for items to mine
fuzzy association rules in recent years [1, 6, 11, 13, 14, 17].

To our best knowledge, there has not been research
working on deriving membership functions for discovering
concept-drift patterns. Thus in this paper, we present a
concept-drift GFM algorithm to derive membership functions
of items for inducing concept-drift patterns as more as
possible from a given transaction dataset. It first encodes the
membership functions of items into a chromosome. The
fitness value of each individual is then evaluated by the
number of concept-drift patterns (emerging patterns,
unexpected change and added/perished rules) and the
suitability of membership functions in the corresponding
chromosome. After the GA process terminates, the
membership functions found are then used to find better sets
of fuzzy association rules for determining the concept drift in
different time. Experimental results on a simulated dataset
have also shown the effectiveness of the proposed approach.

Il1. Fuzzy CONCEPT-DRIFT PATTERNS

According to Song's definition [21], the concept-drift
patterns mean that the structure of rules are changed along
with different periods of times. They defined three patterns,
namely emerging patterns, unexpected change and
added/perished rules. Assume there are two rules ri: A — B
with sup(A — B) = a and r,-‘*k: C —» D with sup(C —» D) = b,
where r;' is the i-th rule of rule set RS' at time t, r;"* is the j-th
rule of rule set RS™* in time t + k, and A, B, C and D are



itemsets. The definitions of the three patterns are given below
[21].

Definition 1 (Emerging Patterns). If a rule r, is an
emerging pattern, then the following two conditions should be
satisfied: (1)The conditional and the consequent parts of rules
ri and rj"™* are the same. That is, A = C and B = D; (2)
Supports of rules r;' and r;"** are different. That is sup(A — B)
#sup(C — D).

Definition 2 (Unexpected Change). If a rule ry is an
unexpected change, then the following two conditions should
be satisfied: (1) the conditional parts of rules r;‘ and r,»”k are
the same. That is A = C; (2) the consequent parts of rules r;'
and r** are different. That is B = D.

Definition 3 (Added/Perished Rules). If r;"** is an added
rule, it means that the conditional part C and the consequent
part D of r;"* are different from those of any ri' in RS'. If r'is a
perished rule, it means that the conditional part A and the
;()Srgffquent part B of r;' are different from those of any r,-"'k in

In the following, an example illustrates how to extract the
concept-drift patterns from the two databases at time t and t+k.
Asume there are two databases shown in Table 1.

TABLE 1. DATABASES AT DIFFERENT TIME

Database D" Database D™*
TID ltems TID ltems
1 A B,C, D 1 A, B,D
2 A C,D 2 C,D
3 B, C 3 A B, C
4 A, D 4 B, D

When the minimum support was set at 0.5, by usinq( the
Apriori algorithm, two association rule sets R' and R™* are
derived and shown in Table 2.

TABLE 2. ASSOCIATION RULES DERIVED FROM TWO DATABASES

Ruke Set RS'
r Rules i Rules
1 A>C 8 D->C
2 C2A 9 A, C=>D
3 A 2D 10 A D2>C
4 D2>A 11 C,D 2A
5 B>C 12 A=2>C,D
6 C 2B 13 C2A D
7 C-=>D 14 D 2AC
Rule Set RS™¥
1 A >B 3 B >D
2 B2>A 4 D ->B

Take r' of R' and ri™* of R"™ as examples. Since the
conditional parts of them are the same and the consequent
parts of them are different, it is an unexpected change. In this
example, there are six unexpected changes, six perished rules
and no emerging pattern or added rule. By extending the
definitions of the three concept-drift patterns, the fuzzy
emerging  patterns, fuzzy unexpected change and
added/perished fuzzy rules are defined. Assume there are two
fuzzy rules fr A — B with sup(A - B) =aand fr{"™*: C - D
with sup(C — D) = b, where fri" is the i-th rule of the fuzzy
rule set RS' at time t and fr;"** is the j-th rule of the fuzzy rule
set RS"*in time t + k, and A, B, C and D are fuzzy itemsets. A
fuzzy n-itemset consists of n fuzzy regions, where a fuzzy

region is represented as R; meaning that the I-th linguistic
term of item I;.

111. COMPONENT OF PROPOSED ALGORITHM

In this section, the related components of the proposed
approach are stated, including chromosome representation,
fitness evaluation and genetic operations.

A. Chromosome Representation

Currently, there are two common methods for encoding
membership functions for items. According to [19], the first
one is to encode each membership function as a pair (c, w),
where c indicates the center abscissa of a membership function,
and w represents half the spread of a membership function.
Thus, the set of membership functions MF; for the item I; are
represented as a substring of Cy3Was...Cop; Wy, Where [lj] is the
number of membership functions of I;. It is shown in Fig. 1.
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Fig. 1. Membership functions of an item /; using the center-spread
representation model

The second encoding approach is by using the 2-tuple
linguistic representation model [1]. Take the set of
membership functions MF; for the item I; as an example. They
are encoded as a substring of c;LRj1. CiL Rk CjpjiL Ry, Where
cjand LRy are the center abscissa and lateral displacement of
k-th membership function for item I;. The scheme are shown in
Fig. 2.
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Fig. 2. Membership functions of an item /; using the 2-tuple linguistic
representation model

Note that the half spreads of membership functions are
predefined in the second encoding method. Assume there are
m items, the entire membership functions for all items are
encoded by concatenating substrings of MF;, MF,, ..., MF;, ...,
MF. In this paper, the first encoding approach is used in the
proposed approach.

B. Fitness Evaluation

The goal of the proposed approach is to derive a good set
of membership functions from the given transaction database
for mining fuzzy concept-drift patterns. In order to achieve
this purpose, an evaluation function is designed to measure the
goodness of the derived membership functions. The fitness
values of the membership function sets are then fed back to
the evolution process to control how the solution space is
searched to improve the quality of the membership functions.



Therefore, we define the evaluation function as shown in

Equation (1).

numEP(C ) +umUE(C )+ numAPR(C )
suitability(C, )

f(C,)= 1)

where numEP(C,) is the number of emerging patterns of
chromosome Cy, numUE(C,) is the number of unexpected
changes of chromosome C,, and numAPR(C,) is the number of
added/perished rules of chromosome C,. Assume there are two
transaction databases D' and D', the number of emerging
patterns of chromosome C, is defined in Equation (2):

nUMEP(Cy) = countEPRule(RSc,!, RSc,™), @

where the two fuzzy rule sets RSc, = {fry, fry,, ..., fr,'} and
RSc,™ = {fr,"™*, fry™* .., fr,"*} are mined from transaction
databases D'and D™* with membership functions in C, by
using fuzzy rule mining approach [10]. The number of
emerging patterns of chromosome C, can be calculated
according to the definition 1. In the same way, the number of
unexpected changes of chromosome Cg is given in Equation
3):
NUMUE(C,) = countUERule(RSc,!, RScy™). @3)

According to definition 2, the number of unexpected
changes of chromosome C, can be calculated with the derived
rule sets RScy and RSc,™ Then, the number of
added/perished rules of chromosome C, is defined in Equation

(4):
nUMAPR(C,) = countAPRule(RSc,', RSc,™ ). @)

By using definition 3, the number of add/perished rules can
be calculated with the derived rule sets, Rc,' and Re,™
Besides, the suitability(C,) is used to reduce the occurrence of
the two bad kinds of membership functions, and shown in

Equation (5).

suitability(C, ) = i[ overlapFactor(C, )+ coverageFactor(C, )],  (5)
j=1

where the overlap factor is used to avoid membership
functions too overlapping (redundant). The coverage factor is
used to avoid membership functions too separate. More details
of it can be found in [16]. Through the designed fitness
function, it will lead the evolution process to find appropraite
membership function sets that can generate larger number of
concept-drift patterns from the transaction databases.

C. Genetic Operations

Genetic operators are used to generate diverse solutions for
the specific GA applications. For crossover operation, the
max-min-arithmetical (MMA) crossover proposed in [12] is
utilized here. For mutation operation, when the first encoding
method is adopted, the one-point mutation operator will create
a new membership function by adding a random value & to the
center and to the spread of an existing linguistic term, say Ry
The center and the spread of the newly formed membership
function will be changed to ¢ + ¢and w + ¢ by the mutation
operation. The selection strategy used in the proposed
approach can be the elitist or the roulette-wheel strategy. Here,
the elitist strategy is used in the proposed approach.

1V. PROPOSED MINING ALGORITHM

In this section, the proposed approach that combines
concept drift, genetic algorithm, and fuzzy data mining is
described as follows:

The concept- drift genetic-fuzzy mining algorithm:

INPUT: Two quantitative transaction databases D' consists of
n quantitative transactions and m items at time t, and
D" consists of w quantitative transactions and m
items at time t+k. The parameters include a support
threshold «, a confidence threshold ., a population
size P, a crossover rate p., a mutation rate p., and a
number of linguistic terms for items h.
OUTPUT: A set of membership functions and its
corresponding concept-drift patterns.

STEP 1: Randomly generate a population of P individuals.
Each individual is a set of membership functions for
items in transactions.

STEP 2: For each chromosome, mine the fuzzy association
rule sets RS' and RS™ from D' and D™* by using
fuzzy rule mining algorithm with the support
threshold ¢ and the confidence threshold .4 [10].

STEP 3: Count the number of emerging patterns from rule sets
RS' and RS™* by using Equation (2).

STEP 4: Count the number of unexpected changes from rule
sets RS' and RS™* by using Equation (3).

STEP 5: Count the number of add/perished rules from rule sets
RS' and RS™™* by using Equation (4).

STEP 6: Calculate the suitability of each chromosome by
Equation (5).

STEP 7: Set the fitness value of each chromosome by using
Equation (1).

STEP 8: Generate the next population by using the elitist

strategy.

STEP 9: Execute the crossover operation on the population.

STEP 10: Execute the mutation operation on the population.

STEP 11: If the termination criterion is not satisfied, go to
Step 2; otherwise, output the set of membership
functions with the highest fitness value and concept-
drift patterns.

V. AN EXAMPLE

In the following, an example is given to illustrate how to
apply the proposed algorithm on the two databases for driving
membership functions for mining concept-drift patterns. Two
databases at time t and t+k are shown in Table 3.

TABLE 3. TWO DATABASES FOR THIS EXAMPLE

Database D' Database D™
TID Items TID Items
1T | (A9)B,3)C 10D, 7 | 1 A, 5)(B, 4D, 3)
2 (A, 5)(C, 2)(D, 3) 2 (C,2)D, 1)
3 (B, 6)(C, 5) 3 (A, )(B,3)(C, 7
4 (A, 8)(D, 1) 4 (B, 2)(D, 2)

STEP 1: The initial population is generated randomly.
Assume the pSize was set at 4 and the first encoding method
was used, the results are shown in Table 4.



TABLE 4. INITIAL POPULATION

Cq Membership Functions

C, 336393336,393336,393,3,3,6,393
C 2,2,5372225372225372225,3,7,2
Cs 1,1,316,2,1,1,31,6,2,1,1,31,6,2,1,1,3,1,6,2
Cy 2,1,8,3922183922183,9221,8,3,9,2

STEP 2: The fuzzy association rule sets RS' and RS™* from
D' and D™ are induced by using fuzzy rule mining algorithm
with the predefined support and the membership functions in
the chromosome. In this example, the minimum support was
set at 0.03. Take chromosome C; as an example. The results
are shown in Table 5.

TABLE 5. FUZZY ASSOCIATION RULES DERIVED FROM TWO DATABASES

Rule Set RS'
Rule ID fri Rule ID fri
1 A.High > B.Low 2 B.Low > A.High
3 A.High > C.High 4 C.High > A.High
5 B.Low - C.High 6 C.High »> B.Low
Rule Set RS
1 B.Low - D.Low 2 D.Low = B.Low
3 C.Low 2> D.Low 4 D.Low - C.Low

STEPs 3 to 7: The number of emerging patterns,
unexpected changes and add/perished rules are discovered
from rule sets RS' and RS . In this example, there are two
unexpected changes, three added ruled, four perished rules and
no emerging pattern. Since the suitability of C, is 4, the fitness
value of C; is 2.25 (= 9/4). In the same way, the fitness values
of other chromosomes could be calculated.

STEPs 8 to 11: The genetic operations are executed on the
population, including crossover and mutation operations. Take
chromosomes C; and C, as an example. When the MMA
crossover operator is executed, the four candidate
chromosomes are shown as follows:

C’:3,3,6,393,3,3,6,3,93,3,3,6,3,93,3,36,3,9,3,
53,7,2,2,2,53,7,222537222537,2
,3,3,5,2,2,2,5,4,8,3,3,2,4,3,6,2,3,2,7,3,5,2
52,7311324,24,25,383/115,36,2

By repeating STEPs 3 to 6, the fitness values of the four
candidate chromosomes are calculated as 2.25, 2.5, 2.7 and 2.1,
respectively. The chromosomes C,' and C3' are used to replace
C; and C,. In this example, since the fitness of the
chromosome Cj' is the best, it will be outputted and utilized to
mine concept-drift patterns.

VI. EXPERIMENTAL RESULTS

In this section, the results of the experiments to show the
performance of the CDGFM are described. The experiments
were implemented in Java on a personal computer with Intel
i7-2600 (3.4GHz) and 4GB RAM. A simulation dataset
containing 64 items and 10,000 transactions was used in the
experiments. In the data set, the number of purchased items in
transactions was first randomly generated, and the purchased
items and their quantities in each transaction were then
generated. An item could not be generated twice in a
transaction. Here, we selected 1000 transactions from the
simulated dataset, and divided them into two datasets as
databases D' and D"* where each dataset thus has 500
transactions. The initial population size P was set at 20, the
crossover rate p.was set at 0.8, and the mutation rate p,, was

set at 0.01. The parameter d of the crossover operator was set
at 0.35 according to Herrera et al. [12], and the minimum
support was set at 0.04 (4%). Firstly, the convergence of the
proposed approach is shown in Fig. 3 after 100 generations.
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Fig. 3. Convergence of the proposed approach

From Fig. 3, it can be observed that the average fitness
value of the proposed approach is increasing along with the
increasing of generations, and converge to a certain value. The
comparison of the initial membership functions and the
derived membership functions for two among all items are
shown in Fig. 4.

Itemg Item,,
Low Middle High Low Middle High
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(a)Initial membership functions for Itemg (b)Initial membership functions for Item,,

Item, Item,
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(c)Derived membership functions for Itemg (d)Derived membership functions for Item,,

Fig. 4. The initial and derived membership functions

From Fig. 4(a) and 4(b), we can see that the membership
functions for the two items overlap too much. Besides, Fig.
4(c) and 4(d) show that the bad types of membership functions
don't appear after the evolution process. At last, in order to
show the merit of the proposed approach, experiments were
then made to compare the proposed approach with the uniform
membership functions in terms of the number of concept-drift
patterns. The two sets of uniform membership functions are
shown in Fig. 5.

Low Middle High Low Middle High
1 1 —
3 3 6 9 Quantity 4 4 8 12 Quantity
(@) (b)

Fig. 5. The two sets of uniform membership functions

By using the two sets of membership functions and the
derived membership functions, the numbers of each kind of
concept-drift patterns of them are shown in Table 6.



TABLE 6. INITIAL POPULATION

Number of Number of
Number of Unexpected Add/Perished
Emerging Patterns Changes Rules

Proposed

Approach 0 - 25
Uniform

MFs(Fig. 5(a)) 6 20 2
Uniform

MFs(Fig. 5(b)) 2t - 0

From Table 6, the number of derived concept-drift patterns
for emerging patterns, unexpected changes and add/perished
rules are 70, 39 and 255, respectively. Comparing the results
with those derived by the uniform membership functions, we
can know that the proposed approach is better than others.
The results thus indicate the proposed approach is effective in
deriving appropriate membership functions for discovering
concept-drift patterns.

VI1l. CONCLUSION AND FUTURE WORKS

In this paper, a concept-drift genetic-fuzzy mining
approach has been proposed for deriving membership
functions for mining concept-drift patterns. It first encodes
membership functions for items into a chromosome. Since the
fuzzy concept-drift patterns contains three types, including
emerging patterns, unexpected change and added/perished
rules, the fitness value of a chromosome is evaluated by the
number of concept-drift patterns and the suitability of
membership functions. Thus, the goal of the proposed
approach is to derive appropriate membership functions that
can not only get as more concept-drift patterns as possible but
also avoid bad types of membership functions. Experiments on
the simulated dataset were made to show the effectiveness of
the proposed approach. Firstly, experiments show that the
designed fitness function is effective. Secondly, when
compared with those from the concept-drift pattern mining
approach with predefined membership functions, the results by
the proposed approach show that the derived membership
functions can discover more concept-drift patterns than those
by uniform membership functions. Because the evaluation of a
chromosome is time-consuming, in the future, we will try to
design other efficient approaches that can speed up the
evolution process based on the proposed one.

ACKNOWLEDGMENT

This research was supported by the Ministry of Science
and Technology of the Republic of China under grant MOST
103-2221-E-032-029 and 103-2221-E-006-271.

REFERENCES

[1] J. Alcala-Fdez, R. Alcala, M. J. Gacto, F. Herrera, "Learning the
membership function contexts for mining fuzzy association rules by
using genetic algorithms," Fuzzy Sets and Systems, Vol. 160, No. 7, pp.
905-921, 2009.

[2] R. Agrawal and R. Srikant, “Fast algorithm for mining association rules,”
The International Conference on Very Large Databases, pp. 487-499,
1994.

[3] J. Alcala-Fdez, R. Alcala, M. J. Gacto and F. Herrera, “Learning the
membership function contexts for mining fuzzy association rules by
using genetic algorithms,” Fuzzy Sets and Systems, Vol. 160, No. 7, pp.
905-921, 2009.

[4] M. Black and R. Hickey, “Learning classification rules for telecom

[l

[6]
[7]

(8]

[0

[10]

[11]

[12]

[13]

[14]

[15]

[16]

17

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]
[26]

[27]

customer call data under concept drift,” Soft Computing, Vol. 8, No, 2,
pp. 102-108, 2003.

C. H. Cai, W. C. Fu, C. H. Cheng and W. W. Kwong, “Mining
association rules with weighted items,” The International Database
Engineering and Applications Symposium, pp. 68-77, 1998.

C. H. Chen, J. S. He, T. P. Hong, “MOGA-based fuzzy data mining with
taxonomy,” Knowledge-Based Systems, Vol. 54, pp. 53-65, 2013.

J. Chunhua, S. Zhaogian and C. Tinggui, “Feature extracting of business
data streams with concept-drifting,” Journal of Convergence Information
Technology, Vol. 6, No. 6, pp. 235-245, 2011.

J. Gama, P. Medas, G. Castillo and P. Rodrigues, “Learning with Drift
Detection,” Advances in Artificial Intelligence, Vol. 3171, pp. 286-295,
2004.

M. Garcia-Borroto, J. F. Martinez-Trinidad, J. A. Carrasco-Ochoa, "A
survey of emerging patterns for supervised classification,” Artificial
Intelligence Review, Vol. 42, No. 4, pp. 705-721, 2014.

T. P. Hong, C. S. Kuo and S. C. Chi, “Mining association rules from
quantitative data,” Intelligent Data Analysis, Vol. 3, No. 5, pp. 363-376,
1999.

T. P. Hong, C. H. Chen, Y. L. Wu and Y. C. Lee, “A GA-based fuzzy
mining approach to achieve a trade-off between number of rules and
suitability of membership functions,” Soft Computing, Vol. 10, No. 11,
pp. 1091-1101. 2006.

F. Herrera, M. Lozano and J. L. Verdegay, “Fuzzy connectives based
crossover operators to model genetic algorithms population diversity,”
Fuzzy Sets and Systems, Vol. 92, No. 1, pp. 21-30, 1997.

M. Kaya and R. Alhajj, “Genetic algorithm based framework for mining
fuzzy association rules,” Fuzzy Sets and Systems, Vol. 152, No. 3, pp.
587-601, 2005.

M. Kaya and R. Alhajj, “Utilizing genetic algorithms to optimize
membership functions for fuzzy weighted association rules mining,”
Applied Intelligence, Vol. 24, No. 1, pp. 7-15, 2006.

K. Kianmehr, M. Kaya, A. M. EISheikh, J. Jida and R. Alhajj, " Fuzzy
association rule mining framework and its application to effective fuzzy
associative classification,”" Wiley Interdisciplinary Reviews: Data Mining
and Knowledge Discovery, Vol. 1, No 6, 2011.

K. M. Lee, “Mining generalized fuzzy quantitative association rules with
fuzzy generalization hierarchies,” IFSA World Congress and 20th
NAFIPS International Conference, Vol. 5, pp. 2977-2982, 2001.

S. G. Matthews, M. A. Gongora, A. A. Hopgood and S. Ahmadi, "Web
usage mining with evolutionary extraction of temporal fuzzy association
rules,”" Knowledge-Based Systems, Vol. 54, pp. 66-72, 2013.

A. Mangalampalli, V. Pudi, "Fuzzy association rule mining algorithm for
fast and efficient performance on very large datasets,” IEEE
International Conference on Fuzzy Systems, 2009.

A. Parodi and P. Bonelli, "A new approach of fuzzy classifier systems,"
Proceedings of Fifth International Conference on Genetic Algorithms,
Morgan Kaufmann, Los Altos, CA, pp. 223-230, 1993.

L. X. Pang, L. Chawla, W. Liu and Y. Zheng, "On detection of emerging
anomalous traffic patterns using GPS data,” Data & Knowledge
Engineering, Vol. 87, pp. 357-373, 2013.

H. S. Song, J. K. Kim and S. H. Kim, “Mining the change of customer
behavior in an internet shopping mall,” Expert Systems with Applications,
Vol. 21, No. 3, pp. 157-168, 2001.

C. J. Tsai, C. I. Lee and W. P. Yang, “Mining decision rules on data
streams in the presence of concept drifts,” Expert Systems with
Applications, Vol. 36, No. 2, pp. 1164-1178, 2009.

A. Tsymbal, “The problem of concept drift: definitions and related
work,” Technical Report, 2004.

R. Vimieiro and P. Moscato, "A new method for mining disjunctive
emerging patterns in high-dimensional datasets using hypergraphs,”
Information Systems, Vol. 40, pp. 1-10, 2014.

G. Widmer and M. Kubat, “Learning in the presence of concept drift and
hidden contexts,” Machine Learning, Vol. 23, No. 1, pp. 69-101, 1996.
K. Yu, W. Ding, H. Wang and X. Wu, "Bridging causal relevance and
pattern  discriminability: mining emerging patterns from high-
dimensional data," IEEE Transactions on Knowledge and Data
Engineering, Vol. 25, No. 12, pp. 2721-2739, 2013.

S. Yue, E. Tsang, D. Yeung and D. Shi, “Mining fuzzy association rules
with weighted items,” The IEEE International Conference on Systems,
Man and Cybernetics, pp. 1906-1911, 2000.



