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ABSTRACT 

This paper presents a serial and parallel genetic based learnable 

bayesian classifier for designing a prognostic model for metabolic 

syndrome. The objective of the classifier is to address the 

fundamental problem of finding the optimal weight in the 

learnable bayesian classifier, by serial GA, and minimize the 

response time by parallel GA. The algorithms exhibit an improved 

capability to eliminate spurious features from the large dataset and 

aid the researchers in identifying those features that are solely 

responsible for high prediction accuracy. The effectiveness of the 

classifier are demonstrated using metabolic syndrome dataset 

obtained from Yonchon County of Korea.   

Categories and Subject Descriptors 

H.2.8 [Database management]: Database Applications- Data 

mining 

General Terms 

Algorithms, Performance, Design, Experimentation, 

Keywords 

Genetic Algorithm, parallel genetic algorithm, learnable naive 

Bayesian classifier, metabolic syndrome diseases. 
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1. INTRODUCTION 

The metabolic syndrome is a collection of metabolic disorder 

which includes hypertension, dyslipidemia, elevated blood 

glucose and obesity. This disorder is more common in the adults 

of 20 years and above. Approximately 34% of adults met the 

criteria for metabolic syndrome. 

Males and females 40 ∼ 59 years of age were about three times as 

likely as those 20 ∼ 39 years of age to meet the criteria for 

metabolic syndrome. In Asian countries, it has become a 

significant problem lately due to the change in dietary habit and 

life style. Approximately 5 ∼ 17% of the males and females of the 

age 20 ∼ 72 years have the prevalence of metabolic syndrome 

diseases as reported in [9]. Due to the growing nature of the 

disease, it has become an area of interest among the researchers of 

the world. 

Bayesian classifiers are the simple and yet effective statistical 

based classifier that have been applied to many complex domains. 

In medical domain, we can find various prognostic models based 

on Bayesian classifier [3, 13, 11]. 

In this paper, a serial genetic aided learnable Bayesian 

classifier is proposed where the weights are determined using 

genetic algorithm thereby increasing the predictive accuracy. In 

order to minimize the response time, this paper also presents a 

parallel genetic based learning algorithm for the classifier. The 

performance of the classifier is evaluated with a real world dataset 

obtained from Yonchon County of Korea. The impact of 

parameter setting of the genetic operator on the classification 

accuracy is studied here. Also a comparative study of the 

application of simple genetic algorithm and parallel genetic 

algorithm in the design of classifier is carried out based on the 

classification accuracy and CPU time (in sec). 

The rest of the section is arranged as follows: Section 2 

presents the basics concepts of learnable naive Bayesian classifier, 

genetic algorithm and parallel genetic algorithm. Section 3 and 4 

describes the serial and parallel genetic aided learnable Bayesian 

classifier. In Section 5, we provide the experimental results and 

analysis of the modeling of the metabolic syndrome. Finally, 

conclusion is provided in Section 6. 



2. BASIC CONCEPTS 
This Section provides some of the basic concepts of learnable 

naive Bayesian classifier, genetic algorithm and parallel genetic 

algorithms. 

2.1 Learnable Bayesian Classifier 
The naive Bayesian classifier is a probabilistic approach to 

classification. Given an unclassified object X =(x1,x2..., xn) the 

classifier predicts that X belongs to the category having the 

highest posterior probability conditioned on X. Specifically, this 

classifies object X into category Ci if and only  if 
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The training sample is used to determining the required 

probabilities. The  iCP  is calculated as  
q

q
CP i
i   where q is 

the total number of samples and qi is number of samples of class 

Ci.  

The crucial part of the formulation of the Bayesian model is the 

determination of P(X|Ci). The determination of  P(X|Ci)   can be 

extremely computationally expensive and may require large 

training samples. The naive Bayesian model makes the 

simplifying assumption that  
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This assumption, called attributes conditional independence, 

greatly simplifies the calculation. However, naive Bayesian 

classifier does not provide any assurance for accurate 

classification of training dataset. The training set is only used for 

determining the probabilities. Thus Yager et al. [13] provided an 

extension for naive Bayesian classifier by introducing learning 

weights in the model.  The formulation for the P(X|Ci) is shown in 

equation 1 
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Where P(xk|Ci) is the kth largest of the P(xj |Ci) and wj =[0, 1] and 

∑wj =1. 

The introduction of these weights provides with the additional 

degree of freedom in the form of the associated weights. The 

inclusion of weights provides a more general model for the 

classifier. However, it adds to the classifier the problem of 

determining the optimal weights. The GA can be used as a tool for 

determining the optimal values for the weights. 

2.2 Genetic Algorithms 
In early 1960s several computer scientists independently studied 

evolutionary systems with the idea that evolution could be used as 

an optimization tool for engineering problems [4, 7, 2]. GAs was 

first described by John Holland in 1960s and further developed by 

Holland and his students and colleagues at the University of 

Michigan in the 1960s and 1970s. Holland’s 1975 book 

Adaptation in Natural and Artificial System presents the GA as an 

abstraction of biological evolution and gives a theoretical frame-

work for adaptation under the GA. Holland’s GA is a method for 

moving from one population of chromosomes (e.g., bit strings 

representing organisms or candidate solutions to a problem) to a 

new population, using selection together with the genetic 

operators of crossover, and mutation. Each chromosomes consists 

of genes (e.g., bits), with gene being an instance of a particular 

allele (e.g., 0 or 1). Selection chooses those chromosomes in the 

population that will be allowed to reproduce, and decide how 

many offspring than less fit ones. Crossover exchanges subparts of 

two chromosomes (roughly mimicking sexual recombination 

between two single-chromosome organisms); mutation randomly 

changes the values of some locations in the chromosome and 

inversion reverses the order of a contiguous section of the 

chromosome, thus rearranging the order in which genes are 

arrayed in the chromosome. Inversion is rarely used in to-days 

GAs at least partially because of the implementation expense for 

most representations. A simple algorithmic form of the GA 

(without inversion) works as follows: 

 

Genetic Algorithm 

   Begin 

 Generate an initial population. 

 Evaluate each individual of the population. 

 While Stop criterion is not reached do 

  Select individuals. 

  Perform crossover /* Mutation with  

  respective probabilities*/. 

  Evaluate the resulting children. 

  Replacement of the children with parents. 

 End while 

 

This process is iterated over many generations. After several 

generations, the result is often one or more highly fit 

chromosomes in the population. We say that a population has 

converged when all the individuals are very much alike and 

further improvement may only be possible by a favorable 

mutation. [1, 6, 12, 8]. 

 

2.3 Parallel Genetic Algorithms 

The basic idea behind most parallel programs is to divide a large 

problem into smaller ones and solve each one simultaneously 

using multiple processors. The hope is that such a divide and 

conquer principle is more efficient, if all processors work on the 

whole problems. One of the approaches for parallelizing GAs is to 

use global parallelization. In this parallel GAs, there is a single 

panmictic population (just as in a simple GA), but the evaluation 

of fitness is distributed among several processors (Figure 1). 

There is no communication between the processors during the 

evaluation because the fitness of each individual is independent 

from all the others. Communication only occurs at the start and at 

the end of the evaluation phase. 

 



 

Figure 1: Master Slave Model 

 

3. GENETIC ALGORITHM AIDED 

BAYESIAN CLASSIFIER 
The more general family of naive Bayesian classifier can be 

constructed using the equation (1). The inclusion of weights 

provides a more general model for the classifier. However, it adds 

to the classifier the problem of determining the optimal weights. 

The genetic algorithm can be used as a tool for determining the 

optimal values for the weights. 

3.1 Chromosome Representation 

The chromosome of individual is represented as a 2×n matrix 

where n is the number of the attributes. The first row represent the 

weights as real values in the range [0, 1] and the second row 

represents the mask bit that determines the inclusion or exclusion 

of the weights in determining the probability of the each attribute 

for a given class Ci. The pictorial representation of the weight is 

shown in Figure 2. 

 

Figure 2: Chromosome representation of an individual 

3.2 Fitness Evaluation 

During the execution of the algorithm, each individual is passed 

through the classifier for evaluation and the cost is computed 

based on the classification accuracy obtained from the 

parameterized generalized Bayesian formulation in classifying the 

known set of samples of known class. The genetic algorithm seeks 

to maximize the cost function. The mathematical formulation of 

the cost function ( )(xf


) is given in equation (2); 

                                        ,)( CLaccuxf 
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Where CLaccu is the classification accuracy. 

3.3 Genetic Operators 

The three genetic operator used for generation of new set of 

solution are selection, crossover and mutation. The tournament 

selection operator is used for selection of good individuals into 

the mating pool. Two individuals from the population are 

randomly selected and the one with the highest fitness is selected 

for the mating pool. The selection of the individuals for the 

tournament is done using the roulette wheel selection. The 

selection operator is executed until the size of the mating pool 

becomes equal to the size of population.  

Since the chromosome is a combination of real and binary values, 

thus we adopt combination of both real valued and binary valued 

crossover. The real valued crossover is used for updating each of 

the weights and the mask bits are updated using the one point 

binary valued crossover. The updating of the weights (
)1,1( t

ix ) 

using real valued crossover is done by equation (3) 
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Here β is known as the spread factor which is obtained by 

equating the area under the probability curve equal to ui , where ui 

is a random number between [0 1].  

In one point binary valued crossover we produce the child 

population generated by selecting a one point randomly and 

swapping the values from the crossover site among the two 

parents. 

The SBX-mutation operator [5] is used for updating the real 

valued weight whereas the normal mutation operator is used for 

updating the mask bits. The SBX-mutation operator is formulated 

as given in equation (4). 
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where  
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Here the parameter i is calculated from the polynomial 

probability distribution m
mp

 )1)(1(5.0)(  . m  is an 

external parameter whose value is fixed and ri represents a random 

number in [0 1]. 

In case of updating of mask bit using mutation operator, the mask 

bit is flipped when it random number generated is less than the 

mutation probability. To retain the best parent individuals from 

the population, we use the concept of the elitism where both the 

parent and child population are combined and are sorted in 

descending order of fitness. The best N (N is the population size) 

solution is retained for the next generation evolution 

 

4. PARALLEL GENETIC ALGORITHM 

AIDED BAYESIAN CLASSIFIER 
During the designing of the learnable Bayesian classifier we found 

that the computation of the probability takes O(n2) operations, 

where n is the number of features which can be a cause for the 

increases in the computation time of the fitness function. Thus the 

parallelization of the Bayesian classifier is proposed for reducing 



the computation time without much affecting the prediction 

accuracy. A hierarchy of parallelization is provided for the fitness 

function evaluation by using the master slave model. First we 

provide a class level parallelization followed by attribute label 

parallelism. In class level parallelism we determine the probability 

of the features for each class by using the number of processor 

equal to the number of class and return the results to the master. 

Then the master divides the populations which is send to the 

slaves for determining the classification accuracy for each of the 

individuals. The pictorial representation for the hierarchy is 

shown in Figure 3. The other operation for generation of new set 

of population is carried by the master. 

 

 

Figure 3: Hierarchy of parallelization in master-slave model 

for fitness evaluation 

 

The algorithm for the parallelization of the fitness function is 

given algorithm 2. 

 

Algorithm 2: Parallelization of Fitness Evaluation 

For i=1 to |class label| 

 Distribute the dataset based on the class label to each 

 processor Pi 

 Determine the probability for each class label and 

 return the result to master processor. 

End for 

For each processor Pi 

   Distribute the population POPt   to each processor equally. 

   Determine the classification of each individual. 

  Return the classification accuracy to the master. 

 

5. EXPERIMENTAL STUDY 

 In this section, we provide the description of the dataset, 

experimental setup and finally results and the discussion. 

 

5.1 Description of Dataset 

The modeling of the classifier is carried out using the metabolic 

syndrome dataset obtained from Yonchon County of Korea. 

The dataset have 1135 samples with 2 class labels. The dataset has 

18 attributes and the class attribute determine the absence or 

presence of the disease. Few of this attributes has a least 

contribution to the classification accuracy which was obtained 

from the covariance analysis. 11 important attribute which are 

necessary for the prediction is identified in [10]. However, we 

consider all the attributes for classification and try to remove the 

spurious attributes and increase the classification accuracy. The 

dataset is divided into three groups namely training set, validation 

set and testing set. 

The training and validation set contains 25% of data, and testing 

contains 50% of the dataset.  

5.2 Experimental Setup 

The algorithm is implemented using C language on a multi core 

system core 2 Duo with 4 cores, each of 2.4 GHz, 2GB RAM, 

under Linux OS. The communication between the processors has 

been supported by the free available MPICH (Message Passing 

Interface) library. The parameter setting used for the algorithm is 

shown in Table 1. 

Table 1: Parameter Setting 

Processor 1              2               4 

Population Size 100 

Real valued crossover 

probability 

0.8 

Binary crossover probability 0.78 

Real valued mutation 

probability 

0.05 

Binary mutation probability 0.01 

 

5.3 Result and Analysis 

The Bayesian classifier is constructed using 25% of the training 

dataset. The validation set is used for adjusting the learning 

vector. The maximum predictive accuracy attained the validation 

set and test set is 76% and 72% respectively with 11 attributes. 

The parallelization of the fitness evaluation process for adjusting 

the weight is done. The experimental results of the serial and 

parallel implementation are tabulated in Table 2. The results show 

that the accuracy of the classifier does not detoriates on 

parallelization. However there is a significant reduction of 

computation time. This is illustrated by the speed up graph shown 

in Figure 4 

Also the impact of the parameter setting of genetic algorithm is 

studied. The results are shown in Figure 5- 7. First, considering 

the crossover probability, it is found from the Figure 5(a) that 

 

TABLE 2: Predictive accuracy and computation time of the 

serial and parallel model 



Processor Training 

accuracy (%) 

Testing  

accuracy (%) 

Computation 

time (in sec) 

1 76 72 15.358 

2 77 72 6.860 

4 77 72 6.425 

 

0.78-0.8 is good enough for predicting high accuracy. We see that 

the crossover probability doesn’t have much impact on training 

accuracy but reduces the testing accuracy. For the mutation 

probability the appropriate range is 0.01 to 0.05 and increasing 

the mutation probability has the same effect as crossover 

probability. The increase in population doesn’t really account for 

increase in accuracy; however it increases the computation time. 

This is clearly illustrated by Figure 6. The same result can be seen 

for the increase in iteration (Figure 7). 

 

6. CONCLUSION 

This paper proposed a genetic and parallel genetic aided learnable 

classifier and was found to have reached the optimal classification 

as specified by [10] with minimal set of attribute. We found that 

the parallel model has same prediction accuracy as 

 

 

Figure 4: Speedup Graph 

serial genetic aided learnable Bayesian classifier, yet there is 

reduction in time in parallel model. Also the analysis of the 

impact of the parameter setting showed that 0.8 of crossover 

probability, 0.05 mutation probability, 100 population and 100 

iteration can result in high classification accuracy. 

However, the result of parameter setting is restricted to this 

dataset. This needs to be evaluated using other datasets. Also the 

classifier performance needs to be evaluated on more datasets for 

validation of its result. 

 

(a)  Crossover Probability vs. Classification accuracy 

 

 

(b) Mutation probability vs. Classification accuracy 

 

Figure 5: Impact of crossover and mutation probability on 

classification accuracy 
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