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a b s t r a c t
Classifying data patterns is one of the most recurrent applications in machine learning. The number of input
features inﬂuences the predictive performance of many classiﬁcation models. Most classiﬁers work with highdimensional spaces. Therefore, there is a great interest in facing the task of reducing the input space. Manifold
learning has been shown to perform better than classical dimensionality reduction approaches, such as Principal
Component Analysis and Linear Discriminant Analysis. In this sense, Autoencoders (AEs) provide an automated
way of performing feature fusion, ﬁnding the best manifold to reconstruct the data. There are several models and
architectures of AEs. For this reason, in this study an exhaustive analysis of the predictive performance of diﬀerent
AEs models with a large number of datasets is proposed, aiming to provide a set of useful guidelines. These will
allow users to choose the appropriate AE model for each case, depending on data traits and the classiﬁer to be
used. A thorough empirical analysis is conducted including four AE models, four classiﬁcation paradigms and a
group of datasets with a variety of traits. A convenient set of rules to follow is obtained as a result.

1. Introduction
Machine learning is one of the most widely studied ﬁelds of artiﬁcial intelligence, due to its extensive application in solving real problems. The generalization of behaviors from a series of training instances
is the main objective of the methods developed in this ﬁeld [1]. Some
of the main applications of these algorithms are classiﬁcation, regression and clustering [2,3]. In particular, classiﬁcation is one of the most
well-known and developed tasks. The main purpose of a classiﬁer is to
establish a prediction for new patterns, based on the information provided by training instances. To meet this challenge, diﬀerent proposals
have emerged over time that can be categorized into diﬀerent methodologies according to their structure and function [4].
There are very diverse approaches among the existing methodologies that handle the classiﬁcation task. Some of the most commonly
used that oﬀer the best results are: Instance-based learning (IBL), which
bases the prediction on the information provided by the training data
without carrying out a training process [5]; Support Vector Machines
(SVMs), which generate a distribution of the examples in the space with
the objective of establishing groupings of related instances [6]; Artiﬁcial Neural Networks (ANNs), which present an architecture based on
the human brain, and whose objective is to establish relationships between the data through an internal training process [7]; And Decision
trees (DTs), which are tree-based models, whose architecture allows dif-
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ferent features of the data to be evaluated in order to obtain the greatest
separability between classes [8].
The approaches included in the previous methodologies have diﬃculties when working with data that has certain characteristics. In general, these methods are created to work with real data. Therefore, they
must take the traits of the input data features into account in order
to give the best possible response. One of these characteristics is the
high dimensionality of the data. At present, the information captured
and stored is growing due to the increase in the generation, reception
and storage mechanisms. In this context, the data sets generated have a
growing number of features, so the classiﬁcation algorithms must adapt
to this fact. Traditional methodologies decrease their predictive performance when working with data that has a large number of features. This
is mainly due to the curse of dimensionality [9,10].
In this context, diﬀerent proposals have emerged for handling the
reduction of dimensionality. The fundamental objective of these methods is to mitigate the eﬀects of high dimensionality on the predictive
performance obtained with diﬀerent classiﬁers [11,12]. Initially, the
process consisted of manual evaluation by an expert who selected the
most relevant features. This task was automated in subsequent years,
along with the very ﬁrst methods of feature selection [13]. Some of the
best-known algorithms are: Linear Discriminant Analysis (LDA) [14],
Principal Component Analysis (PCA) [15], Isometric feature mapping
(ISOMAP) [16] and Locally Linear Embedding (LLE) [17]. Over time,
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new approaches have emerged to reduce input space dimensionality that
improve on aspects of previous tasks or use diﬀerent methodologies to
deal with the problem [18–21].
Recently, the term Feature Fusion has emerged, due to the need to
work with multimedia data using machine learning algorithms. The objective of this type of method is to combine features with the aim of
eliminating non-relevant information [22–24]. In order to carry out this
task, proposals based on deep learning (DL) have emerged that oﬀer
eﬀective performance [25]. These good results in certain ﬁelds have
led to a rise in the use of DL methods [26,27]. Speciﬁcally, one of the
most suitable models for the feature fusion task is Autoencoders (AEs),
due to its operation and architecture [28–34]. In addition to the improvement in predictive performance, the use of dimensionality reduction models allows a considerable reduction in the computation time
of the classiﬁcation algorithms. The reason for this is that the original
high-dimensional data leads to a greater cost in computing time; when
the input space is reduced, a smaller amount of data is provided to the
classiﬁcation algorithm and the associated time is reduced [30].
The architecture of AEs allows them to learn an internal representation of the input data during the training process. This phase consists of
reproducing the input in the output of the network through a series of
hidden layers. When the task of reducing the input space dimensionality
is tackled, the internal coding must be of smaller dimensionality than
the original data. Therefore, the hidden layer that supplies the information must be of smaller dimensionality than the input layer [28,30,35].
This is, however, only an overview of the operation of the AES. There
are diﬀerent models that include variations in diﬀerent aspects, for example, introducing noise in the input data or changing the loss function.
There a numerous diﬀerent variants of AEs and it is not possible to incorporate all of them in this study. Therefore, four of the most widely used
AE models have been considered in this paper. These models are: basic
AE [36], denoising AE [37], contractive AE [38] and robust AE [39].
The objective of this study is to carry out an exhaustive study of the
performance of the diﬀerent models of AEs in coping with dimensional
reduction. Similarly, the study will not focus on a single classiﬁcation
methodology but rather will aim to evaluate the behavior of classiﬁers
belonging to diﬀerent methodologies according to the type of AEs used.
In this way the reader is provided with a broad set of tests, as well as
associated conclusions that allow decisions to be made when facing the
task of dimensionality reduction with mediated AEs.
In summary, the objective of this paper is to guide the choice of the
proper autoencoder for feature fusion according to the classiﬁer and the
data complexity. In this sense, the main contributions are: (1) a parametric analysis of the four models of AEs included in the study that
allow users to select the best performing conﬁguration, (2) an experimentation of the four classiﬁcation algorithms including a comparison
of their results with the four AE models and with the original data, (3) an
experimental demonstration of the AE model that oﬀers the best performance for each classiﬁcation methodology, (4) a comparison between
AE models and other classical methods, such as PCA, LDA, ISOMAP and
LLE, and (5) a series of guidelines that allow the reader to decide which
AE model to use according to the characteristics of the input data.
In conclusion, the experimentation presented in this paper shows
the great performance of the AEs when facing the dimensionality reduction task. Speciﬁcally, the predictive performance of the four classiﬁers considered after applying the most sophisticated models of AEs
clearly improves with respect to the basic AE model. In general, the results generated through any model of AE are better than those that use
the raw data. In addition, experimentation shows that AEs behave better than other classic models of dimensionality reduction, such as PCA,
LDA, ISOMAP and LLE.
This paper is organized as follows: Section 2 includes the main theoretical concepts that are used throughout the paper: in Section 2.1 the
diﬀerent classiﬁcation methodologies and the algorithms used in the
experimentation are presented; the theoretical foundations of the AEs
are described, as well as each of the AE models involved in the ex-

perimentation, in Sections 2.3 and 2.4. In Section 3, the experimental
framework is deﬁned. The selection of the best architecture of AEs is
undertaken in Section 4. Section 5 presents the results obtained after
applying diﬀerent classiﬁcation algorithms on the data generated by the
AE models. In Section 6, a comparison between AEs and classic models
of dimensionality reduction is carried out. Section 7 presents a series
of guidelines established according to the experience provided by previous experimentation, the objective of which is to facilitate decisionmaking when faced with the problem of dimensionality reduction. Finally, Section 8 includes the main conclusions reached in this study.
2. Preliminaries
The main objective of this study is to analyze the performance of
diﬀerent models of AEs in tackling the task of dimensionality reduction
and how these new representations aﬀect classiﬁcation methods corresponding to diﬀerent paradigms.
For this reason, the use of diﬀerent classiﬁcation algorithms is considered. In Section 2.1, the main methodologies for classiﬁcation tasks
are presented, as well as the main algorithms used in the subsequent
experimentation. In addition, it is necessary to introduce the methods
used to perform dimensionality reduction. For this, the concept of AE
(2.3) and the main models used (2.4) are presented.
2.1. Classiﬁer paradigms and algorithms
Since the 20th century, diﬀerent methods for tackling classiﬁcation
tasks have been developed. The proposals can be grouped into several
methodologies according to their architecture and operation. The existing paradigms are very diverse, which opens up a large number of
possibilities when opting for a speciﬁc classiﬁcation method. Some of
these methodologies are: instance-based learning [5], artiﬁcial neural
networks [7], Bayesian networks [40], support vector machines [6], decision trees [8], rule-based systems [41], genetic algorithms [42] and
inductive logic programming [43], among others. This wide variety of
options requires experts to know the characteristics of each algorithm,
as well as to adapt their choice to the data used in each case. The four
paradigms used in this paper are described in more detail bellow, all of
which are among the most well-known paradigms:
•

•

•

•

Instance-based learning (IBL): This type of algorithm is lazy, that is
to say there is no learning process where a model is built. To make
the prediction, the information provided by the training instances is
used directly in the inference phase [5].
Artiﬁcial Neural Networks (ANNs): These models are inspired by the
structure of the human brain. The fundamental elements used in the
construction of this type of algorithm are neurons and the connections between them. ANNs use their own experience to identify relationships between the data [7].
Support Vector Machines (SVMs): These methods relate training instances with points in space. The process, called kernel trick, consists
of projecting the data patterns into a space of greater dimensionality. Thus, the model manages to separate linearly instances that,
initially, were not separable [6].
Decision trees (DTs): The performance and structure of these algorithms is based on trees. The main elements of these models are
the branches, where the attribute that provides more information to
make a division in the samples is evaluated, and the leaves, which
contain the values of the target class [8].

A speciﬁc algorithm of each of these classiﬁcation methodologies
has been chosen aiming to include a representative of each of the most
widespread paradigms in the experimentation:
•

45

Within the IBL methodology, one of the best known methods is knearest neighbors (kNN). It is a non-parametric algorithm used for
classiﬁcation and regression tasks [44,45]. In classiﬁcation, kNN
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does not build a model to undertake the prediction task. The method
does not do any work until it is not necessary to predict a new instance, therefore, it is called the lazy approach [46]. Once the new
example arrives, kNN predicts the class using the information provided by the k nearest examples, assigning the class that is the most
common among the neighbors.
Multi-layer perceptron (MLP) is the proposal used to evaluate the
performance of dimensionality reduction in ANNs. MLP is a traditional model within ANNs [47]. The algorithm can model nonlinear
functions and is trained to learn and generalize knowledge from new
data. MLP is formed by a series of interconnected elements, known
as neurons or nodes. The neurons are organized in diﬀerent layers
and the connections between them are weighted. During the training
process, the network uses the back-propagation algorithm to transmit the error throughout the network and adjust the weights to minimize it [48]. The fundamental objective of the model is to map the
input data through the layers of the network, generating the output
vector [49].
SVMs are a type of learning algorithm commonly used for classiﬁcation. This algorithm was originally introduced in 1992 [50] and has
been widely used and extended due to its robust performance. This
type of model separates the training data provided within a hyperplane that maximizes the distances between them. In this way, elements of similar categories will be closer than examples of diﬀerent
classes. If there is no possible line separation, then the algorithm employs techniques to perform non-linear mapping to a feature space
[6].
There are diﬀerent proposals for DTs for tackling the task of classiﬁcation. In this study C4.5 has been selected because it is a classic
model within this family and because it is widely used to deal with
this type of problem. This algorithm represents the features of the
input data as branches and the diﬀerent values of the target class as
leaves of the DT. Finally, the classiﬁcation rules are obtained from
the tree [8,51].

factor that aﬀects their predictive performance. Therefore, diﬀerent proposals have emerged with the aim of mitigating its eﬀects [11,12,53].
The ﬁrst solutions were based on the manual work of the experts who
selected the most important characteristics. However, this process was
soon automated and diﬀerent methods of feature selection arose. Some
of the most widely used traditional algorithms are: LDA [54], PCA
[15,55], ISOMAP [16] and LLE [17]. In recent years, new models have
appeared for tackling this task. Advances in technology and the large
amount of data available have allowed DL algorithms to be developed.
In particular, AEs have shown good performance due to their structure
and operation [28–30,56].
One of the ﬁrst methodologies that tackles the task of dimensionality
reduction is feature selection [13]. The process consists of selecting the
best subset of input variables. Moreover, feature selection treats each
input attribute independently. However, it is well known that the information provided by the variables treated together can be more useful
than if they are used independently. In order to solve this factor, other
methodologies arose, such as feature extraction and feature fusion [57].
The objective of the feature extraction methodology is to generate
the best representation of the input data [21]. This representation will
depend on the features of this data and the characteristics of the machine learning algorithm that will be used. To generate the new representation several techniques are used: basic transformations in the data,
normalization, discretization and scaling. These types of methods can
be classiﬁed as supervised (LDA) [54] or non-supervised (PCA) [15,55].
In a similar manner, the new feature space can be obtained through
linear combinations of input data, such as in PCA or LDA, or through
non-linear combinations, such as ISOMAP [16] or LLE [17]. In the second case, the methods that apply nonlinear dimensionality reduction
techniques are known as manifold learning [58,59]. These methods have
been shown to be very eﬀective in generating new feature spaces, but
they have an extremely high computational cost.
As a result, the new term feature fusion has recently emerged [22–
24,32–34], due to the need to process multimedia data, especially text,
images and sound. The main objective of feature fusion algorithms is to
generate new attributes by combining original variables. This way, less
relevant and redundant information is eliminated, making the task of
automatic learning algorithms more eﬀective [22]. In this context, the
use of diﬀerent DL models has experienced an important rise, speciﬁcally regarding AEs. This type of model has shown great performance
in discovering manifolds between the data automatically, with a much
lower computational cost than traditional methods. Therefore, this study
focuses on analyzing the behavior of diﬀerent AE models when tackling
the task of dimensionality reduction. In Subsection 2.3 the AE concept
and the diﬀerent models used are presented.

The methodologies and algorithms proposed for dealing with the
classiﬁcation task must take the characteristics of the data used into account. These data are often extracted from diﬀerent sources. At present,
due to the large number of devices and sensors, one of the most frequent
characteristics is the high dimensionality of the data. This factor negatively aﬀects the predictive performance of most traditional classiﬁers.
This phenomenon is known as the curse of dimensionality [9,10]. Another consequence associated with high-dimensional data is the need to
increase the number of training instances in order to maintain an acceptable level of performance, which is known as the Hughes phenomenon
[52].
This factor aﬀects the paradigms speciﬁed in this study diﬀerently.
The IBL algorithms base their operation on the information provided by
the nearest instances; therefore, distance is a fundamental element. In
spaces of high dimensionality, distances tend to equalize, that is they become less signiﬁcant, which implies less relevant results. Something similar happens with SVM, since it tries to maximize the distances between
data samples of diﬀerent classes that are less signiﬁcant with high dimensional data. Similarly, ANNs are aﬀected by the existence of features
that do not provide information or are redundant, so that a reduction in
dimensionality where more signiﬁcant features are provided would produce better results. Finally, in some case, decision trees would produce
enormous structures based on non-signiﬁcant features when processing
data with a large number of characteristics. The problem of high dimensionality has been widely studied, and in Subsection 2.2 some of
the methods proposed to deal with it are detailed.

2.3. Autoencoder foundations
AEs are ANNs whose structure is symmetrical. The main objective
of this type of model is to reconstruct the input into the output. The
network learns using only the input attributes to carry out this process,
without the need for any labeling or prior processing; therefore, it is
about unsupervised learning. The network can simply copy the input to
the output. To avoid this, certain restrictions must be veriﬁed [28,30].
Nowadays, the most widely used term used to refer to these structures
is autoencoder, but they have also been referred to as diabolo networks
[60], autoassociative neural networks [61] and replicator neural networks [62].
The structure of the AEs allows a coded representation of the input
information to be obtained in the middle layer. From this coding, the
network is able to reconstruct the original input. In cases in which this
middle layer is smaller than the input, a representation of lower dimensionality can be obtained [29,56,63]. This fact means that AEs are being
widely used to reduce the size of the feature space. Speciﬁcally, these
models combine variables to remove redundant and irrelevant information, which is known as feature fusion.

2.2. Dimensionality reduction methods
The classiﬁcation methods described in 2.1 are used for prediction
tasks based on real data. These data often have high dimensionality, a
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that facilitate the task of selecting the most appropriate method depending on the type of data or the type of classiﬁcation algorithm to be used.
Therefore, this paper aims to provide exhaustive experimentation to facilitate this task. With this aim, the performance of diﬀerent AE models
is analyzed. In Section 2.4 the approaches used in this experimentation
are presented.
2.4. Autoencoder models
The feature fusion task using AEs can be achieved using diﬀerent
approaches. In this study we focus on undercomplete models where the
coding produced in the intermediate layer is of lower dimensionality.
Therefore, overcomplete models are not taken into account, due to their
structure. However, these models are widely used to deal with other
problems. For example, sparse AEs are suitable for speech [66] and image recognition [67].
As already indicated, the objective of AEs is to ﬁnd a codiﬁcation of
the data by learning non-linear combinations of their features. In this
section, diﬀerent approaches that lead to a lower-dimensional space
are discussed. Speciﬁcally, four of the best-known AE models are described: basic, contractive, denoising and robust. This study focuses on
these four proposals with the aim of establishing a baseline study on
the use of AEs to reduce dimensionality. However, there are many other
variants in the literature. In fact, new proposals for AEs arise continuously. Some of these proposals are: Correspondence AEs [68], AE Node
Saliency [69] and AE With Invertible Functions [70].

Fig. 1. Architecture of autoencoder with one hidden layer.

In general terms, the basic structure of an AE is a feed-forward neural network [47] without cycles, where information always ﬂows in the
same direction. This structure is very similar to the multilayer perceptron. The architecture of the AE is composed of a sequence of layers:
an input layer, a series of hidden layers and an output layer. The input
and output layers must have the same dimension in order to reproduce
the input into the output through the network [64]. The middle layer
must be smaller than the input when the objective is to perform feature
fusion. This architecture is presented in Fig. 1.
In Fig. 1, the AE has 3 layers. The architecture is divided into two
parts. In the ﬁrst part, the encoder is made up of the ﬁrst two layers, including the middle encoding one. In the second part the decoder starts
in the middle layer and reaches the output layer. Each neuron connects
with all of the previous layers, and these connections form weight matrices denoted by W.
AEs can have as many layers as necessary, often located symmetrically as seen in Fig. 1. However, this representation corresponds to the
most basic architecture; there are proposals that include modiﬁcations.
Some of these will be seen in Section 2.4.
In this context, the output layer in the AE can be useful depending
on the task in hand. On the one hand, there are studies, such as this
one, where this layer is not the central objective, since the purpose is
to extract information from the hidden layers. On the other hand, the
output layer acquires great importance, for example, in cleaning the
noise of the input data.
According to the objectives set out in this paper the importance lies in
the information located in the hidden layers. Therefore the restrictions
included in the network are fundamental, allowing the model to learn an
internal representation of the input data. This new coding corresponds
to feature fusion with a higher level of representation. As a result, the
process eliminates redundant or unnecessary information. The beneﬁt of
the model is that this code can be extracted and used in an independent
process [65]. According to the size of the middle layer, there are two
types of AEs:
•

•

2.4.1. Basic autoencoder
The main objective of the AE models analyzed in this section is to
tackle the task of dimensionality reduction on a wide set of datasets with
disparate characteristics. Hence, the model obtained will be able to map
new examples onto the latent feature space. All AEs start from a basic
model, called basic AE (BAE) [36].
In the previous section the basic AE structure has been presented.
This consists of feed-forward ANN with symmetrical layer architecture.
The symmetry does not necessarily have to be reﬂected in the weights
and activation functions.
The most basic AE, when there is only one hidden layer, is composed
of two weight matrices, W and W’, and two bias vectors, b and b’. Therefore, where x is the input vector the functions of AE can be expressed as
follows:
𝑧 = 𝑓 ( 𝑥 ) = 𝛾1 ( 𝑊 𝑥 + 𝑏 )

(1)

𝑥′ = 𝑔(𝑦) = 𝛾2 (𝑊 ′ 𝑧 + 𝑏′ )

(2)

Eq. (1) corresponds to the compression function, from which an encoded input representation is obtained. Eq. (2) corresponds to the decoder part, where the AE reconstructs the input from the information
contained in the hidden layer. Here, 𝛾 1 and 𝛾 2 are two activation functions, which are usually nonlinear.
The objective function for AEs generally corresponds to a perinstance loss function. For example, a widely used metric is the mean
square error (MSE). Similarly, the algorithms used to optimize the
weights and biases in these models are stochastic gradient descent (SGD)
[71] and variants, such as RMSProp [72] or AdaGrad [73].
The gradient descent technique consists of modifying the parameters in order to minimize the objective function [74]. So, by applying
the back-propagation algorithm, the necessary gradients are computed
[48]. Back-propagation starts by calculating terms of the last layers and
transmits the value through the network.
In many cases, a regularization term is added to prevent the overﬁtting of the model to the training data. The following models incorporate restrictions and mechanisms on basic AE in order to increase its
performance.

Undercomplete: The size of the middle layer is smaller than the input. This type of architecture forces the network to learn a coded and
compressed representation of the input space. This model is used to
carry out feature fusion, where new higher level variables are generated.
Overcomplete: The size of the middle layer is larger than the input
and output layer. This model can be limited by its structure to copying the entry through the network without learning anything useful.
So, it is necessary to include restrictions to avoid this. Therefore, the
architecture allows for a sparse representation of the input data.

This study focuses on undercomplete AEs, since the aim is to reduce
the dimensionality of the original data. This architecture is a very suitable tool for performing feature fusion, obtaining new variables of a
higher level and lower dimensionality.
There are several AE models that can be used to tackle the task of
dimensionality reduction. However, there are no data in the literature
47
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2.4.2. Contractive autoencoder
AEs are very sensitive to variations in the input data, and small perturbations could generate very diﬀerent encodings. This is a drawback
and motivates the appearance of the model known as contractive AE
(CAE) [38]. This type of AE achieves local invariance to changes in the
training instances and so it is able to identify lower-dimensional manifold structures more easily.
CAEs include a regularization term that allows them to stabilize the
encodings in spite of disturbances in the input data. This new model
can generate instances from the learning performed, adding noise at
diﬀerent points and computing its coding [38].

In the following sections, the analysis of the experimentation is presented. Fundamentally, the objectives pursued are:
•

•

2.4.3. Denoising autoencoder
Denoising AE (DAE) [37] introduces modiﬁcations to the basic model
in order to achieve greater robustness, that is, allowing the model to
reconstruct the input by eliminating any noise that is present.
AEs have previously been applied to the noise elimination task [75].
However, this model has a broader objective, since it takes advantage
of noise to build a new feature space that is more resistant to corrupt
entries. As such, the ﬁeld of application is wider and the performance
of the AE increases.
The architecture of the DAE model is identical to that of the basic
model. The fundamental modiﬁcation is in the corruption of the entrance during the training phase. An example of this process is given in
[37], where a number of input variables are randomly chosen and set to
0. However, the reconstruction is compared to the original unmodiﬁed
values. Therefore, the AE training process will be adjusted in order to
detect the missing values.
DAE can have several hidden layers. Similarly, the training technique
can be adapted to other ways of corrupting the input data [76], for
example, additive Gaussian noise or salt-and-pepper noise.

•

•

In addition, Section 3.1 presents the framework used in the experimentation.
3.1. Experimental framework

2.4.4. Robust autoencoder
Robust AEs (RAE) are networks trained to tolerate possible noise
present in the training data [39], just like DAE. However, this task is
handled in a diﬀerent way. The alternative used is to modify the loss
function used when training the network. At the time of minimizing the
reconstruction error, changes are introduced that reduce the eﬀects of
noise in the calculations performed.
Robust stacked AEs incorporate this idea with the aim of being more
tolerant to input noise than basic models. To accomplish this, the proposal in [77] uses an error function based on correntropy.
Correntropy allows us to measure the probability density that two
events are similar. The outliers aﬀect this measure to a lesser extent
than the MSE. Therefore, RAE attempts to maximize this measurement,
implying greater resilience to noise.

This study aims to analyze the performance of diﬀerent models of
AEs when dealing with the reduction of dimensionality. Similarly, the
experimentation aims to determine the behavior of diﬀerent classiﬁers
depending on the type of AE. For this, a wide range of datasets with
very varied characteristics has been used. Their traits are presented in
Table 1, which also shows the origin of the dataset in the Ref column.
When performing the executions, a 2 × 5 fold cross validation scheme
was applied.
The datasets described in Table 1 are those used by all models of
AEs to establish a comparison based on a large data set with diﬀerent
characteristics. In addition, establishing a form of evaluation is necessary in order to assess the predictive performance of diﬀerent methods
and models. In this case the area under the ROC curve (AUC) has been
used. This metric oﬀers a robust view of the predictive performance of
the models evaluated. That is to say, AUC provides a reliable overview
of the results, something that has not been obtained with other metrics
such as Precision or Accuracy, which give a more partial view. AUC is
the probability that a classiﬁer will rank a randomly chosen positive instance higher than a randomly chosen negative one. AUC is given by the
Eq. (3):

3. Experimental study
In order to analyze the improvements of tackling the task of feature
fusion using AEs, an exhaustive experimental study has been carried
out. In addition, this analysis compares diﬀerent AE models with the
aim of determining which of them oﬀers better performance. Thus the
experimentation performed follows the steps detailed bellow:
•

•

Determine which structure of AEs oﬀers better predictive performance. For this purpose, classiﬁcation results for the diﬀerent conﬁgurations are compared in Section 4. Due to the large number of
results generated, this step is necessary in order to focus the subsequent analysis on just one architecture.
Perform a comparison of the classiﬁcation results obtained by the
diﬀerent classiﬁers in Section 5. The comparative data will be those
corresponding to the classiﬁcation of the subsets obtained with the
four models of AEs with the conﬁguration selected in Section 3 and
the classiﬁcation of the original data without reduction of dimensionality. The purposes of Section 5 are:
– Present, in Section 5.1, the experimental framework of the classiﬁcation algorithms used in this study.
– Analyze, by type of classiﬁer, the performance of the diﬀerent
models of AEs in Sections 5.2–5.5.
– Establish a general analysis of the results supported by statistical
tests in Section 5.6.
– Study the execution time of the classiﬁcation algorithms considering the diﬀerent AE architectures in Section 5.7.
Carry out a comparison of the AEs’ performance when tackling the
task of dimensionality reduction compared to the traditional methods outlined in Section 6.
Propose guidelines to facilitate the task of dimensionality reduction
using AEs in Section 7.

−∞

AUC =

Firstly, the diﬀerent models of AEs are used to generate a new feature
space from that of the input data. For this, diﬀerent AE architectures
are used in each case. In this way several subsets with diﬀerent degrees of reduction are obtained from the original datasets. The models of AEs used are: basic, contractive, denoising and robust.
Secondly, the classiﬁcation with the diﬀerent methods is carried
out. Each classiﬁcation algorithm works with the diﬀerent data sets
generated in the previous phase. In this way classiﬁcations are performed for the diﬀerent subsets of the same dataset. This process
allows us to establish comparisons between the AE models and architectures used when generating reduced subsets of the input data.
The classiﬁers used are: kNN, MLP, SVM and C4.5.

∫∞

TPR(𝑇 )FPR(𝑇 )𝑑𝑇

(3)

where TPR stands for the true positive rate and FPR is false positive rate.
In this study, the pROC package for R, which contains a set of tools for
displaying and analyzing ROC curves, is used to calculate AUC for both
binary and multi-class datasets [87]. This package obtains multiclass
AUC as deﬁned by Hand and Till [88].
Finally, two statistical tests are used in this study to verify the signiﬁcance of the results obtained. This will allow us to establish the conclusions associated with the study. The tests performed are:
•
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In this way, the selection of the best architecture and model can be
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Table 1
Characteristics of the datasets used in the experimentation.
Dataset

arcene
batch
coil2000
dota
drive
facial
fashionmnist
gisette
hapt
image
isolet
letter
madelon
mfeat
microv1
microv2
mnist
musk
nomao
semeion

•

Number of
Samples

Features

Classes

900
13,910
9822
102,944
58,509
2964
70,000
13,500
10,929
2310
7797
20,000
2000
2000
360
571
70,000
6598
1970
1593

10,000
128
85
116
48
301
784
5000
561
19
617
16
500
649
1300
1300
784
168
118
256

2
6
2
2
11
2
10
2
12
7
26
26
2
10
10
20
10
2
2
10

Type

Field

Ref

Real
Real
Integer
Real
Real
Real
Integer
Integer
Real
Real
Real
Integer
Real
Real
Real
Real
Integer
Integer
Real
Integer

Medical
Chemical
Social
Game
Motor
Image
Image
Image
Activity
Image
Image
Image
Artiﬁcial
Image
Biology
Biology
Image
Physical
Technology
Image

[78]
[79]
[80]
[81]
[81]
[81]
[82]
[78]
[83]
[81]
[84]
[81]
[85]
[81]
[81]
[81]
[86]
[81]
[81]
[81]

Table 2
Autoencoder architectures used in the experimentation.

The Li post-hoc tests [90] for Friedman test are applied in order
to compare all the conﬁgurations and allow us to verify whether
there are signiﬁcant diﬀerences between these results. The Li test is
a non-parametric method appropriate when the number of samples
is not very large and it is a good alternative for ﬁnding signiﬁcant
diﬀerences [91].

Number of
layers
ARQ_25
ARQ_50
ARQ_75

The equipment used to develop this set of executions is a cluster
made up of 18 computers, with 2 CPUs (2.33 GHz) of 7 GB RAM each.
The cluster is mounted using Rocks 6.1.1, a cluster Linux distribution.
Rocks 6.1.1 is based upon CentOS 6.5. Therefore, CentOS 6.5 is the operating system included in each of the nodes of the cluster. The diﬀerent
models of AEs were coded in Python language, using the Keras library
[92]. The classiﬁcation methods used were programmed using R language [93] and are detailed in Subsection 5.1. Finally, it is important to
note that during the executions of this study the cluster has been dedicated exclusively to them, without any other type of work executed in
the system. In addition, two parallel tasks have been executed in each
node, as each one has 2 CPUs.

•

•

•

3
3
3

Number of neurons (% of total)
Input

Hidden

Output

100
100
100

25
50
75

100
100
100

Input layer: This part has as many neurons as the original dataset
has features.
Hidden layer: The number of units is variable in each conﬁguration
according to the reduction carried out.
Output layer: Due to the symmetric architecture of AEs, this layer
has the same number of elements as the input.

As indicated above, the architectures used have a single hidden layer.
The objective is to make the evaluation of basic architectures to establish
a baseline study. However, AEs can be expanded with more layers while
maintaining their symmetrical structure. In this experimentation, the
architectures considered have a single hidden layer. The main reason is,
as has been shown in previous experiments [30], that including more
hidden layers in the form of stacked AEs does not imply an improvement
in predictive performance.

4. Autoencoders architectures analysis
The objective of this section is to study which structure of AEs oﬀers
a better predictive performance. In this way, the subsequent analysis
will focus on the best architecture obtained. Section 4.1 describes the
diﬀerent architectures used and Subsection 4.2 presents the results.

4.2. Autoencoders architectures analysis
4.1. Autoencoders architectures framework
The main objective of this Section is to study which AE conﬁguration
provides a better predictive performance with the diﬀerent classiﬁers.
Due to the large number of results generated, the objective is to establish one of the conﬁgurations in order to later perform a more detailed
analysis of classiﬁers.
The visualization using plots of the results generated can provide a
ﬁrst approximation of their quality and of which models work better.
Therefore, the ﬁrst step is to graphically represent the results obtained
for the diﬀerent conﬁgurations. Fig. 2(a)–(c) present the results obtained
by compressing 25% (ARQ_25), 50% (ARQ_50) and 75% (ARQ_75), respectively. The three plots show the aggregated results by conﬁguration,
AE model and classiﬁer. The classiﬁers are represented by the diﬀerent
strokes, while the vertices of the plot correspond to the diﬀerent AE
models.

In this subsection, the architectures used with the diﬀerent AE models to perform the feature fusion are presented. One of the fundamental
characteristics of these models is that they have symmetrical architecture where the number of neurons in the input layer is equal to that of
the output layer. In this work, AEs are used to reduce dimensionality,
therefore, the intermediate layer must have a lower dimensionality than
the input and output layers. In Table 2, the diﬀerent conﬁgurations are
shown.
To evaluate the diﬀerent models, the same selection of several architectures were used for all models of AEs. The architectures proposed
in Table 2 make a reduction in the number of original features of 75%
(ARQ_75), 50% (ARQ_50) and 25% (ARQ_25), respectively. Thus, AEs
will essentially have the following layers:
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Fig. 2. Predictive performance (AUC) of the diﬀerent autoencoder models and classiﬁcation algorithms for each architecture.
Table 3
Average rankings of the diﬀerent autoencoder architectures by classiﬁcation method.
kNN

SVM

MLP

C4.5

Architecture

Ranking

Architecture

Ranking

Architecture

Ranking

Architecture

Ranking

ARQ_75
ARQ_50
ARQ_25
Plain

1.850
2.075
2.750
3.325

ARQ_75
ARQ_50
ARQ_25
Plain

2.037
2.050
2.662
3.250

ARQ_75
ARQ_50
ARQ_25
Plain

1.850
2.150
2.725
3.275

ARQ_75
ARQ_50
Plain
ARQ_25

1.825
2.300
2.837
3.037

in some cases the execution without compression improves some of the
models of AE used.
Once a global vision of the results obtained has been presented, the
objective is to select the conﬁguration with the best predictive performance. Due to the large number of executions carried out, it is necessary
to perform a more detailed subsequent analysis.
To determine the best conﬁguration, it is necessary to verify whether
there are signiﬁcant diﬀerences between them. To do so, ﬁrst the Friedman test [89] is applied. Average ranks obtained by applying this test
for AUC are shown in Table 3. These rankings have been generated by
adding data from all datasets and AE models. In this case, the objective
is to select the best architecture, therefore it is not necessary to separate
the results by AE model. This more detailed analysis will be shown in
Section 5.
As can be seen in Table 3, the conﬁguration that provides the best
predictive performance is that which reduces the number of features

Plots 2(a)–(c) show the results for the diﬀerent conﬁgurations proposed in this study. Each ﬁgure is a radar chart that represents the results
obtained with the 4 models of AE and the model without performing
compression. Similarly, there is a line for each classiﬁcation algorithm
and so, a global vision of the performance of the diﬀerent models is
generated. The representation is an aggregation of all the datasets
used.
In general, RAE works better in all cases, since it can be observed
that for all classiﬁcation methods it tends to the maximum value. On the
contrary, the worst results are obtained with BAE and with the model
without compression, which is expected since they are the less sophisticated models and contain original data without processing, respectively.
Regarding the diﬀerent classiﬁcation methods, some patterns can be
observed. On the one hand, for the kNN, SVM and MLP algorithms, the
diﬀerent models of AE improve in the three conﬁgurations on execution
without compression. On the other hand, C4.5 performs the worst, since
50

F.J. Pulgar, F. Charte and A.J. Rivera et al.

Information Fusion 54 (2020) 44–60

Table 4
Li post-hoc Friedman test for classiﬁcation algorithms by autoencoder architecture.
ARQ_25

ARQ_50

ARQ_75

Plain

kNN

ARQ_25
ARQ_50
ARQ_75
Plain

1.292E-03
1.423E-05
-

1.703E-01
-

-

6.601E-03
1.253E-09
6.817E-13
-

SVM

ARQ_25
ARQ_50
ARQ_75
Plain

5.229E-02
4.311E-02
-

9.512E-01
-

-

7.571E-02
8.464E-08
5.837E-08
-

MLP

ARQ_25
ARQ_50
ARQ_75
Plain

5.617E-03
2.114E-05
-

1.416E-01
-

-

8.147E-03
4.148E-08
3.413E-12
-

C4.5

ARQ_25
ARQ_50
ARQ_75
Plain

4.497E-04
4.236E-09
3.272E-01

2.882E-02
-

-

1.242E-02
1.047E-06
-

the data and the classiﬁcation algorithms that are used. In Section 3.1,
data sets with diﬀerent traits have been described. In this Subsection,
the classiﬁcation algorithms used, their origin and their main parameters are presented.
The classiﬁcation algorithms are implemented in R [93], using in
each case a speciﬁc package of this platform. Another important aspect
is the parameterization of the classiﬁcation algorithms. Bellow, the main
characteristics of the diﬀerent algorithms are shown:
•

•

•

•

to 75% (ARQ_75) of the total. In addition, the worst results are obtained with the execution without compression, except for C4.5 where
the worst results are obtained with the conﬁguration ARQ_25 (25% of
the total).
To select a conﬁguration based on solid results, it is necessary to verify whether there are statistically signiﬁcant diﬀerences. Therefore, Li
post-hoc tests [90] for Friedman test are applied in order to compare all
the conﬁgurations. Table 4 shows the diﬀerent p-values obtained by the
Li test. In this table, the p-values are represented when the architecture
of the row has a better ranking than the architecture of the column.
As can be seen in Table 4, there are signiﬁcant diﬀerences between
the diﬀerent conﬁgurations proposed in this study if we set the p-value
threshold to the usual range [0.05, 0.1]. The only cases where there
are no clearly signiﬁcant diﬀerences is for SVM, between the models
that reduce to 50% (ARQ_50) and 75% (ARQ_75) of the total, and with
C4.5, between the models that reduce to 25% and the model without
reduction. However, the results presented in this section allow us to
establish a solid base for selecting the architecture that reduces 75% of
the total as the best in terms of predictive performance.

For the kNN algorithm, the kknn package has been used [94]. Similarly, the value of parameter k is 5, since it is the one recommended
in the literature [30].
The SVM algorithm has been obtained from the e1071 package [95].
The parameters used are those established by default in the package
documentation including radial kernel.
To perform the classiﬁcation with the MLP algorithm, caret and
RSNNS packages were used [96,97]. The structure of the network
and the number of iterations are determined by the default parameters of the package.
The C4.5 algorithm was provided by the RWeka package [98]. The
default parameters were used in the implementation of C4.5.

The parameters used in four algorithms are those provided by default
for the diﬀerent algorithms, since the objective is to assess the predictive performance obtained by reducing with AEs without adjusting the
methods in any other way.
5.2. kNN
Table 5 shows the results obtained using the kNN algorithm. These
data show that in most cases the best results are obtained with data
sets reduced by AEs. Speciﬁcally, in 10 out of 20 cases the best result
is obtained with RAE, in 4 out of 20 datasets DAE generates the best
predictive performance and in 5 out of 20 the best data is obtained by
CAE. However, there are 2 cases where the best results are obtained
with the original dataset.
These results show the improvement of predictive performance occurs when reducing dimensionality using AEs. The justiﬁcation for this
can be found in the functional scheme of the IBL algorithms, speciﬁcally, kNN. The behavior of this type of method is aﬀected by the high
dimensionality of the input space, because in this scenario the distances
between the instances tend to equalize. Therefore, the loss of signiﬁcance of this factor leads to a fall in predictive performance [99]. In this
context, AEs are incorporated. The objective is to reduce the dimensionality of the input data using several AE models, aiming to obtain
distances between the examples that are more signiﬁcant. AEs carry out
the fusion features, where new spaces are generated by adding the most
relevant information from the original data.
Another aspect to note is that for 18 datasets the best results were
obtained with sophisticated AE models (CAE, DAE, RAE), which is obvious since they incorporate improvements over BAE. Therefore, the
generated feature fusion contains more and more relevant information
and is more useful when carrying out the classiﬁcation.

5. Classiﬁcation performance analysis
Once the conﬁguration that generates a better predictive performance in classiﬁcation has been selected in Section 4, the next objective is to perform a more detailed analysis of the diﬀerent AE models
and how they aﬀect the classiﬁcation methods proposed in this study.
For this, Section 5.1 presents the framework used for the diﬀerent classiﬁcation algorithms and Sections 5.2–5.5 present the results obtained
by kNN, SVM, MLP and C4.5, respectively. In these subsections the results are presented in greater detail, showing the values of AUC for each
one of the datasets and for each AE model. The diﬀerent tables present
the performance of the four classiﬁers when using the original dataset
without reduction and the subsets that were generated after carrying out
fusion features with the AE models. In all of the tables, the best result for
each dataset is highlighted in bold. In addition, Section 5.6 establishes
a general analysis where statistical tests are used to support the results
and Section 5.7 studies the execution time of the diﬀerent architectures
considered.

5.3. SVM
In Table 6 the classiﬁcation results of the SVM algorithm are presented. The trend of the previous algorithm is maintained according to
the data shown. The best results are obtained by classifying subsets generated by AEs in most cases. In more detail, the RAE model shows the
best performance in 8 out of 20 cases, DAE works best in 5 out of 20
datasets and CAE generates better results in 5 out of 20 cases. Finally,
there are no improvements for the other 3 datasets, where the best performance is obtained with the plain data.
The behavior of the SVM algorithm when decreasing the input space
by means of AEs clearly improves with respect to the results with the

5.1. Classiﬁcation algorithm framework
The main objective of this paper is to carry out an exhaustive study
that analyzes the performance of AE models in handling the task of dimensionality reduction. This experimentation allows us to oﬀer useful
information when using these models according to the characteristics of
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Table 5
kNN results for plain data and autoencoder models (AUC).
Dataset

Plain Data

BAE

CAE

DAE

RAE

arcene
batch
coil2000
dota
drive
facial
fashionmnist
gisette
hapt
image
isolet
letter
madelon
mfeat
microv1
microv2
mnist
musk
nomao
semeion

0.693 ± 0.003
0.870 ± 0.005
0.546 ± 0.003
0.416 ± 0.021
0.800 ± 0.009
0.795 ± 0.011
0.906 ± 0.004
0.824 ± 0.005
0.903 ± 0.005
0.929 ± 0.005
0.943 ± 0.003
0.973 ± 0.015
0.526 ± 0.004
0.703 ± 0.004
0.920 ± 0.005
0.883 ± 0.006
0.965 ± 0.003
0.829 ± 0.005
0.891 ± 0.001
0.927 ± 0.003

0.591 ± 0.011
0.877 ± 0.003
0.543 ± 0.002
0.515 ± 0.002
0.819 ± 0.011
0.668 ± 0.005
0.914 ± 0.003
0.879 ± 0.009
0.918 ± 0.004
0.952 ± 0.000
0.942 ± 0.004
0.818 ± 0.007
0.550 ± 0.003
0.982 ± 0.002
0.933 ± 0.002
0.896 ± 0.003
0.958 ± 0.001
0.914 ± 0.004
0.891 ± 0.003
0.929 ± 0.002

0.605 ± 0.015
0.900 ± 0.010
0.554 ± 0.004
0.519 ± 0.000
0.877 ± 0.005
0.690 ± 0.006
0.912 ± 0.001
0.897 ± 0.004
0.876 ± 0.005
0.952 ± 0.002
0.974 ± 0.001
0.925 ± 0.012
0.566 ± 0.006
0.986 ± 0.002
0.922 ± 0.003
0.955 ± 0.002
0.969 ± 0.000
0.940 ± 0.002
0.914 ± 0.005
0.907 ± 0.004

0.672 ± 0.005
0.990 ± 0.001
0.554 ± 0.004
0.522 ± 0.003
0.846 ± 0.006
0.685 ± 0.003
0.920 ± 0.003
0.923 ± 0.002
0.931 ± 0.003
0.950 ± 0.001
0.968 ± 0.002
0.923 ± 0.006
0.591 ± 0.003
0.984 ± 0.001
0.939 ± 0.005
0.932 ± 0.005
0.975 ± 0.001
0.941 ± 0.001
0.904 ± 0.002
0.940 ± 0.001

0.743 ± 0.008
0.992 ± 0.001
0.545 ± 0.003
0.516 ± 0.002
0.873 ± 0.004
0.697 ± 0.002
0.922 ± 0.001
0.900 ± 0.004
0.939 ± 0.002
0.958 ± 0.003
0.976 ± 0.002
0.947 ± 0.005
0.618 ± 0.005
0.984 ± 0.001
0.929 ± 0.004
0.954 ± 0.003
0.979 ± 0.000
0.947 ± 0.002
0.905 ± 0.003
0.942 ± 0.000

Table 6
SVM results for plain data and autoencoder models (AUC).
Dataset

Plain Data

BAE

CAE

DAE

RAE

arcene
batch
coil2000
dota
drive
facial
fashionmnist
gisette
hapt
image
isolet
letter
madelon
mfeat
microv1
microv2
mnist
musk
nomao
semeion

0.500 ± 0.000
0.923 ± 0.003
0.500 ± 0.000
0.509 ± 0.002
0.885 ± 0.005
0.802 ± 0.003
0.932 ± 0.002
0.803 ± 0.008
0.900 ± 0.001
0.846 ± 0.004
0.954 ± 0.003
0.966 ± 0.003
0.569 ± 0.004
0.970 ± 0.002
0.500 ± 0.000
0.500 ± 0.000
0.981 ± 0.002
0.838 ± 0.004
0.914 ± 0.001
0.891 ± 0.000

0.500 ± 0.000
0.933 ± 0.005
0.500 ± 0.000
0.500 ± 0.000
0.934 ± 0.007
0.697 ± 0.006
0.933 ± 0.005
0.821 ± 0.007
0.895 ± 0.001
0.853 ± 0.003
0.968 ± 0.002
0.790 ± 0.006
0.569 ± 0.004
0.982 ± 0.001
0.774 ± 0.004
0.849 ± 0.002
0.984 ± 0.001
0.893 ± 0.004
0.915 ± 0.001
0.913 ± 0.002

0.500 ± 0.000
0.924 ± 0.004
0.500 ± 0.000
0.553 ± 0.001
0.985 ± 0.003
0.701 ± 0.004
0.938 ± 0.003
0.816 ± 0.001
0.871 ± 0.003
0.886 ± 0.001
0.971 ± 0.002
0.841 ± 0.004
0.580 ± 0.002
0.985 ± 0.002
0.796 ± 0.003
0.916 ± 0.003
0.984 ± 0.001
0.939 ± 0.005
0.935 ± 0.000
0.957 ± 0.003

0.632 ± 0.005
0.980 ± 0.002
0.500 ± 0.000
0.550 ± 0.002
0.941 ± 0.002
0.713 ± 0.002
0.940 ± 0.000
0.969 ± 0.003
0.889 ± 0.001
0.877 ± 0.005
0.975 ± 0.001
0.828 ± 0.004
0.591 ± 0.001
0.985 ± 0.001
0.918 ± 0.005
0.871 ± 0.001
0.985 ± 0.001
0.948 ± 0.006
0.924 ± 0.002
0.957 ± 0.001

0.500 ± 0.000
0.985 ± 0.002
0.500 ± 0.000
0.534 ± 0.005
0.863 ± 0.004
0.714 ± 0.005
0.942 ± 0.001
0.955 ± 0.006
0.886 ± 0.004
0.910 ± 0.002
0.976 ± 0.001
0.879 ± 0.005
0.587 ± 0.000
0.985 ± 0.001
0.786 ± 0.002
0.881 ± 0.001
0.987 ± 0.000
0.964 ± 0.003
0.932 ± 0.001
0.962 ± 0.001

plain data. The philosophy of the SVM algorithm is based on the maximization of distances between data samples of diﬀerent classes [6]. In
this sense, the distance between the instances tends to equalize in spaces
of high dimensionality. This leads to a considerable loss of predictive
performance and justiﬁes the use of methods to mitigate its eﬀects [10].
In this study, the use of AEs allows the generation of a new space
of features where the distances are more signiﬁcant. During the process, diﬀerent AE models are trained to discard irrelevant or redundant
information. In this new scenario the SVM algorithm improves the distribution of instances, generating better predictive results.
The results for SVM conﬁrm that more complex AE models oﬀer better results in 17 datasets. These results provide a solid basis for considering the use of AEs to pre-process the data when classiﬁcation is performed using SVM-based algorithms. This is especially recommended
when the data has high-dimensional input space.

rithms. In this case, all datasets show improvements when applying AEs.
Speciﬁcally, RAE generates the best results in 10 out of 20 cases, DAE
obtains the best predictive performance in 2 out of 20 datasets, CAE in
6 out of 20 sets and BAE is the best model in the 2 remaining cases.
The results shown in Table 7 conﬁrm that the predictive performance
of a basic neural network (MLP) improves by reducing the input space
using diﬀerent models of AEs. The MLP algorithm corresponds to a basic neural network whose objective is to learn to predict the class of a
new instance from a series of input instances. During the training process, the network adjusts its parameters in order to generate the smallest
possible error in the training data [47]. The information of each of the
classes that the network generalizes is worse if the dimensionality of the
data increases, so it is necessary to use diﬀerent methods that improve
this.
The AEs used in this experimentation are also ANNs. Therefore, the
feature fusion produced generates information that follows a ”natural”
process when used as input to another ANN. In fact, this process is very
similar to classiﬁcation schemes based on DL, which do not use any
external models [65]. ANN convention allows us to extract higher-level
information that improves the predictive performance of MLP.
Following the trend marked by previous algorithms, MLP results indicate that complex AE models oﬀer the best performance in 18 datasets.

5.4. MLP
The classiﬁcation results generated by the MLP algorithm are shown
in Table 7. These data reﬂect that the predictive performance is improved by reducing the dimensionality using the diﬀerent models of
AEs. This continues to conﬁrm the trend marked by the previous algo52
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Table 7
MLP results for plain data and autoencoder models (AUC).
Dataset

Plain Data

BAE

CAE

DAE

RAE

arcene
batch
coil2000
dota
drive
facial
fashionmnist
gisette
hapt
image
isolet
letter
madelon
mfeat
microv1
microv2
mnist
musk
nomao
semeion

0.522 ± 0.001
0.914 ± 0.003
0.500 ± 0.000
0.500 ± 0.000
0.698 ± 0.008
0.520 ± 0.009
0.901 ± 0.001
0.605 ± 0.004
0.839 ± 0.005
0.703 ± 0.005
0.827 ± 0.008
0.734 ± 0.003
0.500 ± 0.000
0.500 ± 0.000
0.678 ± 0.005
0.708 ± 0.006
0.872 ± 0.003
0.850 ± 0.003
0.901 ± 0.002
0.827 ± 0.003

0.492 ± 0.003
0.920 ± 0.005
0.500 ± 0.000
0.504 ± 0.001
0.740 ± 0.011
0.699 ± 0.005
0.908 ± 0.004
0.755 ± 0.003
0.855 ± 0.002
0.823 ± 0.004
0.786 ± 0.005
0.701 ± 0.005
0.556 ± 0.002
0.932 ± 0.003
0.692 ± 0.006
0.500 ± 0.000
0.891 ± 0.004
0.953 ± 0.004
0.904 ± 0.002
0.817 ± 0.008

0.465 ± 0.005
0.929 ± 0.002
0.500 ± 0.000
0.529 ± 0.003
0.964 ± 0.004
0.706 ± 0.003
0.915 ± 0.001
0.591 ± 0.002
0.838 ± 0.002
0.884 ± 0.003
0.850 ± 0.006
0.749 ± 0.003
0.590 ± 0.001
0.938 ± 0.003
0.713 ± 0.004
0.747 ± 0.002
0.896 ± 0.000
0.999 ± 0.000
0.923 ± 0.003
0.860 ± 0.005

0.500 ± 0.000
0.920 ± 0.003
0.500 ± 0.000
0.500 ± 0.000
0.680 ± 0.010
0.701 ± 0.004
0.911 ± 0.004
0.627 ± 0.003
0.850 ± 0.001
0.872 ± 0.003
0.842 ± 0.007
0.740 ± 0.002
0.637 ± 0.004
0.968 ± 0.001
0.690 ± 0.005
0.725 ± 0.004
0.905 ± 0.002
0.999 ± 0.000
0.530 ± 0.011
0.756 ± 0.002

0.523 ± 0.001
0.920 ± 0.002
0.500 ± 0.000
0.547 ± 0.005
0.812 ± 0.006
0.718 ± 0.003
0.917 ± 0.002
0.614 ± 0.003
0.841 ± 0.003
0.898 ± 0.001
0.880 ± 0.006
0.742 ± 0.005
0.631 ± 0.002
0.976 ± 0.000
0.714 ± 0.003
0.742 ± 0.003
0.909 ± 0.001
0.999 ± 0.000
0.913 ± 0.003
0.793 ± 0.006

Table 8
C4.5 results for plain data and autoencoder models (AUC).
Dataset

Plain Data

BAE

CAE

DAE

RAE

arcene
batch
coil2000
dota
drive
facial
fashionmnist
gisette
hapt
image
isolet
letter
madelon
mfeat
microv1
microv2
mnist
musk
nomao
semeion

0.655 ± 0.005
0.921 ± 0.003
0.503 ± 0.002
0.462 ± 0.004
0.869 ± 0.003
0.789 ± 0.011
0.877 ± 0.002
0.657 ± 0.005
0.798 ± 0.001
0.832 ± 0.002
0.870 ± 0.004
0.922 ± 0.005
0.520 ± 0.004
0.911 ± 0.003
0.838 ± 0.004
0.736 ± 0.005
0.965 ± 0.005
0.800 ± 0.002
0.886 ± 0.002
0.716 ± 0.003

0.679 ± 0.009
0.941 ± 0.002
0.509 ± 0.003
0.498 ± 0.006
0.862 ± 0.006
0.629 ± 0.009
0.875 ± 0.000
0.758 ± 0.008
0.791 ± 0.002
0.753 ± 0.001
0.853 ± 0.002
0.742 ± 0.008
0.515 ± 0.002
0.922 ± 0.003
0.851 ± 0.002
0.746 ± 0.003
0.958 ± 0.004
0.805 ± 0.000
0.877 ± 0.001
0.606 ± 0.005

0.565 ± 0.006
0.911 ± 0.003
0.521 ± 0.001
0.548 ± 0.003
0.944 ± 0.003
0.660 ± 0.005
0.883 ± 0.003
0.714 ± 0.003
0.800 ± 0.001
0.862 ± 0.003
0.888 ± 0.003
0.813 ± 0.012
0.557 ± 0.006
0.930 ± 0.001
0.871 ± 0.002
0.867 ± 0.006
0.969 ± 0.002
0.880 ± 0.002
0.885 ± 0.001
0.727 ± 0.002

0.678 ± 0.003
0.982 ± 0.000
0.516 ± 0.002
0.539 ± 0.002
0.850 ± 0.004
0.655 ± 0.013
0.888 ± 0.001
0.743 ± 0.005
0.799 ± 0.000
0.859 ± 0.003
0.874 ± 0.003
0.811 ± 0.008
0.524 ± 0.003
0.913 ± 0.004
0.849 ± 0.001
0.845 ± 0.002
0.975 ± 0.001
0.883 ± 0.001
0.877 ± 0.003
0.739 ± 0.005

0.730 ± 0.004
0.983 ± 0.001
0.513 ± 0.004
0.521 ± 0.005
0.867 ± 0.005
0.683 ± 0.008
0.890 ± 0.000
0.790 ± 0.006
0.799 ± 0.001
0.927 ± 0.001
0.867 ± 0.004
0.820 ± 0.004
0.565 ± 0.002
0.941 ± 0.002
0.937 ± 0.003
0.873 ± 0.003
0.979 ± 0.002
0.885 ± 0.000
0.882 ± 0.002
0.759 ± 0.001

It is important to note that in all cases the best results are obtained with
the use of AEs.

ing attributes that provide little information. For this reason, the use of
dimensionality reduction methods is recommended.
The process followed in this study allows information to be merged
from diﬀerent features using AEs and generating new attributes by combining the originals. In this new scenario, the C4.5 algorithm has new
features that contain more relevant information; therefore, the divisions
performed are better and the predictive performance improves.
For C4.5, the results follow the line of the previous algorithms. The
most sophisticated AE models generate the best predictive performance.
These results justify the use of AEs to reduce dimensionality as a previous phase to that using tree-based algorithms, such as C4.5. The fusion
of features allows for the generation of more relevant attributes that
provide more useful information.

5.5. C4.5
In this section, the classiﬁcation results obtained for the C4.5 method
are presented in Table 8. The C4.5 algorithm behaves similarly to the
previous algorithms while using the new input space produced by AE
models. On the one hand, the best results are obtained with the data
generated by the AEs in most cases. Speciﬁcally, RAE generates the best
performance in 12 out of 20 cases and CAE in 5 out of 20 datasets. On the
other hand, in 3 cases the results obtained with the original data are the
best. Unlike the previous algorithms, in this case the DAE model never
obtains the best result. However, the performance of DAE is close to that
obtained with RAE in many cases. This fact is best seen in Fig. 2(c).
The predictive performance of the C4.5 algorithm is improved when
AEs are used. Higher-level feature generation positively aﬀects treebased algorithms. The methodology of the C4.5 algorithm is based on
the analysis of the attributes that provide more information to separate the instances in classes [8]. In a high dimensionality space, the
high number of features prevents this type of algorithms from select-

5.6. Results analysis
Once the results for each of the classiﬁcation algorithms with the
diﬀerent AE models have been presented, the objective is to perform
statistical tests that support the conclusions reached. This step is essential in order to conﬁrm the results obtained and the diﬀerences between
the diﬀerent models.
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Table 9
Average rankings of the diﬀerent autoencoder models by classiﬁcation method.
kNN

SVM

MLP

C4.5

AE model

Ranking

AE model

Ranking

AE model

Ranking

AE model

Ranking

RAE
DAE
CAE
BAE
Plain

1.750
2.400
2.700
4.000
4.150

RAE
DAE
CAE
BAE
Plain

2.025
2.200
2.850
3.850
4.075

RAE
CAE
DAE
BAE
Plain

1.750
2.400
3.100
3.500
4.250

RAE
CAE
DAE
Plain
BAE

1.700
2.450
3.000
3.800
4.050

Table 10
Li post-hoc Friedman test for classiﬁcation algorithm by autoencoder model.
BAE

CAE

DAE

RAE

Plain

kNN

BAE
CAE
DAE
RAE
Plain

3.803E-02
5.794E-03
2.881E-05
-

6.993E-01
1.958E-01
-

4.508E-01
-

-

7.642E-01
1.558E-02
1.969E-03
6.728E-06
-

SVM

BAE
CAE
DAE
RAE
Plain

1.426E-01
3.521E-03
9.573E-04
-

4.143E-01
2.655E-01
-

7.263E-01
-

-

7.046E-01
4.961E-02
6.457E-04
1.509E-04
-

MLP

BAE
CAE
DAE
RAE
Plain

4.603E-02
4.237E-01
8.067E-04
-

2.514E-01
-

1.891E-01
1.189E-02
-

-

1.882E-01
3.739E-04
3.588E-02
9.948E-07
-

C4.5

BAE
CAE
DAE
RAE
Plain

3.576E-03
8.534E-02
6.794E-06
6.171E-01

2.586E-01
-

4.147E-01
2.376E-02
-

-

1.779E-02
2.225E-01
6.969E-05
-

the diﬀerent models with each other. Table 10 presents the diﬀerent
p-values obtained with the Li test for the four classiﬁcation algorithms.
Table 10 shows that there are signiﬁcant diﬀerences between most
of the comparisons between the diﬀerent models used in this experiment, setting the p-value threshold to the usual range [0.05, 0.1]. In
general, the most sophisticated models present clear diﬀerences with
respect to the BAE model and the model with plain data. The RAE, DAE
and CAE models do not always have signiﬁcant diﬀerences, since each
model presents better results for some of the datasets. Similarly, there
are no signiﬁcant diﬀerences between the plain models and the most
basic, since they are generally surpassed by more sophisticated models.
These results conﬁrm that the more sophisticated AE models improve
on the predictive performance obtained by the plain model using the
four selected classiﬁcation algorithms. There are no signiﬁcant diﬀerences among the sophisticated models, although the rankings indicate
that the RAE model works better.
5.7. Running time analysis
Once each of the classiﬁcation algorithms has been analyzed in detail
from a predictive performance perspective, an analysis of the execution
time of the diﬀerent conﬁgurations for each algorithm is carried out.
The objective of this subsection is to verify the time improvements in
the conﬁgurations as the size of the output space is reduced by AEs.
First, it is necessary to clarify the execution time studied in this Subsection. Hence, the following analysis only considers the time of the
diﬀerent classiﬁers. The training and compression time of the AEs models is not taken into account, since this process is performed only once
for each model and architecture, generating a subset that can be used
by any classiﬁer in later stages. The reason for this approach is to highlight the performance improvement in terms of execution time obtained
when classifying data of lower dimensionality. Thus the analysis is focused on studying the times grouped by the diﬀerent architectures and
classiﬁcation algorithms.
Table 11 shows a series of rankings obtained after applying the Friedman test [89] for execution time. The data of all the datasets and AE
models have been grouped, since the main interest in this section is to
verify the time diﬀerences of each conﬁguration. In addition, it is important to indicate that the times considered are averages for all the
executions performed considering the 2x5 fold cross validation scheme.
These averages have been used to develop the rankings presented.
As can be seen in Table 11, the best performance with respect to execution time is obtained with the conﬁguration that reduces the number

To support the results obtained, it is necessary to check whether
there are signiﬁcant diﬀerences between the models. The fundamental objective is to check the diﬀerences between the most sophisticated
models and the plain data, since the previous results determined that
these cases were those that signiﬁcantly improved predictive performance. To do this, ﬁrst average ranks are obtained by applying the
Friedman test [89]. The rankings for each classiﬁcation algorithm are
shown in Table 9.
Table 9 shows that for the four classiﬁcation algorithms the best
predictive performance is obtained with RAE. The DAE and CAE models
are in second and third place, alternating their position according to
the classiﬁcation method. In addition, the worst results are obtained
with the original data, except for C4.5, which is obtained with the BAE
model. These rankings conﬁrm the conclusions drawn in the previous
subsections where it was indicated that the most sophisticated models
oﬀered better performance in most cases.
However, the previous rankings must be conﬁrmed by statistical tests
that verify that there are signiﬁcant diﬀerences. This is necessary in
order to be able to draw conclusions based on solid results. For this
reason, the Li post-hoc [90] for Friedman test is carried out, comparing

Table 11
Average rankings considering execution time of the diﬀerent autoencoder architecture by classiﬁcation
method.
kNN

SVM

MLP

C4.5

Architecture

Ranking

Architecture

Ranking

Architecture

Ranking

Architecture

Ranking

ARQ_25
ARQ_50
ARQ_75
Plain

1.031
2.056
2.912
4.000

ARQ_25
ARQ_50
ARQ_75
Plain

1.025
2.075
3.031
3.868

ARQ_25
ARQ_50
ARQ_75
Plain

1.012
2.000
3.012
3.975

ARQ_25
ARQ_50
ARQ_75
Plain

1.037
2.068
2.981
3.912

54

F.J. Pulgar, F. Charte and A.J. Rivera et al.

Information Fusion 54 (2020) 44–60

Table 12
Li post-hoc Friedman test for running time results by autoencoder architecture.
ARQ_25

ARQ_50

ARQ_75

Plain

kNN

ARQ_25
ARQ_50
ARQ_75
Plain

-

5.128E-07
-

0.000E + 00
2.732E-05
-

0.000E + 00
0.000E + 00
9.949E-08
-

SVM

ARQ_25
ARQ_50
ARQ_75
Plain

-

2.691E-07
-

0.000E + 00
2.805E-06
-

0.000E + 00
0.000E + 00
4.080E-05
-

MLP

ARQ_25
ARQ_50
ARQ_75
Plain

-

1.313E-06
-

0.000E + 00
7.041E-06
-

0.000E + 00
0.000E + 00
2.414E-06
-

C4.5

ARQ_25
ARQ_50
ARQ_75
Plain

-

4.370E-07
-

0.000E + 00
7.810E-06
-

0.000E + 00
0.000E + 00
5.063E-06
-

The SVM and MLP algorithms show similar behavior, there are two
datasets (arcene, microv1) where the best results are obtained with traditional algorithms and another dataset (coil2000) where all the results
obtained are similar. Finally, considering the C4.5 algorithm, it can be
observed that there are three datasets (arcene, drive, madelon) where the
best predictive performance is obtained from the data generated by traditional dimensionality reduction algorithms. Therefore, a general trend
in all classiﬁcation algorithms can be observed that indicates that AEbased methods work better than LDA, PCA, ISOMAP and LLE.
However, it is necessary to conﬁrm that these diﬀerences are statistically signiﬁcant. To do so, the Friedman test is applied ﬁrst [89].
The average rankings obtained are presented in Table 17. Then, a series
of performance classiﬁcations of the diﬀerent dimensionality reduction
methods are generated.
The diﬀerent rankings presented in 17 show that the best models are
those based on AEs, while the traditional algorithms generate the worst
results from an overall point of view. This trend is maintained in all the
classiﬁcation algorithms used in the experiment.
The second step when verifying the diﬀerences between the models
is to verify whether there are signiﬁcant diﬀerences or not. In order to
do so, Li post-hoc tests [90] for the Friedman test are used to compare
the diﬀerent models. Table 18 presents the p-values obtained with the Li
test.
Table 18 shows that there are signiﬁcant diﬀerences between most
AE models with traditional models in the cases considered, setting the pvalue threshold to the usual range [0.05, 0.1]. However, there are some
AE models that do not show signiﬁcant diﬀerences with LDA, ISOMAP
and LLE in some classiﬁcation algorithms. Nevertheless, the RAE model
shows signiﬁcant diﬀerences with LDA, PCA, ISOMAP and LLE in the
four classiﬁcation algorithms considered. This conﬁrms the trend that
indicates that the RAE model produces the best results from an overall
point of view.
In summary, the data presented in this section show that dimensionality reduction models based on AEs generate a predictive performance
superior to traditional models such as LDA, PCA ISOMAP and LLE. This
is mainly due to the fact that models based on AEs generate more relevant features and provide the classiﬁcation algorithms with more useful
information. This allows us to consider this type of model as an option
to take into account when tackling this task.

of features to 25% of the total for all the algorithms. In a similar manner, the execution time increases as compression decreases. In this way,
the worst results are obtained with the plain model, that is the model
that does not use AEs to reduce dimensionality.
Finally, it is necessary to determine whether there are statistically
signiﬁcant diﬀerences in order to establish solid and well-founded results. To this end, Li post-hoc tests [90] for the Friedman test are applied.
Table 12 presents the diﬀerent p-values generated using the Li test.
The results obtained from the Li test, shown in Table 12, show that
there are signiﬁcant diﬀerences between the conﬁgurations considered
in this study, setting the p-value threshold to the usual range [0.05, 0.1].
These diﬀerences are given in all cases compared.
Therefore, the fact that the execution time decreases as the compression of the data increases is conﬁrmed by solid results. In conclusion,
the use of AEs to reduce dimensionality entails a considerable reduction
in terms of execution time. Thus, the selection of the architecture may
depend on the relevance of the execution time in the problem in question. If it is important to reduce the time, an architecture with fewer
units in the hidden layer can be selected, although this implies lower
predictive performance.

7. General guidelines on the use of autoencoder models
In the previous sections an exhaustive experimentation on the performance of several classiﬁers with data reduced using AE models and
the diﬀerent conclusions reached in each case have been presented. This
section aims to analyze in more detail the relationship between the characteristics of the datasets and the results obtained. As a result, a series
of guidelines are presented that allow the most appropriate AE model
to be selected according to the classiﬁcation algorithm and the traits of
the data speciﬁc to each problem. To this end, the most relevant recommendation for each algorithm is presented in the following list. In
addition, Table 19 presents a summary of the main ideas.
KNN:

6. Autoencoders vs classical feature extraction techniques
Finally, the objective of this section is to assess the competitiveness
of AE models as compared against traditional dimensionality reduction
methods. Speciﬁcally, four of the most well-known and widely-used algorithms have been selected, PCA, LDA, ISOMAP and LLE. To do so,
a comparison has been made between the most sophisticated models
of AE (DAE, CAE and RAE) and the results obtained with PCA, LDA,
ISOMAP and LLE on the same datasets. The conﬁguration selected in
all cases corresponds to that established in Section 4.2 and provides the
best performance. It is important for the number of features obtained
through the diﬀerent methods to be the same in order to make a reliable comparison. Similarly, this contrast has been made considering the
four classiﬁcation algorithms used in the experimentation.
Tables 13–16 present the classiﬁcation results of the algorithms kNN,
SVM, MLP and C4.5, respectively. Each table contains the data obtained
after applying the 7 methods of dimensionality reduction: CAE, DAE,
RAE, PCA, LDA, ISOMAP and LLE. In each case, the best result is highlighted in bold.
Observing the results presented in Tables 13–16, it can be seen that
the best results are obtained with the AE models for most of the cases.
Speciﬁcally, for kNN there are only three datasets (arcene, microv1,
musk) where the best result is obtained with traditional algorithms and
another dataset (mfeat) where CAE and ISOMAP have the same result.

•

•

•

•

For a dataset with a very high dimensionality, the best results are obtained with DAE and RAE models. Therefore, we recommend using
them for datasets with more than 1000 features.
The most recommended model when using datasets with a number
of features between 500 and 1000 is RAE. However, CAE model also
oﬀers good results in certain cases.
If datasets have between 100 and 500 features, RAE model generally
performs well. Similarly, DAE and CAE models obtain good results
with binary datasets.
The models that generate the best predictive performance for
datasets with less than 100 features are RAE and CAE.
SVM:
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Table 13
kNN classiﬁcation results of CAE, DAE, RAE, PCA, LDA, ISOMAP and LLE for test data (AUC).
Dataset

CAE

DAE

RAE

PCA

LDA

ISOMAP

LLE

arcene
batch
coil2000
dota
drive
facial
fashionmnist
gisette
hapt
image
isolet
letter
madelon
mfeat
microv1
microv2
mnist
musk
nomao
semeion

0.605 ± 0.015
0.900 ± 0.010
0.554 ± 0.004
0.519 ± 0.000
0.877 ± 0.005
0.690 ± 0.006
0.912 ± 0.001
0.897 ± 0.004
0.876 ± 0.005
0.952 ± 0.002
0.974 ± 0.001
0.925 ± 0.012
0.566 ± 0.006
0.986 ± 0.002
0.922 ± 0.003
0.955 ± 0.002
0.969 ± 0.000
0.940 ± 0.002
0.914 ± 0.005
0.907 ± 0.004

0.672 ± 0.005
0.990 ± 0.001
0.554 ± 0.004
0.522 ± 0.003
0.846 ± 0.006
0.685 ± 0.003
0.920 ± 0.003
0.923 ± 0.002
0.931 ± 0.003
0.950 ± 0.001
0.968 ± 0.002
0.923 ± 0.006
0.591 ± 0.003
0.984 ± 0.001
0.939 ± 0.005
0.932 ± 0.005
0.975 ± 0.001
0.941 ± 0.001
0.904 ± 0.002
0.940 ± 0.001

0.743 ± 0.008
0.992 ± 0.001
0.545 ± 0.003
0.516 ± 0.002
0.873 ± 0.004
0.697 ± 0.002
0.922 ± 0.001
0.900 ± 0.004
0.939 ± 0.002
0.958 ± 0.003
0.976 ± 0.002
0.947 ± 0.005
0.618 ± 0.005
0.984 ± 0.001
0.929 ± 0.004
0.954 ± 0.003
0.979 ± 0.000
0.947 ± 0.002
0.905 ± 0.003
0.942 ± 0.000

0.661 ± 0.006
0.861 ± 0.005
0.523 ± 0.006
0.513 ± 0.003
0.683 ± 0.011
0.631 ± 0.005
0.831 ± 0.004
0.855 ± 0.003
0.553 ± 0.012
0.734 ± 0.011
0.659 ± 0.006
0.882 ± 0.005
0.523 ± 0.002
0.963 ± 0.003
0.532 ± 0.006
0.632 ± 0.005
0.828 ± 0.002
0.912 ± 0.004
0.797 ± 0.004
0.732 ± 0.003

0.654 ± 0.009
0.852 ± 0.007
0.525 ± 0.003
0.517 ± 0.001
0.782 ± 0.006
0.648 ± 0.004
0.911 ± 0.002
0.883 ± 0.006
0.903 ± 0.004
0.779 ± 0.004
0.971 ± 0.002
0.893 ± 0.003
0.505 ± 0.005
0.972 ± 0.002
0.897 ± 0.002
0.891 ± 0.003
0.966 ± 0.003
0.964 ± 0.001
0.817 ± 0.006
0.926 ± 0.005

0.738 ± 0.003
0.786 ± 0.004
0.525 ± 0.003
0.516 ± 0.002
0.693 ± 0.003
0.601 ± 0.004
0.842 ± 0.003
0.877 ± 0.003
0.750 ± 0.003
0.882 ± 0.007
0.962 ± 0.003
0.894 ± 0.003
0.506 ± 0.003
0.985 ± 0.001
0.947 ± 0.000
0.948 ± 0.002
0.923 ± 0.001
0.938 ± 0.003
0.804 ± 0.003
0.894 ± 0.005

0.747 ± 0.005
0.862 ± 0.006
0.502 ± 0.002
0.516 ± 0.002
0.726 ± 0.008
0.602 ± 0.003
0.896 ± 0.001
0.878 ± 0.005
0.781 ± 0.006
0.874 ± 0.002
0.927 ± 0.001
0.883 ± 0.004
0.501 ± 0.001
0.986 ± 0.002
0.946 ± 0.001
0.951 ± 0.002
0.944 ± 0.002
0.901 ± 0.005
0.849 ± 0.005
0.884 ± 0.003

Table 14
SVM classiﬁcation results of CAE, DAE, RAE, PCA, LDA, ISOMAP and LLE for test data (AUC).
Dataset

CAE

DAE

RAE

PCA

LDA

ISOMAP

LLE

arcene
batch
coil2000
dota
drive
facial
fashionmnist
gisette
hapt
image
isolet
letter
madelon
mfeat
microv1
microv2
mnist
musk
nomao
semeion

0.500 ± 0.000
0.924 ± 0.004
0.500 ± 0.000
0.553 ± 0.001
0.985 ± 0.003
0.701 ± 0.004
0.938 ± 0.003
0.816 ± 0.001
0.871 ± 0.003
0.886 ± 0.001
0.971 ± 0.002
0.841 ± 0.004
0.580 ± 0.002
0.985 ± 0.002
0.796 ± 0.003
0.916 ± 0.003
0.984 ± 0.001
0.939 ± 0.005
0.935 ± 0.000
0.957 ± 0.003

0.632 ± 0.005
0.980 ± 0.002
0.500 ± 0.000
0.550 ± 0.002
0.941 ± 0.002
0.713 ± 0.002
0.940 ± 0.000
0.969 ± 0.003
0.889 ± 0.001
0.877 ± 0.005
0.975 ± 0.001
0.828 ± 0.004
0.591 ± 0.001
0.985 ± 0.001
0.918 ± 0.005
0.871 ± 0.001
0.985 ± 0.001
0.948 ± 0.006
0.924 ± 0.002
0.957 ± 0.001

0.500 ± 0.000
0.985 ± 0.002
0.500 ± 0.000
0.534 ± 0.005
0.863 ± 0.004
0.714 ± 0.005
0.942 ± 0.001
0.955 ± 0.006
0.886 ± 0.004
0.910 ± 0.002
0.976 ± 0.001
0.879 ± 0.005
0.587 ± 0.000
0.985 ± 0.001
0.786 ± 0.002
0.881 ± 0.001
0.987 ± 0.000
0.964 ± 0.003
0.932 ± 0.001
0.962 ± 0.001

0.531 ± 0.003
0.983 ± 0.001
0.493 ± 0.002
0.517 ± 0.005
0.978 ± 0.001
0.672 ± 0.005
0.921 ± 0.003
0.925 ± 0.002
0.788 ± 0.005
0.850 ± 0.004
0.958 ± 0.003
0.812 ± 0.003
0.557 ± 0.003
0.926 ± 0.003
0.731 ± 0.005
0.652 ± 0.010
0.971 ± 0.002
0.955 ± 0.003
0.929 ± 0.000
0.936 ± 0.005

0.545 ± 0.004
0.980 ± 0.002
0.500 ± 0.000
0.529 ± 0.003
0.979 ± 0.002
0.703 ± 0.003
0.935 ± 0.001
0.941 ± 0.004
0.875 ± 0.003
0.862 ± 0.001
0.965 ± 0.001
0.839 ± 0.005
0.585 ± 0.002
0.962 ± 0.003
0.876 ± 0.004
0.791 ± 0.008
0.979 ± 0.002
0.958 ± 0.001
0.930 ± 0.001
0.957 ± 0.002

0.721 ± 0.002
0.983 ± 0.001
0.500 ± 0.000
0.547 ± 0.002
0.981 ± 0.002
0.697 ± 0.005
0.929 ± 0.001
0.962 ± 0.001
0.859 ± 0.003
0.784 ± 0.005
0.963 ± 0.001
0.842 ± 0.004
0.547 ± 0.004
0.980 ± 0.002
0.953 ± 0.002
0.832 ± 0.009
0.829 ± 0.005
0.959 ± 0.001
0.933 ± 0.001
0.929 ± 0.003

0.722 ± 0.003
0.892 ± 0.003
0.500 ± 0.000
0.548 ± 0.000
0.982 ± 0.001
0.501 ± 0.007
0.934 ± 0.002
0.963 ± 0.003
0.869 ± 0.001
0.620 ± 0.003
0.966 ± 0.003
0.852 ± 0.002
0.523 ± 0.004
0.981 ± 0.000
0.953 ± 0.002
0.835 ± 0.011
0.976 ± 0.001
0.954 ± 0.002
0.925 ± 0.003
0.949 ± 0.003

Table 15
MLP classiﬁcation results of CAE, DAE, RAE, PCA, LDA, ISOMAP and LLE for test data (AUC).
Dataset

CAE

DAE

RAE

PCA

LDA

ISOMAP

LLE

arcene
batch
coil2000
dota
drive
facial
fashionmnist
gisette
hapt
image
isolet
letter
madelon
mfeat
microv1
microv2
mnist
musk
nomao
semeion

0.465 ± 0.005
0.929 ± 0.002
0.500 ± 0.000
0.529 ± 0.003
0.964 ± 0.004
0.706 ± 0.003
0.915 ± 0.001
0.591 ± 0.002
0.838 ± 0.002
0.884 ± 0.003
0.850 ± 0.006
0.749 ± 0.003
0.590 ± 0.001
0.938 ± 0.003
0.713 ± 0.004
0.747 ± 0.002
0.896 ± 0.000
0.999 ± 0.000
0.923 ± 0.003
0.860 ± 0.005

0.500 ± 0.000
0.920 ± 0.003
0.500 ± 0.000
0.500 ± 0.000
0.680 ± 0.010
0.701 ± 0.004
0.911 ± 0.004
0.627 ± 0.003
0.850 ± 0.001
0.872 ± 0.003
0.842 ± 0.007
0.740 ± 0.002
0.637 ± 0.004
0.968 ± 0.001
0.690 ± 0.005
0.725 ± 0.004
0.905 ± 0.002
0.999 ± 0.000
0.530 ± 0.011
0.756 ± 0.002

0.523 ± 0.001
0.920 ± 0.002
0.500 ± 0.000
0.547 ± 0.005
0.812 ± 0.006
0.718 ± 0.003
0.917 ± 0.002
0.614 ± 0.003
0.841 ± 0.003
0.898 ± 0.001
0.880 ± 0.006
0.742 ± 0.005
0.631 ± 0.002
0.976 ± 0.000
0.714 ± 0.003
0.742 ± 0.003
0.909 ± 0.001
0.999 ± 0.000
0.913 ± 0.003
0.793 ± 0.006

0.521 ± 0.004
0.915 ± 0.001
0.500 ± 0.000
0.524 ± 0.002
0.941 ± 0.003
0.692 ± 0.002
0.902 ± 0.003
0.602 ± 0.001
0.834 ± 0.005
0.881 ± 0.003
0.849 ± 0.005
0.713 ± 0.005
0.577 ± 0.008
0.921 ± 0.003
0.694 ± 0.003
0.731 ± 0.002
0.902 ± 0.002
0.992 ± 0.002
0.913 ± 0.002
0.820 ± 0.004

0.512 ± 0.003
0.512 ± 0.003
0.500 ± 0.000
0.525 ± 0.004
0.883 ± 0.004
0.704 ± 0.002
0.909 ± 0.001
0.612 ± 0.003
0.839 ± 0.003
0.552 ± 0.010
0.819 ± 0.006
0.732 ± 0.002
0.582 ± 0.005
0.953 ± 0.004
0.701 ± 0.005
0.720 ± 0.002
0.906 ± 0.001
0.991 ± 0.002
0.915 ± 0.003
0.849 ± 0.002

0.691 ± 0.006
0.919 ± 0.004
0.500 ± 0.000
0.527 ± 0.002
0.802 ± 0.005
0.707 ± 0.001
0.898 ± 0.004
0.609 ± 0.004
0.840 ± 0.004
0.672 ± 0.008
0.791 ± 0.009
0.739 ± 0.006
0.556 ± 0.005
0.974 ± 0.001
0.829 ± 0.006
0.740 ± 0.001
0.893 ± 0.000
0.994 ± 0.001
0.911 ± 0.005
0.746 ± 0.005

0.673 ± 0.004
0.566 ± 0.001
0.500 ± 0.000
0.525 ± 0.001
0.809 ± 0.004
0.697 ± 0.004
0.905 ± 0.004
0.605 ± 0.002
0.820 ± 0.005
0.645 ± 0.009
0.805 ± 0.005
0.722 ± 0.002
0.512 ± 0.007
0.964 ± 0.002
0.868 ± 0.004
0.733 ± 0.003
0.896 ± 0.003
0.952 ± 0.001
0.914 ± 0.003
0.822 ± 0.003
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Table 16
C4.5 classiﬁcation results of CAE, DAE, RAE, PCA, LDA, ISOMAP and LLE for test data (AUC).
Dataset

CAE

DAE

RAE

PCA

LDA

ISOMAP

LLE

arcene
batch
coil2000
dota
drive
facial
fashionmnist
gisette
hapt
image
isolet
letter
madelon
mfeat
microv1
microv2
mnist
musk
nomao
semeion

0.565 ± 0.006
0.911 ± 0.003
0.521 ± 0.001
0.548 ± 0.003
0.944 ± 0.003
0.660 ± 0.005
0.883 ± 0.003
0.714 ± 0.003
0.800 ± 0.001
0.862 ± 0.003
0.888 ± 0.003
0.813 ± 0.012
0.557 ± 0.006
0.930 ± 0.001
0.871 ± 0.002
0.867 ± 0.006
0.969 ± 0.002
0.880 ± 0.002
0.885 ± 0.001
0.727 ± 0.002

0.678 ± 0.003
0.982 ± 0.000
0.516 ± 0.002
0.539 ± 0.002
0.850 ± 0.004
0.655 ± 0.013
0.888 ± 0.001
0.743 ± 0.005
0.799 ± 0.000
0.859 ± 0.003
0.874 ± 0.003
0.811 ± 0.008
0.524 ± 0.003
0.913 ± 0.004
0.849 ± 0.001
0.845 ± 0.002
0.975 ± 0.001
0.883 ± 0.001
0.877 ± 0.003
0.739 ± 0.005

0.730 ± 0.004
0.983 ± 0.001
0.513 ± 0.004
0.521 ± 0.005
0.867 ± 0.005
0.683 ± 0.008
0.890 ± 0.000
0.790 ± 0.006
0.799 ± 0.001
0.927 ± 0.001
0.867 ± 0.004
0.820 ± 0.004
0.565 ± 0.002
0.941 ± 0.002
0.937 ± 0.003
0.873 ± 0.003
0.979 ± 0.002
0.885 ± 0.000
0.882 ± 0.002
0.759 ± 0.001

0.654 ± 0.005
0.971 ± 0.003
0.509 ± 0.002
0.527 ± 0.003
0.936 ± 0.003
0.626 ± 0.003
0.872 ± 0.002
0.682 ± 0.003
0.797 ± 0.002
0.913 ± 0.002
0.840 ± 0.004
0.783 ± 0.010
0.626 ± 0.007
0.889 ± 0.002
0.731 ± 0.010
0.835 ± 0.005
0.891 ± 0.003
0.869 ± 0.004
0.881 ± 0.001
0.729 ± 0.000

0.662 ± 0.004
0.973 ± 0.002
0.504 ± 0.002
0.531 ± 0.005
0.938 ± 0.003
0.651 ± 0.005
0.883 ± 0.000
0.705 ± 0.005
0.791 ± 0.003
0.922 ± 0.002
0.859 ± 0.004
0.811 ± 0.004
0.677 ± 0.003
0.898 ± 0.003
0.806 ± 0.003
0.837 ± 0.005
0.927 ± 0.002
0.872 ± 0.002
0.862 ± 0.000
0.739 ± 0.003

0.766 ± 0.003
0.980 ± 0.001
0.507 ± 0.001
0.503 ± 0.005
0.954 ± 0.001
0.635 ± 0.007
0.879 ± 0.001
0.692 ± 0.003
0.792 ± 0.002
0.774 ± 0.004
0.851 ± 0.005
0.793 ± 0.005
0.652 ± 0.005
0.892 ± 0.001
0.685 ± 0.005
0.815 ± 0.006
0.897 ± 0.003
0.876 ± 0.004
0.767 ± 0.003
0.744 ± 0.003

0.695 ± 0.004
0.975 ± 0.002
0.500 ± 0.000
0.515 ± 0.003
0.947 ± 0.002
0.632 ± 0.004
0.881 ± 0.001
0.709 ± 0.004
0.788 ± 0.004
0.838 ± 0.003
0.862 ± 0.002
0.805 ± 0.003
0.631 ± 0.005
0.895 ± 0.002
0.868 ± 0.002
0.838 ± 0.003
0.915 ± 0.001
0.871 ± 0.003
0.872 ± 0.003
0.731 ± 0.002

Table 17
Average rankings considering CAE, DAE, RAE, PCA, LDA, ISOMAP and LLE by classiﬁcation method.
kNN

SVM

MLP

C4.5

Architecture

Ranking

Architecture

Ranking

Architecture

Ranking

Architecture

Ranking

RAE
DAE
CAE
LDA
LLE
ISOMAP
PCA

1.925
2.700
2.750
4.475
4.775
4.925
6.450

RAE
DAE
CAE
LDA
ISOMAP
LLE
PCA

2.600
3.150
3.550
4.200
4.275
4.300
5.925

RAE
CAE
DAE
ISOMAP
LDA
LLE
PCA

2.250
3.025
4.125
4.350
4.425
4.800
5.025

RAE
CAE
DAE
LDA
LLE
ISOMAP
PCA

2.025
3.075
3.275
4.275
4.750
4.950
5.650

Table 18
Li post-hoc Friedman test for dimensionality reduction methods by classiﬁcation algorithm.
CAE

DAE

RAE

PCA

LDA

ISOMAP

LLE

CAE
DAE
RAE
PCA
LDA
ISOMAP
LLE

9.417E-01
2.870E-01
-

3.067E-01
-

-

4.260E-07
4.234E-07
7.346E-10
7.316E-03
3.564E-02
2.124E-02

1.862E-02
1.634E-02
6.626E-04
-

3.810E-03
3.373E-03
5.908E-05
5.650E-01
8.408E-01

6.360E-03
5.558E-03
1.268E-04
6.970E-01
-

SVM

CAE
DAE
RAE
PCA
LDA
ISOMAP
LLE

6.144E-01
2.517E-01
-

4.906E-01
-

-

3.549E-03
5.103E-04
2.376E-05
5.924E-02
5.924E-02
5.924E-02

4.219E-01
1.972E-01
5.924E-02
-

3.792E-01
1.840E-01
5.924E-02
9.226E-01
-

3.792E-01
1.840E-01
5.924E-02
9.072E-01
9.708E-01
-

MLP

CAE
DAE
RAE
PCA
LDA
ISOMAP
LLE

4.048E-01
-

2.122E-01
2.104E-02
-

-

1.426E-02
3.276E-01
1.020E-03
4.876E-01
4.676E-01
7.762E-01

1.027E-01
7.165E-01
1.013E-02
9.126E-01
-

1.181E-01
7.762E-01
1.104E-02
-

2.784E-02
4.676E-01
1.986E-03
6.606E-01
6.080E-01
-

C4.5

CAE
DAE
RAE
PCA
LDA
ISOMAP
LLE

1.805E-01
-

7.860E-01
1.147E-01
-

-

8.588E-04
2.131E-03
2.347E-06
8.257E-02
3.626E-01
2.388E-01

1.245E-01
1.946E-01
3.457E-03
-

1.806E-02
3.687E-02
1.947E-04
3.657E-01
7.860E-01

3.687E-02
6.366E-02
4.644E-04
5.217E-01
-

kNN
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Table 19
Autoencoder recommended considering number of feature and classiﬁer.
Number of features

•

•

•

•

Classiﬁers
kNN

SVM

MLP

C4.5

> 1000

RAE
DAE

DAE

RAE
CAE (large number of classes)

RAE

> 500 - < 1000

RAE
CAE

RAE (non-binary)
DAE (binary)

RAE (non-binary)
DAE (binary)

RAE
CAE (more 10 classes)

> 100 - < 500

RAE
CAE-DAE (binary)

RAE
CAE (binary)

CAE
RAE (binary)

RAE
CAE (binary)

< 100

RAE
CAE

RAE
CAE

RAE
CAE

RAE
CAE

8. Concluding remarks

When working with a dataset with very high dimensionality we recommend using DAE model. This model has obtained the best results
for datasets with more than 1000 features.
The model that works best when starting from a binary dataset with
a number of features between 500 and 1000 is DAE. However, if it
is a non-binary dataset the best model is RAE.
RAE model oﬀers good results for datasets with between 100 and
500 features. Similarly, CAE model demonstrates good predictive
performance with binary datasets.
CAE and RAE are the most recommended models if datasets with
less than 100 features are used.

In this paper an exhaustive study has been carried out on the performance of AEs when tackling the task of dimensionality reduction.
This task is one of the challenges faced by machine learning, due to the
eﬀects of high dimensionality of the data in many current processes.
Speciﬁcally, this study focuses on the task of classiﬁcation. In this context there are several diﬀerent classiﬁcation methodologies. Therefore,
experimentation is necessary to incorporate algorithms that cover several of the most widely used methodologies in order to provide a general
vision of the performance of AEs. For this reason the most well known
algorithms with the best results from the most important methodologies
have been selected, speciﬁcally kNN, SVM, MLP and C4.5.
In order to undertake the task of dimensionality reduction, AEs have
been used. The main reason is the good results that they have obtained
when generating high level features, which is fundamental to improving
the subsequent predictive performance. In this case, in order to give
a broader view of the performance of AEs four diﬀerent models were
used, starting from the most basic model and generating three more
sophisticated models, which give a global vision of the purchase of AEs.
To assess the performance of the diﬀerent AE models a thorough
experimentation on 20 datasets was designed combining the four AE
models with the four classiﬁcation algorithms. New feature spaces are
generated for each dataset using the diﬀerent AE models, which are used
as input for the diﬀerent classiﬁcation algorithms. In particular, in the
ﬁrst part of the experimentation we determined which AE architecture
generated the best performance. In the second part, the results generated
by the best architecture have been compared with the results obtained
from the original data.
The results obtained after performing the experiments show that predictive performance improves when using AE models to reduce the dimensionality of the input space. In particular, the most sophisticated
AE models signiﬁcantly improve the results obtained with the most basic model and with the original data. In a similar way, the execution
time is signiﬁcantly improved when using the diﬀerent AE models by
reducing the input space and the computational load of the diﬀerent
classiﬁcation algorithms. The conclusions reached have been supported
by a series of statistical tests that conﬁrm the existence of signiﬁcant
diﬀerences between the diﬀerent models.
In addition, AE models have been compared with traditional dimensionality reduction methods, with the aim of verifying their performance
in relation to other models that have previously performed well in this
task. For this reason, AE models have been compared with LDA, PCA,
ISOMAP and LLE. The conclusions obtained indicate that sophisticated
models based on AEs have a better predictive performance than the traditional models analyzed. This may indicate that the features generated
by methods based on AEs are more signiﬁcant and provide more relevant information to the classiﬁcation algorithms.
Finally, the study leads to a series of guidelines with the aim of facilitating the choice of the most appropriate AE models according to the
classiﬁcation algorithm and the characteristics of the input data. It is

MLP:
•

•

•

•

The model with the best performance is RAE when working with a
dataset with a number greater than 1000 features. However, CAE
model oﬀers good results when working with datasets with a high
number of classes.
The best results are obtained with RAE model for a non-binary
dataset with a number of features between 500 and 1000. However,
the best model is DAE when using a binary dataset.
The model that generates the best predictive performance when
datasets have between 100 and 500 features is CAE. However, the
best model when using several binary datasets is RAE.
We recommend using CAE and RAE models when using datasets with
less than 100 features.
C4.5:

•

•

•

•

Based on this study, RAE is recommended for a dataset with a very
high dimensionality (with more than 1000 features).
When working with datasets that has between 500 and 1000 characteristics, it is advisable to use RAE and CAE models when the number
of classes is greater than 10. However, RAE is the best model when
using a binary dataset.
The model that generates the best predictive performance is RAE
if the number of features of the datasets is between 100 and 500.
Similarly, CAE model works well with some binary datasets.
According to the generated results, we recommend using CAE and
RAE models when using datasets with less than 100 features.
Time:

•

The results presented in this study indicate that, in general, the highest predictive performance is obtained with conﬁgurations that compress the data less. However, sometimes it is important to reduce execution times. In these cases a conﬁguration that compresses more
data may be more useful, despite a loss in predictive performance.

In summary, the AE model used to carry out the reduction of dimensionality must be adapted to the data traits, as well as to the methodology of the classiﬁcation algorithm that is used. Therefore, the above
advice has been presented according to the experience provided by this
study.
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important to consider these factors in order to maximize the predictive
performance of the model used.
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