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Abstract 

Intelligent systems have been extensively used in the area of biomedical engineering for 

assisting the doctors in medical diagnosis. The inability of simple neural networks to solve 

the diagnosis problem, due to extensively large data size as well as complex mapping of 

inputs to outputs, has resulted in the growth of modular neural networks that try to exploit the 

modularity in the problem for better performance. Inability of humans to effectively set the 

training parameters of the neural networks has further resulted in the use of evolutionary 

algorithms that automatically compute the best configuration. In this paper we present a novel 

mechanism of combining the neural and the evolutionary approaches to build an evolutionary 

neural network classifier for solving the problem of diagnosis of PIMA Indian Diabetes. The 

modular neural network is in form of a mixture of exerts model with multi-layer perceptron, 

radial basis function network and self organizing maps as the experts. Results show that the 

proposed approach is better than the conventionally used models over the database used. 

Keywords: Artificial Neural Networks, Evolutionary Neural Networks, Modular Neural 

Networks, Ensemble, Machine Learning, PIMA Indian Diabetes.  

 

1. Introduction 

There has been a growing need of computationally intelligent systems in the field of medical 

engineering. These systems are able to diagnose the disease automatically based on the 



attributes supplied. These systems hence become valuable tools for doctors for automatic 

disease diagnosis or for the computer assisted disease diagnosis. There has been a widespread 

use of these systems over the areas of detection of various diseases like Breast Cancer, 

Epilepsy, Heart Diseases etc. 

 

The basic philosophy behind these systems is of machine learning. We try to figure out the 

attributes that may help in identification or diagnosis of the disease. We then design an 

intelligent system that takes the identified attributes as inputs and supplies the diagnosis 

result as output. The system formulates its own rules or logic that helps in the identification 

of the disease. Training input is supplied to the system to mine out the rules or logic in the 

training phase. It is expected that these rules may be generalized to new data or the testing 

data as well. In this manner the intelligent systems carry forward the task of diagnosis. 

 

Since long, Artificial Neural Networks (ANN) are used for problem solving. A variety of 

models of ANNs exist like Multi-Layer Perceptron (MLP) with Back Propagation Algorithm 

(BPA), Self Organizing Maps (SOM), Learning Vector Quantization (LVQ), Radial Basis 

Function Networks (RBFN), etc. All of these use different types of fundamentals in learning 

of data and representation of knowledge. All these networks may be fundamentally classified 

into two basic types. The first type consists of the networks that try to solve problem as a 

curve fitting approach. The second type consists of the networks that try to solve the problem 

with a classificatory approach, where the applied input needs to be classified into either of the 

possible output classes.  

 

This paper is organized as follows. In section 2 we give a background of the work and the 

basic terminologies used. Section 3 presents a brief literature survey in the domain of 
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machine learning. Section 4 gives the Modular Neural network base of the algorithm. Section 

5 presents the evolutionary neural network base of the algorithm. In section 6 we give the 

results. Conclusion remarks are given in section 7. 

 

2.  Background 

In this paper we would be making frequent references to a number of terms that form the 

background of this work. Hence in this section we present all these terms and concepts. This 

would form the base of the algorithm and the rest of the discussion. 

 

2.1  Evolutionary Neural Networks 

Evolution is a major factor that guides the design of systems today. This class of algorithms 

carries the evolution of the artificial systems along with time or generations. Evolutionary 

algorithms mainly carry out the task of optimization. We are given a set of parameters and we 

are supposed to maximize the system output or the fitness value by finding the most optimal 

combination of the values of these parameters. A sophisticated use of evolutionary algorithms 

enables the evolution of the complete neural network or any system. Evolutionary algorithms 

are capable of maximizing the system performance by finding the correct set of weights and 

biases of the ANNs that constitute the modifiable parameters. These systems are also able to 

evolve the architecture of the neural networks as well. This forms a fascinating system that 

has benefits from the conventional neural networks where the parameters are set by humans. 

The humans usually make sub-optimal decisions in the setting of the number of neurons or 

other parameters. The evolutionary algorithms make use of computer program to do the 

same. Hence the evolved system is optimal in nature. 



 

A problem with the evolutionary algorithm is their time consuming nature. A very large 

number of computations often create a problem in systems where the solution may be 

generated after unbearably long span of time. Hence the use of a local search strategy is 

usually suggested that aids the evolutionary algorithm in its search operation. The local 

search strategy is very effective in finding the local minima in the vicinity of an individual in 

the search space. The evolutionary algorithms have unexceptional power to find the global 

optima in the entire search domain. The combination of these two strategies gives good 

results. 

 

2.2  Modular Neural Networks 

Another important concept is that of the Modular Neural Networks (MNN). The data set sizes 

are increasing drastically with the rise of computation. Also more and more problems are 

coming under the domain of machine learning and computational intelligence. The large 

amount of data and problem complexity demands the construction of very sophisticated 

neural networks for problem solving. It may not always be possible to engineer such large 

networks due to computational constraints where we can only make systems of a limited 

complexity. Further we can only handle a limited amount of data in these systems. This gives 

rise to the use of modularity in ANNs for problem solving. 

 

The MNN is a novel concept in this regard. These systems try to exploit the modularity in the 

problem. The entire problem is first divided into parts. Each part is given to a separate 

module for solution computation. The different modules solve their part of the problem. The 

solutions are returned by these modules. These solutions come to a central integrator. The 

integrator does the task of combining the results of the different modules and giving the final 
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result that is the output of the system. In this manner these systems perform the task of 

problem solving. There are two important terms here. The first term is the integrator. This is 

the unit that is responsible for the division of the problem into modules and the integration of 

the outputs of the different modules. The other term is the modules which are independent 

neural networks.  

 

The division of problem into modules does result in some loss of generality. However as a 

result of this division the system is able to learn the data that would not have been possible 

without the module decomposition because of complex mapping or large volumes of data. 

 

3.  Literature Review 

The basic motivation behind the paper is hybrid systems. A lot of work is being done in order 

to develop hybrid systems for various problems. Rutkowski [25] presented the flexible neuro 

fuzzy systems. This is a widely used hybrid system that has largely reformed the manner of 

working of Fuzzy Systems. Kuo et al. [14] proposed a hybrid model for learning fuzzy if-then 

rules. These have been applied to variety of problems [10, 15, 31]. A lot of work is going on 

in the various parts of these algorithms like clustering, genetic optimizations, rule forming, 

parameter updating etc. [6, 19, 27]. The algorithms try to optimize the performance in 

clustering by designing various models based on the architecture of neuro-fuzzy systems [4, 

16, 17, 23, 33]. 

 

Adams [1] proposed the use of Genetic Algorithms to decide the connectivity of associative 

memory that can be generalized to artificial neural networks. Maravall et al. [18] also 



proposed a hybrid model of Genetic Algorithms with reinforcement learning for robotic 

controllers.  

 

Classification is a major problem of study. People are trying to better adapt the present 

algorithms to make them more suitable for classificatory problems. Amin et al. [2] presented 

a model of single layered complex valued artificial neural network for classificatory problem. 

Here they had made use of new activation functions. Hu [12] used Choquet Integral with 

neural network and genetic algorithms for pattern classification. Estudillo et al. [7] proposed 

multiplicative nodes instead of additive in neural networks to build neural network classifiers. 

Ang et al. [3] used probability to genetically evolve a neural network from smallest size to 

larger sizes.  

 

Genetic Algorithms are being constantly studied and modified for better performances at 

various situations. One of the major landmarks here are the Particle Swarm Optimizations. 

Nani used the Nearest Neighbor approach for prototype reduction using Particle Swarm 

Optimization and the found the Nearest Neighbor approach to be good [18]. Grammatical 

Evolution is another area of work. Tsoulus et al. [32] proposed grammatical evolution for 

neural network construction and training. Neill et al. [21, 22] has highlighted various 

developments in these fields in terms of representation and working of the algorithm. Ryann 

[26] proposed these algorithms for program generation in arbitrary language.  

 

A lot of work is being done in the field of neural network for validating, generalizing and 

better training of the neural network [5, 8, 9, 29]. Classification also employs the use of 

Hidden Markov Models [11, 28, 30]. These are statistical models that can be used to predict 

the consequence of the unknown input. These models have found a variety of use in 
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handwriting recognition, speech recognition etc. Instantaneously trained neural networks [13, 

24] are a good approach for faster training with a smaller generalization capability. These 

networks require very less training time as the weights are decided just by seeing the inputs. 

Self organizing maps have also been used extensively for the problem solving. Various other 

mathematical models have been proposed. These employ mathematical techniques like point 

to point matching for solving the problem. 

 

4.  Modular Neural Network Framework 

In this section we discuss about the modular approach used by this algorithm. As per the 

modular approach, we first need to divide the problem into modules. Each module is an 

ANN. We use three different models of ANNs here. The entire problem is given to each of 

the modules or ANNs. The first model is Multi-Layer Perceptron (MLP), the second model is 

Self Organizing Maps (SOM) and the third model is Radial Basis Function Network (RBFN). 

Each of these networks may solve their part of the problem using their standard methodology. 

After solving the problem, the results are given to the central integrator. The integrator has a 

voting mechanism. Here voting is done in favor of the classes. The class getting the largest 

votes is declared as the winner. This may be represented by figure 1. 

 

 

 

 

 

Fig. 1. General Architecture of the Modular Neural network used 
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4.1  Problem Division 

The problem division simply gives the entire input vector to all the modules in the system. 

Each of the modules or ANNs hence works over the same data item and tries to figure out the 

final output class. Each module uses its own methodology to process the input and decide the 

output class to which the applied input may belong. 

 

This type of working has a great relevance in classification. Every system makes its own 

decision boundaries to separate the various classes from each other. The various systems have 

different issues, advantages and disadvantages in the making of these boundaries. Hence they 

all perform well in some part of the feature space and do not perform well in some other part 

of the feature space. The use of different modules or ANNs assures that some modules would 

have a good idea about most of the data that may come in real life. These would contribute 

towards the decision making regarding the final output class. 

 

4.2  Polling 

A polling mechanism is used in his algorithm as the integrator. The output from each of the 

modules is a class that was computed as the final output class by these modules. The 

integrator assesses these outputs for deciding the final output. A voting mechanism is used. 

Each module or ANN output is a vote in favor of its computed class. The class getting the 

maximum votes is declared as the winner. In case of a tie, any of the classes may be 

randomly selected and returned as the output.  

 

4.3  Training Algorithms 

Each of the ANNs used above is trained by their own training mechanisms. It is true that EA 

is supposed to train these systems, but these training algorithms aid the EA in locating the 
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nearest local optima in the vicinity to any genetic individual. This leaves the EA to only be 

concerned about locating the global optima. These training algorithms carry forward the task 

of local search. 

 

5.  Evolutionary Framework 

In this section we open a completely new paradigm to the algorithm by giving it an 

evolutionary nature. The evolution is carried independently for all the three modules. The 

evolutionary nature of the different algorithms is however quite similar to each other. Each of 

these algorithms makes the same number of generations at the same instance of time. Hence 

there is a dependency between the various parallel running evolution processes that are 

otherwise independent. Another dependency added is in terms of the fitness evaluations 

where every evolutionary ANN uses the best networks of the other evolutionary ANN for 

fitness computation. This gives the entire framework a cooperative evolution nature. The 

general framework is described in figure 2. 

 

5.1  Individual Representation 

The individual representation is different for all the three ANNs. In MLP the individual 

simply stores the different neurons along with weights and biases. The activation functions 

are assumed to be fixed. It is assumed that there is only 1 hidden layer. The number of 

neurons in this layer can be variable. Hence the total size of the evolutionary individual is 

variable. 

 

In SOM, the individual holds the number of neurons in each of the two dimensions of the 2-

dimensional feature map. It further stores their positions in the feature space. 



 

The other network is the RBFN. Here also we store the locations of the various neurons in the 

feature space along with the spreads. The weights from the hidden to the output layer are 

assumed to be constant and unity. All the networks have variable size of the individual. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: The general architecture of the algorithm. Figure assumes evaluation of MLP. 

The various modules would carry evaluation in a cyclic manner.  
 

 

In this paper we have used an incremental evolution technique. The maximum number of 

neurons in any model (L) is set by the system. This number is initially kept to a very low 

value. This restricts the entire evolutionary process to generate larger networks. As a result 

the evolutionary process tries to solve the problem given using smaller number of neurons. 

As the generations increase, this number is increased. This allows the system to develop 
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larger networks with high number of neurons in the hidden layer. The increase in the 

maximum number of neurons L at any generation g is given by equation (1) 

 

 L(g)=L(0)+Lmax g/G    (1) 

Here L(0) is the least number of neurons, which may normally be kept as 1 and G is the 

maximum number of generations. Lmax is the maximum change in L. 

 

5.2  Evolutionary Operators 

Evolutionary operators are used to generate higher generation population from a lower 

generation population. Again all three ANNs have a different methodology of evolution.  

 

The first major operator applied is crossover. This generates two children from two parents. 

The number of neurons of the first child is the same as the first parent and the number of 

neurons of the second child is the same as the second parent. The individual weights are 

taken randomly from either of the two parents. This is similar to the application of scattered 

crossover per neuron in a sequence. In this way we get the two new individuals of the next 

generation ready. 

 

Mutation is applied as a genetic operator. This causes small changes in the various weights 

and locations that are determined by a Gaussian Random mutation technique. Grow is an 

operator that adds a new neuron to the network. The addition of the neuron takes place with 

randomly with some probability. Add is another operation that is applied in this evolutionary 

technique. This model adds random individuals of the maximum allowable size as per the 

present generation. Elite transfers the best individual from one generation to the other 



generation without any modification. This saves the best individuals from being killed in the 

genetic process. 

 

5.3  Fitness Evaluation 

The fitness evaluation is simply the performance of the network over the training data. Here 

performance is the correct recognition rate of the overall system. Based on the discussions in 

section 4, we know that the overall system is made up of three ANNs. At any generation we 

measure two performances that contribute towards the final fitness of the system. The first is 

the performance of the individual or the ANN alone. The second is performance in the MNN 

architecture. For the MNN evaluation the individual is taken along with the best individuals 

or other parallel running evolutionary ANNs. The performance of the entire MNN so formed 

is measured. This judges the capability of the individual to complement the other ANNs.  

 

We know that very large networks may give a good accuracy in the training phase but a poor 

accuracy in the testing phase. We hence need to penalize the larger networks by assigning 

some penalty per neuron in the network. The penalty is proportional to the number of neurons 

in the network. This penalty is different for all the three networks.  

 

The resultant fitness may hence be given by equation (2) 

 

 Fit(I) = P1(I) + P2(I, B1, B2) + α N(I)    (2) 

 

Here I is the individual whose fitness is to be computed. P1(I) is the recognition by this 

individual alone. P2(I, B1, B2) is the performance by this network along with the best 
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networks of the other evolutionary algorithms. α is the penalty constant. N(I) is the number of 

neurons in I.  

 

6.   Results 

The above discussed model was coded and implemented in JAVA. The database used for the 

experimentation was of PIMA Indian Diabetes [34]. The data was taken from the UCI 

Machine Learning Repository. The aim is the detection of Diabetes in a patient given the 

various attributes. The PIMA Indian Diabetes data set consists of a total of 8 attributes. These 

decide the presence of diabetes in a person. This database places several constraints on the 

selection of these instances from a larger database. In particular, all patients here are females 

at least 21 years old of Pima Indian heritage. The first attribute is the number of times the 

women was pregnant. The next attribute is Plasma glucose concentration a 2 hours in an oral 

glucose tolerance test. We further have the attributes Diastolic blood pressure (mm Hg), 

Triceps skin fold thickness (mm), 2-Hour serum insulin (mu U/ml), Body mass index (weight 

in kg/(height in m)^2), Diabetes pedigree function and Age (years). 

 

The general methodology involves the division of database into training and testing data sets. 

The training data set is used for training the system and the testing data set is used to measure 

the performance. The entire database of the disease has a total of 768 instances of data. This 

was divided into two parts. The first part consisted of the training database containing 534 

(~70%) instances of data. The second part was the testing database consisting of 234 (~30%) 

instances of data. In the training phase the proposed algorithm was given the training 

instances. The next stage was testing. Here the evolved system was given unknown data from 



the testing data set. The output was collected and compared with the standard output. This 

determined the performance or the classifying ability of the system.  

 

For each module, the evolutionary parameters were fixed to same value. The number of 

individuals was 100. The execution was carried over 1000 generations. At any generation 

crossover contributed 40% of the population and Mutation contributed 20% of the 

population. The contributions of Add, Grow and Elite operators were 24%, 15% and 1% 

respectively. The training algorithm was executed for 20 epochs. The maximum number of 

neurons was 30 for MLP, 28 for RBFN and 25 for SOM. The various parameters are given in 

table 1.  

Table 1. Evolution and Network Parameters for all modules 

S. No.  Parameter MLP SOM RBFN 

1.  No. of individuals 100 100 100 

2.  Generations 1000 1000 1000 

3.  Crossover  40% 40% 40% 

4.  Mutation  20% 20% 20% 

5.  Add  24% 24% 24% 

6. Grow 15% 15% 15% 

7. Elite  1% 1% 1% 

8. α 0.01 0.01 0.01 

9. Maximum Neurons 30 25 28 

 

The algorithm gave an accuracy of 84.07% in the training data and 82.37% in the testing data 

using the mentioned constants values. The accuracies are summarized in table 2. Hence we 
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may easily conclude that the system was able to affectively solve the problem of detection of 

diabetes in the patients.  

Table 2. The performance of the algorithm 

S. No.  Data Set Instances Correctly 

Identified 

Accuracy  

1.  Training  534 449 84.07% 

2. Testing  234 193 82.37%  

 

We further applied a few commonly used methods to the same data set to compare the 

efficiency of the proposed algorithm against these methods. The first method applied was of 

Artificial neural Network (ANN) trained with Back Propagation Algorithm. The second 

method applied was ensembles. Here we had used 4 modules each being ANN with BPA 

with different architecture and training constants. The third method applied was of ANFIS. 

The fourth system was evolutionary ANN. Here we tried to evolve the ANN weights as well 

as the correct connectionist architecture. The chromosome stored the presence or absence of 

connections in between neurons (along with weights) to eliminate a fully connected 

architecture. The performance of the various models is analyzed in table 3. We can easily see 

that the proposed system gave the best performance than all the commonly known methods. 

We may hence generalize the results to other similar classificatory problems as well. The 

algorithm can effectively solve the problem of diagnosis in reasonably small times. 

 

 



Table 3. The Accuracies with various methods 

S. No.  Algorithm  Training 

Accuracy 

Testing 

Accuracy  

1.  Proposed Algorithm 84.07% 82.37%  

2.  ANN with BPA  77.33% 77.73%  

3.  Ensemble  78.72% 76.98% 

4.  ANFIS  88.97% 66.52%  

5.  Evolutionary ANN  77.38% 73.81% 

 

7. Conclusions 

In this paper we proposed a novel method for classification where we used an evolutionary 

model of Modular Neural Networks. Three different neural network models were used in a 

mixture of experts’ architecture. These three networks performed independently in solving 

the problem. Each of these gave some result that was finally integrated using an integrator. 

The integrator adopted a voting methodology in trying to figure out the final solution to the 

problem. The various experts casted their votes in favor of the class they computed. Each of 

these neural networks had its own training algorithm that served as a local search strategy in 

the working of the entire algorithm. 

 

The algorithm was implemented upon an evolutionary approach where evolution of the 

various networks was carried out. The evolutionary algorithm had various evolutionary 

operators that aided in the evolution of the concerned systems or ANNs.  

 

This algorithm was applied over the problem of diagnosis of PIMA Indian diabetes. It was 

observed that the system so evolved was easily able to solve the problem and gave an 
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accuracy that was much better than the congenitally used systems used in literature. Hence 

this can be an effective approach for disease diagnosis in particular and classification in 

general. 

 

The algorithm discussed was applied over the problem of PIMA Indian Diabetes. This 

database is not a very extensive in terms of the number of attributes and the number of data 

instances. A better experimentation over the other databases may be done that may exploit 

the modularity factor of the algorithm to an even greater extent. Similar works in the fields of 

biometrics may be carried out where dimensionality is a major problem.  
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