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Abstract
In this paper we present a methodology for extracting decision trees from input data generated from trained neural
networks instead of doing it directly from the data. A genetic algorithm is used to query the trained network and extract
prototypes. A prototype selection mechanism is then used to select a subset of the prototypes. Finally, a standard
induction method like ID3 or C5.0 is used to extract the decision tree. The extracted decision trees can be used to
understand the working of the neural network besides performing classi"cation. This method is able to extract di!erent
decision trees of high accuracy and comprehensibility from the trained neural network.  1999 Pattern Recognition
Society. Published by Elsevier Science Ltd. All rights reserved.
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1. Introduction
Machine learning techniques have been applied to
many real-life industrial problems with success [1]. Two
of the commonly used techniques are arti"cial neural
networks [2] and decision trees [3}5]. Arti"cial neural
networks (ANNs) have empirically been shown to generalize well on several machine learning problems. Reasonably satisfactory answers to the questions like how many
examples are needed for the neural network to learn
a concept and what is the best neural network architecture for a particular problem domain (given a "xed number of training examples) are available in the form of
a learning theory [6], so it is now possible to train neural
networks without guesswork. This makes them an excellent tool for data mining [7], where the focus is to learn
data relationships from huge databases. However, there
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are applications like credit approval and medical diagnosis where explaining the reasoning of the neural network is important. The major criticism against neural
networks in such domains is that the decision making
process of neural networks is di$cult to understand [8].
This is because the knowledge in the neural network is
stored as real-valued parameters (weights and biases) of
the network, the knowledge is encoded in distributed
fashion and the mapping learnt by the network could be
non-linear as well as non-monotonic. One may wonder
why neural networks should be used when comprehensibility is an important issue. The reason is that predictive
accuracy is also very important and neural networks
have an appropriate inductive bias for many machine
learning domains. The predictive accuracies obtained
with neural networks are often signi"cantly higher than
those obtained with other learning paradigms, particularly decision trees.
Decision trees have been preferred when a good understanding of the decision process is essential such as in
medical diagnosis. Decision tree algorithms execute fast,
are able to handle a high number of records with a high
number of "elds with predictable response times, handle
both symbolic and numerical data well and are better
understood and can easily be translated into if}then}else
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rules. However there are a few shortcomings of decision
tree algorithms [9].
1. Tree induction algorithms are unstable, i.e. addition
or deletion of a few samples can make the tree induction algorithm yield a radically di!erent tree. This is
because the partitioning features (splits) are chosen
based on the sample statistics and even a few samples
are capable of changing the sample statistics. The split
selection (i.e. selection of the next attribute to be
tested) is greedy. Once selected, there is no backtracking in the search. So the tree induction algorithms are
subject to all the risks of hillclimbing algorithms,
mainly that of converging to locally optimal solutions.
2. The size of a decision tree (the total number of internal
nodes and leaves) depends on the complexity of the
concept being learnt, the sample statistics, noise in the
sample and the number of training examples. It is di$cult to control the size of the decision trees extracted
and sometimes very large trees are generated making
comprehensibility di$cult. Most decision tree algorithms employ a pruning mechanism [10] to reduce
the decision tree size. However, pruning may sometimes reduce the generalization accuracy of the tree.
3. Only one hypothesis is "nally presented to the user.
There may be advantages in maintaining all consistent
hypotheses which such algorithms may miss out. Presenting di!erent decision trees to the user is desirable
as he will be in a position to choose the one where he is
most familiar with the domain attributes or attributes
which make the data gathering easy. Although most
decision tree algorithms seem to have a bias towards
generating smaller trees, they are not guaranteed to
yield the smallest possible tree consistent with the
training data. In fact, this is an NP-hard problem [11].
Also, it has been found [12] that smaller consistent
decision trees are on an average less accurate than
slightly larger trees. So a method that can give decision trees of di!erent sizes is preferable. Besides the
user may not mind a slightly bigger decision tree if it
contains decision variables he understands.
In the machine learning literature, neural networks
and decision trees have often been viewed as competing
and incompatible paradigms. There have been numerous
papers comparing them on di!erent machine learning
domains [13,14]. The conclusions have more often favored neural networks as the better technique. This is
because neural networks can learn any input}output
mapping (the universal approximation property), while
decision trees can learn concepts describable by hyperrectangles. However, Quinlan [15] has pointed out in
a study that neural networks seem more suited to problems that require knowledge of many input variables
simultaneously whereas decision trees seem to do better
when the decision making involves looking at each input
variable in sequence (one followed by the other).

The learning mechanisms of neural networks and decision trees are quite di!erent and incompatible, hence it
has proved di$cult to combine the merits of both. Recent
work in Rule Extraction from neural networks [16}19]
suggests that it is possible to get comprehensible representations of the knowledge stored in neural networks. In
this paper, we present a methodology to capture the best
of both worlds, i.e. the accuracy of neural networks
and the comprehensibility of decision trees. Our proposed method is able to (i) to provide an alternate mechanism for generating decision trees that utilizes trained
neural networks, (ii) to enhance comprehensibility of
trained neural networks by extracting a decision tree
which is close to the neural network in functionality, and
(iii) to provide a mechanism for generating more than one
decision tree from the data. Our method can be used to
obtain a range of decision trees with varying levels
of comprehensibility and accuracy. The extracted
decision tree can be used to either understand the working of the neural network or as a classi"er in its own
right.
The organization of the rest of the paper is as follows.
In Section 2, we explain the proposed method. In Section
3, we evaluate our method empirically on three
well-known machine learning domains. In Section 4, we
discuss related work and in Section 5, we present the
conclusions.

2. The proposed method
Our method is motivated by the Rule Extraction as
Learning paradigm of Craven and Shavlik [18]. In this
paradigm, the task of extracting knowledge from a
trained neural network is viewed as an inductive learning
problem. The target concept we are trying to learn is the
function represented by the trained neural network. The
trained neural network is viewed as a black-box, i.e. one
is not allowed to know the internals of the neural network architecture. The only interface permitted with the
neural network is presenting a input vector and obtaining the network's classi"cation. By observing the network's classi"cation on a large number of inputs we hope
to understand the behavior of the network.
The basic idea behind our method is to extract decision trees from inputs generated from the trained neural
network instead of doing it directly from the data. Our
method has three main steps. In the "rst step, we aim to
understand what are the kind of inputs for which the
trained neural network gives a desired output classi"cation. By obtaining a large number of such inputs, we
would be able to utilize the bene"ts of neural network
training like robustness to noise, stable learning in the
presence of outliers in the data and better generalization.
We call such inputs prototypes for the class. In the second
step we aim to select the best out of these prototypes for
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inducing the decision tree. There are two motivations for
this. The "rst is that decision trees induced from a smaller
dataset tend to be smaller. Secondly, the training set
might contain useful information that could be used to
constrain the prototypes. In the "nal step, we induce
a decision tree from the selected prototypes. We now
explain each of these steps in detail.
2.1. Generation of prototypes
Given a trained network and a desired output vector,
a prototype is an input vector that is unambigously classi"ed by the neural network. In this case we can use queries
for generating prototypes because the trained neural network can act as an oracle for obtaining the classi"cation
corresponding to any input vector presented to it. The
advantage of learning with queries is that they can be
used to search speci"c regions of high information content. In our method, we ask membership queries [20] to
the neural network. In a membership query, we present
an input vector to the neural network obtain the network's classi"cation for it. The process of classi"cation in
a trained network involves only matrix multiplications,
hence it is fast and e$cient. Based on the network's
classi"cation, we decide whether the sample vector could
have come from one of the original classes, i.e. if it is
a prototype input. The hope is that if we can collect
a large number of prototypes for each output class of the
network, they would contain su$cient information
about what the network has learnt and hence could be
used to infer what the network has learnt.
One candidate for obtaining prototypes is by using
network inversion algorithms [21]. However, such algorithms have long convergence times, besides at the end of
the inversion only one prototype vector is obtained. We
require a querying mechanism that should be able to
search large regions of the input space for the prototypes,
should be able to integrate and make use of information
gained from earlier queries while asking its next query
and should be anytime, i.e. if the querying process is
stopped arbitrarily, it should have a set of answers at that
point. Hence, we have adapted a genetic algorithm (GA)
based prototype extraction method proposed by Eberhart [22] for our use.
In this method the GA is used as a search mechanism.
The input to the GA are vectors of the same size as the
neural network input vector. The inputs are random but
conform to the range of the original inputs. The size of
the GA population can be chosen to depend upon the
dimensionality of the neural network training data as
well as the training set size. To obtain the prototype
vectors, "rst we "x a desired output vector. The GA is
run so that the "tness value returned by the evaluation
function (which in this case is just the feedforward network calculation) is minimum. In the implementation of
the GA we have used, the most desirable candidates from
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the population are those having low "tness values. The
"tness function we have employed for the genetic algorithm is
L
,tness" abs(ANN(x )!t ),
G
G
G
where the su$x i denotes the ith bit of the output vector,
t is the desired output vector and ANN(x ) is the output
G
G
vector obtained by presenting the input vector x to the
G
trained neural network. The above "tness function assigns a lower "tness to that input whose output vector
is close to the desired output vector. The crossover and
mutation rates for the GA were set at 0.6 and 0.001,
respectively.
With the above scheme for obtaining prototypes, two
strategies can be envisaged to obtain prototypes. The "rst
is to use the GA-based prototype algorithm to generate
a large number of prototypes and then use a prototype
selection mechanism to reduce the number of prototypes.
The second is to incorporate a term in the GA "tness
function to obtain dissimilar prototypes. We have chosen
to implement the "rst strategy because we experimentally
found that the second strategy requires longer convergence times.
2.2. Prototype selection
After the prototypes are extracted, the next decision is
whether to induce the decision tree directly from the
prototypes or perform a prototype selection. One objective of the prototype selection is to "lter out those prototypes that are unlikely given the training set distribution
and retain only those that satisfy the training set distribution. Although the GA generates prototypes conforming
to the input data ranges, it could still generate outliers.
This is because we are not considering interactions between the various components of the input vector.
If an a priori knowledge of the distribution of the data
is available, it can be used in performing a distribution
modeling. For instance, the data could have been generated by a well-understood process having a "xed (but
unknown) mean and standard deviation. Maximum likelihood techniques [23] can be used for estimating the
parameters of the distribution on such occasions.
However, in most real-life applications, distributions
are multimodal and clustered, also one does not usually
have an a priori knowledge of the distribution. Hence, we
decided to use a non-parametric distribution modeling
technique in our method.
The other aim of the prototype selection is motivated
by a recent study that empirically shows that the removing randomly selected training instances often results in
trees that are substantially smaller and as accurate as
those built on all available training instances [24]. This
suggests that a method of selecting a subset of prototypes
may be able to give decision trees of user-de"ned size.
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However, since we are interested in extracting many
decision trees, we wanted a classi"cation model whose
performance could be used to "lter prototypes selectively. One option is the probabilistic neural network [25],
which is a Parzen window classi"er whose window width
can be learnt. The other option is Kohonen's learning
vector quantization (LVQ) [26].
2.2.1. Selecting prototypes using the probabilistic neural
network
Parzen [27] introduced an estimator for estimating
a univariate probability density function(PDF) from
a random sample. This was extended by Cacoullus [28]
to the multivariate case. The estimated density computed
by both these methods converges asymptotically to the
true density as the sample size increases. For a single
population whose sample size is n, the estimated density
function is





1 L\
x!x
G .
g(x)"
=
np
p
G

(1)

Here = is a weighting function that has large values for
small distances between the unknown and the training
sample and decreases rapidly to zero as the distance
increases, and p controls the width of the area of in#uence and is set to smaller values for larger sample sizes.
A common choice for the weighting function is the Gaussian function. This is simply because the Gaussian function is a well-behaved function that satis"es the
conditions required by Parzen's method and has also
been found to do well in practice. For the multivariate
case the estimator is
1
L\ #
g(x)"
(2)
e\ V\VG#N
(2n)NpNn
G
In the above equation, p is the dimensionality of the
input vector and n is the number of data samples.
Probabilistic neural networks are the neural network
implementation of the above method and was "rst discussed in [25]. They have fast training times and produce
outputs with Bayes posterior probabilities. The learning
in PNNs consists of "nding an appropriate value of p.
This is very crucial because too small a value of p causes
the e!ect of neighbors in a cluster to get lost whereas
a large p blurs the population density. The method we
use to optimize p is by using jackkni,ng. This involves
using all but one sample for training and one sample for
testing. This provides an unbiased indication of the performance of the classi"er. This process is used for all
samples, each time using a di!erent sample.
For prototype selection using the PNN, the following
method is used.
1. Classify the prototypes using the PNN. This generates
an output vector o .
G

2. For each output vector o "nd o and o the maximum


G
and second maximum values in the output vector.
3. if o !o 'threshold then select this prototype for the


tree induction phase, else reject it.
By choosing various values of the thresholds, it is
possible to control the number of prototypes "ltered.
Setting the threshold to a large value will cause a large
number of prototypes to be rejected.
2.2.2. Selecting prototypes using learning vector
quantization
Kohonen's learning vector quantization (LVQ) algorithm o!ers another way of "ltering prototypes by providing data compression via selection of codebook vectors
to represent a group of vectors. It di!ers from the PNN in
that prototype selection is done by the choice of the
codebook vectors, i.e. by the LVQ algorithm itself and
not by a classi"cation model. We have used the LVQPAK [29] for the experiments reported here.
2.3. The induction algorithm
We decided to use ID3 as the induction algorithm
because of its simplicity and also because we wanted to
be sure that the improvements we obtained were due to
our method. In its simplest form, ID3 does no pruning.
C4.5 (or its successor C5.0) or any other inducer can be
used its place however. Building the decision tree involves recursive partitioning of the training examples.
Each time a node is added to the tree, some subset of the
input features are used to pick the logical test at that
node. The feature that results in the maximum information gain is selected for the test at that node. The feature
that results in the maximum gain is the one that minimizes the entropy function H:
H" !p log p ,
G
G
G
where p is the probability of the ith class for that feature.
G
After the test is picked, it is used to partition the examples
and the process is continued recursively until each subset
contains instances of one class or satis"es some statistical
criterion. For the purpose of the experiments reported
here, we have used the ID3 implementation with the
MLC## package [30] and an evaluation version of
C5.0. The algorithm for our proposed method is shown
in Table 1. A #owchart of the algorithm is given in Fig. 1.
3. Empirical evaluation
We applied our method to generate decision trees from
three machine learning datasets, the Iris dataset, the Wine
Thanks to Dr. J.R. Quinlan for providing the evaluation
version of C5.0
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Table 1
The proposed method
1. Given a dataset, train an appropriate feedforward neural
network using backpropagation. Test the network for generalization until satisfactory performance is achieved.
2. Query the trained network by using the GA-based querying
technique. The output of the querying phase is a set of
prototypical inputs near the decision boundaries of the network. The number of prototypes collected can be decided
based on the size of the network and the training set size.
3. Use the ID3 induction algorithm to induce the decision tree
using the prototypes obtained in step 2. Then test the decision
tree on an independent test set. If performance is acceptable,
then STOP, else GOTO step 4 or 5 depending upon whether
the PNN or the LVQ is used. The measure of this performance could be either the size of the decision tree or its
accuracy.
4. Use the probabilistic neural network to "lter prototypes.
Start with a low value of d where d is the di!erence between
the maximum and the second maximum output activations of
the output neurons. At each iteration increment d by a "xed
amount. Check if su$cient number of prototypes are obtained. If YES then GOTO step 3 else HALT.
5. Use the LVQ to generate desired number of codebook vectors from the prototypes. GOTO step 3.

dataset and the Wisconsin University Breast-Cancer
dataset. These datasets were obtained from [31].
3.1. The Iris dataset
This data set contains 150 samples, three classes of 50
instances each of the Iris plant. Out of these 75 samples
were used for training the network and 75 for testing. The
classes are Setosa, Versicolor and Virginica. There are
four features for each class, viz., sepal length, sepal width,
petal length and petal width. A feedforward network with
four input units, two hidden units and three output units
was used. After training the network, the proposed
method was run on the above network with 100 prototypes extracted for each class. The prototype selection
phase was not used in this case as su$ciently accurate
trees were obtained without it. The generalization accuracies (on the test set) were as follows:
E Neural network accuracy: 98 %.
E ID3 accuracy: 96%, tree size nine nodes, "ve leaves.
E Proposed method tree accuracy: 98%, tree size seven
nodes, four leaves.
The decision trees generated by ID3 and our proposed
method are shown in Figs. 2 and 3, respectively. Thus, for
the Iris dataset, the proposed method is able to extract
a smaller, more accurate decision tree as compared to
directly inducing the decision tree from the data.

Fig. 1. The proposed algorithm.

3.2. The Wisconsin breast cancer dataset
This database has nine inputs and two outputs. The
input features are clump thickness, uniformity of cell
size, uniformity of cell shape, marginal adhesion,
single epithelial cell size, bare nuclei, bland chromatin,
normal nucleoli and mitoses. There are 699 training
instances in the original dataset, however 16, of these
had missing values and hence were deleted. Out of the
remaining 683 training instances, 444 were labelled
Benign and 239 as Malignant. These instances are
divided into a training set of size 341 and a test set of
size 342.
We trained a neural network with nine input units, two
hidden units and two output units. We "rst used our
method without the prototype selection phase on the
above dataset. The number of prototypes extracted
for each class was 1000. However, the accuracy of the
decision tree obtained was comparably less than that of
the neural network trained on the same data. Hence it
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of prototypes selected by the PNN. The accuracy of the
trees obtained using the PNN and LVQ prototypes is
shown in Fig. 7. It can be seen that the LVQ modeling
yields more accurate trees than the PNN modeling. The
main di!erence between the two modeling schemes is
that the PNN modeling makes use of the training set
(and is hence susceptible to in#uence of outliers in the
training set) while the LVQ modeling does not make use
of the training set. The results were as follows:
E Neural network accuracy: 97%.
E ID3 Decision tree accuracy: 96.8%, 39 nodes, 20
leaves. This tree though accurate is too big to comprehend.
E Proposed method (using PNN modeling): Best tree
had an accuracy of 94.74%, 3 nodes, 2 leaves.
E Proposed method (using LVQ modeling): Best tree
had an accuracy of 95.91%, 13 nodes, 7 leaves.

Fig. 2. Decision tree for Iris data using ID3 (nine) nodes, "ve
leaves. 96% accuracy).

All the decision trees for this dataset also a high "delity
(above 90%) where "delity is de"ned as the percentage of
samples on which the neural network and decision tree
show the same classi"cation. Thus this experiment con"rms that the proposed method is able to extract accurate trees in domains with high input dimensionality.
Some of the decision trees extracted using the proposed
method for this dataset are shown in Figs. 4}6.
3.3. The wine dataset

Fig. 3. Decision tree for Iris data using the proposed method
(seven nodes, four leaves, 98% accuracy).

was decided to use the prototype selection phase for this
dataset. We extracted a number of decision trees by
varying the PNN d from 0.01 to 0.30. The tree size
(number of nodes#leaves) almost scaled linearly with d.
This gives a method for controlling the size of the tree.
We also studied the e!ect of using the LVQ for selecting
the prototypes. For comparison purposes, the number of
LVQ codebook vectors was kept the same as the number

The purpose of experiments on this dataset is to study
the e!ect of the various GA parameters on the quality of
the prototypes generated. This dataset is the result of
a chemical analysis of wines grown in the same region in
Italy but derived from three di!erent cultivars. The analysis determined the quantities of 13 constituents found in
each of the three types of wines. The dataset has 13
dimensional continous inputs and has 178 instances, out
of which 119 were used as training instances and the
remaining as test instances. The number of instances
in each class is: class 1 } 59(40, 19), class 2 } 71(47, 24),
class 3 } 48 (32,16). The "gures in brackets indicate
the partitioning of the data into training and test sets.
We have chosen this dataset to perform the following

Fig. 4. Decision tree for cancer data using the proposed method
(three nodes. two leaves, 94.74% accuracy).
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Fig. 5. Decision tree for cancer data using the proposed method
("ve nodes, three leaves, 93.27% accuracy).
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experiments. In all the experiments, the crossover rate
of the GA was 0.6 and the mutation rate was 0.001. In
the "rst experiment, we study the e!ect of varying the
number of prototypes on the accuracy of the ID3 and
C5.0 induction algorithms. Prototypes were generated
across "ve runs using a di!erent random seed for the GA
each time. The best performance of ID3/C5.0 with reference
to the number of prototypes is shown in Fig. 8. The corresponding decision tree sizes (i.e. number of leaves in the
tree) is shown in Fig. 9. From these plots, it can be seen that
the decision tree accuracy increases as the number of
prototypes is increased. However the size of the tree also
increases, hence the number of prototypes cannot be increased inde"nitely if we want comprehensible trees.
In the next experiment, we studied the e!ect of changing the GA population on the accuracy and size of the
ID3/C5.0 decision trees. The number of trials was kept
constant. The results are shown in Figs. 10 and 11.
Although there is no discernable relationship between
the population size and the decision tree accuracy in this
case, the size of the tree shows an increasing trend with
increase in population size. The probable reason for this
is the increased diversity that gets introduced into the
prototypes with an increase in population size.

4. Related work
Fig. 6. Decision tree for cancer data using the proposed method
(seven nodes, four leaves, 93.57% accuracy).

In this section, we review related methods. Tickle et al.
[32] have proposed a method called DEDEC (Decision

Fig. 7. Comparative accuracies of ID3 generated decision trees for PNN and LVQ selected prototypes on the cancer data.
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Fig. 8. Comparative accuracies of ID3 and C5.0 for varying number of GA prototypes on the wine data.

Fig. 9. Comparative tree sizes of ID3 and C5.0 for varying number of GA prototypes on the wine data.

Detection by Rule Extraction from Neural Networks).
The cascade correlation algorithm is used to train the
network. DEDEC uses information extracted by analyzing the weight vectors of the trained ANN to rank the

input variables in terms of their relative importance.
Examples are then generated for this input and a symbolic
induction algorithm is used to generate the rules. This
method is able to deal with only boolean or discrete inputs.
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Fig. 10. Comparative tree sizes of ID3 and C5.0 for varying number of GA population sizes on the wine data.

Fig. 11. Comparative tree sizes of ID3 and C5.0 for varying number of GA prototypes on the wine data.

One of the most recent and more sophisticated algorithms is the TREPAN algorithm [19]. TREPAN builds
decision trees by recursively partitioning the instance
space. However, unlike other decision tree algorithms

where the amount of training data used to select splitting
tests and label leaves decreases with the depth of the tree,
TREPAN uses membership queries to generate additional training data. For drawing the query instances,
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TREPAN uses empirical distributions to model discrete
valued features and kernel density estimates to model
continous features. The following are some of the main
di!erences between TREPAN and our proposed method.
Firstly, TREPAN assumes that the training data for the
network is available. Although this is a reasonable assumption, there may be cases where a neural network
which forms a subsystem of a larger software system may
have been trained on proprietary data. For instance, the
data may have been obtained from an extensive market
survey or "nancial analysis. The proposed method can
work independent of the database. This could also prove
useful in working with large databases. Secondly, TREPAN compares the marginal distributions for each feature separately. Such a modeling of the data distributions
does not take dependencies among features into account.
Since our method constructs the entire query vector in
one go, the dependencies among the features are taken
into consideration. Thirdly, TREPAN does a narrow
form of active learning in its sampling strategy. Since the
instances are sampled based on the currently considered
feature for the node splitting, it is di$cult to ensure that
most parts of the input space have been sampled. Since
our method incorporates a more global search mechanism in the form of a GA, the above problem is less likely
to occur. Finally, TREPAN extracts only one decision
tree from the network. In many applications, it could be
more desirable to extract a range of decision trees with
varying sizes (and hence comprehensibility) and accuracy
and leave it to the user to make the decision which tree he
wants to use. In contrast, our method is able to extract
many decision trees of varying size.

5. Conclusions
In this paper, we have proposed a method for extracting decision trees from trained neural networks instead
of extracting them directly from data. The proposed
method is independent of the architecture of the trained
network. In fact, it can be used to understand any black
box that can be queried.
We have used a genetic algorithm to present membership queries to the trained neural network and obtain
prototypes. We have then suggested a methodology to
contol the size of the decision tree based on selecting
a subset of the generated prototypes. We have applied
two non-parametric distribution modeling techniques,
the probabilistic neural network and learning vector
quantization for the prototype subset selection. Decision
trees of varying sizes have been obtained using the proposed method on popular machine learning datasets and
accurate and comprehensible trees have been obtained.
Although our method has yielded good results on the
domains tested, the following improvements should be
possible. Firstly, we have chosen the genetic algorithm as

the query mechanism for the neural network. Other
methods of query construction could be used to improve
upon the quality of prototypes obtained, for example, the
selective sampling method of Cohn et al. [33]. Secondly,
for domains with a large number of inputs the genetic
algorithm population would have to be very large to
sample the domain e!ectively. Our method will bene"t
by using a suitable feature subset selection mechanism to
reduce the number of input features.
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