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Abstract 

TITLE:  GBANN-V:  Genetically Based Artificial Neural 

Network With Validation for Optimal Feature Selection 

and Data Mining 

AUTHOR:  Eric W. Worden 

MAJOR ADVISOR:    Gregory Harrison, Ph.D. 

 
 

In data mining and machine learning systems, highly predictive 
feature attributes help researchers and data analysts classify the problem 
space in the most optimal way. In this thesis paper, a feature subset 
selection classifier system for data mining and machine learning will be 
presented. This feature subset selection system will test data from the PIMA 
Indian Diabetes Data and the Breiman Waveform Data Set.  The system 
collects the input features and then processes them through an evolutionary 
search process in order to reduce the feature space into an optimal feature 
set. Reducing irrelevant attributes can decrease the complexity and 
processing of machine learning systems, and increase the classification 
accuracy of data mining systems. The design approach is to apply a genetic 
algorithm (GA), which generates an initial output, and then use an artificial 
neural network (ANN) to process the feature input to find the most optimal 
feature attributes.  This architecture is called GBANN-V, for a Genetically 
Based Artificial Neural Network with Validation.  The validation step is used 
to speed up ANN training and reduce overfitting.  In addition, step decay is 
added to minimize the local minima problem associated with the gradient 
descent learning algorithm.  Experimental results show that the GBANN-V 
system can get equal to better accuracy rates in finding the most optimal 
feature subsets, while at the same time reducing the input feature 
dimensionality up to 40%.  Feature set reduction has positive implications 
for data mining and machine learning applications. 
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Chapter 1 Introduction 

“We are drowning in information and starving for knowledge” [1].  - 

John Naisbitt. 

 

We are currently being deluged by data.  There is scientific data, 

medical data, demographic data, financial data, social media data, cell 

phone data, and so on.  We have a tremendous amount of human-created 

data from the Internet, but recently more nonhuman sources of data have 

been coming online. The technology behind the sensors isn’t new, but 

connecting them to the web is a new trend.  It’s estimated that in the near 

future physical sensors will create 20 percent of non-video internet traffic 

[2].  Having the two trends of mobile computing and sensor-generated data 

means that there will be more and more data in the future.  

 

The need to aggregate and correlate this data into meaningful form 

will increase over the next several years and into the future.  Corporations 

will want to look for patterns in order to make actionable decisions, 

marketers wish to determine trends and consumer behavior in order to sell 

products, cyber security organizations want to determine when the next 

threat to computer systems will occur, and ordinary people will want to 
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organize their data into meaningful compartments.  And currently, Data 

Scientists are in demand as the new hot job prospects.  Recently, the 

McKinsey Global Institute published  “Big Data:  The next frontier for 

innovation, competition, and productivity”, where their research suggests 

that “analyzing large data sets—so-called big data—will become a key basis 

of competition, underpinning new waves of productivity growth, 

innovation, and consumer surplus” [3].  As a result, “data mining” will most 

likely be the next big trend and possibly the job of the future. 

 

As the need for analyzing and mining big data increases, there will be 

an increased call for specialized algorithms to efficiently evaluate the data 

and find the most optimal features.  Machine Learning (ML) is an area of 

Computer Science and Engineering that provides these types of specialized 

algorithms. Machine learning is a set of computer or machine – based 

learning techniques and algorithms to evaluate data and extract some 

meaningful information.  ML measures a set of attributes or features in 

order to identify a particular object or type of thing or concept.  To do this 

machine learning uses algorithmic techniques such as classification and 

clustering to this end. 
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1.1 Problem Statement 
 

However, the first step in any classification process is to identify the 

most relevant features or attributes that classify a particular object or set of 

objects.  How can this first step be done when the search space is very large 

or the classification object could have multiple classes vs. a binary or 

numeric output?  There are several machine learning techniques that can be 

used to identify the most relevant features as well as search the feature 

space efficiently.  

 

Feature selection is commonly associated with the curse of 

dimensionality that affects machine learning.  First, using more features can 

increase system complexity; however, more features may not always lead to 

higher classification accuracy.  It may be that some of these features are 

irrelevant and/or highly correlated, which may degrade the system 

performance.  Second, having more features generally increases machine 

learning processing, which can be time consuming.  The goal of feature 

selection is to reduce the feature attributes into the most optimal and 

smallest subset with the highest classification accuracy, thus reducing the 

feature space dimensionality and improving system performance. 
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1.2 Summary of this Research 
 

Data mining and machine learning rely on the attributes or features 

presented to the mining and learning algorithms.  As "Big Data", data 

mining and machine learning are becoming more and more popular they 

are attracting more researchers, and as a result, have a strong potential for 

the need for machine learning systems to sift through the most salient data 

attributes.  With the advent of the "Internet of Things" (IOT), data 

attributes will come from various devices, such as cell phones, watches, 

cameras, refrigerators, thermostats, weather stations, various sensors, and 

the like.  With all of this data proliferation, the feature space will become 

quite large, and as a result, feature dimensionality techniques will be in 

demand.  In order to build a system to recognize the most important 

attributes or features, these systems ascertain or process the features 

through a feature selection processing system first.  In this thesis, a system 

will be presented to process feature attributes into the most optimal feature 

subset. 

 

In brief, there were some previous studies [4], [5], [6], and [7]  

working on a similar approach to feature subset recognition, but they have 

not be proven to be optimal feature subsets.  Other work will be presented 

in section 2.1, Previous Work.  In this paper, a genetically based artificial 

neural network using a genetic algorithm search approach is presented to 
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find the most optimal feature subset, thereby reducing the feature space size 

to the most important features that have the highest predictive qualities.  

The system presented is GBANN-V, for a Genetically Based Artificial Neural 

Network with Validation.  The validation step is necessary to minimize 

overfitting and to speed up ANN training.  In addition, a learning decay 

factor is added to reduce the local minima problem associated with the 

neural network's back-propagation learning algorithm, which uses gradient 

descent.  GBANN-V utilizes a wrapper based feature selection technique, 

which provides results better than the original classification features. 

 

GBANN-V was tested against the PIMA Indian Diabetes Data and the 

Breiman Waveform Data Set for optimal feature set reduction.  According to 

the results of this study, after 200 generations, GBANN-V selected 24 out of 

the 40 attributes as the best candidates for classification for the Breiman 

Waveform Data Set.  This is a 40% reduction in features with the same 

classification performance as the full feature set.  Similarly, after 200 

generations, GBANN-V selected 5 out of the 8 attributes as the best 

candidates for classification for the PIMA Diabetes Data Set.  This is a 

37.5% reduction in features with better classification performance than the 

full feature set.  Besides these achievements, GBANN-V proved that using 

the best combinations subset-features size for ANNs could obtain an 

outstanding performance; and that the most salient features can provide 
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equal or better performance compared to the complete feature space.  The 

implications of this approach can be used for data mining applications or 

for other machine learning classification problems. 

 

The remaining sections of this paper are organized as follows: in 

Chapter 2, previous studies will be reviewed and presented, as well as the 

contributions of this work. In Chapter 3, a background study of data 

mining, machine learning, evolutionary algorithms and neural networks 

will be provided.  Chapter 4 will show the GBANN-V architecture, 

processing, system schema, and all the details about how to make the 

system work.  The experimental results and data analysis are presented in 

Chapter 5, and the conclusion is in the last part of this paper, Chapter 6. 

 

 

 



 7 

Chapter 2 Related Work 

2.1 Previous Work 
 

Feature selection is a well-known machine learning problem and has 

been widely studied by the artificial intelligence community.  Typically, 

feature selection has been a supervised learning task in which the selection 

of a subset of features is chosen from a given set of labeled feature 

attributes.  Many techniques have been designed and tested to solve this 

problem area. 

 

Koller et al. [8] proposed a technique by using information theory to 

maximize the amount of information of the selected subset of features 

contained.  Cohen et al. [9] proposed the Principal Feature Analysis 

technique, which is based on the very popular method of Principal 

Component Analysis (PCA) and applied to facial recognition.  Siedlecki et al. 

[10] incorporated a genetic algorithm (GA) with the k-nearest neighbor 

(KNN) classifier technique to solve the feature selection task.  Mohamad et 

al. [11] investigated feature selection of small and high dimension data using 

a GA with a Support Vector Machine (SVM). In addition, Emmanouilidis et 
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al. (1999) [12] used a genetic algorithm approach to select feature subsets 

for performing classification in neurofuzzy modeling. 

 

Moreover, the idea of applying genetic algorithms and neural 

networks to feature selection is not a novel approach.  Yang and Hanovar 

[4] researched combinations of genetic algorithms and neural networks for 

pattern classification.  As mentioned, Emmanouilidis et al. (1999) [12] 

investigated a GA approach for classification in neurofuzzy modeling.  

Emmanouilidis et al. (2001) [13] further investigated multi-objective 

genetic algorithms (MOGA) to feature selection in neural and fuzzy 

modeling applied to fault diagnosis on machine vibration data.  The use of 

GAs with neural networks for feature selection have been applied across 

many domains such as medical research and diagnosis, pattern 

classification, network intrusion detection, image recognition and stock 

market prediction. 

 

Several studies focus on medical research and diagnosis.  Papers [14] 

[15] implement a neural network (NN) using a GA in order to select features 

for right and left hand movement using electroencephalogram (EEG) data, 

described as a brain control interface (BCI).  Erguzel et al. [16] used a GA 

and a neural network with back-propagation to reduce redundant features 

in EEG pattern data.  Paper [17] utilized a GA - NN approach for 
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electrocardiogram (ECG) feature selection for cardiac arrhythmia detection.  

Baena et al. [18]apply a GA on constructive neural networks (CNN) 

analyzing cancer microarray data in order to predict cancer outcomes.  In 

addition, Yacci [19] investigated a GA artificial neural network (ANN) 

wrapper model to find the highest predicting features with leukemia 

microarray data.  Study [20], proposes a Neural-Genetic system using a 

multilayer perceptron (MLP) neural network for optimal features selection 

in medical datasets. 

 

As mentioned [4] studied feature subset selection using a GA for 

neural network general pattern classification.  Yang et al. investigated 

feature set selection on 4 publicly available datasets [4]:  Glass 

Identification, BUPA Liver Disorders, Wine Recognition and the Wisconsin 

Diagnostic Breast Cancer (WDBC) dataset.  Taskiran [5]performed a 

research study on using GAs for feature subset selection for pattern 

classification using neural networks.  Papers [6] and [7] propose feature 

selection models for classification using GA-based neural networks. 

 

For the classification problem of network intrusion detection, [21] 

employed the use of a GA - NN for feature selection to detect violations of 

network security policies.  Papers [22] and [23], apply a GA and genetic 

search based approaches for image recognition.  Paper [22] utilizes a GA 
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based feature selection approach for target selection with synthetic aperture 

radar (SAR) with a Bayesian classifier.  And, paper [23] investigated a GA - 

NN Eigen-feature based gender image classification technique.  Kim et al. 

[24] identified a GA - ANN for feature set dimensionality reduction for the 

prediction of stock price indexes. 

 

2.2 Contribution and Motivation of this 
Work 

 
This thesis study was motivated by the interest in finding better 

approaches to reduce feature space dimensionality and optimize feature 

selection in data mining and classification problems.  Moreover, this thesis 

was motivated by a strong desire to investigate Genetic Algorithms with 

Artificial Neural Networks for feature selection, and by using Machine 

Learning systems to solve real-world problems.  In several papers [14], [15] 

and [20] using GAs with ANNs for feature selection, the studies suggest GA 

- ANN approaches offer optimal feature subset selection.  While it is true 

that feature subset selection reduces the feature space dimensionality, and 

there are many approaches to feature selection, using GA - ANN techniques 

may provide suboptimal feature sets due to the local minima problem 

associated with the gradient descent back-propagation algorithm.  Study 

[25] proposes more neural network training to avoid the local minima 

problem.  However, more training of the ANN can cause overfitting from 
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overtraining.  Paper [26] looks at outlier detection for finding the optimal 

features, but this still doesn't address the local minima problem.  In the 

prior work, the local minima problem isn't addressed.  The local minima 

problem will be discussed further in background section 3.4.2. 

 

The goal of this thesis is to minimize the local minima problem by 

adding the concept of step decay to the GA - ANN for feature subset 

selection.  Step decay decreases the likelihood of local minima by varying 

size of the steps that are taken on each iteration through the neural network 

algorithm.  This solves the problem by allowing the gradient descent 

algorithm to step over local minimums on the way to finding the global 

minimum.  Because the size of the step degrades as the number of iterations 

increases as you approach the true answer you will be taking smaller steps 

to focus in on the exact answer, or the most optimal features.  In addition, 

this thesis adds validation to the neural network in order to speed up 

network training overall.  If the ANN error gets worse compared to the 

validation set ANN training is halted and restarted.  Moreover, if the ANN 

error remains the same against the validation training over several 

iterations, the ANN training is stopped to avoid overfitting or overtraining 

the ANN to the training feature set.  Validation can also speed up ANN 

training when the minimum of the mean squared error is reached and no 

more training is occurring within the neural network [27] [28] [29].  By 
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reducing the probability of ANN feature set training local minima, the 

optimality of the feature subset selection is increased.  In this thesis, a 

genetically based ANN with validation framework to find the optimal 

feature subset is presented.  This feature subset selection system is called 

GBANN-V, where "V" indicates validation. 
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Chapter 3 Background 

In this chapter, machine learning techniques and artificial 

intelligence algorithms will be presented.  Data mining, supervised and 

unsupervised learning will be described first.   Following is a discussion on 

evolutionary and artificial neural network learning.  Next, feature extraction 

and feature subset selection are defined.  And lastly, the WEKA machine 

learning toolkit is surveyed. 

 

3.1 Data Mining 
 

In its simplest form, Data Mining is the process of retrieving 

information from data in which users or machines can make decisions.  

Data mining looks for structural patterns in data and classifies data in order 

to make predictions.  Data mining uses various techniques such as Machine 

Learning (ML), Artificial Intelligence (AI), statistics and data analysis to 

find patterns in data.  Data mining is the next logical evolution in the 

database and data management industry.  Databases and the data 

management industry developed several critical functionalities that have 

enabled the process of data mining:  data collection and database creation, 
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data management and advanced data analysis.  Data mining overlaps the 

areas of “advanced data analysis” and very large databases (VLDB).  After 

the development of database management systems, database technology 

moved toward more complex database systems such as key-value and 

column store databases, data warehousing, data mining and web-based 

databases [30].  More recently, database technology has moved toward 

large data stores developed and provided by Google, Twitter, and Facebook.  

These large data stores are rich data mining environments.  One could 

regard the World Wide Web (WWW) as the largest data repository; 

however, it presents many data mining challenges due to the combination of 

both structured and unstructured data.  Mining of social media and the 

WWW are being studied using network and graph analysis [31], but that’s 

beyond the scope of this thesis research paper. 

 

Data mining is an interdisciplinary method to extract meaningful 

information from data.  Data mining has its roots in classical data analysis, 

of which the two most important are statistics and machine learning.  

Statistics has its basis in mathematics, whereas machine learning has its 

origins in computing and artificial intelligence.  The two primary goals of 

data mining are prediction and description.  Prediction involves using 

some variables or attributes within the data to predict unknown or future 

patterns of other variables of interest to the observer.  On the other hand, 
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description focuses on describing the data so that it can be easily 

interpreted [32].  Examples of some of the most common data mining tasks 

suggested by Kantardzic are [32]: 

1. Classification – Discovery of a predictive learning function that 

classifies a data item into one of several predefined classes.  

 

2. Regression – Discovery of a predictive learning function that maps a 

data item to a real-value predictive variable.    

 

3. Clustering – A common descriptive task in which one seeks to 

identify a finite set of categories of clusters to describe the data. 

  

4. Summarization – An additional descriptive task that involves 

methods for finding a compact description for a set (or subset) of 

data. 

 
5. Dependency Modeling – Finding a local model that describes 

significant dependencies between variables or between the values of 

a feature in the data set or in a subset of the data set. 

 
6. Change or Deviation Detection – Discovering the most significant 

changes in the data set.    

 

Previously, data mining was considered an integral part of knowledge 

discovery in databases (KDD), which is the overall process of converting 

raw data into useful information, as shown in Figure 1.  This process 

consists of a series of transformation steps, from data preprocessing to post 
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processing of the mining results [33].  Presently, a broader view of data 

mining is being suggested beyond KDD.  This view takes data mining as the 

process of discovering interesting patterns and knowledge from large 

amounts of data.  This is especially relevant since we’re now in the age of 

“Big Data”.  Data mining can be applied to other forms of data such as real-

time data streams, ordered/sequence data, graph or networked data, spatial 

data, text data, multimedia data and the WWW [30]. 

 

 

Figure 1.  The process of knowledge discovery in databases.    
 

 

The high level view presented in Figure 1 shows the basic steps of 

data mining.  The input data can be stored in a variety of formats (flat files, 

spreadsheets, databases, multimedia files, graphics) and may reside in a 

centralized location or be distributed across the WWW.  The purpose of 

preprocessing the data is to transform the raw input into an appropriate 

format for subsequent analysis.  Data preprocessing can involve data 

cleansing, normalization as well as feature selection and dimensionality 
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reduction.  After the data is properly preprocessed it can be analyzed and/or 

data mined.  The post processing step ensures that only valid and useful 

results are provided as useful information.  Post processing includes 

visualizing the results and testing the hypothesis in order to validate data 

mining results.  At the end stage, the result is to have useful information 

[33]. 

 

3.2 Machine Learning 
 

The term “Machine Learning” (ML) was first coined by Samuel in 

1959.  It was given to the field of study that assigns computers the ability to 

learn without being explicitly programmed [34].  ML investigates ways in 

which the computer can gain knowledge directly from data and learn how to 

solve complex problems.  Specifically, ML is more about making computers 

modify and adapt their actions so that these actions become more accurate.  

These computer actions can be about making predictions, controlling a 

robot, speech and face recognition, driving a car or playing Jeopardy.  ML is 

about making these computer actions accurate, where accuracy is measured 

by how well the chosen actions reflect the correct ones [35]. 

 

Machine Learning uses computer algorithms, or a set of computer 

instructions, to analyze domain input in order to achieve a more accurate 

output.  To accomplish more accurate output, ML has become a multi-
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disciplinary approach that utilizes mathematics, statistics, computer 

science, complexity theory, engineering and Artificial Intelligence (AI) [35] 

[36].  Machine Learning is typically divided into two (2) main types:  

Supervised and Unsupervised Learning.  There is also “Semi-Supervised” 

Learning, which combines facets of both Supervised and Unsupervised 

Learning.  Reinforcement Learning and Evolutionary Learning are two 

more recent additions to ML approaches.  Evolutionary Learning will be 

discussed in section 2.3 along with the subject of Genetic Algorithms (GA).  

GAs use a combination of evolutionary processing with reinforcement 

learning using the concept of “fitness” [37] [38] [39]. 

 

3.2.1 Supervised Learning 

Supervised Learning is a type of ML where a training set of data is 

provided that maps to the correct class labels and/or objects.  This type of 

learning is considered supervised because the training data is shown what 

the desired output should be.  A supervised learning algorithm analyzes the 

training data through a machine learning model and infers a mapping 

function that can fit the training data to the correct classes.  How well the 

supervised learning algorithm classifies the training data to the correct 

objects determines how accurate the model is.  Typically, accuracy is 

determined by the percentage of correctly classified instances from the test 

set by the supervised learning algorithm [35] [1].   
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3.2.1.1 Classification  

How supervised learning algorithms learn is through “classification”.   

Classification is probably the most studied of the data mining tasks.  

Classification consists of taking a set of input data and deciding which of N 

classes they belong to.  Classification can be binary in the form of: “the 

training instance either belongs to the class or it doesn’t”, or multiclass 

classification where there are more than two classes like a “small green car” 

or a “large silver airplane”.  Once the supervised learning algorithm learns, 

it is considered a “classifier”.  A way to formalize classification is as function 

approximation, as in y = f(x).  The goal of the classifier is to estimate the 

function f given the labeled training set (x) [1].  In essence, classification is 

the process of classifying or assigning each data point to the appropriate 

category or class. 

 

Some of the simplest classification methods are linear classification 

techniques such as linear regression, linear discriminate analysis (which is 

closely related to linear regression and analysis of variance or ANOVA), and 

support vector machines (SVMs).  Each of these techniques uses a linear 

model to classify data objects.  In general, classification algorithms can be 

evaluated on how well they perform by their accuracy or how well they 

classify the data instances.  For example, in linear regression with one class, 

Figure 2 shows a plot of University GPA as a function of High School GPA.  
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In this model, we would look at the fit of the linear equation in terms of its 

R2 coefficient [40].  It should be noted that classification is a non-

deterministic task, in that, one cannot be sure that a classification rule will 

have a high predictive accuracy on a test set of data, or data unseen by the 

classifier [41].  In addition to linear approaches to classification, another 

type of classification technique called an Artificial Neural Network (ANN) 

will be presented in section 2.4. 

 

 

Figure 2.  University GPA as a linear function of High School GPA 



 21 

3.2.2 Unsupervised Learning 

As opposed to Supervised Learning, with Unsupervised Learning the 

correct class data is not provided.  Unsupervised Learning is an ML 

technique where only the output data is provided without any inputs.  The 

goal of unsupervised learning is to discover similarities within the data and 

group these similarities together.  The key benefits of unsupervised learning 

are that the majority of data are not labeled into classes like what is needed 

for classification problems, and that human experts are not needed to 

manually label the data, which can be expensive and time consuming.   

Unsupervised Learning uses “clustering” techniques in order to group like 

data together [35] [1]. 

 

3.2.2.1 Clustering  

Where classification consists of taking a set of input data and 

deciding which of N classes they belong to, “clustering” refers to the process 

of grouping similar things together.  A very simple example of grouping 

similar things together or clustering is when one issues a SQL query against 

a database while using the GROUP BY statement.  In effect, this statement 

will group attributes by what is provided in the SELECT statement and the 

GROUP BY clause.  If we have a “Demographic Database”, for example, one 

may want to group the age demographics, or the age and income level 

demographics, or the age, income level and education level demographics, 
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and the like.  Depending on how much information is stored in a 

“Demographic Database” there can be many grouping/clustering options 

available. 

 

If data is not present within a database or the data is unlabeled there 

are other clustering approaches that can be used to find structure within the 

data.  These types of clustering algorithms fall into several types:  

hierarchical, partitioning based and density-based clustering.  In 

hierarchical clustering the data is decomposed into a “hierarchical” set of 

objects.  Hierarchical methods of clustering can use either a bottom-up 

approach (agglomerative), or a top-down approach (divisive).  An example 

of a hierarchical clustering method would be placing data objects into a 

“tree” of clusters using probabilistic or Bayesian algorithmic methods.  

Another method that can be used in hierarchical approaches is Euclidian 

distance from the center of the cluster in order to place objects within a 

particular cluster or sub-cluster [30] [41] [1]. 

 

One of the most utilized partitioning methods is k-Means Clustering.  

K-Means Clustering constructs k partitions of the data, where each partition 

represents a cluster such that k <= n, and where n is the size of the data set.  

In the k-Means method, there are k clusters that are less than or equal to 

the size of the data.  K-Means defines a centroid of a cluster as the mean of 
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the points within that cluster and then assigns objects to the cluster that the 

object is most similar with based on the Euclidian distance between the 

object and the clusters.   A notional K-Means clustering with three (3) 

clusters is shown in Figure 3.  On the other hand, while partitioning and 

hierarchical approaches to clustering can use distance measures, density-

based clustering creates clusters according to their neighborhood of density.  

A cluster is defined as a maximal set of density-connected points, where a 

cluster is a dense region in the data space that is separated by regions of 

lower object density.  While clustering algorithms are good at finding 

structure within unlabeled data, it is difficult to evaluate their performance 

vis-à-vis classification algorithms [30] [41] [1]. 
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Figure 3.  Notional K-Means clustering with three clusters 

 
 

 

3.3 Evolutionary Learning 
 

Evolutionary Algorithms (EAs) are a type of Artificial Intelligence 

that form the basis of Evolutionary Learning.  EAs are biologically inspired 

computer algorithms that use simulated “evolution” to solve complex 

problems.  Through biological evolution, organisms adapt to their 

environments in order to improve their chances of survival and carry on 
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their genes through their offspring.  EAs model biological evolution to 

achieve this same end.  Many computational problems require a computer 

program to be adaptive, i.e. to continue to perform well in a changing 

environment.  An example of the need for adaptation in computer 

algorithms would be robotic control in which a robot was trained to play 

soccer, but is now instructed to play tennis.  In AI terms, a robot trained to 

play soccer and then play tennis would be considered a “generalization” 

[36].  Moreover, many computational problems involve the search through 

a large number of possibilities for solutions.  In biology, evolution is the 

method of searching among an enormous number of possibilities for 

solutions.  EAs can take advantage of this biological approach in order to 

explore the search space. 

 

EAs contain a population of individuals, or candidate solutions.  

Within EAs, each individual has fitness or its solution strength, which is 

how well the individual solves a particular problem.  Evolutionary 

algorithms generate new individuals the same way biological processes 

create new individuals through Crossover and Mutation.  Crossover swaps 

genetic information between two (2) individuals in the population in order 

to create a new individual.  On the other hand, Mutation changes a small 

section of the genetic material of an individual to create a new one.  EAs use 

fitness as a selection method to determine strong candidates for crossover 
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and mutation.  As a result, the better fit individuals in the population will be 

selected to pass their “genetic material” on to future generations of 

individuals in order to achieve a solution to the problem being investigated.  

EAs are a heuristic method based on ‘survival of the fittest’ [37] [38] [39] 

[41]. 

 

There are four (4) main paradigms of EAs [41]:  Evolutionary 

Strategies (ES), Evolutionary Programming (EP), Genetic Programming 

(GP) and Genetic Algorithms (GA).  ES approaches have individuals that are 

a real-value vector.  Evolutionary Strategies only looked at mutation as the 

primary exploratory search mechanism, however, there are some ESs that 

use both mutation and crossover.  Evolutionary Programming was 

developed to evolve finite state machines (FSM).  Like ES approaches, EP 

only uses mutation as its adaptation and search operation.  Genetic 

Programming is very much like Genetic Algorithms, except that GPs utilize 

a genetic structure that is like a tree whereas GAs use a bit string.  GPs use 

the full evolutionary operators of crossover and mutation like GAs, but their 

genetic material is actual executable programs that are executed, tested in 

their environment and then evolved [42].  An notional GP gene graph can 

be illustrated in Figure 4.  Each “f” node of the gene graph represents a 

function and each “t” node of the GP gene graph is a terminal.  The “hash 
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tag” or “#” operator is a wild card that can match any operator.  In contrast, 

a discussion of Genetic Algorithms follows in section 2.3.1 

 
 

Figure 4.  A Notional GP Gene Graph With Functions, Terminals 
and Wild Card Operators 
 

 

3.3.1 Genetic Algorithms 

Genetic Algorithms were invented by John Holland in the 1960s and 

then implemented by Holland, his students and colleagues at the University 

of Michigan in the 1960s and 1970s.   Holland's goal was to understand the 

phenomenon of adaptation as it occurs in nature through evolution and how 

adaptation could be applied to computer systems.  Holland presented his 

theories in his 1975 book Adaptation in Natural and Artificial Systems [37] 

[38] [39] [39].  Holland expanded GAs to Learning Classifier Systems 

(LCSs) in his 1995 book Hidden Order [37]. 
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Genetic Algorithms (GAs) use evolutionary processing to achieve the 

optimization of solutions to problems.  In their simplest sense, GAs are 

represented as bits of 0s and 1s in a binary chromosome as shown in Figure 

5.  Like GPs, GAs utilizes the wild card operator that can match anything.  

The purpose of the wild card operator is to create generality, whereas a 

solution of zeros and ones is specific.  In GAs, a single chromosome 

represents a proposed solution to the problem, which is tested by applying 

the bit pattern solutions to the problem domain or problem environment.  

The success of the potential solution is calculated by a numerical fitness 

factor using a fitness function that accepts the chromosome as input and 

produces a value of fitness as output [37] [38] [39]. 

 

 

0 11 01 # 01 0 # 1 1 1
 

Figure 5.  Genetic Algorithm Binary Chromosome with Wildcard 
 
 

The many possibilities of a GA binary chromosome are called alleles 

(the zeros and ones).  For instance, a bit pattern of 10010110110, in the 

genotype may express a robot moving left in a maze, and another bit pattern 

may express a robot moving forward.  A genetic algorithm then optimizes 

the solution to a problem by operating on a set of chromosomes, or 

genotypes, to modify and combine them, to create new chromosomes that 
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are placed in the population and tested with the fitness functions to 

determine how well they perform.  This solution of chromosomes is adapted 

and improved with evolutionary processing [37] [38] [39].  The bit pattern 

of the chromosome is cut and spliced with that of another chromosome to 

make a third chromosome or child, as shown in Figure 6. 

 

0 11 01 0 11 0 0 1 1 1 1 10 01 0 01 0 0 1 1 1

0 11 01 # 01 0 # 1 1 1

Parent 1 Parent 2

Child

Crossover point

 
Figure 6.  Evolutionary Crossover Operation Creating New Child 
Chromosome 
 

 

Genetic Algorithms are a heuristic method based on ‘survival of the 

fittest’.   GAs are useful when search space very large or too complex for an 

analytic treatment.  In each generation or iteration of possible solutions, 

individuals represented as strings of numbers as in Figure 6.  Each 

individual is initialized with a random strength or fitness and then placed 

into a population of individuals.  All individuals in the population are 

evaluated by a fitness function.  Individuals reproduce by selection and then 

they crossover with other individuals in the population or mutate [37] [38] 
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[39].  The basic flow of a Genetic Algorithm can be followed in Figure 7 

(below).  First, the population of individuals is initialized.  Next, individuals 

are evaluated on their fitness and reproduce.  Fit individuals are then 

allowed to exploit and explore their environment, and then they are re-

evaluated afterward.  This process continues over several generations or 

iterations until an optimal solution is achieved or processing is stopped. 
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Figure 7.  The Genetic Algorithm Process Flow 
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3.4 Artificial Neural Network Learning 
 

A Neural Network is a massively parallel distributed processor made 

up of single processing units, called neurons.  Neural networks were 

originally proposed by Nathan Rashevsky in 1938 [43] and further 

developed by McCulloch and Pitts in 1943 [44].  Similarly, the human brain 

is composed of neurons that when stimulated will fire or not fire based on 

the amount of stimulation received.  Neurons are connected to other 

neurons by synapses. When a neuron fires it causes some action (whether it 

is stimulating another neuron or causing an end result, like moving your 

arm or leg).  Neural Networks have been used to classify many items from 

Chinese characters, credit checks, gas turbine engine vibration [45], military 

vehicles as well as spoken word through Natural Language Processing [46]. 

 

Much like the human brain, Artificial Neural Networks (ANNs) are 

meant to resemble the neural connections of the human brain.  The ANN 

version of the neuron is called a perceptron.  Perceptrons accept input 

(stimuli) along connections (synapses) and produce output (actions) (Figure 

8).  Each neural network connection has a weight (Wi) associated with it. 

This weight is then multiplied by the input value (Xi).  The total input (Ii) to 

a perceptron is computed as the sum of the weighted input values over all 

the connections/synapses attached to the perceptron for i = 1 to m 

(equation 1). The activation value (Ai) of the perceptron is then calculated 
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by applying an activation function to the sum of weighted inputs (equation 

1). An activation function that is commonly used is the sigmoid activation 

function (equation 2). The sigmoid activation function like other activation 

functions is nonlinear.  The sigmoid function or “squashing” function 

introduces critical nonlinearities in the system and allows the output values 

to have a range of -1 to 1, or 0 to 1.  The sigmoid activation function has a 

typical “S” pattern as shown in Figure 9 [47].  An interesting point about 

ANNs is that they are considered a “universal approximator”, in that, a two 

layer (linear output) network can approximate any continuous function on a 

compact input domain to arbitrary accuracy given a sufficiently large 

number of hidden units   [27] [28] [29].  

 

Figure 8.  The Artificial Neural Network Perceptron 
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Figure 9.  The ANN Sigmoid Activation Function “S” Pattern 

 

 

3.4.1 Multilayer Perceptron 

 Given that the function of a single neuron is very simple, it 

subdivides the input space into two regions by a hyperplane.  To imagine 

this hyperplane for a simple two-dimensional, two-class classification 

problem this simple decision boundary or hyperplane could be a straight 

line where W1X1 + W2X2 = 0.  Figure 8 describes only a single perceptron.  
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The complexity and learning of the Neural Network must come from having 

more layers of neurons involved in a complex action (like recognizing an 

airplane or a spoken word in all possible situations).  

 

A multilayer feed forward perceptron is a type of neural network in 

which each layer receives its inputs from the previous layer and forwards its 

outputs to the next layer.  A typical multilayer feed forward perceptron 

consists of three layers that are connected to each other.  The first layer is 

called the input layer. In this layer there is a node for each input value.  The 

second layer is called the hidden layer which consists of the middle set of 

nodes. The last layer is the output layer, from which results of the ANN are 

generated.  There may be multiple output neurons for different 

classifications. 

 

An example of a feed forward multilayer perceptron (MLP) can be 

viewed in Figure 10.  The inputs 1 to 5 are the inputs to the neural network.  

The outputs from the input layer “feed” the hidden layer.  The hidden 

neuron layer is not seen directly by the inputs or the output of the neural 

network.  The purpose of the hidden layer is to extract higher-order 

statistics from the input layer, adding an extra dimension of neural 

interaction.  The hidden layer can have 1 or more hidden layers and any 

number of hidden neurons.  Figure 10 only shows 4 hidden neurons in the 
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hidden layer, but there can be any number of hidden neurons and there are 

areas of research dedicated to the optimal number of hidden layers and 

hidden neurons.  The hidden layer then feeds or provides an input to the 

output layer.  A fully-connected ANN essentially means that every each 

neuron in the network is connected to every node in the next forward layer.  

As with a single perceptron, the connections between the neurons in an 

MLP are weighted as shown in Figure 10.  Figure 10 also shows a binary 

classifier MLP.  ANNs offer the benefit of being able to classify more than 

one object or class. 

 

Figure 10.  Fully Connected Feed Forward Multilayer Perceptron 
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3.4.2 Backward Propagation 

Supervised machine learning techniques like neural networks need a 

set of training data.  Training data allows the neural network to learn the 

patterns that are present in the data. Error back-propagation or simply 

“back propagation” is typically used to train ANNs.  Assuming a linear error 

E = (a – i), where the Error = the ANN activation – actual input, back 

propagation works in the following manner.  The training data is 

propagated through the network in a feed forward approach as described in 

section 3.4.1 above. This produces output values, these values are compared 

to the actual values for the dataset and an error is calculated (equation 3) 

for the output node(s). This error is then propagated back through the rest 

of the network adjusting the connection weights for better results, hence the 

name “Back-Propagation”.  The intelligence or knowledge in ANN is stored 

in the weights of the connections, and by training the network the ANN 

finds the appropriate weights for the connections so that the ANN produces 

the right input/output behavior dictated by the data. In equations 3 and 4, 

δk is the kth output node's error. It is calculated from ok the network's actual 

output value for that node and tk the desired output value.   The hidden 

nodes' errors are calculated by taking the sum of all the weights, Wkh, 

multiplied by the errors from the connecting output (δk) nodes, and then 

multiplying the sum by the output of the hth hidden node (oh). The back-

propagation algorithm is an implementation of the gradient descent search 
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method. The error back-propagation algorithm searches in the space of 

weights for the minimum of the mean squared error [27] [28] [29]. 

 

  

𝛿𝑘 = 𝑜𝑘(1 − 𝑜𝑘)(𝑡𝑘 − 𝑜𝑘) 
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With the gradient descent algorithm, the local minimum problem 

can arise.  In gradient descent, the algorithm traverses the space by taking 

steps in the direction that appears to be the best at the current moment with 

the expectation that the best overall (or global) position is in that space. The 

back-propagation algorithm stops searching when all possible next steps 

bring you farther away from your goal, which is the lowest possible error. 

The local minimum problem occurs when you have areas in your space that 

are a local minimum (the lowest in their local neighborhood) but are not the 

lowest value in the whole space, so as the algorithm traverses the space it 

can be drawn into a local minimum instead of a global minimum.  This can 

be visualized in Figure 11.  There are several approaches to solving the local 
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minima problem.  One solution to this problem is by using step decay.  

Decay varies the size of the steps that are taken on each iteration through 

the back-propagation algorithm. This solves the problem by allowing the 

algorithm to step over local minimums on the way to finding the global 

minimum. Because the size of the step degrades as the number of iterations 

increases as you approach the true answer you will be taking smaller steps 

to focus in on the exact answer.  Another approach is to simply reset the 

network with random synapse weights.  Additionally, a momentum value 

can be used in which this training iteration not only depends on the current 

error, but also on previous weight changes.  Another notion to decrease the 

likelihood of local minima is to use a validation set where the training set is 

validated against another smaller training set.  If the ANN error gets worse 

compared to the validation set, ANN training is halted and restarted.  

Moreover, if the ANN error remains the same against the validation training 

over several iterations, the ANN training is stopped to avoid overfitting or 

overtraining the ANN to the training feature set.  By randomly resetting the 

neural network training with validation, the probability of local minima can 

also be reduced since training will be halted and restarted because the ANN 

training error diverged from the validation set.  Validation sets can also 

speed up ANN training when the minimum of the mean squared error is 

reached and no more training is occurring within the neural network.  This 

is called early stopping, and reduces overfitting [27] [28] [29]. 
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Figure 11.  Network Error and Global and Local Minima 
 

 

 

3.5 Feature Extraction  
 

Feature extraction and feature selection are often considered the 

same concepts.  Feature extraction, also referred to as feature induction is 

the process of creating or learning useful transformations of the original set 

of input features. There are rule-based approaches such as decision trees or 

rule induction that can derive features that are directly interpretable to the 

end user. An example of this type of decision tree approach is Classification 

and Regression Trees (CART) [48], which will be looked at again in section 

5.  In other cases, the extracted features can model complex interactions 
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between the observed input features. In the case of a layered model such as 

an ANN or deep belief net [49], each level of derived features tends to 

model more abstract concepts than the previous. 

 

For example, in the process of learning to recognize objects in 

images, the first layer of an ANN or deep belief net might produce derived 

features that correspond to detected edges, the next to detected visual 

features, and the deepest to actually detected objects as in the case of 

character recognition or other object types.  A feature extraction method 

such as a deep belief net or ANN learns either/or relationships and 

complexities about the data, and is adaptable as the data changes [28] and 

[50].  In essence, ANNs extract meaningful information and learn 

intricacies about the data.  On the other hand, feature selection approaches 

are more interested in finding the best predictors or improving the 

prediction performance of the variables in a classification problem.  

 

3.6 Feature Subset Selection  
 

In the previous section (3.5), feature extraction was presented to 

illustrate how complex relationships within the data can be learned through 

the use of ANNs.  Feature subset selection is the process of selecting subsets 

of predictors that when combined together have the best predictive power.  

Subset selection reduces the dimensionality of the feature input space.  
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There are primarily two approaches to variable subset selection:  Wrappers 

and Filters.  Filters select variable subsets as a pre-processing step 

independent of the classification technique.  In other words, Filters are 

agnostic to the learning algorithm being used to classify the data set.  With 

Filters, the set of input features are fed into the feature subset selection 

technique and then once the feature subset space is selected it is processed 

through the classification algorithm (Figure 12). 

 

 

Figure 12.  Feature Subset Selection with Filters 

 

 

Filters can use statistical techniques to rank variables based on their 

correlation to the class.  An example of this type of approach is the 

Correlation-based Feature Selection (CFS) approach.   CFS ranks the 

highest correlated variables as predictors of the class but are uncorrelated 

with or not predictive of each other [51].  The problems arise with this type 

approach when there are multiple classes as well as learning the 

complexities of the feature set.  Also, CFS assumes highly correlated 

features are redundant and doesn’t take in account features that are useless 

by themselves can provide performance improvements when assembled 
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with other input features.  Very high variable correlation (or anti-

correlation) does not mean the absence of complementary features [52].  

CFS may be very fast in selecting useful features but it may miss the feature 

complexities that an ANN will find. 

 

Like Filters, Wrappers rank feature subsets according to their ability 

to correctly recognize the correct class, however, their approach is different.  

Instead of preprocessing the input data, wrappers “wrap” a machine 

learning technique within the feature scoring process, a wrapper uses the 

classifier itself to evaluate feature subsets.  Wrappers search the feature 

input space and then evaluate the best performing features through the use 

of a classification algorithm.  This allows the wrapper approach to find 

complementary features and learn the feature set complexity.  Once the best 

performing feature subset is selected it is passed to the classification 

approach for final evaluation (Figure 13).  Typically, the goal of the wrapper 

algorithm is to maximize the classification accuracy by finding an optimal 

feature subset.  The Wrapper is considered a “black box” approach to 

feature subset selection [53].  Once the black box method has been created 

it can be used for other classification problems where input feature 

reduction is desired.  Wrapper methods are considered computationally 

intensive and are known to be NP-hard as the dimensionality of the feature 

space increases [54].  However, wrappers often achieve better classification 
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performance than filters because of the interaction between the 

classification algorithm and the complexities of the training data [55] [56]. 

 

 

Figure 13.  Feature Subset Selection with Wrappers 

 
 

3.7 WEKA 
 

In order to gather meaningful experimental results there needs to be 

an application that can easily integrate machine learning techniques as well 

as provide significant output.  Several machine learning programs and APIs 

were investigated; however, none seemed to integrate well with each other 

or would require considerable time and effort to produce meaningful 

results.  MATLAB, the Encog Java Neural Network [47], Java 

Implementation of Neural Networks [57], and Practical Neural Network 
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Recipes in C++ [58] were part of this investigation, but they didn’t have an 

integrated Genetic Algorithm component.  Likewise, there are several open 

source GAs available, and one could be developed from scratch based on 

Goldberg’s work [38] but they also have the same problem of not having an 

ANN component. 

 

Integrating these GA and ANN applications would be possible; on the 

other hand, the results from both programs would not be unified since they 

are separate applications and not an integrated product suite.  As a result, 

WEKA (version 3.6.9), a data mining and classification tool from the 

University of Waikato in New Zealand [59] [60] was selected for the basis of 

the machine learning investigation.  Weka is an open source Java 

application that can be downloaded from the Web [60].  The Weka system 

contains some visualization, pre- and post-processing tools as well as a suite 

of data mining algorithms for classification, clustering and associations, 

including ANN and GA APIs.  One of the best features of Weka is that one 

can easily integrate and test various machine learning techniques within 

one tool suite. 

 

There are three main modes that WEKA can run in: command line, 

experimenter GUI, and explorer GUI. The command line has all the 

functionality that the GUIs provide, but the GUI provides ease of use.  The 
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experimenter holds all of the visualization, pre- and post- processing 

functionality as well as letting you run single experiments with any of the 

mining algorithms. The explorer allows users to run sets of test with any of 

the classification algorithms. The input data for this system is in an ARFF or 

database format.  The ARFF format is a WEKA proprietary format and is a 

text file that specifies the attributes and comma or tab separated data. 

 

The WEKA data mining system is extremely useful because of its 

breadth of functionality and the ability that it gives to the user to implement 

new functions or change existing code to better suit his or her purpose.  

Also, the Weka ANN architecture, allows one to specify: number of hidden 

nodes and layers, momentum, learning rate, decay, validation set size and 

threshold, maximum number of epochs, the random seed, whether or not 

you want to normalize the attributes and the class.  In addition, the Weka 

Genetic Algorithm search function allows the user to set the size of the 

population, the number of generations, the crossover and the mutation 

rates.  These ANN and GA parameter settings will be further discussed in 

section 4.4.  

 

The WEKA Machine Learning Toolkit also has an option that will let 

the user see a graphical representation of their neural network 

configuration (Figure 14), which is very useful.  In this example 
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implementation of an ANN a fully connected feed forward network 

architecture that uses the error back-propagation algorithm to train the 

network is shown in Figure 14.  Figure 14 shows the fully connected network 

for a “Computer Performance” model, which comes with the WEKA 

Application and can be downloaded from the UCI Machine Learning data 

repository [60] [61].  The 6 inputs to the ANN are shown on the far left in 

green.  The inputs comprise attributes like cache, min memory, max 

memory, etc.  The ANN hidden layer and 3 hidden nodes are shown in the 

center in red.  In the WEKA toolkit, if the user selects “automatic” for the 

hidden layer, only one hidden layer will be created with the number of 

hidden nodes equal to the number of inputs plus the class divide by two 

(input attributes + class / 2).  The ANN output class is displayed on the 

right of the figure in yellow. 
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Figure 14.  Example WEKA Graphical Representation of ANN – 
Computer Performance Model. 
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3.8 Background Summary 
 

 

In Chapter 3, data mining and machine learning techniques such as 

evolutionary algorithms and artificial neural networks were highlighted.  In 

addition, feature set and feature subset selection were presented as a way to 

reduce the feature space.  In chapter 4, genetic algorithms and artificial 

neural networks will be combined to show how optimal feature subset 

selection can be realized using the WEKA API.  The resulting combined 

architecture is GBANN-V.  Chapter 5 will show GBANN-V’s evaluation and 

experimental results. 
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Chapter 4 GBANN-V 
Methodology 

 
This chapter is broken up into three main sections. First, the 

GBANN-V Architecture is described.  Next, each individual approach of 

GBANN-V is discussed.  Lastly, the implementation of the GBANN-V 

system in terms of WEKA APIs and parameters is presented. 

 

 

 
4.1 GBANN-V Architecture 

 
Historically, pattern recognition and machine learning techniques 

focused on designing single classifiers and making them the most efficient 

and accurate.  The approach of GBANN-V is to step out of this routine and 

combine machine learning techniques into one architectural approach.  

GBANN-V combines Genetic Algorithms and Neural Networks using an 

ensemble of machine learning approaches as presented Figure 15.  The 

notion is that the new approach will be better than the individual machine 

learning techniques separately.  Moreover, the hypothesis is that by 
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combining GAs and ANNs better classifiers will be produced in which 

smaller feature sets will be required to recognize the output class(es).  Most 

importantly, by adding step decay and validation in the neural network the 

most optimal feature subsets will be selected.  Combining pattern 

classification is not a new idea, there have been several texts written on 

Ensemble Methods and combining classification techniques some notably 

from Kuncheva [62], Zhou  [63] , Seni [64] and Rokach [65].  Ensemble 

Methods are basically a way to train multiple learners on how to solve the 

same or multiple problems.  Ensemble Methods combine machine learning 

techniques with the concept of boosting weak learning approaches and 

making them better through joining them into one data mining or machine 

learning method [62] [63] [64] [65]. 

 

Genetic search algorithms have been mentioned by Kohavi and John 

with Wrapper based approaches, however, in 1997 the speed of central 

processing units (CPUs) made GAs very expensive search approaches [53].  

In addition, exhaustive search algorithms, if the number of variables gets 

too large, are known to be NP-hard and the search becomes quickly 

computationally intractable [54].  But, GAs have an advantage over 

exhaustive search approaches, in that, they use evolutionary “survival of the 

fittest” algorithms, which can reduce the search space.  Blondie24 is one the 

first widely known Neural Networks to use GAs to learn how to play 
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checkers [66].  Blondie24 evolved the ANNs to play checkers using the 

process of “natural selection” and pattern recognition to classify the 

checkers on the board as alternative patterns.  Blondie24’s goal was to 

recognize those patterns and maximize its chances of winning through 

evolutionary processing.  Blondie24 was built upon work that involved 

evolving ANNs for assisting mammography [66].  Also, there have been 

other approaches to combining evolutionary algorithms and ANNs such as 

NeuroEvolution of Augmenting Topologies (NEAT).  NEAT’s approach is to 

change the topology and connections of the ANN using evolutionary 

processing to find the best classifier, a process termed “complexification” 

[67]. 
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Figure 15.  GBANN-V Architecture Diagram 
 

Whereas Blondie24 and NEAT evolve the ANN directly to find the 

best classifier, the GBANN-V Architecture (Figure 15) takes a set of features 

as input and uses the Genetic Algorithm to use evolutionary processing to 

search the feature set space of possible classifiers.  The GA selects 

individuals in the population of input features and evaluates their fitness 

using a fully connected Neural Network.  The ANN measures the individual 

as a classifier of the dependent variables.  The accuracy of the individual is 

the fitness measurement, and that is used to select the next set of classifiers 

in the population through evolutionary operators:  selection, mutation and 
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crossover.  Through several generations of evolutionary processing, it is 

hypothesized that reduced feature sets will continue to be produced and fed 

back into the Neural Network, resulting in a final GBANN-V classifier that 

will be as good as or better than all of the features at recognizing the classes.  

In essence, GBANN-V uses the Wrapper based feature set selection 

approach as proposed by Kohavi and John [53], using genetic search to 

search the feature space and ANNs as the GA individual fitness evaluation 

technique to find the best ANN classifier with the goal of reducing the 

features required to classify the problem.  It is proposed that through 

GBANN-V only the best features will be needed to classify the problem, 

which will result in a subset of the full feature set. 

 

 

4.2 Genetic Algorithm 
 

GBANN-V uses Genetic Algorithms (3.3.1) to evolve a population 

from a set of initial individuals to a population of high quality individuals, 

where each individual represents a solution of the problem to be solved. 

Each individual is called chromosome, and is composed of a predetermined 

number of genes. The quality of each rule or chromosome is measured by a 

fitness function as the quantitative representation of each rule’s adaptation 

to a certain environment.  In GBANN-V, the GA’s fitness evaluation is 

performed by an Artificial Neural Network, which classifies each individual 
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chromosome or rule.  The ANN learns the intricacies of the data and 

provides the accuracy of the rule. 

 

GBANN-V follows the standard GA approach.  GBANN-V starts from 

an initial population of randomly generated individuals. Then the 

population is evolved for a number of generations while gradually 

improving the qualities of the individuals in the sense of increasing the 

fitness value as the measure of quality. During each generation, three 

genetic operators are sequentially applied to each individual with certain 

probabilities, i.e. selection, crossover and mutation. The algorithm flow is 

presented in Figure 16.  During the population evaluation process, the 

individual is evaluated by the ANN and its fitness is updated based on how 

it performs. 
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Figure 16.  GA Processing Flow 
 
 

 
4.3 Neural Network Architecture  

 

In section 3.4, the standard fully connected architecture for neural 

networks was described.  Capitalizing on the fully connected ANN 

architecture, GBANN-V utilizes a dynamic neural network approach.  Each 

individual in the GA population is its own ANN based on the chromosome 

of the individual.  As a result, each individual in the GA population will have 

a set of input nodes each connected to one layer of hidden nodes.  The size 

of each ANN varies according the feature set or chromosome selected for 

that specific individual from the population.   For example, an individual 
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with only 5 inputs and 1 classifier will have 4 hidden nodes as depicted in 

Figure 17.  The number of ANN hidden nodes will be n – 1, where n is the 

number of classifiers or features.  Having only one hidden layer and the 

number of hidden nodes equal to n – 1 is to simplify ANN construction in 

the GBANN-V program design and run-time execution. 

 

 
   

Figure 17.  Individual ANN Classifier with one Hidden Layer 
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4.4 WEKA GBANN-V Implementation 
 

WEKA version 3-9 comes with a standard feed-forward 

implementation of ANN that allows one to do cross-validation, validation 

sets, vary the number of epochs as well as several other parameters. 

Moreover, WEKA has a Genetic Algorithm component that has parameters 

to set the population size, the crossover and mutation rates as well as the 

number of generations within its APIs.  In addition, WEKA implements a 

fitness proportionate selection or roulette wheel based selection genetic 

operator as described in Goldberg’s text [38].  In simple terms, a fitness 

proportionate selection operator ensures that individuals with higher fitness 

propagate their chromosomes to future generations much like natural 

selection.  Because of all the component features that WEKA already 

provides, it was decided to adapt WEKA’s GA and ANN APIs to create 

GBANN-V rather than implementing the architecture from scratch.  The 

detailed parameter selection will be presented in the next 2 sections. 

 

4.4.1 GBANN-V – WEKA Genetic Algorithms API Parameters  

 
The WEKA Genetic Algorithms parameters are fairly 

straightforward.  Within the WEKA API or application one can select the 

population size, the number of generations, the probability of crossover, the 

probability of mutation or mutation rate and the report frequency: 
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 Population size – the total number of individuals to process 

through the GA. 

 Number of generations – the total number of generations to 

process the population through the genetic operators.  200 

Generations were chosen for GBANN-V evaluation. 

 Probability of crossover – the probability of the individuals in 

the population to be changed by crossover.  For GBANN-V 

evaluation a crossover probability of 0.6 was selected. 

 Mutation rate or probability of mutation – the likelihood that 

genetic material within each chromosome will change each 

generation.  In GBANN-V, a mutation rate of 0.05 was chosen 

for experimentation. 

 Report frequency – the generation interval in which to 

produce output.  

 

4.4.2 GBANN-V – WEKA Neural Network API Parameters 

 
The WEKA ANN architecture is a little bit more complex than the 

GA.  The WEKA ANN allows the user to specify: number of hidden nodes 

and layers, momentum, learning rate, decay, validation set size and 

threshold, maximum number of epochs, the random seed, whether or not 

you want to normalize the attributes and the class. They also have an option 
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that will let you see a graphical representation of your network 

configuration. This implementation of ANNs produces a feed forward fully 

connected architecture and uses the error back-propagation algorithm to 

train the network.  The important parameters for GBANN-V are outlined 

below: 

 autoBuild – Automatically builds a fully connected feed 

forward ANN.  This option was set to true. 

 hiddenLayers – This parameter sets the number of ANN 

hidden layers and nodes.  The hidden layer option was set to 

automatic, which provides 1 hidden layer with the number of 

hidden nodes = (attributes + classes) / 2. 

 trainingTime – The training time is number of epochs to train 

through or the number of iterations that the ANN passes 

through the training data.  For GBANN-V, the number of 

epochs was set to 500. 

 Reset – This parameter was set to false.  This allows the 

network to reset with a lower learning rate. If the network 

diverges from the answer this will automatically reset the 

network with a lower learning rate and begin training again. 

 learningRate – The learning rate is the amount the perceptron 

weights are updated in order to provide incremental learning.  
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The default learning rate of 0.3 was used for GBANN-V 

testing. 

 Momentum – The momentum parameter is used to speed up 

the back propagation gradient descent algorithm by adding an 

additional weight change.  GBANN-V used the default WEKA 

momentum value of 0.2. 

 Decay – The decay option will cause the learning rate to 

decrease.  Within WEKA it will divide the starting learning 

rate by the epoch number, to determine what the current 

learning rate should be.  The goal of decay is to stop the 

network from diverging from the target output, as well as 

improve general performance by not overlearning or over 

fitting the training data [59].  The decay parameter was used 

to select features within GBANN-V in order to minimize local 

minima and obtain a global minima for the most optimal 

feature subset. 

 validationSetSize – This parameter is set to the percentage 

size of the validation set on which not to train.  The training 

will continue until it is observed that the error on the 

validation set has been consistently getting worse, or if the 

training time is reached in terms of epochs, reducing 
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overfitting.   GBANN-V used a validationSetSize of 20% for 

training and feature selection. 

 validationThreshold  - The validation threshold is used to 

terminate validation testing.  The threshold determines how 

many times in a row the validation set error can get worse 

before training is terminated and reset.  For GBANN-V 

experimentation, the validationThreshold was set to 20, which 

allowed the validation set error to get worse no more than 20 

consecutive times or training was terminated and restarted. 

 

More detailed discussions of the Neural Network learning rate, 

momentum and decay can be found in most any ANN texts.   The texts by 

Bishop [27], Hassoun [50], Haykin [28] and Heaton [47] as well as Gurney 

[29] provide the fundamental concepts and more detailed explanations.  For 

the purposes of GBANN-V, the WEKA default values were chosen and 

experimentation was not performed on changing these values.   There are 

areas of research dedicated to the optimal values of these ANN features.  

Nevertheless, the goal of GBANN-V is to determine if it will reduce the 

feature space through the use of GAs and ANNs. 

 

While not always used in ANN experiments, a validation set reduces 

the probability of over-fitting the constructed neural network model to the 
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data. When using a validation set, a percentage of the training dataset is 

used to check if the accuracy of a partially trained ANN is still improving 

during the training process. This is accomplished by training one iteration 

over the training data minus the validation set and then using the validation 

set to calculate the system's error.   On the next training iteration the old 

error is compared to the new system's error.  If the error increases during 

each of a predefined number of consecutive iterations (epochs), or some 

error level threshold is reached then the training is stopped.  The added 

benefit of using a validation set is that it can speed up ANN training by 

“early stopping” training before going through the total number of epochs.  

A validation set was utilized in the GBANN-V model to reduce over-fitting 

and speed up learning the intricacies of the training data in order to find the 

best attribute features.  Once the best features were found within GBANN-

V, they were processed through a final ANN for classification without a 

validation set and with the learning rate decay enabled. 
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Chapter 5 GBANN-V Evaluation 
and Experimental Results 

This chapter explains the procedure used to evaluate the GBANN-V 

architecture. First, the datasets used and measures for evaluating GBANN-

V’s system's performance are presented. Next, the results of GBANN-V are 

analyzed and discussed. This analysis includes a discussion of the Breiman 

CART Waveform Data [48] and the ADAP Learning Algorithm [68]. 

 

 
5.1 Procedure  

 

5.1.1 Data Sets 

There are 2 datasets used for GBANN-V evaluation:  The Breiman 

Waveform dataset, which contains 5000 instances, 3 classes and 40 

attributes [48]; and the National Institute of Diabetes and Digestive and 

Kidney Diseases – Pima Indian Diabetes dataset.  The Pima Indian Diabetes 

dataset contains 768 instances, 2 classes and 8 features or attributes [68]. 

Table 1 below summarizes the datasets. 
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Table 1.   Data Sets used for GBANN-V Experiments and 
Evaluation 
 
 
Dataset 
Name 

Instances Classes Attribute 
Features 

Location 

Breiman 
Waveform 
Generator 

 
5000 

 
3 

 
40 

UCI Machine 
Learning 
Repository 

Pima Indian 
Diabetes 
Study 

 
768 

 
2 

 
8 

UCI Machine 
Learning 
Repository 

 
 
 
 
 

 
5.2 GBANN-V System Settings 

 
 

 The GBANN-V system settings were presented in sections 4.4.1 and 

4.4.2 for the GA and ANN learning systems, respectively.   These sections 

describe GBANN-V’s mechanics.  These system settings are for both 

evaluation and experimental results.  Following are GBANN-V’s results and 

performance. 
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5.3 GBANN-V Results 
 

5.3.1 Breiman Waveform Dataset Results  

The Waveform Dataset has a feature space of 40 attributes and 3 

waveform classes, h1, h2 and h3, shown in Error! Reference source not f

ound. below.  The height of each waveform is 6 and the linear 

representation of the 40 attributes includes a random noise attribute, which 

contributes to 19 of the 40 features.  A detailed discussion of the feature 

space is presented in CART [48], specifically pages 49 - 55.  The number of 

instances used in this classification set is 5000.   

 

 

Figure 18.  Breiman Waveform Data Plots 
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The attribute features are encoded into the GA as simply their 

attribute number.  For attribute number 4’s bit to be true, the individual 

will show attribute 4, likewise for the other 39 features.  For example, the 

initial population of 100 individuals coded into the GA is presented below 

for chromosomes 1 thru 10 and 91 to 100:  

 
Table 2.   Breiman Waveform Dataset Initial GA Population 
 
Initial population 

Num Fitness  Individual 

1 0.184  4 5 6 11 15 16 19 20 21 22 25 26 29 30 35 36 37 38 39  

2 0.2016  1 5 6 10 12 14 15 19 20 23 24 27 28 29 30 31 32 34 36 39 40  

3 0.351  3 4 8 14 20 26 29 30 32 34 36 37  

4 0.2134  3 4 6 9 13 16 17 22 23 24 25 26 27 29 31 32 34 38 39 40  

5 0.67  30  

6 0.182  2 3 4 5 7 8 10 12 13 16 19 22 23 25 26 27 28 30 35 37 39  

7 0.2044  3 5 9 12 14 15 17 18 19 20 21 22 25 28 32 36 37 38 39 40  

8 0.2022  7 10 11 14 15 18 19 23 24 26 28 29 38 40  

9 0.1658  2 3 4 5 6 7 8 9 10 13 16 18 19 20 21 24 26 27 30 32 34 35 36 

37 39 40  

10 0.669  23 

… 

91 0.278  8 12 16 21 32  

92 0.1646  2 3 4 5 6 8 11 13 14 15 17 19 20 22 24 27 29 30 32 33 34 37 

39  

93 0.2426  1 2 5 8 13 16 18 19 23 25 26 28 29 30 31 33 34 35 38  

94 0.669  32  

95 0.188  2 3 5 8 9 10 13 16 17 21 27 28 29 30 31 33 35 40  

96 0.2094  4 6 9 10 12 13 19 20 24 25 26 27 28 29 30 33 36 37 39 40  

97 0.2574  4 5 6 8 18 19 20 23 24 25 29 33 35 38 40  

98 0.1942  1 3 4 5 7 8 10 16 17 18 19 22 27 30 36 37 39  

99 0.2002  1 4 5 11 14 15 16 21 23 25 27 29 30 32 33 35 40  

100 0.2322  1 2 6 12 14 15 17 18 20 26 29 31 32 33 35 38 39 
 
 

The initial population is randomly generated, as well as their fitness 

measurements.  The fitness values range from very low to moderately high.  
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For GBANN-V, the lower the fitness value, the more fit the individual is.  

This is because the fitness measure is the Mean Absolute Error (MAE) of the 

individual rule after being tested through the ANN classifier.  Therefore, the 

rule’s average accuracy is 1 – its fitness.  As a result, rules that have lower 

fitness, or lower MAE, classify the waveforms better than rules that have 

higher fitness.  After 5 generations, better chromosomes are starting to 

emerge.  Moreover, the individuals are showing more diversity. 

 
Table 3.   Breiman Waveform Dataset after 5 Generations 
 
Generation: 5 
Num Fitness  Individual 

1 0.1264  1 2 3 5 6 7 9 10 11 12 13 14 15 16 17 18 21 23 27 29 32 33 

35 37 40  

2 0.1264  1 2 3 5 6 7 9 10 11 12 13 14 15 16 17 18 21 23 27 29 32 33  

   35 37 40  

3 0.1838  1 3 4 6 7 8 10 12 16 17 20 25 33 36 38 39  

4 0.1878  1 2 4 5 6 9 10 14 17 18 20 21 24 25 26 27 28 30 31 37 38 40  

5 0.1704  1 3 4 6 7 11 12 13 16 17 19 22 23 24 30 35 36 37 39 40  

6 0.1704  1 2 4 7 10 11 13 14 15 17 25 33 36 38 39 40  

7 0.1616  1 4 5 6 9 10 11 12 16 18 19 23 24 37 40  

8 0.191  1 6 9 11 12 13 17 18 20 21 23 25 26 29 30 31 32 34 35 37 38  

9 0.2444  1 2 6 9 11 18 22 25 26 27 28 29 30 31 35 40  

10 0.1736  2 3 5 10 11 12 13 14 15 17 19 22 23 24 27 29 30 31 32 35 38  

   39 40 

… 

91 0.1488  2 4 5 6 7 9 11 12 13 14 15 17 18 23 24 26 27 28 29 35 37 38 

39 40  

92 0.1604  2 3 4 5 6 7 10 11 12 13 14 17 22 23 24 26 27 30 33 34 35 36 

37  

93 0.1572  2 3 4 6 8 9 10 11 12 13 15 18 22 25 26 27 28 29 30 31 35 40  

94 0.1818  3 5 6 9 11 16 17 19 20 21 22 23 24 25 26 29 30 35 36 39  

95 0.2226  1 4 5 9 13 17 18 19 21 23 24 25 26 27 28 29 30 31 33 36 39 

40  

96 0.1322         1 2 3 4 5 6 7 9 11 12 13 14 15 16 17 18 20 21 23 26 27 28 30 

   33 34 35 36 39 40  
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97 0.1906  1 2 4 9 11 12 13 14 15 18 26 30 35 37 38 39 40  

98 0.1772  3 5 6 10 11 15 17 18 19 22 28 29 30 31 32 39  

99 0.1742  2 3 5 6 7 10 11 14 17 18 19 20 22 25 27 29 30 37 40  

100 0.1566  1 3 4 6 7 9 10 12 13 14 16 17 18 19 22 23 24 27 31 32 34 36 

37 38 

 
 
 

Comparing the initial fitness and chromosomes for rules 1 to 3 from 

the initial starting point to generation 5, it can be seen that in all cases the 

fitness or MAE improved by getting smaller.  And, in all cases the 

chromosomes have changed through evolutionary processing.  

Interestingly, rules 1 and 2 are the same after 5 generations in terms of 

fitness and chromosomes, but they have increased in the number of features 

processed through the ANN.  This is not optimal since the objective of 

GBANN-V is to select a smaller feature set that classifies the waveforms as 

good as or better than the full feature set.  

 

 

Table 4.   Comparing Breiman Waveform Initial Population and 
after 5 Generations 

 

Initial population 

Num Fitness  Individual 

1 0.184  4 5 6 11 15 16 19 20 21 22 25 26 29 30 35 36 37 38 39  

2 0.2016  1 5 6 10 12 14 15 19 20 23 24 27 28 29 30 31 32 34 36 39 40  

3 0.351  3 4 8 14 20 26 29 30 32 34 36 37 
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Generation: 5 

Num Fitness  Individual 

1 0.1264  1 2 3 5 6 7 9 10 11 12 13 14 15 16 17 18 21 23 27 29 32 33 

35 37 40  

2 0.1264  1 2 3 5 6 7 9 10 11 12 13 14 15 16 17 18 21 23 27 29 32 33 

35 37 40  

3 0.1838  1 3 4 6 7 8 10 12 16 17 20 25 33 36 38 39 

 

For the Breiman Waveform Dataset, the GA portion of GBANN-V 

was set to evolve for 200 generations.   As expected, GBANN-V’s accuracy 

improved over the 200 generations because of evolutionary pressure or 

“survival of the fittest” processing.  Through the evolutionary operations of 

selection, crossover and mutation, Genetic Algorithms evolve a set of high 

performing rules over time or “generations”.  How GBANN-V’s accuracy 

improved over the 200 generations can be demonstrated in Figure 19. 
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Figure 19.  GBANN-V Evolution Accuracy after 200 Generations 
 

Figure 19 shows each individual’s accuracy for each generation.  

During the first 5 to 10 generations, the population’s fitness increases 

slightly.  However, large improvements in accuracy do not start occurring 

until about 50 to 60 generations under GBANN-V.   One can see that the 

accuracy mass changes most abruptly from 0 to around 70 generations.  

After approximately 70 generations, the population accuracy mass moves 

more gradually until 200 generations.  What’s important to note is that 

there are still individuals in the population that are poor performers, which 
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is illustrated by the outlying accuracy data points.  This is common in GAs, 

but it does not detract GAs from finding an optimal solution. 

 

After 200 generations, GBANN-V selected 24 out of the 40 attributes 

as the best candidates for classification.  This is a reduction of the feature 

set by 16 attributes or by 40%.  While GBANN-V could continue the search 

space past 200 generations, it was determined that its objectives had been 

met.  This will be discussed further in the Conclusions and Future Work 

sections of this thesis.  The 24 attributes that were selected were:  1, 2, 4, 5, 

6, 7, 8, 9, 11, 12, 13, 14, 15, 16, 17, 20, 22, 23, 26, 31, 33, 35, 36, and 37, Table 

5.  Individuals 1 and 2 both have the best fitness, in terms of lowest MAE 

and the 24 selected features. 

 
 

Table 5.   Breiman Waveform Dataset Best Individual 

 
Generation: 200 

Num Fitness  Individual 

1 0.1104  1 2 4 5 6 7 8 9 11 12 13 14 15 16 17 20 22 23 26 31 33 35 36  

   37  

2 0.1104  1 2 4 5 6 7 8 9 11 12 13 14 15 16 17 20 22 23 26 31 33 35 36  

   37 

 

The fully connected Neural Network for the reduced 24 attribute 

feature is presented in Figure 20.  The 24 features or inputs are represented 

by the green nodes on the left side of the ANN.  The ANN’s Hidden Nodes 
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are depicted in red in the center of the figure.  Lastly, the 3 classes of 

waveforms are symbolized by the yellow nodes on the right side of the 

network.  GBANN-V’s performance will be presented vis-à-vis the full 

Waveform feature set in section 5.4.1. 

 

 

Figure 20.  Reduced ANN Feature Set for Breiman Waveforms 
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5.3.2 Pima Indian Diabetes Dataset Results 

The Pima Indian Diabetes Dataset was part of a study from the 

National Institute of Diabetes and Digestive and Kidney Diseases [68].  This 

dataset has 8 attribute features and 2 classes indicating whether or not the 

individual has diabetes.  In essence, it is a binary classification.  The 

number of instances used in this classification set is 768.  Specifically, the 

Pima Indian Diabetes dataset consists of these attributes: 

 
1. Number of times pregnant 

2. Plasma glucose concentration a 2 hours in an oral glucose tolerance 

test 

3. Diastolic blood pressure (mm Hg) 

4. Triceps skin fold thickness (mm) 

5. 2-Hour serum insulin (mu U/ml) 

6. Body mass index (weight in kg/(height in m)^2) 

7. Diabetes pedigree function 

8. Age (years) 

9. Class variable (0 or 1) 

 
 

As with the Breiman Waveform Dataset, the attribute features are 

encoded into the GA as their attribute number.  For a GA attribute bit to be 

true, the individual will show the attribute number, likewise for the other 8 

features.  Given the smaller number of instances and fewer features, it was 
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determined that a smaller population could be used for the experiments.  A 

population size of 50 was settled on in order to process GBANN-V faster.  

The initial population of 50 individuals coded into the Pima Indian GA is 

presented below for chromosomes 1 thru 10 and 41 to 50: 

 
 
 
 
 
 
Table 6.   Pima Indian Dataset Initial GA Population 
 
Initial population 

Num Fitness  Individual 

1 0.34896 3  

2 0.34505 4 8  

3 0.25651 2 3 6  

4 0.34375 5  

5 0.23047 1 2 3 6 7 8  

6 0.24609 2 3 5 6 7 8  

7 0.37891 6  

8 0.34896 3 4  

9 0.34635 7  

10 0.2526  2 3 5 7 8 

… 

41 0.2487  2 3 4 7 8  

42 0.2513  2 3 5 6 8  

43 0.32682 1 4  

44 0.26432 2 3  

45 0.34896 4  

46 0.34375 5  

47 0.24609 1 2 3 4 6  

48 0.32682 1 4  

49 0.32943 1 5 7  

50 0.25  1 2 4 5 7 
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Like the previous dataset, with Genetic Algorithms, the initial 

population is randomly generated, as well as their fitness measurements.  

The fitness values can range from very low to moderately high.  As 

discussed, for GBANN-V, the lower the fitness value, the more fit the 

individual is.  This is because the fitness measure is the Mean Absolute 

Error (MAE) of the individual rule after being tested through the ANN 

classifier.  Therefore, the rule’s average accuracy is 1 – its fitness.  As a 

result, rules that have lower fitness, or lower MAE, classify the Pima Indian 

Diabetes instances better than rules that have higher fitness.  After 5 

generations, better chromosomes are starting to emerge since the Fitness 

level has decreased from the initial population.  What’s interesting to note is 

that there are no longer single chromosome classifiers in the population, 

which were present in the Initial Population.  Below are the chromosomes 1 

thru 10 and 41 to 50 after 5 generations: 

 

Table 7.   Pima Indian Initial GA Population after 5 Generations 
 

Generation: 5 

Num Fitness  Individual 

1 0.22656 1 2 3 6 7  

2 0.22656 1 2 3 6 7  

3 0.23958 2 3 4 5 6 7 8  

4 0.24349 1 2 4 6 7  

5 0.23047 1 2 3 6 7 8  

6 0.26302 1 2 3 5  

7 0.24349 2 3 6 7  

8 0.26693 1 2 3 4 8  

9 0.23177 1 2 3 5 6 7  
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10 0.23438 2 6 7 

… 

41 0.24609 2 3 5 6 7 8  

42 0.2513  1 2 6 8  

43 0.22656 1 2 3 6 7  

44 0.2513  2 3 7 8  

45 0.26432 2 3 7  

46 0.2526  1 2 3 4 5 7  

47 0.35547 1 5 6  

48 0.23828 2 3 4 6 7 8  

49 0.26432 2 3 5  

50 0.23438 1 2 3 4 5 6 7 

 

Comparing the beginning fitness and chromosomes for Pima Indian 

Diabetes Dataset for rules 1 to 3 from the initial starting point to generation 

5, it can be seen that in all cases the fitness or MAE improved by getting 

smaller like the Breiman Waveform Dataset.  And, in all cases, the 

chromosomes have changed through evolutionary processing.  Unlike the 

Waveform Dataset, the rules are completely different after 5 generations.  

However, like the Waveform Dataset, they have increased in the number of 

features processed through the ANN, which is part of the evolutionary 

processing steps.  After 5 generations, individuals 1 and 2 have the same 

chromosomes.  The differences for individuals 1, 2 and 3 for the Initial 

Population through Generation 5: 
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Table 8.   Pima Indian Dataset Initial GA Population and after 5 
Generations Comparison 
 

Initial population 

Num Fitness  Individual 

1 0.34896 3  

2 0.34505 4 8  

3 0.25651 2 3 6  

 

Generation: 5 

Num Fitness  Individual 

1 0.22656 1 2 3 6 7  

2 0.22656 1 2 3 6 7  

3 0.23958 2 3 4 5 6 7 8 

 

 

Similar to the Breiman Waveform Dataset, the Pima Indian Diabetes 

Dataset’s Genetic Algorithm was evolved for 200 generations in order to 

make similar comparisons.   And like the Breiman Dataset, GBANN-V’s 

accuracy for the Pima Indian Dataset improved over the 200 generations 

because of evolutionary pressure or “survival of the fittest” processing.  

After 200 generations, GBANN-V selected 5 out of the 8 attributes as the 

best candidates for classification.  This feature set was reduced by 3 

attributes or by 37.5%, close to the Waveform Dataset’s reduction of 40%. 

 

As with the Breiman Waveform Dataset, GBANN-V could continue 

the search space past 200 generations.  However, it was determined that its 

goals had been met.  This will be discussed further in the Conclusions and 

Future Work sections of this thesis.  The 5 attributes that were selected 
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were:  1, 2, 3, 6 and 7.  Interestingly, in Generation 5 of the evolutionary 

processing, Individuals 1 and 2 both have these same chromosomes as the 

final Generation of 200.  In total, there are 8 individuals with the same best 

performing chromosome for the Pima Indian Dataset with respect to the 

lowest MAE and the 5 selected features.  This suggests that the population 

was becoming more specialized since almost 20 % of the individuals know 

how to classify this problem set.  The best performing individuals of the 

population of 50 after 200 generations are 1, 2, 4, 7, 8, 17, 19 and 30. 

 

Table 9.   Pima Indian Dataset Best Individual 

Generation: 200 

Num Fitness  Individual 

1 0.22656 1 2 3 6 7  

2 0.22656 1 2 3 6 7  

4 0.22656 1 2 3 6 7  

7 0.22656 1 2 3 6 7  

8 0.22656 1 2 3 6 7 

17 0.22656 1 2 3 6 7  

19 0.22656 1 2 3 6 7 

30 0.22656 1 2 3 6 7 

 

The reduced feature set comprises the following attributes: 

 

1. Number of times pregnant 

2. Plasma glucose concentration a 2 hours in an oral glucose tolerance 

test 

3. Diastolic blood pressure (mm Hg) 
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7. Body mass index (weight in kg/(height in m)^2) 

8. Diabetes pedigree function 

 

It is interesting to note that the cohort selected for the Pima Indian 

Diabetes Study were all women.  While this does not indicate a higher 

propensity of diabetes, the “number of times pregnant” is a classifier for the 

for this classification problem.  It is not surprising that “body mass index” 

and “plasma glucose concentration” are strong predictors of diabetes in this 

study.  What is surprising is that “diastolic blood pressure” comes out as a 

higher predictor than “skin fold thickness” and “age”.  It could be that 

“diastolic blood pressure” is highly correlated with “body mass index”, 

however, that determination is outside the scope of this study. The Diabetes 

Pedigree Function (DPF) was developed as part of the research on the 

ADAP Learning Algorithm.  The DPF uses information from parents, 

grandparents, full and half siblings, full and half aunts and uncles, and first 

cousins. It provides a measure of the expected genetic influence of affected 

and unaffected relatives on the subject's eventual diabetes risk [68]. The 

diabetes pedigree function while interesting as a measurement and 

mathematical function, is only important to this research as a GBANN-V 

classifier of the correct instances for the Pima Diabetes Dataset. 
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The fully connected Neural Network for the reduced 5 Pima Indian 

attribute features is presented in Figure 21.  The 5 features or inputs are 

represented by the green nodes on the left side of the ANN.  The ANN’s 

Hidden Nodes are depicted in red in the center of the figure.  Lastly, the 2 

classes of whether or not a person has tested positive or negative for 

diabetes are visualized by the yellow nodes on the right side of the network.  

GBANN-V’s performance for these features will be presented with respect to 

the complete Pima Indian features in section 5.4.2. 

 

 

Figure 21.  Reduced ANN Feature Set for PIMA Diabetes Data 
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5.4 GBANN-V Performance 
 

In order to show meaningful classification performance it is best to 

use cross validation.  Whenever data are processed and data mining 

techniques are used there is a possibility of the experiment biasing the 

results.  K-fold cross validation is a technique by which sampling bias can 

be reduced.  The initial data are randomly partitioned into k mutually 

exclusive subsets or “folds”, each of approximately equal to size, as shown in 

Figure 22.  The training and testing are performed k times. The accuracy 

estimate is the overall number of correct classifications from the k-

iterations, divided by the total number of samples in the initial data.  In 

general, cross validation is recommended for estimating classifier accuracy 

because of its relatively low bias and variance [69]. 

 

For this thesis, a 10-fold cross validation is utilized.  The dataset is 

randomly broken into 10 folds or subsets. Evaluation is repeated 10 times, 

each one with a different fold used as the test section while the remaining 9 

sections are used as the training data (Figure 22). The results of each test 

are then averaged together to get the desired metric values. This makes sure 

that reliable results are produced, by reducing the bias that could occur if 

classification testing was performed across the entire. 
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Figure 22.  10 Fold Cross Validation – With Training and Testing 
Data 
 

 

5.4.1 Breiman Waveform Dataset GBANN-V Performance 

So far it was shown in section 5.3.1 that GBANN-V, using Genetic 

Algorithms with a fully connected Neural Network architecture, was able to 

reduce the feature set by 16 attributes or by 40%.  The fully connected ANN 

is presented in Figure 20 in Section 5.3.1.  Next, GBANN-V’s results are 

compared to the performance of the full feature set of 40 attributes run 

through a fully connected ANN for the 5000 instances. 
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To minimize over fitting of the data set, each performance test was 

processed through a 10-fold cross-validation testing scheme.  The WEKA 

output for the ANN full feature set classification is provided in Figure 23.  

The full 40 features classified 4,289 or 85.78% waveforms correctly, and 711 

or 14.22% incorrectly.  Moreover, the weighted average precision and recall 

measurements are 85.8%, respectively. 

 

Figure 23.  ANN Breiman Waveform Full Feature Set 
Classification 
 

Next, the WEKA output for the GBANN-V reduced feature set 

classification is provided in Figure 24.  GBANN-V reduced the Waveform 

feature set from 40 attributes to 24 as discussed in section 5.3.1.  The 

reduced 24 features classified 4,292 or 85.84% of the waveforms correctly, 

and 708 or 14.16% incorrectly.  Moreover, the weighted average precision 

and recall measurements are 85.9% and 85.8%, respectively.  GBANN-V’s 
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reduced features performed on par or slightly better with respect to the full 

Waveform feature set. 

 

 

Figure 24.  ANN Breiman Waveform Reduced Feature Set 
Classification 
 

5.4.2 Pima Indian Diabetes Dataset GBANN-V Performance 

Like the Breiman Waveform Dataset in section 5.3.1, the Pima Indian 

experiments demonstrated that GBANN-V with a Genetic Algorithms and a 

fully connected Neural Network architecture was able to reduce the feature 

set by 3 attributes or by 37.5%.  These results, although lower than the 

Breiman experiments, are close in terms of the percentage amount of 

feature reduction.  The results produced by GBANN-V are compared to the 

performance of the full feature set of 8 attributes executed through a fully 

connected ANN for the 768 instances. 
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The exact same process used to minimize over fitting with the 

Breiman Dataset was used with Pima Diabetes Dataset.  Each performance 

test was processed through a 10-fold cross-validation testing scheme.  The 

WEKA output for the ANN full feature set classification is provided in 

Figure 25.  The ANN full feature set of 8 attributes classified 580 75.52% 

individuals with diabetes correctly, and 188 or 24.48% incorrectly.  

Moreover, the weighted average precision and recall measurements are 

74.9% and 75.5% respectively.  These can be viewed by the output below: 

 

 

Figure 25.  ANN PIMA Diabetes Data Full Feature Set 
Classification 
 

 

The GBANN-V reduced feature set classification is provided in Figure 

26.  GBANN-V reduced the Pima Indian Diabetes feature set from 8 

attributes to 5 as discussed in section 5.4.1.  The reduced feature set 
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classified 586 or 76.30% of the individuals with diabetes correctly, and 182 

or 23.70% incorrectly.  Moreover, the weighted average precision and recall 

measurements are 75.8% and 76.3%, respectively.  GBANN-V’s reduced 

feature set performed better than the full 8 attributes with a fully connected 

Feed Forward Multilevel Perceptron (ANN). 

 

 

Figure 26.  ANN PIMA Diabetes Data Reduced Feature Set 
Classification 
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Chapter 6 Conclusion 

6.1 Contributions 
 

The main contribution of this work is the GBANN-V system that uses 

Genetic Algorithms and Neural Networks with step decay and validation to 

reduce the feature space to an optimal set for classification problems.  The 

novelty of this approach successfully reduces the number of features as well 

as reduces the complexity of the ANN, given that there are fewer features to 

process through the fully connected Neural Network. The complexity of the 

ANN is reduced by decreasing the number of connections between the input 

and hidden layers of the neural network. 

 

According to the experimental results, after 200 generations, 

GBANN-V selected 24 out of the 40 attributes as the best candidates for 

classification for the Breiman Waveform Data Set.  This is a 40% reduction 

in features with the same classification performance as the full feature set.  

Similarly, after 200 generations, GBANN-V selected 5 out of the 8 attributes 

as the best candidates for classification for the PIMA Diabetes Data Set.  
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This is a 37.5% reduction in features with better classification performance 

than the full feature set. 

 

Overall, GBANN-V performed on par or better than the full 

classification feature sets while at the same time addressing feature set 

optimality.  The implications of this approach can be used for data mining 

applications or for other classification problems where reduced features are 

required.   Moreover, systems such as embedded ANNs, or systems where 

CPU and memory resources are limited could benefit from reduced features. 

 

 

6.1 Future Work 
 

Experimentation with the number of ANN hidden layers could be 

undertaken for future work.  In addition, experimenting with the GA 

settings such as the number of generations, mutation rate and crossover 

could be approached as well.  A two-phase GA method, in which the second 

GA could randomize and adjust the weights of the ANN connections, could 

be proposed.  Additionally, the ANN system settings could be changed to 

speed up or change the feature learning system.  Lastly, an online GBANN-

V feature learning system could be taken on for future study that could 

adapt to newly found or data mined features, similar to Learning Classifier 

Systems (LCS). 
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