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ABSTRACT
A hybrid evolutionary approach is proposed for the combined
problem of feature selection (using a genetic algorithm with a
fitness function based on a counter-propagation artificial neural
network) and subsequent classifier construction (using genetic
programming), for use in nonlinear association studies with
relatively large potential feature sets and noisy class data. We
had the dual goals of (a) accurately classifying new individuals
based on feature values, and (b) estimating the nonlinear
functional relationship of a subset of predictive features and class.
The method was tested using synthetically generated mixed-type
datasets with various degrees of injected noise, based on a
proposed mental health database. Optimal (or nearly optimal)
feature sets were accurately identified most of the time, even in
the presence of significant amounts of noise in the class data.
When presented the selected features, genetic programming
consistently outperformed a counter-propagation neural network
as a classifier, and reconstructed the correct underlying nonlinear
expression associating features with class, even with noisy class
data. The results show that the proposed hybrid algorithm has
good potential for feature selection, classification, and estimation
of the form of even relatively weak nonlinear relationships
between features and class.

Categories and Subject Descriptors
I.2.8 Artificial Intelligence [Problem Solving, Control Methods
and Search]: Heuristic Methods

General Terms
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1. INTRODUCTION
The Vermont Department of Public Psychiatry is currently
starting the process of developing a comprehensive database of
mental health and substance abuse patients, comprising numerous
disparate features ranging from general patient data (age, income,
living environment, education, occupation, religion, etc.), to self
and social worker assessments of life skills (money management,
health management, transportation, personal hygiene, etc.),
subjective quality of life (money, fun, family, friends, etc.),
unacceptable community behaviors (drug or alcohol abuse, theft,
assaults, etc.), and specific mental health symptoms (delusions,
anxiety, depression, mania, suicide attempts, etc.), treatments
(buprenorphine, confinement, counseling, etc.), and patient
outcomes. Consequently, there is great interest in developing
techniques for mining this future database for useful predictive
information that may provide future guidance for doctors, courts,
and governmental policies, such as identifying promising
treatment regimes or risk of physical violence to self or others. In
many cases, this reduces to association studies for patient
classification, although an understanding of the functional form of
the underlying nonlinear associations is also be desirable, in order
to direct future studies and provide insights into potential
causality of the relationship. Such classification problems can be
non-trivial due to a variety of factors, including non-linear
interactions between features, high dimensionality feature space
relative to the sample size, mixed attribute types, and noise in the
classification data (e.g., due to factors such as reporting error,
insufficient data, and weak associations with the attributes).
Many techniques have been used in data classification problems.
For example, artificial neural networks (ANN’s) have been shown
to be fast and fairly accurate classifiers, and are included in
several commercial and academic data mining packages (e.g.
Weka [25], XLMiner, and Clementine). The black box nature of
ANN's make them poorly suited to extracting human readable
information about the form of the model underlying the classifier,
although some information can be extracted from the trained
weights [1],[17]. Other standard approaches to classification
include support vector machines [5], decision trees (e.g. C4.5
[21]), and Bayesian approaches [4],[9]. Evolutionary algorithms

such as learning classifier systems [14], genetic programming
(GP) [2],[3],[6],[18], as well as hybrid evolutionary approaches
[24], have also emerged as attractive options for use in
classification problems. Here, we focus on GP, since it has the
advantage of estimating the underlying functional relationship
between features and class, which is one of the goals we seek to
achieve.
The number of features that can be statistically associated with
class data is ultimately limited by the sample size of the dataset
and the dimensionality of the feature space [10]. Consequently,
there has been significant work done in the field of feature
selection, in order to find an optimal subset of features that can
enable construction of a predictive classifier and doesn’t simply
over-fit the data.
Various statistical approaches have been
applied to feature selection, including those based on entropy and
t-statistics [16]. However, since the optimal size of a set of
features depends on the problem, rather than the classifier [16], it
can be difficult to determine how many features to select. As with
classification problems, evolutionary algorithms have been shown
to have promise for feature selection, including genetic algorithms
(GA) [8],[15],[19],[20],[22],[26] and GP [11]. In general, most
evolutionary approaches have the advantage that they do not
require pre-specification of the size of the optimal feature set.
If individual features have strong main effects, one can employ a
constructive or sequential approach to feature selection.
However, if the features exhibit strong nonlinear interactions,
then there may be little or no fitness advantage until all the correct
features are present. One option is to search exhaustively for all
possible ways any number of features might interact to affect an
outcome, however for large feature sets this is not practical. In
[7] an evolutionary approach to feature selection in epistatic
problems is proposed, in which the size of the potential feature set
is stochastically halved to systematically reduce the feature set,
however there is no way for the algorithm to recover should any
of the correct features be inadvertently lost.
In this contribution, we propose a new hybrid approach to
combined feature selection and classification in problems with
high-dimensionality feature sets containing a small subset of nonlinearly interacting features, in the presence of varying degrees of
classification noise. Specifically, we propose a GA that uses an
intersection/union recombination operator and a noisy but
relatively fast fitness function based on a counter-propagation
ANN, in order to reduce the feature set to the most predictive
subset. Classification using the reduced feature set is then
performed using a strongly typed GP and, for comparison, a
newly trained counter-propagation ANN, and the final classifiers
are validated on a second dataset. Preliminary testing of the
proposed method is performed using synthetic data modeled after
the proposed mental health database, with randomly generated
noisy nonlinear associations between the class and a few of many
potential mixed-type features.

2. METHODS
2.1 Datasets
As previously mentioned, our work was inspired by a need to
build classification models for a specific mental health database.
Since the actual data is not yet available, synthetic data were

generated to conform to the preliminary structure of the proposed
database. In order to test our algorithm against a variety of
problems we have created patient datasets as follows. The
process consists of three steps: 1) generate the features of
simulated patients, 2) generate the class of each simulated patient,
and 3) inject noise to the simulated patient class data.
In step 1, we simulated datasets with n = 1000 patients and m =
110 features, 56 of which were real-valued and 54 of which were
Boolean-valued. Most of the real-valued features comprised those
with small integer ranges representing a graded response to a
question (typically with ranges less than or equal to 0 to 8)
although a few represented larger quantities (such as age or
salary). Patient feature values were randomly generated within
allowable ranges for each feature, and subject to certain
constraints between features. Although space precludes the exact
specification of the meaning and range of each feature in this
manuscript, the data generator is available upon request.
In step 2, we generate a non-linear relationship between feature
values and patient class by randomly generating a boolean-valued
expression tree according to certain parameters and subject to
certain constraints, as described below. Specifically, we specified
the number of true features (m', where m' is much less than m)
desired in the expression tree, the desired noise level (specified as
the proportion of classes that do not agree with those generated by
the expression tree), and a specified tolerance for the degree of
main effects (defined below). The terminal (T) and functional (F)
sets used to generate the tree were:
T = {{1, 2, 3} ∪ {α1, α2, …, αm'}}

(2)

F = {∧,∨,¬, <, >, =, +}

(3)

where
{∧,∨,¬} : boolean → boolean
{<,>,=} : {real ∪ boolean} → boolean
+ : real → real
and where each αi is one of the m' unique features randomly
selected from the m total features. Note that small integers were
included in the terminal set for comparison to real-valued
features. The root of the tree was guaranteed to return a boolean
value. Each patient was then classified by evaluating the
expression tree on their features. Three final constraints were also
enforced on randomly generated “true” classification trees:
a)

All m' true features must be included in the randomly
generated expression tree representing the true classification.

b)

The ratio of the sum of all cases (where class = true) to
controls (where class = false) in the data had to be between
1:3 and 3:1, so that there was sufficient representation from
both classes in the database to make classification feasible.

c)

Main effects of individual attributes were limited to within
the specified tolerance. Specifically, the proportion of
agreement between any given individual attribute and the
class data (or its complement) must be less than 0.5 +
tolerance (where a 0.5 proportion of agreement is purely
random). In this study, we used a low tolerance of 0.1 to
guarantee highly epistatic problems.

Finally, in step 3, each patient class value was bit flipped with
probability equal to the noise level. In this study, we tested noise
levels ranging from 0 (no classification noise) to 0.5 (i.e.,
equivalent to purely random classification).

2.2 Algorithm Description

Dataset 1
feature set

2.3 Feature Selection with GA+ANN
To perform feature selection, we use a GA with fitness based on
an ANN (Figure 1, step 1).
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Figure 1: Flow of hybrid GA+ANN→GP and
GA+ANN→ANN classification algorithms. Step 1: Feature
Selection, step 2: classifier construction using the selected
feature set, and step 3: validation with the selected features
from a second dataset.

ANN Fitness function for feature selection

The fitness of individuals in the GA population is defined by the
the classification error of an embedded counter propagation ANN,
implemented in Matlab as described in [12]. For use in this fitness
function during feature selection, the training set for the ANN
comprised a random 80% of cases plus a random 80% of controls
from the original dataset, and the testing set comprised the
remaining cases and controls (where values of each attribute were
normalized to the range 0 to 1, prior to input into the ANN). Thus,
for this study there were approximately 800 patients in the
training set and 200 in the testing set of the ANN fitness function
used for feature selection. The ANN takes time linearly
proportional to the number of features in the set being evaluated.
In order to limit computation time for fitness evaluation, we
limited the ANN to 30 iterations of training starting from only one
set of random initial weight, although this contributed to a small
amount of additional noise in the fitness function. The ANN
classification error is a noisy evaluation of fitness, especially for
large numbers of features, due to over-fitting. For example, in
Figure 2 we show the ANN classification error on candidate
feature sets of various sizes, averaged over 3 repetitions on 10
random problems, each with 3 true features and no noise. The
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Our classification problem was broken into two separate
problems. Step 1: feature selection, wherein we attempted to
determine an optimal subset of attributes that, together, were
predictive of patient class, and step 2: classifier construction,
wherein we built a model with the selected attributes to classify
patients. The goal was to find a classifier that minimized the
classification error, defined as the proportion of patients whose
class was incorrectly predicted by classifier. After the classifier
had been built using the first dataset, we validated its accuracy by
assessing classification error on a second dataset (step 3),
independently generated according to the same underlying true
model.
In order to accomplish this, we use a GA (with an ANN-based
fitness function) to perform feature selection, followed by
classifier construction using GP (and, for comparison, an ANN)
using only the selected features. Figure 1 shows an overview of
the combined feature selection and classifier construction
approach used. Details of the algorithm are provided in the
following subsections.

class

patients

The last constraint makes the generated problems more difficult
by ensuring a certain degree of nonlinear interactions among all
true features. Random expression tree generation continued until
an instance was found that met the above constraints. In the
current study, all trees generated that satisfied the constraints
were small, with only 3 or 4 terminals.
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Figure 2. Fitness landscape of feature selection using the ANN
on 10 representative problems with 3 true features. Data
points indicate means and error bars represent standard
deviations for feature sets of various sizes that contain 0
through all 3 of the true features.

features in the candidate sets (both true features, and excess
features) are also chosen at random for each repetition. Note that,
when there are more than about 20 features in the set being
evaluated, it is difficult to distinguish sets that contain all 3 of the
true features from those that contain fewer or even none of the
true features, as indicated by the high degree of overlap in the
standard deviations of fitnesses (Figure 2). This is due to the
ANN over-fitting the data to the large feature sets. In addition,
note the large jump in classification error between the set that
contains only the 3 true features and sets that contain exactly two
of the true features; this is an indication of the epistatic nature of
the problem.

2.3.2

GA for feature selection

A GA was wrapped around the ANN for selecting the optimal
feature set. The GA was implemented by modifying the genetic
algorithm provided in the Matlab Genetic Algorithms and Pattern
Search Toolbox. Potential solutions are represented by binary
chromosomes of length m, where a 1 in column i means that the
ith feature is in the feature set represented by the potential
solution. We assume to have some knowledge or threshold for
the maximum number (f) of “true” features that are associated
with the class data. This assumption is reasonable, since even in
the absence of a priori knowledge regarding the size of the “true”
feature set, the sample size of the dataset imposes statistical
limitations on the maximum number of features that can be
included without significant over-fitting [10]. In order to handle
problems that may be highly epistatic, our algorithm generates an
initial population designed to contain q individuals comprising
supersets of the “correct” features. We then select, recombine and
mutate individuals with the goal of eliminating the less predictive
features and finding a smaller superset (or, ideally, the exact set)
of the correct features. As supersets of the correct features are
reduced in size, fitness improves due to less over-fitting to
extraneous features. Assuming that chromosomes are initialized
such that ones are generated with probability P1, the minimum
population size µGA required to generate approximately q
individuals containing all f of the correct features can be
approximated as follows:
µGA ≈ q / (P1f)

(5)

The higher the proportion P1 (i.e., the more 1’s in the initial
chromosomes), the smaller the required population size µGA, but
the noisier the ANN fitness function (due to over-fitting) and the
longer individual ANN fitness evaluations take.
In the
preliminary results reported here, we arbitrarily used uniform
initialization (Pi = 0.5) and q = 15. Future work will include
optimization of these parameters. Since we limited this study to 3feature problems (f = 3), the GA populations used here for feature
selection thus comprised µGA = 120 individuals.
Individuals in the population were evaluated for fitness using the
ANN described in Section 2.3.1, and parent selection was
performed using tournament selection (with replacement). The
maximum generations was set at 20, which was found to be
sufficient for the problems tested here.
We propose and implement an Intersection/Union recombination
operator that creates children based on the commonality of the
two selected parents. With some (high) probability PA we create a
child using the bit-wise AND of the parent's bit-strings (candidate

feature set intersection), otherwise we create a child using the bitwise OR (candidate feature set union). The emphasis is on set
intersection of high fitness solutions, so that the size of the feature
set is rapidly reduced (which also speeds up ANN fitness
evaluations and reduces the noise in the fitness function, as
indicated by Figure 2). However, allowing a non-zero probability
of set union allows potential repair of candidate solutions that do
not contain all the correct solutions. We tested PA ∈ {1.0, 0.95,
0.8, 0.7, 0.5} on 5 random 3-feature problems with no noise,
using tournaments of size 8, and selected the best of 4 repetitions
on each problem. Averaged results are shown in Table 1.
Although the Intersection/Union operator proved surprisingly
insensitive to PA, performance at PA =0.95 resulted in optimal
solutions for these problems (Table 1, bold).
Table 1. Performance of GA+ANN feature selector for
different values of PA, using tournaments of size 8 and
Intersection/Union recombination.
PA
0.5
0.7
0.8
0.95
1.0

# of 3 true features found
3
3
3
3
3

# excess features found
0.6
0.2
0.2
0
0.2

We also compared the performance of the feature selector using
the Intersection/Union recombination operator (with PA =0.95) vs.
standard single-point crossover, for a variety of tournament sizes.
For example, Table 2 summarizes results with tournaments of size
2 and 8, averaged over the best of 4 repetitions on each of 5
random 3-feature problems with no injected noise. With singlepoint crossover, feature sets were only reduced slightly from the
initial average of 55 features, regardless of tournament size. With
the Intersection/Union recombination and tournaments of size 8,
however, the feature selector was able find optimal solutions in all
of these test problems (Table 2, bold). Performance on both
criteria was slightly reduced for both recombination operators,
when tournaments were reduced to size 2.
Table 2. Performance of GA+ANN feature selector, for
two different recombination operators and two different
tournament sizes.
# excess
# of 3 true
features
features
Tourney
Type of
found
found
size
Recombination
Single-point
2
3
44.6
Single-point

8

3

42

Intersection/
Union (PA=0.95)
Intersection/
Union (PA=0.95)

2

2.8

1

8

3

0

Based on these experiments, all further studies were performed
using tournaments of size 8 and the Intersection/Union
recombination with PA =0.95. The final parameter settings for the
GA feature selector are summarized in Table 3.

GA Parameter
Elitism
Survivor Selection
Selection Operator
Crossover Probability
Crossover Operator
Mutation Probability
Mutation Operator
Maximum Generations
Population Size µGA

Value
1
(µ, λ)
Tournament w/Replacement
(size 8)
0.80
Intersection/Union
(PA = 0.95)
0.05
Uniform
20
120

Mean Best Classification Error

Table 3. Parameter settings for GA feature selection.
0.26
0.22

0.18

0.14

0.10
0

4

8

12

16

20

CPU time (sec)

2.4 Classifier Construction with GP
Once k features had been selected with the GA+ANN, we
constructed a binary classifier using the selected features as the
terminal variables in a strongly typed GP (Figure 1, step 2), also
written in Matlab. The objective function of the GP evaluates a
boolean-valued expression tree and returns the proportion of
patients that are classified incorrectly. In this preliminary study,
the function set F we used was the same as used in the problem
generator, as shown in equation (3), although we recognize that it
would make the problem more challenging to use a different
function set here.
The terminal set T’ for the GP classifier is
T’ = ({1, 2, 3) ∪ {α1, α2, …, αk}}

(6)

where in this case each αi is one of the k distinct real- or booleanvalued features previously selected by the GA+ANN.
Strong typing was enforced during crossover in the GP as follows.
When performing crossover, a random subtree was selected from
one parent and its return type (real or boolean) was noted. A
random subtree location was then chosen in the second parent. If
the return type of this second subtree was real, while the return
type of the first parent’s subtree was boolean, then the subtree
location in the second parent was moved up the tree until a
boolean return value was found. Since the root of the tree was
forced to be a boolean-valued function (so that the expression tree
could act as a binary classifier), this condition is guaranteed to be
ultimately satisfied. However, if the return type of the first
subtree was real and that of the second was boolean, then the
subtree location in the second parent was moved down the tree
until a real return value was found. Since the leaves of the trees
were permitted to be either boolean or real terminals, in the event
that a boolean-valued terminal was encountered, it was simply
treated as a real with value 0 or 1. Once the return type of the
subtree from the second parent matched that of the first, the
second parent’s subtree was swapped with the first parent’s
subtree. Strong typing was also guaranteed for mutation, by
simply choosing a random location for mutation and then
generating random new subtrees until one with the compatible
return type was generated.
We tested six population sizes for the GP: µGP ∈ {50, 100, 200,
400, 800, and 1600} (Figure 3). For each population size, we
performed two runs on each of 20 randomly generated problems
(a total of 40 runs per population size) with a noise level of 0.1.

Figure 3: Minimum GP fitness as a function of CPU time,
averaged over 40 runs for each population size (a total of 240
runs)
Each generated problem consisted of 1,000 patients with 3 true
features, with k = 8 total features (including the 3 true features
and 5 additional extraneous features). Since the noise level was
set to 0.1, a fitness of 0.1 was considered optimal. The curves do
not begin at 0 because of the CPU time (roughly proportional to
population size) required to initialize and evaluate the first
generation. Based on these results we decided to use a population
size of µGP = 800, an acceptable compromise between CPU time
required for convergence and minimum fitness. Our GA+ANN
algorithm selected fewer than 8 features for all 3-feature problems
except at very high noise levels, so this population size was
deemed adequate for the problems tackled. Table 4 summarizes
the settings for the GP used in our algorithm.
Table 4. Parameter settings for GP classifier.
GP Parameter
Population Size µGP
Initialization method
Selection
Recombination method
Probability of selecting internal
node as crossover point
Probability of crossover
Replacement
Termination condition
Maximum tree height

Value
800
Ramped half-and-half
Tournament (size 2)
Strongly typed
subtree swap
0.9
0.67
Replace if better or equal
CPU time > 20s,
or best fitness = 0
17

2.5 Validation
For final testing and validation of each classifier on each problem,
we generated a second dataset of 1000 new synthetic patients,
according to the same true expression tree and with the same level
of noise as was used to construct the original dataset.
Classification error of the best final expression tree (the GP
classifier) resulting from the GA+ANN→GP classifier that had
been constructed using the original dataset was then assessed on
this new dataset (Figure 1, step 3). This cross-validation approach

was used in order to detect over-fitting to the original dataset on
which the classifier was trained.
For comparison to the GP results, we also retrained the counter
propagation ANN (this time, allowing up to 100 iterations, which
was always sufficient for convergence) using data from only the k
selected features of the original dataset (Figure 1, step 2) and
validated the resulting ANN classifier with the second dataset
(Figure 1, step 3). With the reduced feature set and 100 iterations,
the initial values of the random ANN weights was found to have
little effect of the final ANN classification error, so again, only
one set of initial ANN weights was employed in this step.

2.6 Experiments
For each of six different noise levels {0, 0.025, 0.1, 0.2, 0.35,
0.5}, and each of the two different classification strategies
(GA+ANN→GP and GA+ANN→ANN), we ran 4 repetitions on
each of 10 randomly generated 3-feature problems. For each
different problem, we then selected the best of the 4 repetitions,
for each classifier type. Thus, in some cases, different repetitions
of the same problem were selected for the two different
classifiers.

3. RESULTS
The performance of the two types of classifiers on the validation
dataset is shown in Table 5, as a function of injected noise in the
class data. With little or no noise (≤ 0.025 noise) the feature
selector was able to successfully identify the 3 correct features
100% of the time in the sample problems tested, and almost never
included any extraneous features in the final feature set. In fact
the feature selector continued to perform quite well even at 0.1
and 0.2 noise levels. However, at noise levels or 0.35 or higher,
many extraneous features were included and most final feature

Table 5. Final results for GA+ANN feature selector and
for the GP (bold) and ANN classifiers.

noise

classifier

0.000

GP
ANN
GP
ANN
GP
ANN
GP
ANN
GP
ANN
GP
ANN

0.025
0.100
0.200
0.350
0.500

from GA+ANN
feature selector
# 3 true
#
features
excess
features

3.0
3.0
3.0
3.0
2.9
2.9
2.7
2.4
1.7
0.9
1.2
1.1

0.0
0.1
0.0
0.1
0.6
0.8
2.9
2.3
34.9
26.0
35.2
30.6

classification
error on
validation
dataset
mean
std
0.000 0.000
0.003 0.006
0.023 0.004
0.032 0.016
0.107 0.018
0.126 0.044
0.212 0.024
0.261 0.039
0.358 0.020
0.463 0.026
0.364 0.011
0.456 0.019

Figure 4. Comparison of classification errors of the final GP
and ANN classifiers on the second dataset, as a function of
the level of injected noise. Data points represent means, and
error bars represent one standard deviation. Note that the
ANN data points have been shifted to the right by 0.01 in
order to make the error bars more visible.
sets do not include all of the 3 true features.
The final classification error of the two classifiers increases
linearly with the amount of injected noise (Table 5, Figure 4).
Note that the proportion of noise injected into the class data
(Figure 4, dotted line) represents the expected optimal potential
classification error of the classifiers up to about noise = 0.35. At
noise levels of 0.5, where the class data has been totally
randomized and thus has no statistical association with the
features, the expected classification error is still expected to be
about 0.35, when the ratio of cases to controls is 1:3 or 3:1. As
shown in Figure 4, the GP classifier consistently achieves
essentially optimal results at all noise levels. In all cases, the
means and standard deviations of classification error resulting
from the GP classifier were lower than that of the ANN classifier
(although not significantly so at low noise levels), and the
difference between them increases linearly with noise (Table 5,
Figure 4). Part of the reason for the better performance in the GP,
relative to the ANN, is that the GP did additional feature selection
in the process of evolving the optimal expression tree, whereas
the ANN necessarily used all features provided to it and therefore
had a greater tendency to over-fit the data. In fact, the correct
“true” expression tree (or a functional equivalent) was recovered
for all problems during GP classifier construction at noise levels
of 0.0 and 0.025, for all 9 of 10 problems in which the feature
selector identified all 3 of the true features at noise 0.10, and for 6
or the 7 problems in which the feature selector found all 3 of the
true features at noise level 0.20.
At noise level 0.35, the feature selector found all 3 of the correct
features in only one of the 10 problems, so consequently the GP
classification trees tended to include many extraneous variables.
However, even at the high noise level of 0.35, there was only one
problem in which the GP discarded one of the true features that
had been provided to it by the feature selector. At 0.5 noise, there
is no statistical association between features and classes, so both
classifiers performed poorly, as expected.

It is worth noting that any variance in quality of the solutions
between the 4 repetitions on each problem was primarily due to
variance in the quality of the results coming from the feature
selector, rather than to variance in the performance of the
classifier construction. When the selected feature set was a small
superset of the 3 true features, the GP invariably found the correct
underlying expression tree, and so the results of the 4 repetitions
were identical.

4. DISCUSSION
A hybrid evolutionary strategy was proposed for the combined
problem of feature selection (using a GA with an ANN-based
fitness function) and subsequent classifier construction (using
GP), for use in nonlinear association studies with relatively large
potential feature sets and noisy class data. We had the dual goals
of (a) accurately classifying new individuals based on feature
values, and (b) estimating the nonlinear functional relationship of
a subset of predictive features and class.
In problems like this, the total feature set must be reduced prior to
classifier construction, in order to avoid simply over-fitting to
training data. In [7], a method was proposed to systematically
reduce the size of the potential feature set through stochastic
halving; however, in that approach once any of the true features
are lost they cannot be reintroduced. Here, we also attempt to
systematically reduce the feature set by using set intersection of
potential feature subsets as the primary recombination operator in
a population of potential solutions. By starting with an initial
population that is expected to have numerous individuals that
represent supersets of the optimal feature subset, intersection
between supersets enables rapid elimination of extraneous
features and convergence on the exact optimal subset of features.
However, selection of which individuals will recombine is
performed using a fixed-iteration counter-propagation ANN,
which is quite noisy when evaluating large feature subsets, due to
over-fitting.
Thus, especially in early generations when
individuals comprise fairly large subsets of potential features,
parents selected due to high fitness may not necessarily contain
the entire optimal subset of features. Thus, with a lower
probability, we also employ set union as a recombination
operator, thereby enabling the size of potential feature subsets to
increase and providing an opportunity to introduce missing
critical features into individuals. This hybrid GA+ANN approach
to feature selection worked well, and optimal (or nearly optimal)
feature sets were accurately identified most of the time, even
when class data was bit-flipped with probability 0.2. This
represents a fairly high degree of noise, especially considering
that the ratio of cases to controls (or vice versa) could have been
as little as 1:3 before the noise was added.
One could, alternatively, use a GP as the fitness function in a
feature selection GA. However, this would necessitate evolving
entire GP populations for every fitness evaluation of individuals
in the GA population. Since the size of the terminal set varies
between individuals in the GA population, it would be very
difficult to accurately size such GP populations, runtimes of the
GP-based fitness functions could be quite long and variable, and
results would still be noisy (especially in early generations when
evaluating large terminal sets) due to the stochastic nature of GP
evolution.

In contrast, the fixed-iteration counter-propagation ANN runs in
known time that is linearly proportional to the size of the feature
subset being evaluated. Preliminary experimentation had shown
that limiting the ANN to 30 iterations yielded results almost as
accurate as allowing the ANN to run to full convergence. Other
bounded-time fitness functions are also good candidates for use in
the feature selection GA. For example, in [7] a bounded-time
fitness function was based on the ReliefF data mining algorithm
[23], and their results indicate that this may be less noisy than the
ANN-based fitness function proposed here. A direct comparison
of these two fitness functions is planned for the future.
Both the speed and accuracy of the ANN- (or ReliefF-) based
fitness function could be further improved by starting the GA
with individuals that contained smaller feature subsets (lower P1).
However, this would necessitate a larger initial population in
order to expect a given number of individuals that contained the
optimal feature subset. This trade-off is worth exploring, and in
future studies we will seek to optimize P1.
Once a subset of potential features has been selected, one must
still determine the optimal way in which to use them to predict the
class of an individual. For this step, we used GP to construct a
predictive expression tree. For comparison, we also trained a
counter-propagation ANN with the selected subset of features,
this time allowing it to run for 100 iterations (which was
sufficient for convergence). Not only did the GP consistently
outperform the ANN as a classifier, it also was able to do
additional feature selection and reconstruct the correct underlying
nonlinear expression associating features with class, even with
noisy class data. Although all “true” (synthetically generated)
underlying associations were designed to be highly nonlinear, the
true expressions trees were still relatively small. Furthermore, the
GP used for classifier construction used the same functional set as
was used in the true expression generation process. Thus, it is not
surprising that, when provided with the optimal feature subset and
noiseless class data, the GP was able to recover the correct
underlying tree in all cases. However, we were surprised by how
well the GP continued to perform even when the relationship
between features and class was deliberately lessened, by injecting
noise into the class data. Even when class data was randomly
bit-flipped 20% of the time, the GP was able to recover the
correct underlying expressions most of the time, when provided
with a superset of the true features.
While the experiments performed here were by no means
exhaustive, they demonstrate that the proposed hybrid algorithm
has good potential for feature selection, classification, and
estimation of the form of even relatively weak nonlinear
relationships between features and class. Although this project
was initially motivated by data mining needs in a proposed mental
health database, the method proposed is general and is applicable
to other similar problems, such as detecting genetic interactions
underlying complex disease traits [13] or other nonlinear
association studies.
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