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Abstract— In this paper, a parallel genetic based association
rule mining method is proposed to discover interesting rules from
a large biological database. Apriori algorithms and its variants
for association rule mining rely on two user specified threshold
parameters such as minimum support and minimum confidence
which is obviously an issue to be resolved. In addition, there are
other issues like large search space and local optimality attracts
many researchers to use heuristic mechanism. In the presence of
large biological databases and with an aim to circumvent these
problems, genetic algorithm may be taken as a suitable tool, but
its computational cost is the main bottle-neck. Therefore, we
choose parallel genetic algorithms to get relief from the pain of
computational cost. The experimental result is promising and
encouraging to do further research especially in the domain of
biological science.
Keywords— Apriori algorithm, Genetic algorithm, Parallel
genetic algorithms, Association rule mining, Data mining

I.

INTROUDUCTION

A parallel genetic based association rule mining method is
proposed to discover interesting rules from a large biological
database or biomedical dataset. Association rule mining
depends upon two user specified thresh hold value known as
support and confidence. Apriori algorithms for association
rule mining also rely on two user specified threshold
parameters such as minimum support and minimum
confidence. However, there are certain challenges in applying
apriori like algorithm, e.g., database dependent minimum
support and large search space. Hence, in the presence of large
biological databases, it is a difficult task to guess the threshold
value for minimum support.
To avoid these problems, genetic algorithm may be considered
as a suitable tool, but its computational cost is the main bottleneck. Therefore, we choose parallel genetic algorithms to get
relief from the pain of computational cost. In our work, it is
not required to give the user specified minimum support or
minimum confidence value, it gets automatically generated
through the genetic algorithm. As sometimes, if we provide it
by the user, we may find some interesting patterns miss out
which is having less value as minimum support or minimum
confidence.
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II.

PRELIMINARIES

Database-dependent minimum-support means that users must
specify suitable thresholds for their mining tasks though they
may have no knowledge concerning their databases. To avoid
these problems, in this paper, we intend to use an evolutionary
mining strategy in which association rule mining based on a
genetic algorithm has been implemented. It has been observed
that the fitness evaluation in genetic algorithm is mostly the
expensive step; hence to minimize the overall computational
complexity of genetic algorithm it is indeed to compute the
fitness in parallel. A model is illustrated in Fig. 2.
A. Association Rule Mining
Association rule mining is one of the most important rules of
data mining, used to extract interesting correlations, frequent
patterns, and associations among a set of items in the
transaction database. Due to its high degree of implementation
in areas such as telecom networks, risk management,
inventory control, etc., association rule mining has been one of
the well researched techniques of data mining.
Before we dive into details of association rule mining we shall
define some basic terminology. If we think of the universe as
the set of items available at the store, then each item has a
boolean variable representing the presence or absence of that
item. So each collections of items called as an itemset, can be
represented by a boolean vector of values assigned to these
variables. These vectors can be analyzed for buying patterns
that select items that are frequently associated or purchased
together. These patterns can be represented in form of
association rules. Hence an association rule is about
relationships between two disjoint itemsets X and Y. The
statement X Y implies the pattern when X occurs, Y occurs.
Rule support and confidence are two measures of how
interesting a rule is. A support of 2% says that out of all
transactions, 2% show that X and Y are bought together.
Whereas, a confidence of 70% says that 70% of customers
who purchased X also bought Y. Let I = {I1, I2,…,Im} be a set of
items. Let D be a database where each transaction T is a set of
items such that T I. The rule X Y has a support s and
confidence c, where s is the probability of transactions in D
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containing X  Y and c is the probability of transactions in D
containing X that also contain Y. A detailed analysis can be
found in [1].

locally, and diversity is superior by migration of strings among
demes [4].

B. Parallel Genetic Algorithms

Thread 0

Genetic algorithm (see Fig-1) is a heuristic search algorithm
that is inspired by the evolutionary process of natural
development. This heuristic is normally used to make useful
solutions to optimization and search problems. It belongs to
well-built class of evolutionary algorithms (EA).
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Fig. 1: Flow graph of GA
Canonical GA runs in an iterative method by generating new
populations of strings from the old ones. Every string is the
encoded (binary, real, etc.) version of a tentative solution. An
assessment function associates a fitness measure to every
string indicating its suitability to the problem. The algorithm
applies stochastic operators such as selection, crossover, and
mutation on an initial random population in order to compute
a whole generation of new strings [2].
Parallel GAs (PGAs) in Fig-2 is not just parallel version of
canonical genetic algorithms. In fact they reach ideal goal of
having a parallel algorithm whose presentation is better than
the sum of the separate behaviours of its component subalgorithms, and this is why we directly focus on them [3].
A large population distributed among a number of semiisolated breeding groups is known as polytypic. A PGA
introduces the model of interconnected demes. The local
selection and reproduction rules allow the species to grow
632

Fig. 2: Flow graph of pGA

III.

RELATED WORK

PGAs are parallel stochastic algorithms. Like sequential
genetic algorithms (GAs) [5][6], they are based on the natural
evolutionary standard. Better individuals survive and
reproduce themselves more often than the worse ones. To
speed up the processing of generations of populations, we can
split the population into several sub-populations and run them
in the parallel way.
Very important theoretical questions were raised about
comparison of quality solutions between a PGA and a classic
GA [7]. They claimed that relatively remote demes converge
to dissimilar solutions and that relocation and recombination
combine partial solutions.
The population mass is also the main thing to decide the time
that the GA desires to find the solution. Therefore, the deme
sizing models may be used to predict the implementation time
of the parallel GA, and to match up to it with the time required
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by a serial GA to reach a solution of the same quality.
Cantú[8] integrated the deme sizing models with a model for
the communications time, and predicted the expected parallel
speed-ups for the two bounding cases.
This section summarizes some new advancement in the
theoretical study of parallel GAs. An important observation on
master-slave GAs is that as additional processors are used, the
time to evaluate the fitness of the population decreases. But at
the same time, the cost of transfer the individuals to the slaves
increase. This tradeoff between diminishing computation
times and increasing communication times entails that there is
an optimal number of slaves that minimizes the total execution
time.

The idealized bounding models can be complete in several
instructions, for instance to judge lesser migration rates or
more lightly connected topologies. The information that there
is an finest number of demes restrictions the processors that
can be used to decrease the finishing time. Using more than
the optimal number of demes is wasteful, and would result in a
slower algorithm. Hierarchical parallel GAs can use more
processors effectively and reduce the execution time more
than a pure multiple-deme GA.
IV.

PROPOSED WORK

As we know, the user specified parameters minimum support
and minimum confidence plays a crucial role in Association
Rule Mining for finding interesting rules. But it becomes a
major challenge for the user to specify the parameter as
minimum support and minimum confidence when the data
base contains overwhelming number of records. When the
database is large that becomes disk resident, this requires
reading the database completely for each pass, resulting in
large number of disk I/Os which ultimately decreases the
productive of the algorithm.
In this paper we have employed PGA with association rule
mining, where the interestingness of the rules is governed by
the fitness function, hence the user is never required to specify
the initials parameter as minimum support and minimum
confidence.
In the fitness function we are evaluating the positive
confidence of each the frequent item set to find the
interestingness. Hence the evaluation period of the fitness
function is proportionately related with the number of records
present in the database. Therefore to optimize the evaluation
of the fitness function we have employed a parallel model for
the fitness function evaluation which is not inherently
sequential.

Further, we are adhered the Michigan strategy of encoding the
chromosome where each association rule is represented as a
single chromosome.
The items is being represented by the set I as I = {i 1, i2, i3,….,
in} with their indexes. Give an association K rule X→Y is
represented as a single chromosome where X and Y is
represented as the subset of I. And X  Y= , where X is
called the antecedent and Y is called as the consequent. The
chromosome is depicted in the Fig-3. Here X and Y can be
specified as a frequent item set. In the proposed algorithm we
Y for
are finding all possible frequent item set of X
association rule mining. Subset X and Y are separated in a
chromosome by the index m which will be chosen randomly
such as X=C1,C2,…,Cm and Y= Cm+1,….,Ck. 0<m<k

C1
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Cm+1

Ck-1
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Fig.3: Representation of the k rule chromosome
B. Operators for GA
For the implementation of genetic algorithm, we have
employed three Genetic Operators such as selection,
crossover, and mutation.
Function select(Chromosome c) evaluates the chromosome
according to the fitness criteria. It returns TRUE if the
chromosome qualify the fitness test else returns FALSE
Boolean select(Chromosome c)
begin
if(fitness(c) >= 0)then
return TRUE;
else
return FALSE;
end

Function mutate(c, pm) performs a mutation occasionally in
the chromosome. The function random (k+1) returns a random
integer between 0 to k. Function rand () return a floating value
between 0 and 1.
Chromosome mutate (Chromosome c, pm)
begin
if(rand() < pm) then

B. Encoding for GA

begin
rand1
rand2

random(1,k+1);
random(1,n+1);

c[rand1]

I[rand2];

end
return c
end
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Function crossover(population) is used for generating new
offspring using the current population. We have employed two
point strategies to crossover two chromosomes which give
birth to new offspring.
Crossover (population, pc)

In the above function MAXPOPULATION is the user specified
constant that denotes the maximum number of chromosomes
that can exist in the initial population.
population initialize(Chromosome c)
begin

begin

c;

Initialpop[0]

populationTemp
for

Ø;

while Initialpop [0] < MAXPOPULATION / 2 do

Ci = (Ci1,Ci2,..,Cik)

population do

begin

begin
for

populationTemp
Cj = (Cj1,Cj2,..,Cjk) population and

Ci ≠

if ( i ≠ j) then p
q

C4

Initialpop[0] do

begin

begin

C3

c

for

Cj do

Ø;

random(k+1)

populationTemp

 mutate(c,1);

end

random(k+1)

q

max(p,q)

Intitalpop[0]

p

min(p,q)

end

Intitalpop[0]

 populationTemp

return Initialpop [0]

(Ci1,Ci2,..,Cip,Cjp+1,…Cjq,Ciq+1,Cik)
(Cj1,Cj2,..,Cjp,Cip+1,…Ciq,Cjq+1,Cjk)

populationTemp

end

populationTemp C3, C4

E. Main Algorithm

end of if

The current population is represented as pop[i]. Here selection
is applied for retaining interesting chromosomes in the
population which produce a new population as pop[i+1]. Any
pair of chromosomes in the new population is crossed over to
produce two new offspring. This algorithm terminates with a
population which contains high quality chromosomes.

end of for
end of while
return populationTemp;
end

population main(s,ps,p c,pm)
C. Fitness Evaluation

begin

Fitness function plays a crucial role in determining the
interesting association rule. It employs fitness criteria for
filtering out the interesting chromosome.
In the aforesaid algorithm we have defined the fitness function
as

i

0;

pop[i]

initialize(c)

while not terminate(pop[i]) do
begin

fitness (c) =

pop[i+1]

;

popTemp
for

We have employed parallel computation for the above fitness
function for evaluation for optimizing the computation time.

c

;
pop[i] do

if select(c,ps) then
pop[i+1]

D. Initial Population

pop[i+1]

end
popTemp

For GA implementation we need the initial population, which
can be derived by applying repetitive mutation mutate
(Chromosome s, pm) operation over a single seed
chromosome.

for

c

crossover(pop[i+1],pc);

popTemp do

pop[i+1]
i

(pop[i+1] – c)

i+1;

end
return pop[i];

end
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 c;
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 mutate(c,pm);

Termination criteria for the aforesaid algorithm
1.
2.

The difference between the best and the worst
chromosome is less than a given value .
The number of iterations exceeds a given maximum
number maxloop.

V.

EXPERIMENTAL STUDY AND RESULTS

We have employed the specified algorithm in the PostOperative Patient Data Set from UCI. The data set contains 90
records and 7 attributes.

´
Fig.4. Accuracy Graph

A. Data Set Information
The classification task of this database is to determine where
patients in a postoperative recovery area should be sent to
next. Because hypothermia is a significant concern after
surgery, the attributes correspond roughly to body temperature
measurements.

VI.

CONCLUSION AND FUTURE WORK

L-CORE (patient's internal temperature in C): high (>
37), mid (>= 36 and <= 37), low (< 36)

It becomes a major challenge for the user to specify the said
parameter when the data base is overwhelmingly large. In this
paper, we have proposed PGA based association rule mining,
where the interestingness of the rules is governed by the
fitness function where the user specified parameter could be
eliminated.

L-SURF (patient's surface temperature in C): high (>
36.5), mid (>= 36.5 and <= 35), low (< 35)

This work can further be extended to create a hybrid model
using soft set and PGA to overcome incomplete and noisy data
for finding the interesting rules.

Attribute Information:

L-O2 (oxygen saturation in %): excellent (>= 98),
good (>= 90 and < 98), fair (>= 80 and < 90), poor (<
80)
L-BP (last measurement of blood pressure): high (>
130/90), mid (<= 130/90 and >= 90/70), low (<
90/70)
SURF-STBL (stability of
temperature):
stable, mod-stable, unstable

patient's

surface

CORE-STBL (stability of patient's core temperature)
stable, mod-stable, unstable
BP-STBL (stability of patient's blood pressure)
stable, mod-stable, unstable
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