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Abstract 

 
Classification is important in data mining. In this 

paper, a Multiple Evolutionary Neural Network 
Classifier Based on Niche Genetic Algorithm (MNC-
NG) is presented, which establishes classifiers by a 
group of three-layer feed-forward neural networks 
with high accuracy and good diversity. The neural 
networks are trained by niche genetic algorithm based 
on clustering. The class label of the identifying data 
can first be evaluated by each neural network, and the 
final classification result is obtained according to the 
dynamic voting rule. Experimental results on 6 data 
sets show that MNC-NG increases the predictive 
accuracy by 5.6%, 5.5% and 8.5% respectively 
compared with BP, GA and LM training methods and 
by 6.0%, 6.1% and 4.0% compared with Naïve 
Bayesian classifier, C4.5 and SVM. 
 
1. Introduction 
 

Classification is very important in data mining. The 
popular classification algorithms include decision tree 
[1], Bayesian classifier [2], support vector machine [3], 
neural network [4], etc.  

NN has been widely used in classification because 
of its noise toleration and modeling ability in complex 
problems. In order to improve the accuracy of 
classification, we propose a Multiple Evolutionary 
Neural Network Classifier Based on Niche Genetic 
Algorithm (MNC-NG). The algorithm establishes sub-
classifiers by a group of neural networks. These neural 
networks are trained by niche genetic algorithm 
simultaneously. The class label of the identifying data 
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can first be evaluated by each neural network, and the 
final classification result is obtained according to the 
dynamic voting rule. Experimental results show that 
MNC-NG is more effective in improving the predictive 
accuracy than other traditional algorithms. 

The rest of this paper is organized as follows. 
Section 2 introduces the framework of MNC-NG. 
Section 3 analyzes the principle of classifier ensemble. 
Section 4 describes the design of MNC-NG. Section 5 
provides experimental evaluations. Finally Section 6 
concludes this paper. 
 
2. Framework of MNC-NG 
 

The framework of MNC-NG is illustrated in Figure 
1. 

 
Figure 1. Framework of MNC-NG 
 

3. Principle of classifier ensemble 
 
Extensive experiments show that the unselective 

combination of all sub-classifiers does not always 
improve the ensemble predictive accuracy. Krogh and 
Vedelsby [5] put forward a formula of generalization 
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error in neural network ensembles. In this section, we 
analyze the relationship between ensemble 
performance and sub-classifiers, and discuss how to 
effectively combine sub-classifiers. 

Consider a two-class classification problem. 
Assume that dataset consists of N instances (xp, yp), 
where xp is an attribute set, yp is a class label, the value 
of yp  is either 0 or 1, p = 1,2, …,N, S is the ensemble 
of M sub-classifiers (c1,c2, …, cM), each weight of sub-
classifier is wi (i = 1,2, …,M ), where wi ≥ 0 and 
w1+w2+ … +wM =1 and fi(xp) is the output (class label) 
of the ith sub-classifier for the input xp, so  the value of 
fi(xp) is either 0 or 1. 

The sum of fi(xp) is called the ensemble output of M 
sub-classifiers for the input xp, denoted as f(xp): 
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If the ensemble output f(xp) < 0.5, then xp belongs to 
class 0, otherwise it belongs to class 1: 
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E is the generalization error of ensemble classifier 
on the entire dataset: 
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E  is the weighted average of the generalization 
error of sub-classifiers on the entire dataset:  
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D  is the difference between each sub-classifier and 
the ensemble output on the entire dataset: 
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Proposition 1 The generalization error of ensemble 
classifier satisfies: DEE −=                                  (6) 

The analysis above shows that a good ensemble is 
one where the sub-classifiers in the ensemble are both 
accurate and tend to have diversity in their predictions. 
So, if we want to improve the generalization ability of 
ensemble classifier, we should improve the accuracy of 
sub-classifiers and at the same time boost their 
diversity. 
 
4. Ensemble NN-classifier based on niche 
GA 
 

The key steps of MNC-NG are as follows: 

(1) Construction. Niche GA is used to evolve c sub-
classifiers satisfied with good diversity and 
predefined accuracy. 

(2) Combination. Sub-classifiers are combined with 
Dynamic Voting (DV). 

 
4.1. Sub-classifier construction based on niche 
GA 

 
Traditional GA always converges to a single best 

classifier and thus it is not appropriate for multimodal 
optimization. As improvement, we present a novel 
niche GA algorithm. In each GA iteration, the 
population is partitioned into several classes by 
clustering. Then the fitness of best individual in each 
cluster is unchanged and the other individuals in the 
population are penalized by a reduction in their fitness. 
This causes population diversity pressure that allows 
the population to maintain individuals at local optima.  
4.1.1. Chromosome encoding. According to the 
structure of neutral network, the chromosome encoding 
includes the weights of links and the biases of nodes. 
The length of a chromosome is computed as follows: 

l=(ni+no)nh+ nh+ no                                          (7) 
Where ni is the number of nodes of input layer; no is 
the number of nodes of output layer; nh is the number 
of nodes of hidden layer. The encoding is as follows: 
the weights of links between input layer and hidden 
layer → the weights of links between hidden layer and 
output layer → the biases of hidden nodes → the 
biases of output nodes. 

 
4.1.2. Fitness function. Fitness function is used to 
measure the accuracy and generalization ability of the 
individual (neutral network). The fitness function is 
defined as below: 
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Ci,j is the predicted classification output (class label) of 
the ith individual on the jth case. Tj is the actual class 
label of the jth case. n is the number of cases. 
Obviously, when Ci,j = Tj (j = 1,2,…,n), the value of fi 
reachs the maximum value 1. 
 
4.1.3. Genetic operators. 
(1) Crossover operator 

Crossover operator is as follows: for two 
individuals f1 = [w1, … wn, v1, …, vm ], f2 = [w’1, …, 
w’n, v’1, …,  v’m ], MNC-NG decides if they should be 
recombined or not according to crossover rate Pc. 
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Where wi is the weight，vi is the biases.  At the same 
time, two binary templates are constructed. When the 
value equals to 0, the gene in new chromosome is from 
f1, otherwise it is from f2. Figure 2 illustrates the 
crossover operator.  

f1 = [w1, …,wn, v1, …,vm ]  f2 = [w’1, …,w’n, v’1, …,v’m ] 
 
 
t1 = [ 1  …  1    1   … 0  ]  t2 = [ 0   …   1    0    …   0  ] 
 
 
f1' = [w’1…,w’n,v’1,…,vm ]  f2' = [w1, …,w’n,  v1, …,vm ] 

Figure 2. Example of crossover 
 

(2) Selection operator 
We use elitism and roulette-wheel sampling strategy 

to select individual to pass on to the next generation. 
For the individual whose fitness is the highest (elitism), 
it will be passed on to the next generation directly. 
(3) Mutation operator 

The steps of mutation are as below: a) For each 
individual, MNC-NG decides if it should mutate or not 
according to mutate rate Pm; b) for the gene ξ to mutate, 
a random value r is added. According to the experience, 
when the value of gene should be limited in [a, b], the 
value of r is created randomly in [a, b], the values of 
new gene is as follows: 

 ξ′= (ξ+ r)/2.                               (10) 
 

4.1.4. Classifier distance. In GA, each individual is a 
classifier. In order to measure the distance between two 
individuals, we introduce kappa statistic [6]. 

Let Nij be the number of instances recognized as 
class i by classifier Cx and as class j by classifier Cy, 
Ni* be the number of instances recognized as i by 
classifier Cx, and N*i be the number of instances 
recognized as i by classifier Cy. Define Θ1 and Θ2 as: 
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Where l is the number of classes and N is the total 
number of instances. Θ1 estimates the probability that 
the two classifiers agree, and Θ2 is a correction term 
for Θ1, which estimates the probability that the two 
classifiers agree simply by chance. The diversity 
between the two classifiers is defined as follows: 
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Div_kappa(Cx,Cy) varies between -1 and 1. 
Div_kappa(Cx,Cy) is equal to 1 when the two classifiers 
agree on every instance. Negative values occur when 
agreement is less than expected by chance. 

In MNC-NG, diversity is regarded as the distance 
between two NN-classifiers. We normalize div_kappa 
to vary from 0 to 1:  
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4.1.5. Classifier clustering and niche strategy. 
Having calculated the pairwise distances between all 
individuals, we proceed by partitioning the population 
into several classes by Subtractive Clustering (SC) [7, 
8]. In our work, Subtractive Clustering algorithm is 
modified to be used. The key steps are as following: 

Step 1. Consider a collection of n classifiers {C1, 
C2, …, Cn}. Each classifier is a candidate for cluster 
centroid.  The potential of classifier Ci is defined as [9]: 
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Where ra is a positive constant, D(Ci,Cj) is the 
normalized kappa distance between Ci and Cj, mi is the 
number of classifiers within the radius ra of Ci. Hence, 
a classifier will have a high potential value if it has 
many neighboring classifiers. 

Step 2. The classifier with the highest potential is 
selected as the first cluster centroid. Let Cc1 be the 
classifier selected and Pc1 be its potential. Next, the 
potential of each classifier Ci is revised as follows: 
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Where the constant rb is usually greater than ra to avoid 
having closely spaced centroids and is set to 1.5ra. 

Step 3. The next cluster centroid Cc2 is selected and 
all of the potential calculations are revised again. This 
process is repeated until a stopping criterion is met. 

In each iteration, MNC-NG combines current 
population with the best c individuals in last generation 
and partitions the combined population into several 
classes by modified SC. After clustering, except for the 
best individual in each cluster, other individuals in the 
population are penalized by a reduction in their fitness. 
The fitness of a penalized individual i, is as follows: 

i
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Where fi is the raw fitness of individual i, di is the 
distance between individual i and the centroid of the 
cluster that individual i belongs to. After the penalty, 
the best c individuals in the current generation are 
replicated unchanged into the next generation. 

 
4.2. NN-classifier ensemble 
 

… … 
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Sub-classifiers are combined with Dynamic Voting 
(DV). 

Suppose that the number of sub-classifiers in 
ensemble is c and the output of each sub-classifier is 
fj(xp), where j = 1, 2, …,c, p = 1, 2, …,n. The output of 
the ensemble classifier is: 

∑
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The algorithm MNC-NG is described as follows: 
 

Algorithm 1. MNC-NG 
Input: training dataset, ensemble size: c 
Output: ensemble classifier 
Begin 
1.  S = Initial Population; 
2.  m = MaxGeneration;   // iteration generations 
3.  evaluate(S); // fitness evaluation 
4.  preserve(Best c NN-classifiers);  
5.  repeat 
6.     genetic-operation(S);  
7.     S = combine(S, Best c NN-classifiers); 

// combine current population with the best c 
individuals in last generation 

8.     SC(S); // modified Subtractive Clustering 
9.     penalize(S); //fitness penalty 
10.   evaluate(S);  
11.   preserve(Best c NN-classifiers); 
12.   m = m-1; 
13. until ((m = 0) || (All Best c NN-classifiers reach the 
predefined  accuracy)) 
14. ensemble_classifier =DV(Best c NN-classifiers); 
15. return ensemble_classifier 
End. 
 
5. Experiments and performance 
evaluation 
 
5.1. Experimental dataset and environment  

 
We evaluate the performance of MNC-NG on 6 

data sets that are from the UCI repository [10]. The 
main characteristics of the 6 data sets are shown in 
Table 1. 

Table 1. Summary of 6 UCI benchmark data 
sets used in the experiments 

Dataset Records Attributes Classes Hiddens 
Credit 690 15 2 10 

Diabetes 768 8 2 5 
Glass 214 9 6 5 

House-votes-84 435 16 2 10 
Iris 150 4 3 5 

Hepatitis 155 19 2 10 

 
The parameters of MNC-NG are shown in Table 2.  

Table 2. Parameters for the experiments 
Parameter Value 

Subpopulation size (N) 400 
Number of generation (M) 1000 

Mutation rate (Pm) 0.044 
Crossover rate (Pc) 0.7 

 
All results of MNC-NG are averaged over 4-fold 

cross-validation experiments. 
 

5.2. Compared with BP, GA and LM 
 

In this section, we compare MNC-NG with the 
traditional training methods of single neural network: 
BP, GA, and LM in terms of classification accuracy. 

 Experimental results of various models are 
summarized in Table 3. 

Table 3. Estimation of average predictive 
accuracy rate on the 6 data sets 

Dataset BP GA LM MNC-NG 
Credit 81.9 81.9 78.1 86.6 

Diabetes 71.1 71 69.2 77.2 
Glass 63.2 63 60.3 68.9 

House-votes-84 89.1 90.3 86.5 95.6 
Iris 90.9 90.1 88.9 96.7 

Hepatitis 78.9 79.1 74.3 83.4 
 
In terms of predictive accuracy, MNC-NG shows 

significantly superior performance to the traditional 
training methods of single neural network: BP, GA, 
and LM in all data sets.   

Figure 3 compares the average predictive accuracies 
of various models on the 6 data sets. The result shows 
that compared with BP, GA, and LM, MNC-NG 
increases the predictive accuracy by 5.6%, 5.5%, and 
8.5% respectively. 

 
Figure 3. Comparison of average predictive 
accuracies of four models 
 

5.3. Compared with NB, C4.5 and SVM 
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In this section, we compare MNC-NG with the 

traditional classification algorithm: NB, C4.5 and SVM. 
Experimental results of various models are 

summarized in Table 4. In terms of predictive 
accuracy, MNC-NG also shows significantly superior 
performance to the traditional classification 
algorithms: NB, C4.5 and SVM in all data sets.  MNC-
NG increases the predictive accuracy by 6.0%, 6.1% 
and 4.0% compared with NB, C4.5 and SVM 
respectively. 

Table 4. Estimation of average predictive 
accuracy rate on the 6 data sets 

Dataset NB C4.5 SVM MNC-NG 
Credit 81.9 80.2 82.1 86.6 

Diabetes 69.2 71.3 72.8 77.2 
Glass 63.2 63.9 65 68.9 

House-otes-84 89.3 91.3 92.1 95.6 
Iris 90.1 90.1 92.9 96.7 

Hepatitis 78.9 75.3 79.5 83.4 
 
5.4. Ensemble size 

 
In this section, we use MNC-NG to examine 

ensemble characteristics and provide data analysis on 
how to construct an optimal ensemble size. 

Figure 4 shows the relationship between the average 
predictive accuracy and the ensemble size on the 6 data 
sets in MNC-NG, where the number of classifiers 
ranges from 1 to 20. 

Form Figure 4, we can find that the predictive 
accuracy steadily improves up to an ensemble size of 
9. The performance improvement is unobvious when 
the number of sub-classifiers is more than 9. 

 
Figure 4 Relationship between ensemble 

size and average predictive accuracy 
 

6. Conclusion 
 

In this paper, we propose a Multiple Evolutionary 
Neural Network Classifier Based on Niche Genetic 
Algorithm (MNC-NG). The neural networks are 
trained by niche genetic algorithm based on clustering. 
The class label of the identifying data can first be 
evaluated by each neural network, and the final 
classification result is obtained according to the 
dynamic voting rule. Experimental results show that 
MNC-NG is more effective in improving the predictive 
accuracy than traditional algorithms. 
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