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Abstract
In this paper, we analyze the performance of a classifier ensemble consisting of small-sized
neural networks for accurate and fast learning. To this end, three topologies of neural networks
are evaluated: the multilayer perceptron with two different configurations in the hidden layer, and
the modular neural network. The experiments here carried out illustrate the effectiveness of the
ensembles of neural networks in terms of average predictive accuracy and processing time, as
compared to the single classifiers.

1. Introduction
Currently, the combination of multiple classifiers (also known as ensemble of classifiers, committee of learners, mixture of experts, etc.) constitutes a well-established research field in Pattern
Recognition and Machine Learning. It is recognized that in general, the use of multiple classifiers
instead of a single classifier leads to an increase in the overall predictive accuracy [7, 19]. Even in
some cases, although the ensemble might not result better than the ”best” single classifier, it could
diminish or eliminate the risk of picking an inadequate single classifier [19].
Let D = {D1 , . . . , Dh } be a set of h classifiers. Each classifier Di (i = 1, . . . , h) gets as input a
feature vector x ∈ n , and assigns it to one of the c problem classes. The output of an ensemble of
classifiers is an h-dimensional vector [D1 (x), . . . , Dh (x)]T containing the decisions of each of the
h individual classifiers. For combining the individual decisions, the most popular (and simplest)
method is the majority voting rule [18], although there exist other more complex schemes (e.g.,
average, minority, medium, product of votes) [3, 14, 17].
In general, an ensemble is built in two steps, that is, training multiple individual classifiers and
then combining their predictions. According to the styles of training the base classifiers, current
ensemble algorithms can be roughly categorized into two groups: algorithms where base classifiers
must be trained sequentially (e.g., AdaBoost [9], Arc-x4 [8], MultiBoost [23], LogitBoost [10]),

and algorithms where base classifiers could be trained in parallel (e.g., Bagging [7], SEQUEL [2],
Wagging [6]).
Briefly, an ensemble of neural networks employs a set of neural networks trained for the same
task [11]. In the present paper, we address both the computational cost and the predictive accuracy
when using ensembles of neural networks. To this end, the individual networks include a smallsized structure and then, the whole training set is equally distributed among the neural networks.
By this way, each individual network is expert on a (small) part of the problem to solve. The
two models here employed for the construction of the ensembles are the multilayer feedforward
perceptron and the modular neural network.
From now on, the rest of the paper is organized as follows. Section 2 provides a description of the
neural network ensembles here proposed. Section 3 briefly describes the two resampling methods
employed in the present paper. Next, the experimental results are discussed in Section 4. Finally,
Section 5 gives the main conclusions and points out possible directions for future research.

2. Ensembles of neural networks
The present section provides the main characteristics of the ensembles that will be further tested
in the experiments. Correspondingly, we here describe the particular topology of the neural networks.
2.1

Multilayer perceptron

Probably, the multilayer perceptron is one of the most popular connectionist models. It organizes
the representation of knowledge in the hidden layers and has a very high power of generalization.
The typical topology consists of three sequential layers: input, hidden and output [15].
For the ensemble of multilayer perceptrons proposed in this study, all the networks have n input
units and c output units corresponding to the number of input features (or attributes) and data
classes, respectively. Also, each network has only one hidden layer with two different structures:
MPa and MPb. In the former, the amount of neurons in the hidden layer is set to (n + 1) [21]
whereas in the latter, it is set to 2. The initial values of the connection weights are randomly picked
out in the range [−0.5, 0.5].
The networks will be here trained by using the backpropagation algorithm with a sigmoidal activation function for both the hidden and output layers. The backpropagation algorithm is simple
and easy to compute. It often converges rapidly to a local minimum, but it may not find a global
minimum and in some cases, it may not converge at all [20]. To overcome this problem, a momentum term can be added to the minimization function, and a variable learning rate can be applied. In
our experiments, the learning rate and momentum are set to 0.9 and 0.7, respectively, whereas the
number of training iterations is 5000.
2.2

Modular neural network

The second neural model used in this paper is the modular neural network (or mixture of experts,
ME) [1, 12, 16]. A modular network solves a complex computational task by dividing it into a
number of simpler subtasks and then combining their individual solutions. Thus, a modular neural
network consists of several expert neural networks (modules), where each expert is optimized to
perform a particular task of an overall complex operation. An integrating unit, called gating network, is used to select or combine the outputs of the modules (expert networks) in order to form the

final output of the modular network. In the more basic implementation of these neural networks, all
the modules are of a same type [5, 13], but different schemes could be also used.
There exist several implementations of the modular neural network, although the most important
difference among them refers to the nature of the gating network. In some cases, this corresponds
to a single neuron evaluating the performance of the other expert modules [13]. Other realizations
of the gating network are based on a neural network trained with a data set different from the one
used for training the expert networks [5]. In this work, all the modules (the experts and the gating
network) will be trained with a unique data set [16, 24] (see Figure 1).

Figure 1. Graphical representation of the modular neural network architecture. Each
module (including the gating network) is a feedforward network and receives the
same input vector. The final output of the whole system is the sum of zj gj
All modules, including the gating network, have n input units, that is, the number of features.
The number of output units in the expert networks is equal to the number of classes c, whereas that
in the gating network is equal to the number of experts, say r. The learning process is based on the
stochastic gradient algorithm, where the objective function is defined as:
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where s is the output desired for input x, zj = xwj is the output vector of the j’th expert network,
exp(uj )
gj =  exp(u
is the normalized output of the gating network, ui is the total weighted input
j)
i
received by output unit j of the gating network, and gj can be viewed as the probability of selecting
expert j for a particular case.
Each individual component in the ensemble corresponds to a modular neural network, each one
with the same structure: five expert networks and one gating network. As in the case of the multilayer perceptron, the decisions of the base classifiers in the ensemble are finally combined by
simple majority voting.

3. Resampling methods
In this work, two different methods for designing the training samples are used in the ensembles
of neural networks: Bagging [7] and random selection without replacement [4]. These are here

implemented by means of the class-dependent strategy [22], which consists of picking instances in
a way that the initial class distributions are preserved in each of the h subsamples generated. The
rationale behind this strategy is to reduce the possibly high computational complexity (computing
time and storage loads) of the base classifiers induced by each of the subsamples. In general, the
smaller the subsample size, the lower the classifier complexity.
Briefly, in a class-dependent Bagging ensemble, each base classifier is trained on a set of N/h
training examples randomly drawn, by replacement, from the original training set (of size N ). Such
a set is called a bootstrap replicate of the original training set. By this technique, many examples
may appear multiple times, while others may be left out. This negative effect can be overcome by
using the random selection without replacement method, in which each example will be selected
only once.

4. Experimental results
In this section, we present the results corresponding to the experiments carried out over 10 real
and artificial data sets taken from the UCI Machine Learning Database Repository (http://
www.ics.uci.edu/∼mlearn). Table 1 summarizes the main characteristics of each data set:
number of classes, attributes, and patterns. For each database, we estimate the average predictive
accuracy and processing time by 5-fold cross-validation: each data set is divided into five blocks,
using four folds as the training set and the remaining block as the test set.

Table 1. A brief summary of the UCI databases used in this paper.
No.
No.
No.
Classes
Features
Patterns
Heart
2
13
272
Pima
2
8
770
Sonar
2
60
210
Iris
3
4
150
Wine
3
13
180
German
2
24
1002
Phoneme
2
5
5406
Waveform
3
21
5001
Segment
7
19
2212
Satimage
6
36
6437
In all experiments, the ensembles consist of nine individual classifiers built on nine different
training sets. For each ensemble, the corresponding training sets have been designed by using the
class-dependent Bagging and random selection without replacement techniques, as described in
Sect. 3. Three configurations for the base classifiers, MPa, MPb, and ME, have been tested. The
experiments have been carried out using a personal computer with Intel Centrino 1.3 GHz and 512
MB of RAM.
Figure 2 and Figure 3 illustrate the accuracy results for the ensembles with MPa and MPb structures, respectively. As a baseline, we have also included the results given by a single (neural network) classifier. Firstly, one can see that in general, as expected from theory, the accuracies of
ensembles are higher than those obtained by the single classifiers. When comparing both ensemble

configurations (MPa and MPb), it seems that the MPb ensembles generally provide better results
than the MPa, although differences are not statistically significant.
Within the comparison of MPa and MPb, the Satimage database constitutes a very particular case,
in which the gains with MPb are much more important: the accuracy obtained by the MPb ensemble
with Bagging is 28% higher than that given by MPa. On the other hand, in both configurations, the
resampling method that produces the best results (in terms of predictive accuracy) corresponds to
the random selection without replacement.

Figure 2. Overall accuracy with MPa ensembles (the number of neurons in the hidden layer is set to n + 1).

Figure 3. Overall accuracy with MPb ensembles (two neurons in the hidden layer).
The ensemble ME (mixture of experts) is the second scheme used in this work. Each individual
component of the ensemble corresponds to a mixture of five experts and the integrating network,
all of them with the same structure. Figure 4 shows the results obtained with the ME configuration.
Although the present results are similar to those corresponding to the multilayer perceptron (MPa
and MPb), it is worth remarking that the increase in performance of the ensembles with respect
to the single network is now statistically significant. In fact, for Sonar and German databases,
differences in accuracies are about 10%, and for Satimage data set, the average predictive accuracy
of the ensemble (with Bagging) is 24% higher than that of the single classifier. Finally, like in the
case of the multilayer perceptron, the best resampling method seems to be the random selection
without replacement.
Apart from accuracy, the time required for training a given classification system is another important factor to take into account when analyzing the performance of the learning process. Thus,
a certain trade-off between predictive accuracy and processing time should be pursued to decide
which model will be used. Correspondingly, Table 2 reports processing times (relative to training

Figure 4. Average predictive accuracy with ME ensembles.
and classification phases) required by each learning method.

Heart
Pima
Sonar
Iris
Wine
German
Phoneme
Waveform
Segment
Satimage

MPa
2.6
8.5
1.2
1.0
0.3
104.4
60.5
437.9
210.9
134.4

Table 2. Processing time (in minutes).
Single
Bagging
Random w/o replac.
MPb
ME
MPa MPb ME
MPa MPb ME
2.5
5.5
0.2
0.2
3.7
0.2
0.2
2.5
3.6
9.8
5.7
4.1
9.6
6.8
3.9
9.8
3.1
9.1
0.5
0.2
0.3
0.5
0.2
0.3
0.4
2.3
0.1
0.1
1.8
0.1
0.1
1.8
0.1
0.1
0.1
0.1
0.2
0.2
0.1
0.2
13.3
31.4
4.0
9.2
25.2
3.1
8.3
22.9
21.3
66.8
39.4 22.6 57.4
41.9 23.7 59.0
65.1 174.5 167.3 44.8 133.0 131.2 41.1 127.2
35.0
1.4
81.8 24.4
2.1
63.1 23.0
2.1
134.5 593.2 913.9 88.3 420.6 829.4 82.4 409.0

The significant differences in processing times between the three ensembles and the single networks result quite evident (see Table 2). For example, in the case of the Iris data, the time required
by the single MPa is one minute, whereas the corresponding ensembles (Bagging and random selection without replacement) need only 10 seconds for training and classification.
Analogously, in the case of the ME configuration, the corresponding time goes down 0.5 minutes
when using an ensemble. Besides this considerable reduction in time, it has to be remarked that
the ensembles obtain even better overall prediction accuracy (see Figures 2–4), thus producing the
”best” results in terms of both performance measures (accuracy and processing time).
When comparing the results given by the three ensembles, in most cases the MPb ensembles
need much less processing time than the other two schemes. In fact, it should be pointed out that
the MPa configurations consist of (n + 1) neurons in the hidden layer, while the MPb schemes are
formed by only two neurons. Obviously, this supposes a considerable difference in computational
cost. Also, it is important to remind the classification results obtained with the three ensemble
configurations. Taking into account all these results, it seems possible to conclude that in general,
the MPb ensemble provides a well-balanced trade-off between time requirements and predictive
accuracy, thus becoming somewhat superior to MPa and ME.

5. Concluding remarks
The design of ensembles with multilayer perceptron and modular neural networks has been here
empirically analyzed. All ensembles employed in this paper consist of nine individual classifiers
(neural networks). In the case of the multilayer perceptron, the number of neurons in the hidden
layer has been determined according to two criteria: (n + 1) in the first case, and 2 for the second
configuration. On the other hand, for the modular neural network structure, we have employed five
expert networks and a unique gating network.
The experimental results allow to validate the performance of these three ensemble models, in
terms of processing time and predictive accuracy. In general, the alternative of using an ensemble
of neural networks appears as an effective and efficient classification algorithm, excelling the results of the single neural networks. When comparing the three ensembles, it has been empirically
demonstrated that the employment of a perceptron with only two neurons in the hidden layer results
in the best performance: higher accuracy and lower computational cost.
The results presented in this paper should be viewed as a first step toward a more complete understanding of how to exploit the benefits of using an ensemble of neural networks. In this sense, other
topologies and different parameters in the neural network configurations have to be analyzed in the
future. Also, it should be further investigated the relationship between the individual classifiers of
the ensemble and the resampling methods in order to determine the ”best” combination.
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