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Abstract Association rules [4] usually found out the
relationship between different data entities in given data set and
moreover it is very much important task of data mining.
Basically, association rule mining is a multi-objective problem,
instead of a single objective problem. A multi-objective genetic
algorithm approach using Pittsburgh technique is introduced in
this paper for discovering the interesting association rules with
multiple criteria i.e. support, confidence and simplicity and
complexity With Genetic Algorithm. In this paper we have
discussed the results on various datasets and show effectiveness
of the new proposed algorithm.

Multi-objective optimization has been applied on many
fields like, engineering, economics, science and logistics
where optimal decisions are taken in the presence of tradeoffs between more than one conflicting objectives. While
maximizing the strength of a particular component
Minimizing the weight of other and maximizing the
performance while various audits being taken . Optimization
problems involving two and three objectives based on the
concept on which the multi-objective optimization is being
applied.

Index Terms- Data Mining, Genetic Algorithm, Optimization,
Association Rule, Measure, Apriori, Genetic Operators,
Interestingness, Frequent Item-set

A. Approaches of MOG
Three Approaches to MOG are:
1) Preemptive Optimization:
2) Composite Objective
3) Purely Multi-Objective:
1) Preemptive Optimization
(i) To arrange the objectives based on their Priority or
problem-specification.
(ii) To improve the highest-priority objective
(iii) To present new constraint based on optimum Value
obtained
2) Composite Objective
(i)
To allocate weights to each function according to
some criteria
(ii) To maximize and minimize objectives receive
opposite signs
(iii) To sum up the weighted functions to make new
composite function
(iv) To solve as a regular single-objective optimization
problem
3) Pure MOPs
It is of two types: population based and pareto optimality
(i) Population-Based Solutions.
a) Allow for the inquiry of trade-offs between striving
objectives.
b) Genetic algorithms are used for solving Multi-objective
optimizations in their pure and natural form.
c) Such techniques depends upon the the concept of Pareto
optimality
(ii)Pareto Optimality
a) MOP  Exchange between competing objectives
b) Pareto approach  exploring the exchange surface,
yielding a set of possible solutions also known as Edge
worth-Pareto optimality

I. INTRODUCTION
Association Rule mining is important task of data
mining that finds the probability of co-occurrence of items
in a collection. The major goal is to extract interdependence
associations’ structures among the item sets in the
transaction databases or other data repositories. The
formally the association rule mining problem was firstly
stated in by Agrawal. Let I is item-set of m distinct
attributes, I={I1, I2, …., Im} and D is database (transaction
set), D={T1,T2,….TN}, where T I and there are two itemsets X and Y, such that X
T and
Y
T, then
association rule, X=>Y holds where X I and Y I and X
∩ Y = ø. X is called antecedent while Y is called
consequent; the rule means X tends to Y. The two basic
measures for association rules are namely support (sup) and
confidence (conf). These two thresholds are called minimal
support and minimal confidence respectively. Thus the two
basic parameters for the Association Rule Mining (ARM)
are: support (sup) and confidence (conf).
II. MULTI-OBJECTIVE OPTIMIZATION
Multi-objective optimization is also known as vector,
multiple-criteria, multi-attribute
optimization or Pareto
optimization [2]. It is an area of multiple decision making
based on multiple criteria that is concerned
with mathematical optimization problems having one or
more objective function to be optimized concurrently.

B. Multi-objective Genetic Framework
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In this subsection, working of multi-objective genetic
algorithm for the association rule mining based on apriori
algorithm in data mining flowchart depicts the main phases of
Multi-objective
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Figure 1: MOG: Framework
C. Working of Multi-objective Genetic Algorithm
Multi-objective genetic algorithms (GA) mimic the
biological processes underlying classic Darwinian evolution
in order to find solutions to optimization or classification
problems. Its implementations utilize a population of
candidate solutions (or chromosomes). Each chromosome in
the current generation is evaluated using a fitness function
and ranked. From the ranking candidates are selected from
which the next generation is created. The process repeats
until either the number of iterations is exceeded or an
acceptable solution is found.
Details of implementation are varied but a generic view of a
GA [1] would include:
1.
2.
3.
4.
5.

Initialization of the initial population (either randomly
or from a best guess or previous partial solution)
Evaluation of the fitness functions on each chromosome
to determine ranking.
Application of the selection method on the population
to determine mating rights.
Application of the multi-objective genetic operators on
the chromosomes selected for mating.
Return to Step #2. .
III.

Encoding [2] there are two techniques based on how
we can encode the rules into the population of individuals
namely Michigan technique and Pittsburgh technique. In the
Michigan technique each and every rule is encoded into an
individual, but in the Pittsburgh technique set of rules is
encoded into a chromosome. In this paper Pittsburgh
technique is adopted i.e the set of rules are encoded into the
individual chromosome.
Genetic Operators [5] various genetic operators are
Selection as discussed earlier, Crossover and then Mutation
Crossover [4] is a genetic operator used to vary the
programming of a chromosome or chromosomes from one
generation to immediate next generation. Crossover is
analogous to reproduction and biological crossover, on
which genetic algorithms are dependent. Cross over is a
process of acquiring more than one parent solutions and
generating a child from that solution.
Mutation
[5] is
a genetic
operator used
to
maintain genetic variety from one generation of a population
of genetic algorithm chromosomes to the immediate next.
Mutation changes one or more gene values in a chromosome
from its starting state. In mutation, the solution may change
absolutely from the previous solution. Hence GA can give
better results with mutation. Mutation happens during
evolution according to a user-definable mutation probability.
This probability should be set minimum. If it is set too high,
the search will turn into a earliest random search.
Fitness Function The fitness function is a measure of
how well a candidate solves the problem. Implementations
vary in the choice and practice of the selection method;
suffice to say that the purpose of the selection method is to
choose candidates whose multi-objective genetic mix will
tend to lead to improve candidate solutions in the next
generation. Examples of common selection methods include
random, elitist, roulette wheel, tournament, etc. Multiobjective genetic operators provide mixing of chromosome
portions from the parent or parents to form the offspring of
the next generation. Examples of multi-objective genetic
operators include crossover, mutation, inversion, etc. In this
paper we are using the fitness function with the combination
of Support, Confidence, Simplicity and Complexity.
Support for an association rule is defined as the
percentage or fraction of transactions in N that contain X ∪
Y. Support is calculated by the following formula:
∪

PROPOSED APPROACH

In this particular section a multi-objective genetic
algorithm model is presented for the finding the interesting
association rules from large datasets. Here we discuss the
various Operators of Genetic Algorithm i.e Selection,
encoding the genetic operators, and the fitness function
which is used in this paper for finding out the various
results.
Selection In this the Chromosomes are selected from the
given population to be parents for crossover process. The
problem is how to select these chromosomes from the given
population. The best Chromosomes survive and create new
offspring and those which are not the best they dies this is
according to the Darwin's evolution theory There are many
methods how to select the best chromosomes from the given
population for example Boltzmann selection, tournament
selection, roulette wheel selection, rank selection, steady
state selection etc.

∪

Where XUY is the number of transactions containing both
in X and Y and N is the total number of transactions in the
database.
Confidence for an association rule is defined as the
percentage or fraction of the number of transactions in N
that contain X also contains Y. Confidence is calculated by
the formula:
∪
The simplicity of the rule can be defined by the total number
of attributes on the antecedent part of the rule i.e on the left
hand side of the rule and tries to
calculate the understandability
of the rule. Simplicity can be
calculated by the formula:
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Simp=((Math.log(1 + Y))/(Math.log(1 + XUY)))
The Complexity of the rule is also introduced to more
simplifying the rule or to make the complex rule simpler and
more understandable if on the consequent part the number of
attributes is more. The complexity of the rule can be
calculated by the formula:

Table 2: Result comparison on bases of fitness function

comp = 1 / ((Math.log(1 + Z)) + (Math.log(1 + Y)) /
(Math.log(1 + XUY)));
So from all these factors we can calculate the fitness
function as:
F(x)=

(1)

Here w1, w2, w3, w4 are the weights that are defined by the
user according to priority.
IV.

RESULTS AND DISCUSSIONS

When this newly introduced approach i.e. Pittsburgh
approach is compared with the Michigan approach then we
got the following results which came from the various
authorized datasets when applied. Various results are
discussed in the tables below on the bases of no of rules,
fitness function, and time.

Figure3: comparision on bases of fitness function
Table 3: Result comparison on bases of time taken in
milliseconds

Table 1: Result comparison on bases of number of rule

100000

Results with
Michigan
approach

50000
0

Results with
Pittsburgh
approach

Figure4: comparison on bases time taken in milliseconds
V. CONCLUSION

Figure2: comparision on bases of number of rules

On seeing the various results on various datasets we
came into the conclusion that in the Pittsburgh approach the
value of fitness function is much better than the value
calculated from the Michigan approach, as the fitness
function lies between 0-1 and more accurate the result is as
much as the value is near to the 1. Also the no of
generations increases in this approach which also leads to
find out the better rules,
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but the time taken in the Pittsburgh approach more than
that of Michigan because in the Pittsburgh we take a set of
rule as one chromosome and that set may contain any no. of
riles instead of a single rule.
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