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Abstract
We design a genetic algorithm-based strategy for identifying association rules without specifying actual minimum support. In this
approach, an elaborate encoding method is developed, and the relative conﬁdence is used as the ﬁtness function. With genetic algorithm,
a global search can be performed and system automation is implemented, because our model does not require the user-speciﬁed threshold
of minimum support. Furthermore, we expand this strategy to cover quantitative association rule discovery. For eﬃciency, we design a
generalized FP-tree to implement this algorithm. We experimentally evaluate our approach, and demonstrate that our algorithms significantly reduce the computation costs and generate interesting association rules only.
Ó 2008 Elsevier Ltd. All rights reserved.
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1. Introduction
Association rule mining (Agrawal, Imielinski, & Swami,
1993) plays a key role in boosting the research, development and application of data mining techniques. This leads
to a great many signiﬁcant technologies and methodologies
for identifying association rules. These techniques mainly
focus on algorithm scale-up and data reduction for the eﬃciency issue.
However, these mining algorithms are mostly based on
the assumption that users can specify the minimum support
appropriate to their databases, and thus referred to as the
Apriori-like algorithms (Zhang & Zhang, 2002; Zhang, Lu,
& Zhang, 2004). Han, Wang, Lu, and Tzvetkov (2002)
have pointed out that setting the minimum support is quite
subtle, which can hinder the widespread applications of
these algorithms. Our own experiences of mining transac-
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tion databases also tell us that the setting is by no means
an easy task.
Recognizing the above limitation, a great many techniques have been developed to attack this issue. Han
et al. (2002) designed a strategy to mine top-k frequent
closed patterns for eﬀectiveness and eﬃciency. PiatetskyShapiro and Steingold proposed a method to identify only
the top 10% or 20% of the prospects with the highest score
for marketing (Piatetsky-Shapiro & Steingold, 2000). Roddick and Rice (2001) presented the independent thresholds
and context dependent thresholds to measure time-varying
interestingness of events for temporal data. Hipp and
Guntzer (2002) explored a new mining approach that postpones constraints from mining to evaluation. Wang, He,
Cheung, and Chin (2001) designed a conﬁdence-driven
mining strategy without minimum support to identify
new patterns. Cheung and Fu (2004) developed a technique
to identify frequent itemsets without the support threshold.
Zhang et al. (2004) advocated a fuzzy-logic-based method
to acquire user threshold of minimum support for mining
association rules. However, most of these approaches
attempt to avoid specifying the minimum support. Some
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of them are actually conﬁdence-driven methods. The last
approach solves the minimum support issue by coding
technique. All of these eﬀorts provide a good insight into
the diﬃculty of specifying a minimum-support constraint.
In this paper we use genetic algorithm to identify association rules without minimum support. Genetic algorithm is
eﬃcient for global search work, especially when the search
space is too large to use a deterministic search method. It
imitates the mechanics of natural species evolution with
genetics principles, such as natural selection, crossover,
and mutation. In particular, our approach does not require
users to specify the minimum-support threshold. Instead of
generating an unknown number of interesting rules in traditional mining models, only the most interesting rules are
returned according to the interestingness measure deﬁned
by the ﬁtness function. Obviously, this method is database-independent in contrast to these Apriori-based algorithms. This approach leads to (1) eﬀectiveness and
eﬃciency for global search; and (2) system automation,
because our model does not require the user-speciﬁed
threshold of minimum support.
The rest of this paper is organized as follows. We start
with brief recalls of both concepts concerning about association rules and current work on genetic algorithm-based
learning in Section 2. In Section 3, we present our genetic
algorithm-based model for identifying association rules,
including the encoding method, genetic operators, and
the ARMGA algorithm. In Section 4, we expand the ARMGA algorithm to identify generalized association rules. In
Section 5, we experimentally evaluate our approach.
Finally, we conclude our work in Section 6.
2. Preliminaries
This section recalls some concepts concerning association rule mining, quantitative association rule, and genetic
algorithms.
2.1. Association rules
I ¼ fi1 ; i2 ; . . . ; im g is a set of literals, or items. X is an
itemset if it is a subset of I. Itemset X is a k-itemset if X
exactly has k items.
D ¼ ft1 ; t2 ; . . . ; tn g is a set of transactions, called the
transaction database, where each transaction ti has a transaction identiﬁer tid i , and a k i -itemset X i , that is,
ti ¼ ðtid i ; X i Þ; 1 6 k i 6 m; i ¼ 1; . . . ; n. A transaction, ti ,
contains an itemset, X, if and only if, for any item i 2 X ,
i is in t-itemset X i .
There is a natural lattice structure, namely the subset/
superset structure, over the set of all itemsets, 2I . Some certain sub-lattice of it can be taken as a taxonomy.
An itemset, X, in a transaction database, D, has a support, denoted as suppðX Þ or simply pðX Þ, that is the ratio
of transactions in D containing X. Or
suppðX Þ ¼ jX ðtÞj=jDj
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where X ðtÞ ¼ ft in Djt contains X g, jX ðtÞj and jDj are the
numbers of transactions in X ðtÞ and D, respectively.
An itemset, X, in a transaction database, D, is called a
large (frequent) itemset if its support is equal to, or greater
than, a threshold of minimal support (minsupp), which is
given by user or expert.
An association rule is an implication X ! Y , where itemsets X and Y do not intersect.
Each association rule has two quality measurements,
support and conﬁdence, deﬁned as follows.
 the support of a rule X ! Y is the support of X [ Y ,
where X [ Y is the union of X and Y;
 the conﬁdence of a rule X ! Y , written as conf ðX ! Y Þ,
is the ratio jðX [ Y ÞðtÞj=jX ðtÞj or suppðX [ Y Þ=suppðX Þ.
That is, support implies frequency of occurring patterns,
and conﬁdence means the strength of implication. We now
introduce the support-conﬁdence framework (Agrawal et al.,
1993).
Let I be the set of items in database D, X, Y # I be itemsets, X \ Y ¼ ;, pðX Þ–0 and pðY Þ–0. The minimal support, minsupp, and the minimal conﬁdence, minconf, are
given by user or expert. Then rule X ! Y is valid if
suppðX [ Y Þ P minsupp, and
[Y Þ
conf ðX ! Y Þ ¼ suppðX
P minconf ,
suppðX Þ
Mining association rules can be taken into the following
two subproblems.
(1) Generating all itemsets for which supports are greater
than, or equal to, the user-speciﬁed minimum support, that is, generating all large itemsets; and
(2) Generating all the rules which satisfy the minimum
conﬁdence constraint in a naive way as follows. For
each large itemset X, and any B  X , let A ¼ X  B.
If the conﬁdence of a rule A ! B is greater than, or
equal to, the minimum conﬁdence (or suppðX Þ=
suppðAÞ P minconf ), then A ! B can be extracted
as a valid rule.
To demonstrate the use of the support-conﬁdence
framework, we illustrate the process of mining association
rules by the following example.
Example 1. Assume that we have a transaction database in
a supermarket, as shown in Table 1. There are six
transactions in the database with their transaction identiﬁers (TIDs) ranging from 100 to 600. The universal itemset
I ¼ fA; B; C; D; Eg, where A; B; C; D; and E can be any
items in the supermarket. For instance, A = ‘‘bread”,
B = ‘‘milk”, C = ‘‘sugar”, D = ‘‘coffee”, and E = ‘‘biscuit”.
There are totally 25 ð¼ 32Þ itemsets. fAg; fBg; fCg; fDg,
and fEg are all 1-itemsets, fACg is a 2-itemset, and so
on. suppðBCÞ ¼ 4=6 ¼ 0:67 because there are four transac-
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Table 1
An example transaction database
TID

Items bought

100
200
300
400
500
600

ABCD
BCE
ABCE
BE
ACD
BCE

tions that contain both A and B. Let minsupp ¼ 50%
and minconf ¼ 80%. Then, A; B; C; E; AC; BC; BE, and
BCE are all frequent itemsets. The conﬁdence of association rule A ! C is conf ðA ! CÞ ¼ suppðACÞ=suppðAÞ ¼
3=3 ¼ 1:0. Hence rule A ! C is valid. Similarly we have
conf ðC ! AÞ ¼ 3=5 ¼ 0:6. Hence, rule C ! A is not
valid.
2.2. Quantitative association rules
Let U ¼ fA1 ; A2 ; . . . ; An g be the universal set of attributes in a generalized relational database. For each quantitative attribute Ak 2 U , assume that ak and bk are
respectively the minimum and maximum values among
all the values of attribute Ak in the database. Hence the
value domain of Ak , written as domðAk Þ, can be taken as
a close interval of ½ak ; bk . Given a granularity gk > 0 for
attribute Ak , we can partition interval ½ak ; bk  into nk intervals, ½ak ; ak þ gk , ½ak þ gk ; ak þ 2gk , . . . , ½ak þ ðnk  1Þgk ;
bk , where nk ¼ bðbk  ak Þ=gk c þ 1. These sub-intervals are
all called the base intervals of Ak . We can easily see that
bk 2 ½ak þ ðnk  1Þgk ; ak þ nk gk . If Ak is a categorical attribute, we deﬁne its granularity gk =0. We do not need to
partition the value domain of a categorical attribute. Suppose that v is a value in the domain of categorical attribute
Ak . The corresponding base interval is ½v; v þ gk , i.e. the
value v itself.
For any two intervals, I 1 ¼ ½a; b and I 2 ¼ ½c; d, of Ak ,
there are three kinds of relationship between them as
follows.
(1) Adjacent, if and only if b ¼ c or a ¼ d.
(2) Disjoint, if and only if b < c or a > d.
(3) Overlapped, if and only if c < a < d or c < b < d.
For any two base intervals of an attribute, only the ﬁrst
two kinds of relationship are applicable because they cannot be overlapped from the deﬁnition.
A gapped interval GI is a union of a certain ﬁnite number of base intervals, that is, GI ¼ ½a1 ; b1  [ ½a2 ; b2  [   
[½am ; bm , where ½ai ; bi  is a base interval, i = 1, 2, . . . , m,
and m is a certain ﬁnite integer. An interval I is a maximum
interval of GI, if I # GI, and for any interval I 0 # GI, we
have I 0 # I when I 0 \ I–;. It is easy to prove the following
properties, which are useful for the design and implementation of our genetic algorithm.

Property 1. Gapped intervals are closed under operations of
union, intersection, and difference. In other words, the union,
intersection, and difference of any two gapped intervals are
all gapped intervals.
Property 2. A gapped intervals GI can be uniquely decomposed into the union of several maximum intervals of GI.
That is, GI ¼ I 1 [ I 2 [    [ I k , where each I j is a maximum
interval of GI, j ¼ 1; . . . ; k. For any interval I # GI, there
exists a I i ; 1 6 i 6 k, such that I # I i .
An item then can be deﬁned as a pair of the form
ðA; GIÞ, where A is an attribute in U, and gapped interval
GI # domðAÞ. There are two extreme situations. One is that
GI ¼ domðAÞ and item ðA; GIÞ is called a universal item.
Another is the zero item, written as ;, when GI ¼ ;. A
set of items is referred to as an itemset. An itemset X is a
zero itemset, denoted as X ¼ ;, if 8I 2 X ; I ¼ ;. Apparently, if there are two items in an itemset with the same
attribute, ðA; GI 1 Þ and ðA; GI 2 Þ, we can easily merge them
into one item by ðA; GI 1 [ GI 2 Þ, since GI 1 [ GI 2 is also a
gapped interval from Property 1. Therefore, we assume
that any items in an itemset have diﬀerent attributes, such
that we can reasonably deﬁne the length of an itemset. The
length of an itemset is the number of items in the itemset.
Itemset of length k is denoted as k-itemset. Then a tuple,
t ¼ ðv1 ; v2 ; . . . ; vn Þ, can be viewed as an itemset, i.e.
t ¼ fðA1 ; ½v1 ; v1 Þ; ðA2 ; ½v2 ; v2 Þ; . . . ; ðAn ; ½vn ; vn Þg, where the
gapped interval of each item has only an interval with a single value vi 2 domðAi Þ, i ¼ 1; 2; . . . ; n. A database DB is a
set of tuples over U. We shall alternatively use ½v; v and
v, if there is no confusion.
A tuple t is said supporting an itemset X, if, for any item
ðA; GIÞ 2 X , there exists a value ðA; vÞ 2 t, such that v 2 GI.
The support of itemset X, written as suppðX Þ, is the proportion of tuples in DB, which support X. Clearly, if there
exists a zero item in X, then suppðX Þ=0.
2.3. Research into genetic algorithm-based learning
There have been many applications of genetic algorithms in the ﬁeld of data mining and knowledge discovery.
Most of them are addressed to the problem of
classiﬁcation.
Usually, genetic algorithms for rules mining are partitioned into two categories according to their encoding of
rules in the population of chromosomes (Freitas, 2003).
One encoding method is called Michigan approach, where
each rule is encoded into an individual. Another is referred
to as Pittsburgh approach, with which a set of rules are
encoded into a chromosome. For example, Fidelis, Lopes,
and Freitas (2000) gave a Michigan type of genetic algorithm to discover comprehensible classiﬁcation rules, having an interesting chromosome encoding and introducing
a speciﬁc mutation operator. But the method is impractical
when the number of attribute is large. Weiss and Hirsh
(1998) also followed the Michigan method to predict rare
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events. Pei, Goodman, and Punch (1997), on the other
hand, used the Pittsburgh approach for discovery of classes
and feature patterns.
Other applications can be demonstrated by GA-Nuggets,
a system to infer the values of goal attributes given the
values of predicting attributes (Freitas, 1999), and SIAO1,
which ﬁnds the ﬁrst- order-logic classiﬁcation rules by
generalizing a seed example. Moreover, a recent work
which is also worthy to mention is the dAR, designed by
Au and Chan (2002) for mining association rules or more
exactly for discovering changing patterns in historical data.
In dAR, the whole set of rules are encoded in a single chromosome and each rule is represented by some non-binary
symbolic values. It uses a complicated ﬁtness function
and a Pittsburgh encoding.
Although it is known that genetic algorithm is good at
searching for nondeterministic solution, it is still rare to
see that genetic algorithm is used to mine association rules.
We are going to further investigate the possibility of applying genetic algorithm to the association rules mining in the
following sections.
3. Identifying association rules with genetic algorithm
Let I ¼ fi1 ; i2 ; . . . ; in g be the universal set of items. Then
a transaction can be viewed as an itemset with variable
length, and a database D can be deﬁned as a set of transactions over I. Association rule X ! Y is a k-rule if X [ Y is a
k-itemset.
From Section 2.1, we know that the traditional task of
mining association rules is to ﬁnd all rules X ! Y , such
that the supports and conﬁdences of the rules are larger
than, or equal to, the minimum support, minsupp, and
the minimum conﬁdence, minconf, respectively.
In our genetic algorithm, called ARMGA, we require
that the conﬁdence conf ðX ! Y Þ should be larger than,
or equal to, suppðY Þ, because we only deal with positive
association rules of the form X ! Y . Hence, we deﬁne
the relative conﬁdence as the interestingness measure as
follows:
rconf ðX ! Y Þ ¼

suppðX [ Y Þ  suppðX ÞsuppðY Þ
:
suppðX Þð1  suppðY ÞÞ
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We now number and quote all items in I ¼ fi1 ; i2 ; . . . ; in g
by their indexes. In other words, we can assume that the
universal itemset I ¼ f1; 2; . . . ; ng. Given an association
k-rule X ! Y , where X ; Y  I, and X \ Y ¼ ;, we encode
it into an individual as
j

A1

...

Aj

Aj+1

...

Ak

where j is an indicator that separates the antecedent from
the consequent of the rule. That is, X ¼ fA1 ; . . . ; Aj g and
Y ¼ fAjþ1 ; . . . ; Ak g; 0 < j < k. Therefore, a k-rule X ! Y
is represented by k+1 positive integers.
3.2. Genetic operators
This subsection describe three genetic operators, select,
crossover, and mutation. The ﬁtness function is given as
well.
1. Function selectðc; spÞ acts as a ﬁlter of chromosome
with considerations of their ﬁtness and probability sp.
It returns TRUE if chromosome c is successfully selected
with probability sp, and otherwise FALSE if failed. In
this selection function, frandðÞ is used to return a random real number ranged from 0 to 1.
2. Function crossoverðpop; cpÞ uses two-point strategy to
reproduce oﬀspring chromosomes at a probability of
cp from population pop, and returns a new population.
These two crossover points are randomly generated,
such that any segment of chromosome may be chosen,
illustrated in Fig. 1. Here, Function irandðkÞ is used to
return a random integer ranged from 0 to k. We generate i and j through this random function as the two
crossover points, and make sure i 6 j in the loop body.
After crossover, a strategy of nearest-neighbour-substitution is used to ensure that any two genes in a chromosome are diﬀerent.
3. Function mutateðc; mpÞ occasionally changes genes of
chromosome c at a probability of mp, besides considering the ﬁtness of c as an additional weight. The nearest-

We now state our task of association rule mining as
follows:
Problem 1. Given a rule length k, we search for some highquality association k-rules, with their rconfs acceptably
maximized, by using a genetic algorithm.

A10

A11

A12

A13

A14

A15

A16

A20

A21

A22

A23

A24

A25

A26

(a) before crossover

3.1. Encoding
We ﬁrst present our encoding in this subsection. And
then we design four basic genetic operators (see Section
3.2) and, an initializer and a ﬁtness function based on the
relative conﬁdence (see Section 3.3). We ﬁnally integrate
these modules into Algorithm ARMGA (see Section 3.4).

A10

A11

A22

A23

A24

A25

A16

A20

A21

A12

A13

A14

A15

A26

(b) after crossover
Fig. 1. An example of two-point crossover.
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neighbour-substitution strategy is used again to guarantee that the changed genes are really new.
4. From Problem 1, our goal is to search the most interesting association rules. Hence, the ﬁtness function is crucial for determining the interestingness of chromosome,
and it does aﬀect the convergence of the genetic algorithm. In Algorithm ARMGA, we deﬁne our ﬁtness function as
fitnessðcÞ ¼

suppðA1 . . . Ak Þ  suppðA1 . . . Aj ÞsuppðAjþ1 . . . Ak Þ
suppðA1 . . . Aj Þð1  suppðAjþ1 . . . Ak ÞÞ

where c ¼ ðj; A1 ; . . . ; Aj ; Ajþ1 ; . . . ; Ak Þ is a given chromosome. The ﬁtness of c is, in fact, the relative conﬁdence
of the corresponding association rule fA1 ; . . . ; Aj g !
fAjþ1 ; . . . ; Ak g.

3.3. Initialization
Given a seed chromosome s, we use the mutateðs; mpÞ
function to produce an initial population pop½0, where
we have mp ¼ 1. This initialization is shown in the following function.
population initialiseðsÞ
begin
pop½0
s;
while sizeof ðpop½0Þ < popsize=2 do
begin
;;
pop temp
for 8 c 2 pop½0 do
begin
pop temp [ mutateðc; 1Þ;
pop temp
end
pop½0
pop½0 [ pop temp;
end
return pop½0;
end
The above function accepts a seed chromosome as its
parameter and returns a population as the initial set of
chromosomes. Function sizeof ðpop½0Þ returns the number
of chromosomes in pop½0. popsize is a constant given by
user, representing the maximum number of chromosomes
in a population.
3.4. ARMGA algorithm
Suppose that the current population is pop½i. We ﬁrst
apply the select operator to pop½i, and produce a new population pop½i þ 1. Then any pair of chromosomes in
pop½i þ 1 are crossed over at a probability of cp to reproduce two oﬀspring. Each new chromosome mutates at a
probability of mp. Algorithm ARMGA generates a population, at last, with high-quality chromosomes.

population ARMGAðs; sp; cp; mpÞ
begin
i
0;
pop½i
initializeðsÞ;
while not terminateðpop½iÞ do
begin
pop½i þ 1
;;
;;
pop temp
for 8 c 2 pop½i do
if selectðc; spÞ then
pop½i þ 1
pop½i þ 1 [ c;
crossoverðpop½i þ 1; cpÞ;
pop temp
for 8 c 2 pop temp do
pop½i þ 1
ðpop½i þ 1  cÞ [mutateðc; mpÞ;
i
i þ 1;
end
return pop½i;
end
Algorithm ARMGA stops, that is, the terminateðÞ function returns a non-zero value, if and only if one of the following cases happens:
(1) The diﬀerence between the best and the worst chromosomes is less than a given value, a, which is small
enough.
(2) The number of iterations, i, is larger than a given
maximum number maxloop.

4. Expanding ARMGA for generalized association rules
Algorithm ARMGA is designed for Boolean association
rule mining. This section will expand it to deal with generalized association rules.
4.1. Problem statement
As explained in Section 2.2, quantitative data ubiquitously exist in generalized relational databases. We really
need to face the problem of quantitative association rule
mining. In 1995, Srikant and Agrawal proposed a generalized model to handle both categorical and quantitative
association rules (Srikant & Agrawal, 1995; Srikant &
Agrawal, 1996). In their generalized model, the concept
of itemset for Boolean attributes is expanded for both
quantitative and categorical attributes, and a corresponding algorithm was given to mine generalized association rules. However, there are still some limitations, such
as
(1) Partition of quantitative attribute, which is used in
the model, is not easy for every attribute and every
user.
(2) Users, and even experts, usually feel diﬃcult to give
those thresholds like the minimum support, the interest level, and the minimum conﬁdence.
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(3) The search space might be very large when we cope
with quantitative attributes.
(4) The rules returned by the algorithm might be too
many to deal with.
(5) The model does not deal with those rules like
fðAge : 5 . . . 10or60 . . . 65Þ;
ðTime : 17 . . . 18or20 . . . 21Þg ! fðWatchTV : YesÞg;
. (6) The proposed partitioning method may not be practical on some situations, for instance, when the data
is highly skewed, and
(7) The logic in (Srikant & Agrawal, 1996) should be
strengthened, since some concepts, such as the partial
completeness level and the ancestor of an itemset, are
used without correct deﬁnitions, and some results are
implicatively used without proving, such as,
A [ B ¼ A [ B, where A, B, and A [ B are generalizations of A, B, and A [ B respectively.
Obviously, the problem of quantitative association rule
mining has a much bigger search space than the problem
of Boolean mining has. For the Boolean mining problem,
each attribute only has one of the two values, TRUE and
FALSE. On the other hand, each quantitative attribute
might have an enormous amount of values appeared in
the database. If we partition the value domain of a quantitative attribute into intervals, there should be still a lot of
intervals we need to consider. Furthermore, we need to
consider combinations of these intervals. Therefore, we
might obtain much more rules than a decision-maker can
process. Although we can decrease the amount of generated association rules by appropriately specifying the
thresholds, such as the minimum support and interest level,
the number of rules output can be unpredictable.
In summary, our evolutionary method for quantitative
association rule mining is mainly motivated by (1) partition
of quantitative attribute is not easy for every attribute and
every user, (2) users, and even experts, usually feel diﬃcult
to specify the minimum-support, (3) the search space might
be very large when we face quantitative attributes, and (4)
the rules returned might be too many to deal with.
The mining task in this section is now re-stated as
follows:
Problem 2. Given a relational database DB and a rule
length k, we search for some high-quality generalized
association k-rules in DB, which are both quantitative and
categorical, with their relative conﬁdences acceptably
maximized, by using a genetic algorithm.
4.2. Encoding
Similar to the encoding method introduced in Section 3,
we also encode each association rule in a single chromosome. Because any item in an itemset X has diﬀerent attributes, we can index all items in X by their attributes.
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Furthermore, suppose that the universal attribute set is
U ¼ fA1 ; A2 ; . . . ; An g. Here we index all attributes by integers 1; 2; . . . ; n. Surely we can also index all items in X by
some integers ranged from 1 to n. Thus, assume that the
universal itemset U ¼ f1; 2; . . . ; ng. Given an association
and
k-rule
X ! Y,
where
X ¼ fI 1 ; . . . ; I j g,
Y ¼ fI jþ1 ; . . . ; I k g are two itemsets, and X \ Y ¼ ;, we
encode this rule into an individual as

where, I i ¼ ðAðiÞ ; GI ðiÞ Þ; AðiÞ 2 U , GI ðiÞ is a gapped interval,
GI ðiÞ # domðAðiÞ Þ, i ¼ 1; 2; . . . ; k. Therefore, a k-rule X !
Y is represented by k+1 positive integers and k gapped
intervals.
With this encoding approach, a rule is not uniquely represented in a chromosome, because there may be many permutations of items in either the antecedent part or the
consequent part of a chromosome. For example, the following chromosomes,

and

stand for the same rule of fð1; GI 1 Þ; ð2; GI 2 Þg ! fð3; GI 3 Þg.
Therefore, in order to encode a rule into a single chromosome, we further require that both antecedent attributes
and consequent attributes are in an ascending order. Thus
these k integers are sorted two-segmentally.
We now show that any GI ðiÞ # domðAðiÞ Þ can also be represented by a set of integers.
If AðiÞ is a categorical attribute, we suppose that there are
ni categories of AðiÞ . All base intervals of AðiÞ then can be
represented by [1, 1], [2, 2], . . . , and ½ni ; ni , or 1, 2, . . . ,
and ni . Note that GI ðiÞ only consists of the base intervals
of AðiÞ . Consequently, categorical GI ðiÞ can be represented
by a set of integers ranged from 1 to ni .
If AðiÞ is a quantitative attribute, as mentioned previously, it should have ni base intervals, i.e. ½ai ; ai þ gi ,
and ½ai þ ðni  1Þgi ; bi , where
½ai þ gi ; ai þ 2gi , . . . ,
½ai ; bi =domðAðiÞ Þ, ni ¼ bðbi  ai Þ=gi c þ 1. Hence, the same
proposition holds for quantitative attribute.
Suppose AðiÞ ¼ Ax . Then, gene I i ¼ ðAx ; GI x Þ is represented by an integer x ranged from 1 to n, and a set of integers, written as GI x # f1; 2; . . . ; nx g, i=1, 2, . . ., k.
We also use I i :attr to denote the attribute Ax of I i , and
I i :GI to denote the gapped interval GI x of I i . Similarly,
for a chromosome chr, chr:attr stands for the set of all attributes I i :attr, i=1, 2, . . . , k.
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4.3. Algorithm design
Given a population of chromosomes, pop, and a selection probability, sp, function select2ðpop; spÞ ﬁlters those
‘‘bad” chromosomes according to their ﬁtness values and
the selection probabilities. It accepts a population of chromosomes and returns the new selected population, as
shown below.
population select2ðpop; spÞ
begin
;;
pop ret
for 8 chr 2 pop do
if ðfrandðÞ  fitnessðchrÞ < spÞ then
pop ret [ fchrg;
pop ret
return pop ret;
end
The function, crossover2ðpop; cpÞ, also reproduces oﬀspring chromosomes at a crossover probability of cp from
population pop, as illustrated in Fig. 1. It is all the same as
the crossoverðpop; cpÞ function in Section 3.2, except the
deﬁnition of items.
Given a population of chromosomes pop and mutation
probability mp, function mutate2ðpop; mpÞ occasionally
changes chromosomes in pop according to the probability mp, and the ﬁtness of chromosome as an additional
weight.

population mutate2ðpop; mpÞ
begin
;;
pop ret
for 8 chr ¼ ðI 0 ; . . . ; I k Þ 2 pop do
begin
if ðfrandðÞ  fitnessðchrÞ < mpÞ then
begin
chr:attr;
attr set
chr:I 0
irandðk  2Þ þ 1;
i
irandðk  1Þ þ 1;
attr set  fI i g;
attr set
number of intervals in I i :GI;
nGI
x
irandðn  1Þ þ 1;
while x 2 attr set
x
irandðn  1Þ þ 1;
;;
GI x
for 8 m 2 f1; . . . ; nx g do
begin
if ðfrandðÞ 6 nGI =ni Þ then
GI x [ fmg;
GI x
end
ðx; GI x Þ;
chr:I i
end
pop ret [ fchrg;
pop ret
end
return pop ret;
end

Because 0 < chr:I 0 < k and 0 6 irandðmÞ 6 m from the
deﬁnitions, we use irandðÞ with parameter ðk  2Þ to generate a random integer and assign it to chr:I 0 to determine
the antecedent part and consequent part of a chromosome.
Then the ith gene is chosen to change its attribute and gapped interval. The attribute is changed to x. The while loop
guarantees that x is not an existing attribute of the chromosome chr. Note that the changed gapped interval should be
a sub-domain of the new attribute. Let nx be the number of
base intervals of attribute Ax. Some of the base intervals
are chosen to compose the gapped intervals GI x . Probabilistically, the proportion of chosen intervals is the same
as that of I i :GI.
Given a seed chromosome s, we can use the following
function to initialize the population pop½0.
population initialise2ðsÞ
begin
pop½0
fsg;
while sizeof ðpop½0Þ < popsize=2 do
pop½0
pop½0 [ mutateðpop½0; 1Þ;
return pop½0;
end
Integration of the above modules is straightforward. We
still use the relative conﬁdence of an association rule as the
ﬁtness function.
population EARMGAðs; sp; cp; mpÞ
begin
i
0;
pop½i
initialize2ðsÞ;
while not terminateðpop½iÞ do
begin
;;
pop temp
pop½i þ 1
select2ðpop½i; spÞ;
crossover2ðpop½i þ 1; cpÞ;
pop temp
pop½i þ 1
pop½i þ 1[
mutate2ðpop temp; mpÞ;
i
i þ 1;
end
return pop½i;
end
The time complexities of select2; crossover2, and mutate2
are O(n), O(n2 ), and O(n) respectively, where n is the number of chromosomes in the population.
4.4. Generalized FP-tree
In this subsection, we present a generalized FP-tree
based on (Han, Pei, & Yin, 2000), designed to implement
the EARMGA algorithm.
As shown in (Han et al., 2000), the construction of FPtree starts with ﬁnding the set of all frequent 1-itemsets
from a given transaction database. When the database is
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Header Table
item pointer
B
C
E
A

Tree
BC: 3
A:1

BE: 1
E:2

CE: 1

CA:1

B:1

A:1
Fig. 2. The 2-FP-trees based on Table 1.

very dense, almost all items may be frequent and it is
unnecessary to ﬁnd the set of frequent 1-itemsets. On the
other hand, when the database is large and sparse, FP-tree
might be ineﬃcient. Sometimes, we only concern those
itemsets with a speciﬁc length k. In this section, we expand
the FP-tree to a general k-FP-tree, where k is a certain
non-negative integer. The construction of a k-FP-tree is
demonstrated below.
Example 2. Suppose that the transaction database is given
in Table 1, and the minimum support minsupp ¼ 0:5. The
2-FP-tree is shown in Fig. 2.
After selecting an integer k for a given transaction database, k P 0, the collection of all frequent k-itemsets F and
their supports are ﬁrst generated by scanning the database
once. Then F is considered as a conditional pattern base,
and the patterns in F are sorted in support-descending
order. In Example 1, we have, k = 2 and F ¼ fBC : 4;
BE : 4; CE : 3; CA : 3g. Let K be the union of all k-itemsets
in F. Thus, for each item e in itemset K, there exists at least
an itemset I in F, such that e is in I. From the anti-monotonic Apriori property, each item e in K is frequent. We
create and sort the items in K by using the following
procedure. In Example 1, we obtain, K ¼ fB; C; E; Ag.
Procedure 1. FIMergeðF ; KÞ
//Merge all items in F into K according to a
certain order
begin
let n
the number of itemsets in F;
let K
;;
for m
1 to n do
for (any item e in the mth itemset of F) do
if e R K then append e to the end of K;
end.
We then create the root of a k-FP-tree, Tree, and label it
as ‘‘null”. For each itemset I 2 F , a child of the root is created, its counter is initialized with 0, and the node is
labelled BY the itemset I. For each transaction T in the
database, ﬁnd out the ﬁrst itemset J in F, such that
J # T . Let S ¼ T  J , project S over K, sort all the resulted
items by the same order as that in K, and obtain R
at last. Suppose that R ¼ lL, where l is the ﬁrst item of R
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and L is the list of remaining items in R. Insert R to the
sub-tree J of k-FP-tree Tree, by calling a procedure
FPInsertðlL; J Þ. We also adjust the related counters by
increment and the relevant item lists by a procedure
appendðÞ, if necessary.
In Example 1, the ﬁrst transaction is T ¼ fABCDg. We
can easily see that J ¼ fBCg is the ﬁrst itemset in F, which
is contained in T. Hence, S ¼ fADg. Project S over K and
obtain R ¼ fAg, where K ¼ fBCEAg. Other transactions
are similarly processed recursively. A 2-FP-tree is constructed ﬁnally as shown in Fig. 2.
A formal description of construction algorithm for a kFP-tree is given below.
Algorithm 1. k-FP-tree_Constructor
input: DB: a transaction database;
minsupp: the minimum support;
k: a non-negative integer;
output: Tree: a corresponding k-FP-tree;

begin
(1)

if k > 0 then
begin
let F the collection of all frequent
k -itemsets and their supports;
sort F in order of descending support;
end

else
let F
;;
(2) call FIMergeðF ; KÞ;
(3) create the root, Tree, of a k-FP-tree;
(4) for 8 itemset I 2 F do
begin
create a child of Tree, labelled as I;
let I:count
0;
end
(5) for 8 transaction T 2 DB do
begin
let J
the first itemset I 2 F such
that I # T ;
if J –; then
begin
J.count++;
for 8e 2 J do
if H ðeÞ ¼ NULL then
appendðH ðeÞ; J Þ;
let S
T  J;
sort S in the same order as that of K;
let l
the first item in S;
letL
S  flg;
call FPInsertðlL; J Þ;
end
end.
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For example, some results when maxloop is 10 are listed
as follows:

Procedure 2. FPInsertðlL; J Þ
//Insert itemset lL into tree J
begin
if l is a child of J then
l.count++;
else
begin
create node l as a child of J;
let l:count
1;
appendðH ðlÞ; lÞ;
end
call FPInsertðL; lÞ;
end

3485 < 86ð90%Þ
34 < 9886ð100%Þ
34 < 7886ð100%Þ
34 < 4186ð100%Þ
34 < 4286ð100%Þ
34 < 2785ð100%Þ
34 < 2685ð100%Þ
34 < 9685ð100%Þ
34 < 10185ð100%Þ
3486 < 11ð100%Þ
............

In the above algorithm, H ðeÞ is the linked item list of e,
which starts from the header table, and Procedure
appendðH ðAÞ; BÞ adds node B to the end of the linked item
list H ðAÞ.
From Algorithm 1, we can see that a k-FP-tree contains
and only contains the information of those frequent itemsets with their length equal to, or larger than, k. When
k=0, we do not need to scan the database for F. Instead,
we directly have K ¼ F ¼ ;. When k ¼ 1, k-FP-tree is a
normal FP-tree. Clearly, the information contained in a
k-FP-tree is complete in the sense that all frequent itemsets
can be obtained from the k-FP-tree, if and only if k < 2.
5. Computations
We have conducted a set of experiments for evaluating
the designed algorithms. For space, this section only
reports on three groups of them.
5.1. Experiments on ARMGA
We use the Mushroom dataset from UCI at http://
www.ics.uci.edu/~mlearn again to show the eﬀectiveness
of Algorithm ARMGA. Table 2 gives the parameters when
we run our computations.
We run the program when maxloop is given from 10 to
100 stepped with 10, from 100 to 1000 stepped with 100,
and from 1000 to 9000 stepped with 1000, respectively.

Table 2
Parameters for running Algorithm ARMGA
Parameter

Value

Description

sp
cp
mp
k
n
popsize
a
maxloop
s

0.95
0.85
0.01
3
118
100
0.01
10–9000
(1,34,86,85)

Selection probability
Crossover probability
Mutation probability
Rule length
Number of all items
Maximum size of population
Diﬀerence boundary
Maximum iteration number
Seed chromosome

Results under other maxloop values are similar. We also
run a traditional Apriori-like algorithm when rule length
is ﬁxed to 3, the minimum support is set to 0%, and the
minimum positive conﬁdence is speciﬁed as 90%. The
number of returned rules is 445,978. The chromosomes,
returned by Algorithm ARMGA with their relative conﬁdence equal to or larger than 90%, are all among those
mentioned above by the Apriori-like algorithm. Consequently, we can see that what Algorithm ARMGA returns
are some desired association rules with acceptable
quality.
Moreover, we ﬁnd that much diﬀerent populations can
be obtained each time we run ARMGA, even when the generation number grows up to 9000. The reason might be that
there are too many rules with high quality according to the
ﬁtness function we deﬁned. Therefore we need to deﬁne a
more strict ﬁtness function. One of possible approaches is
to additionally consider the support measure. In fact, the
support is statistically signiﬁcant, and requisite in the light
of traditional association rule mining area. For example,
when the minimum support increases to 60%, the Apriorilike algorithm generates only 8 rules from the Mushroom
dataset.

5.2. Experiments on EARMGA
The Tumour dataset from http://lib.stat.cmu.edu/datasets/tumor is used to show the eﬀectiveness of Algorithm
EARMGA. The dataset contains ﬁve attributes, that is,
U ¼ fgroup, futime, number, size, recurrencesg.
Attribute 1, group, is categorical. Its domain domðgroupÞ
only has two values: 1 for the category of using placebo treatment, and 2 for another category of thiotepa
treatment.
Attribute 2, futime, is quantitative, raged from 0 to 64.
We suppose that its granularity gfutime is 10. Then universal
interval [0, 64] is divided into 7 base intervals as [0, 10],
[10, 20], [20, 30], [30, 40], [40, 50], [50, 60], and [60, 70]. A
boundary of these intervals may belong to two base inter-
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Table 3
Number of nodes at the second level for Connect-4
Support

0.1

1

10

20

30

40

50

60

70

80

90

0-FP-tree
1-FP-tree
2-FP-tree

129
125
5793

129
109
4294

129
73
1986

129
59
1358

129
46
894

129
43
744

129
38
633

129
36
539

129
31
420

129
28
319

129
21
108

vals. We assume that a value of boundary is in an interval
only if the value is the left boundary of the interval.
Attribute 3, number, can be viewed as being categorical,
valued as integers from 1 to 8. Granularity gnumber ¼ 0.
Attribute 4, size, can is taken as quantitative, ranged
from 1 to 7. Granularity gsize =1. Again, a boundary value
belongs to a base interval only if the value is the left boundary of the interval.
Attribute 5, recurrences, is categorical, with values of 0,
1, 2, 3, and 4.
We start with a seed chromosome s ¼ f2; ð1; ½1; 1Þ; ð4;
½4; 7Þ; ð5; ½1; 4Þg, and generate an initial population by
the initializer initialise2ðsÞ. Some results when maxloop is
10 are listed below.
f2; ð1; ½1; 1Þ; ð4; ½2; 2Þ; ð3; ½1; 1Þgð100:0%Þ
f2; ð2; ½0; 10Þ; ð3; ½1; 1Þ; ð5; ½0; 0Þgð100:0%Þ
f2; ð2; ½10; 20; Þð5; ½0; 0Þ; ð4; ½0; 1Þgð100:0%Þ
f2; ð2; ½40; 50Þ; ð5; ½4; 4Þ; ð4; ½0; 1Þgð100:0%Þ
Conclusions similar to those in Section 5.1 can be drawn.

p<

2
2
or m  1 < ;
m1
p

ð1Þ

Then,
m1
 p  mp < mp; that is;
2



m
2



 p2 < mp:

This implies that when the database DB is so sparse that
inequality 1 holds, the number of frequent 1-itemsets is
probabilistically more than the number of frequent 2-itemsets. Consequently, 2-FP-tree is smaller than 1-FP-tree.
Generally, when
p<

k
;
kmþ1

ð2Þ

we have,
 


m
m
k
p <
 pk1 :
k
k1
Therefore, (k  1)-FP-tree is larger than k-FP-tree if condition (2) holds.

5.3. Experiments on k-FP-tree_Constructor
6. Summary
The Connect-4 dataset from the Irvine Machine Learning
Database Repository is used to demonstrate the performance
of our data structure (Blake & Merz, 1998). Connect-4 contains 67,557 records of legal positions and corresponding
optimal results in the game of connect-4, with 129 items
totally in the dataset and 43 items on average in transaction.
Table 3 shows the number of direct children of the root for different minimum supports generated by Algorithm 1.
Based on Table 3, we can see that we would rather use 0FP-tree than use 1-FP-tree if the minimum support is set to
1 or 0.1. For dataset Connect-4 and most other support
thresholds, 1-FP-tree is better than 0-FP-tree. Because
Connect-4 is a rather dense dataset, k-FP-tree is not considered here for k > 1.
Suppose that the total number of items is m and the
total number of transactions is n for a given transaction
database DB. Let the expected probability that an item
appears in a transaction of DB be p. Then, the expected
number of items that appear in a transaction is m  p. The
expected number of item-pairs that appear in a transaction
is
 
m
mðm  1Þ 2
p :
 p2 ¼
2
2
If

We have designed a genetic algorithm-based strategy
and its corresponding ARMGA/EARMGA algorithm.
Our approach has delivered two beneﬁts: (1) high-performance association rule mining; (2) system automation.
Computation results show that our model can be taken
as an alternative for eﬀective association rule mining.
The most important diﬀerence between our algorithm
and existing mining strategies is that our approach does
not require the minimum-support threshold. The experimental results of our approach encourage us to improve
and apply this strategy in real-world applications.
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