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In the paper, several data reduction techniques for machine learning from big datasets are discussed and evaluated. The discussed
approach focuses on combining several techniques including stacking, rotation, and data reduction aimed at improving the
performance of the machine classiﬁcation. Stacking is seen as the technique allowing to take advantage of the multiple
classiﬁcation models. The rotation-based techniques are used to increase the heterogeneity of the stacking ensembles. Data
reduction makes it possible to classify instances belonging to big datasets. We propose to use an agent-based population
learning algorithm for data reduction in the feature and instance dimensions. For diversiﬁcation of the classiﬁer ensembles
within the rotation also, alternatively, principal component analysis and independent component analysis are used. The research
question addressed in the paper is formulated as follows: does the performance of a classiﬁer using the reduced dataset be
improved by integrating the data reduction mechanism with the rotation-based technique and the stacking?

1. Introduction
Big data, so far, does not have a formal deﬁnition, although it
is generally accepted that the concept refers to datasets that
are too large to be processed using conventional data processing tools and techniques. Contemporary information systems produce data in huge quantities that are diﬃcult to be
measured [1]. It means that we already have found ourselves
in the “big data era,” and the question of how to solve largescale machine learning problems is open and requires a lot of
research eﬀorts. Dealing with huge datasets poses a lot of the
processing challenges. The big data sources including
contemporary information systems and databases contain
inherently complex data characterized by the well-known
5V properties: huge volume, high velocity, much variety,
big variability, low veracity, and high value [2].
The big data applications involve four major phases: data
generation, data management, data analytics, and data

application. The data analytics is the most important phase,
where the aim is to discover patterns from data. However,
in the big data era, the task is not trivial and much more complicated than normal-sized data analytics [3]. This becomes
especially troublesome in numerous critical domains like
security, healthcare, ﬁnance, and environment protection,
where obtaining a dependable knowledge of diﬀerent processes and their properties is crucial to the social welfare.
Learning from data is an example of the most important
data analytics problem, where machine learning algorithms
are used. The aim of the machine learning is to expand
algorithms that are able to learn through experience [4].
The algorithms, called learners, can improve their performance based on analysis of the collected data, which are
called examples [5], and which are collected from the
environment. Today, machine learning oﬀers a wide range
of tools and methods that can be used to solve a variety of data
mining problems. Their common weakness is, however, the
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so-called dimensionality curse, making them ineﬃcient or
even useless when solving large-scale problems. Thus, achieving scalability, low computational complexity, and eﬃcient
performance of the machine learning algorithms have
become hot topics for the machine learning community.
Since traditional techniques used for analytical processing are not ﬁt to eﬀectively deal with the massive datasets,
searching for new and better techniques, methods, and
approaches suitable for big data mining is a hot area for the
machine learning community. Considering the above facts
and observing current trends in the machine learning
research, it can be observed that among main contemporary
challenges, the most important one is a search for improvements with respect to scalability and performance of the
available algorithms. Among techniques for dealing with
massive datasets are diﬀerent parallel processing approaches
aiming at achieving a substantial speed-up of the computation. Examples of such techniques are Hadoop and
MapReduce techniques which have proven suitable for the
computation and data intensive tasks [6].
The scalability and performance issues lead to the two
simple questions: “how fast?” and “how large?,” that is,
how fast one can get a solution and how large is a dataset
one can eﬀectively deal with. In this paper, we focus on
the question of “how large?,” and we analyze approaches
to deal with big data. In reference to a short discussion on
fundamental strategies for big data analytics included in
[3], the following approaches are currently considered as
the most promising ones:
(i) Divide-and-conquer
(ii) Parallelization

Feature selection is a technique for dimensionality reduction in a feature space [9]. The aim of the feature selection is
to obtain a representative subset of features that has fewer
features in comparison to the original feature set. Several
diﬀerent techniques have been proposed for feature selection, so far. The feature extraction technique is one of the
possible approaches.
The above-described strategies are in line with techniques
proposed to achieve better scalability of the machine learning
algorithms. In [10], such techniques were classiﬁed into the
three categories. The ﬁrst includes extensions and modiﬁcation of the traditional machine learning tools. The second is
based on the problem decomposition into a set of smaller
or computationally less complex problems. The third
involves using parallel processing where possible. In this
paper, we use the idea of the problem decomposition. The
paper is an extension of the earlier research results included
in [11] and presented during the 2017 IEEE INISTA Conference. The extension involves an improvement of the stacking
and rotation procedures allowing for either deterministic or
random transformations in the feature space. The above
option improves the performance of the procedure. The
paper also refers to and oﬀers some extensions of the research
results included in other papers of the authors’ [12–14].
The paper considers an approach dedicated to reducing the dimensionality in data, so this also means that it
is dedicated to working with large datasets, with a view
to enabling an eﬃcient machine learning classiﬁcation in
terms of a high classiﬁcation accuracy and an acceptable
computation time. To achieve the above, the following
techniques are used:

(iv) Granular computing

(i) Data reduction based on the prototype selection
through the instance and feature selections from
clusters of instances

(v) Feature selection

(ii) Stacking

(iii) Sampling

Divide-and-conquer is a well-known strategy based on
processing small chunks of data and then fusing separated
results together.
Parallelization concerns dividing a large problem into
several smaller ones which can be solved concurrently in
parallel, producing, in the end, the ﬁnal result.
Sampling is a well-known statistical technique based on
the probability theory. The approach is based on identifying
a relationship between the sample and the population. With
the advent of the big data era, many new sampling techniques
have emerged or have been modiﬁed including simple random sampling, systematic sampling, stratiﬁed sampling,
cluster sampling, quota sampling, and minimum-maximum
sampling [7].
Granular computing is a technique using granules to
build an eﬃcient computational model for complex applications in the big data environment. Examples of these
granules are classes, clusters, subsets, groups, and intervals.
From the implementation point of view, the technique
reduces the data size through analyzing data at diﬀerent
levels of granularity [8].

(iii) Rotation-based
(iv) Agent-based population learning algorithm for data
reduction
The research question addressed in the paper is formulated as follows: does the performance of a classiﬁer over
the reduced dataset be improved by integrating the data
reduction mechanism with the rotation-based technique
and the stacking? In [11], to diversify the classiﬁer ensembles,
the rotation-based techniques using principal component
analysis for feature selection have been implemented. In this
paper, the alternatively independent component analysis
method and feature selection based on an agent-based population learning algorithm implementation is used. We also
propose to use an agent-based population learning algorithm
for data reduction in the instance dimension. The techniques
used have been integrated, and an adaptive approach to constructing the machine classiﬁers is proposed. The approach is
validated experimentally by solving selected classiﬁcation
problems over benchmark datasets from UCI and the KEEL
repositories [15, 16].
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The paper is organized as follows. A brief review of the
stacking, rotation, and data reduction is included in the next
section. The following section provides a detailed description
of the proposed approach. Next, computational experiment
carried out, including its plan and results, is described and
discussed. The ﬁnal section focuses on conclusions and ideas
for further research.

2. Techniques for Improving Performance for
Big Data Analytics
In this section, a brief review of the data reduction techniques, the rotation-based technique and the agent-based
population learning algorithm (PLA), as a background for
further consideration, is oﬀered.
2.1. Data Reduction. Reducing the quantity of data aims at
selecting pertinent information only as an input to the data
mining algorithm. Thus, data reduction identiﬁes and,
eventually, leads to discarding information which is irrelevant or redundant. Ideally, after data reduction has been
carried out, the user has to do with datasets of smaller dimensions representing the original dataset. It is also assumed that
the reduced dataset carries the acceptable or identical
amount of information as the original dataset.
Data reduction aim is not losing extractable information
but to increase the eﬀectiveness of the machine learning
when the available datasets are large [4]. It is the most critical
component in retrieving information from big data in many
data mining processes [17].
Reducing data size may cover for the unwanted consequences of scaling up. Among such consequences, specialists
list excessive memory requirements, increasing computational complexity and deteriorating learning performance
[17].
In practice, data dimensionality reduction is concerned
with selecting informative instances and features from the
training dataset. In the literature on data reduction, quite
often, instance and feature selections are addressed
separately. There exist also approaches where both tasks are
solved simultaneously as a dual selection problem [18]. Data
reduction can be also merged with the problem of the prototype extraction.
The prototype extraction problem also aims at reducing
the dimensionality of the training set by replacement of the
existing instances by the extracted ones. Extracting prototypes from the original dataset may also include constructing
new features. In such case, a smaller number of features are
constructed from the original feature set through certain
transformation operations [19]. A well-known tool for carrying such transformation is the principal component analysis
(PCA) [20].
More on the data reduction problem as well as a review of
the proposed approaches including instance selection, feature selection, and the dual dimension data reduction can
be found among others in [2, 9, 14, 21–23].
Formally, the data reduction process aims at ﬁnding the
reduced dataset Sopt , which is the subset of the original dataset D, such that the performance criterion of the machine
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learning algorithm L is maximized. From the above perspective, the performance of the classiﬁer induced from the
reduced dataset should be better or at least not worse than
the classiﬁer induced from the original dataset [24].
In this paper, the approach to data reduction is proposed
as a tool for dimensionality reduction of the original dataset
and is carried out in both dimensions (instance and feature).
Moreover, in this paper, the implementation of data reduction is an example of the idea of data partitioning (as suggested in [10]), as well as an exempliﬁcation of the strategy
of granular computing (in a sense proposed in [3]).
2.2. Stacked Generalization. Stacked generalization also
known as stacking was proposed by Wolpert [25]. The
technique was designed to improve classiﬁcation algorithm
performance.
Stacking is an example of a sampling strategy and is one
of the ensemble learning techniques. The idea of stacking is
based on combining the multiple classiﬁcations or regression
models via a metaclassiﬁer or a metaregressor.
In stacking, the base learners consist of diﬀerent learning
algorithms, so the stacking ensembles are often heterogeneous. Performance of the stacking-based classiﬁers is competitive in comparison with learners using bagging and
boosting techniques. Besides, stacking allows for combining
learners of the diﬀerent types, which is not the case in
bagging and boosting. Stacked generalization can be implemented using one of the two modes for combining, the socalled, base classiﬁers or combining their output. In the ﬁrst
mode, outputs from base classiﬁers are combined to obtain
the ﬁnal classiﬁcation decision. In the second mode, base
classiﬁers are used to construct the metamodel used for
predicting unknown class labels.
In the vast literature on the stacked generalization,
there are two basic approaches to combining base classiﬁers. The ﬁrst one assumes combining, at a higher level,
outputs from the base classiﬁers to obtain classiﬁcation
decision. Alternatively, at a higher level, base classiﬁers
are integrated into the metamodel, subsequently used to
predict unknown class labels.
In the standard stacking approach, at ﬁrst q, diﬀerent
instance subsets of equal size are generated using a random
generator. It is assumed that the subsets will be generated
in such a way that assures relative proportion of instances
from the diﬀerent classes like it is observed in the original
dataset. In the next step, omitting one of the subsets in each
iteration, the so-called level-0 classiﬁers are generated from
the remaining subsets. The process is repeated q times following the pattern of the q-fold cross-validation procedure.
At each iteration, the omitted subset of instances is used to
generate the so-called level-1 set of instances. Thus, the
level-0 models produce predictions that form the input to
the level-1 model. They are used to predict the class label
for new instances with unknown class labels. In the
approach, the metaclassiﬁer in the form of relative weight
for each level-0 classiﬁer is created by assigning weights to
classiﬁers proportional to their performance. The schema
for metaclassiﬁer induction has a form of the so-called
leave-one-out cross-validation [25].
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Thus, combining classiﬁers under the umbrella of
stacking can be seen as follows. Supposing that there are q
diﬀerent learners L1 , … , Lq and q diﬀerent training sets, D1 ,
… , Dq , where D = D1 ∪ D2 … ∪Dq and D is the original training set. Each learner is induced from training sets D1 , … , Dq ,
respectively. As the result, we have the output hypotheses
h1 , … , hq , where ∀hi i=1,…,q ∈ H and H is a hypothesis
space, which is deﬁned as a set of all possible hypothesis,
that the learner can draw. Thus, the goal of stacking is
to learn a well-combined classiﬁer h such that the ﬁnal
classiﬁcation will be computed from h1 x , … , hq x as
shown in the equation:
q

h x = 〠 w i hi x ,

1

i=1

where vector w represents the respective weights.
Diﬀerent variants of stacking have been proposed so far.
A review of the stacking algorithms is included, for example,
in [25] or [26].
In this paper, the stacking technique used has been
inspired by Skalak’s proposal [27], where the prototype selection on the level-0 of the stacking is carried out as the mean
for data reduction. Next, the outputs of the level-0 are
used for generating the metaclassiﬁer at the level-1. In this
paper, we also assume that the data reduction is carried
out through prototyping and that prototypes are selected
from the clusters, which are induced during the carried
out data analysis. Stacking plays the role of the sampling
strategy paradigm and helps with achieving a diversiﬁcation
of the level-0 models.
2.3. Rotation-Based Technique. The rotation-based technique
belongs to the family of the ensemble methods, while in turn,
the ensemble methods can be seen as meta-algorithms. The
rotation-based technique combines several machine learning
techniques into one predictive model aiming at improving
the machine learning performance. The rotation-based technique belongs to the class of the multiple classiﬁer systems
(MCS) described in [28]. The idea behind the rotationbased ensembles (RE) is to use the rotation operator to
project or transform the original dataset into a new feature
space. From such feature space, new features are extracted.
To implement the approach, the following two steps are
executed. First, the original dataset is projected into a new
feature space. From such space, at the second step, feature
subsets are selected, and base individual classiﬁers are
induced. The procedure is expected to improve the classiﬁcation accuracy as compared with the traditional approach. It is
known that the approach is usually eﬀective when classifying
high dimensional data [29].
Well-known example of the RE is the rotation forest (RF)
algorithm. Rotation forest extends the idea of the random
forest, which combines the bagging and the random subspace
methods [30]. Random forest consists of a number of decision trees trained based on the example bootstraps sampled
from the original training set. Each subset of the training
dataset is modiﬁed by selecting randomly a subset of features.

The RF procedure starts with the feature extraction from the
input data followed by training of each decision tree in a different new rotated space. The process results in achieving, at
the same time, a high individual accuracy and the required
diversity among the ensemble members. Four feature
extraction methods, principal component analysis (PCA),
maximum noise fraction (MNF), independent component
analysis (ICA), and local ﬁsher discriminant analysis
(LFDA), have been applied in the rotation forest [30, 31].
In [23], feature extraction and data transformation were
based on the principal component analysis (PCA). How
exactly to apply PCA depends on the user. One possible
way is to apply it to a subset of features only. In such case,
one has to split the original set of features to a number of
subsets associating with each subset a subset of instances
through the axis rotation [32]. The approach suﬀers from
one drawback. Since PCA is a deterministic algorithm, it
may generate the ensemble with members characterized by
the identical set of features. To avoid such a situation, some
diversiﬁcation mechanisms like, for example, removing some
instances from the dataset are often used [33].
The experimental results show that the rotation forest is
on the average superior and can produce more accurate
results than bagging, AdaBoost, random subspace, and
random forest [29, 31].
In the proposed approach, generation of base classiﬁers
through feature rotation has been integrated with stacking
and data reduction. It is shown experimentally that such an
integration assures better diversiﬁcation of the base classiﬁer
ensemble and, consequently, better classiﬁcation performance. Two approaches are applied to the feature space
modiﬁcation. In the ﬁrst one, the original RF algorithm is
used. In the second case, the feature space is modiﬁed
through solving the respective optimization problem using
the agent-based population learning algorithm (described
in the next subsection).
2.4. Agent-Based Population Learning Algorithm. The agentbased population learning algorithm seems to be a promising
tool for solving complex computational problems arising in
the big data environment. During the last years, the idea of
implementing the agent-based approaches for the big data
analytics is a hot topic. Examples and exchange of ideas in
the above respect can be found in a special issue of Web
Intelligence and Agent Systems: An International Journal
[34]. The subject has been also discussed during the
international conferences (for example, Metaheuristics
International Conference, IEEE/WIC/ACM International
Conference on Intelligent Agent Technology). The implementation of the agent-based approach has been also a
subject of the paper [35]. An agent-based paradigm and
the example case study have been also discussed in the
context of applying the big data analytics in retailing [36].
Recent advances in distributed problem solving and
agent-based data mining conﬁrm that both techniques can
help work with data extracted from the distributed and
online environments. Agent-based technologies oﬀer a variety of mechanisms that can signiﬁcantly reduce costs of processing a large volume of data and improve data processing
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Generate the initial population of solutions (individuals) and store them in the common memory
Implement diﬀerent improvement procedures executed by the optimization agents
Activate optimization agents
While (stopping criterion is not met) do {in parallel}
Read randomly selected individual from the common memory
Execute improvement algorithm
Store the improved individual back in the common memory
End while
Take the best solution from the population as the ﬁnal result.
Algorithm 1: Agent-based population learning algorithm.

quality. A number of emerging technologies have been
proposed for processing huge datasets by employing the
multiagent systems. For example, the agent-based techniques
can help solve the information overload problems [37]. Furthermore, agent-based applications can be of help in evaluating the quality of big data [38].
In [35], as well as in the following papers of the authors
(see, for example, [39, 40]), it has been shown that the
agent-based approach can help in solving diﬃcult optimization problems. It is well known that data reduction belongs
to the class of the combinatorial optimization problems and
as such is computationally diﬃcult. Hence, to solve the
problem, some metaheuristics or other approximate algorithms are required. Numerous approaches to data reduction
through instance selection have been based on using genetic
or evolutionary algorithms (see, for example, [15, 41–43]).
A brief review of diﬀerent approaches for instance selection can be found [4]. A broad review of the evolutionary
algorithm applications to feature selection is available in [44].
This paper deals with the implementation of the
agent-based population learning algorithm (PLA) to data
reduction. The agent-based population learning algorithm
has been proposed in [39] and belongs to the family of
metaheuristics.
The PLA has been already used for solving problems of
learning from data [35]. In [14], the stacking ensemble
approach has been proposed for the purpose of improving
the quality of the agent-based data reduction algorithm. In
[11], the implementation has been extended using the
rotation-based techniques. In the mentioned paper, the goal
was to ﬁnd the eﬀective classiﬁcation tool, which uses data
reduction and which guarantees the maximization of the
classiﬁcation quality criterion.
The agent-based population learning algorithm is based
on the A-Team architecture. The A-Team concept was
originally introduced in [45]. It was motivated by several
approaches like blackboard systems and evolutionary
algorithms, which have proven to be able to successfully solve
some diﬃcult combinatorial optimization problems.
The functionality of the algorithm based on the
implementation of the agent-based population learning
approach can be deﬁned as the organized and incremental
search for the best solution. The agent-based population
learning algorithm involves a specialized team of agents
working asynchronously and in parallel, executing various

improvement procedures with a view to solving the problem
at hand. Agents working in the A-Team achieve an implicit
cooperation by sharing the population of solutions to the
problem to be solved. A-Team can be also deﬁned as a set
of agents and a set of memories, forming a network in which
every agent remains in a closed loop. Agents cooperate to
construct, ﬁnd, and improve solutions which are read from
the shared common memory. More information on the
PLA and more details on the implementation of A-Teams
can be found in [39]. The pseudocode of the agent-based
population learning approach is shown as Algorithm 1.

3. The Proposed Approach to Learning from
Big Datasets
3.1. Problem Formulation. It is well known that data reduction belongs to the class of the combinatorial optimization
problems and as such is computationally diﬃcult. Hence, to
solve the problem, some metaheuristics or other approximate
algorithms are required. Numerous approaches to data
reduction through instance selection have been based on
using genetic or evolutionary algorithms (see, for example,
[15, 42, 43]).
In this paper, to enable dealing with huge datasets and
to make the learning process more eﬀective, it has been
decided to apply the dual data reduction, that is, a reduction in the feature and instance spaces. It has been
assumed that the resulting classiﬁer will perform better
either in terms of the computational resources required
or in terms of classiﬁcation accuracy or in respect to both
criteria. Formally, dual data reduction can be viewed as
searching for the dataset S which is the subset of the set
D and ∣S∣ < D (possibly S = Sopt), where each data
instance belonging to S is represented by the set of original or transformed features A′ with A′ < A .
The proposed approach is based on the integration of the
data reduction and learning stages with a view to improving
the ﬁnal classiﬁer performance. Such an integration allows
introducing some adaptation mechanisms into the learning
process. The idea has been described in a more detailed manner in [35]. Such integrated learning has proven eﬀective for
assuring the required diversiﬁcation among prototypes using
the stacking technique [13]. A general model of the integrated learning is shown in Figure 1.
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Preprocessing/
data reduction
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integrated/adaptive classifier
on the reduced dataset
(training data)

Applying
classifier

Figure 1: Integrated and adaptive learning from examples with data reduction.

Integrated and adaptive learning uses the positive feedback whereby more eﬀective data reduction leads to a higher
learning accuracy, and in return, higher learning accuracy
results in even more eﬀective data reduction.
Assume that the goal of learning from examples is to ﬁnd
a hypothesis h. The learner used to produce h requires the
setting of some parameters decisive from the point of view
of its performance. Let parameters g describe the way the
training set should be transformed before training. Thus, it
can be said that the goal of learning from examples is to ﬁnd
a hypothesis h = L D, g , where parameters g aﬀect the learning process and inﬂuence the performance measure f . In
such case, the learning task takes the following form:
h = arg max f h = L D, g ,
h∈H ,g∈G

2

where G is the parameter space.
3.2. The Proposed Approach. In the proposed approach, it has
been assumed that the learner is induced from prototypes.
Prototypes, also referred to as reference instances, are represented by instances from the original dataset which have
been selected in the evolutionary process. Before the selection
process is activated, instances from the original dataset are
grouped into clusters, and each cluster has its own reference
instances in the ﬁnal compact representation of the original
dataset. In fact, each cluster has exactly one representative
(reference instance) in the ﬁnal dataset.
The above assumptions make a selection of the clustering
algorithm crucial to the eﬀectiveness of the resulting learner.
We use two such algorithms—clustering guided by the similarity coeﬃcient (SC) and the kernel-based C-means clustering algorithm (KFCM).
Similarity coeﬃcient–based clustering was proposed in
[40]. The algorithm assumes that for each instance from
the original dataset, a similarity coeﬃcient is calculated.
Instances with identical coeﬃcient are grouped into a
cluster. The number of clusters is determined by the number of diﬀerent similarity coeﬃcients among the original
dataset instances.
The second clustering algorithm—KFCM—was proposed to deal with problems caused by the noise and sensitivity to outliers characterizing the classic fuzzy C-means
clustering algorithm. KFCM transforms input data into a
higher dimensional kernel space through a nonlinear
mapping [46]. The procedure has been already successfully
used for the prototype selection [14].
To further increase chances for achieving a satisfactory
performance of the learner induced over the reduced dataset,

it has been decided to use the stacked generalization method
using stratiﬁed sampling with replacement.
To improve performance and generalization ability of the
prototype-based machine learning classiﬁcation, it was
decided to use the stacking technique. The implementation
of the stacking technique in the discussed approach means
that the process of classiﬁcation with data reduction is carried
out within the procedure that at ﬁrst creates q diﬀerent
subsets of the training data using stratiﬁed sampling with
replacement. All subsets are generated assuring relative proportion of the diﬀerent classes as in the original dataset.
However, to assure the required diversity, at ﬁrst, q-1 training
sets are split into the independent subsets with diﬀerent feature subsets. Next, using q-1 subsets of the training sets, the
process of the feature space modiﬁcation is run.
Another diversifying factor is using the rotation technique or, alternatively, selecting features applying the population learning algorithm. In this paper, the ﬁrst method is
named as deterministic, while the second one as nondeterministic. In the case of the deterministic variant of the
approach, based on rotation, two feature extraction techniques including principal component analysis (PCA) or
independent component analysis (ICA) have been proposed.
After the above steps have been carried out, the learner is
induced from the reduced (ﬁnal) dataset transformed and
diversiﬁed through applying stacking and rotation procedures. The process is executed by the set of agents cooperating and acting within the agent-based population learning
algorithm. After the clusters have been produced followed
by generation of the diversiﬁed subsets of the training data
through stacking and rotation, potential solutions, forming
their initial population, are generated through randomly
selecting exactly one single instance from each of the considered clusters. Thus, a potential solution is represented by the
set of prototypes, i.e., by the compact representations of the
original dataset. A feasible solution to the data reduction
problem is encoded as a string consisting of numbers of the
selected reference vectors.
Selection procedure of the representation of instances
through population-based search is carried out by the team
of optimizing agents. Each agent is an implementation of
the local search procedure and operates on individuals. The
instance selection is carried out for each cluster, and removal
of the remaining instances constitutes the basic step of the
instance selection process. In case of feature selection, the
potential solutions are improved by removing or adding an
attribute to the solution that constitutes a basic step of the
feature selection process. More precisely, the implemented
improvement procedures include local search with the tabu
list for instance selection, simple local search for instance
selection, local search with the tabu list for feature selection,
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Input: Dataset D with the feature set A; number of iterations q (i.e. the number of stacking folds); natural number T (deﬁned by the
user); option – the Boolean parameter determining the type of the transformation in the feature space (deterministic or
nondeterministic)
Output: hit i i=1,…,q;t t=1,…T – set of the base classiﬁers
Begin
Allocate randomly instances from D into q disjoint subsets D1 , … , Dq .
For i = 1 to q do
Let D′i = D − Di
Partition randomly the feature set A into T subsets {Ait:t ≤ T} obtaining subsets D’it, each with the identical number of features,
smaller than the number of features in the original dataset.
For t = 1 to T do
Generate training set D’it with features Ait, through bootstrapping with the size of 75% of the original dataset.
If option then
Run PCA or ICA over the transformed D’it and produce new training datasets D”it, with features A’it, using the axis rotation;
Else
Run the PLA for feature selection on D’it and produce new training datasets D”it described on the set A’it.
End If
Partition D’it into clusters using the KFCM procedure or SC procedure.
Run PLA for the prototype selection obtaining S’it i i=1,…,g;t t=1,…,T (i.e. subsets of the selected prototypes).
Induce base classiﬁer hit based on S’it i i=1,…,q;t t=1,…,T using Di with features A’it, as the testing set.
End for
End for
Return hit,…,hqT.
End.
Algorithm 2: Stacked generalization with rotation.

and simple local search for instance and feature selections.
The detailed description and the background of these procedures can be found in [35].
To sum up, the optimizing agent task is to search for a
better solution upon receiving a current one. To perform
such search, each optimizing agent is equipped with some
heuristic or local search algorithm which is activated immediately after the solution to be improved has been received.
In case the agent is not able to ﬁnd a better solution, the
current one is returned. Otherwise, an improved solution is
returned to the common memory. Quality of solutions also
referred to as their ﬁtness is evaluated through estimating
the performance of the base classiﬁer under evaluation. This
performance is measured in terms of the classiﬁcation accuracy provided the learner has been induced using instances
and features of the reduced dataset.
From the implementation point of view, the abovedescribed process of searching for the best results using the
agent-based population learning algorithm is carried out in
parallel for q independent data reduction problems. In each
stream of such search, a diﬀerent dataset is processed, and
the independent set of the prototypes is selected.
The process of searching for solutions is iterative with
q iterations. In each iteration, the reference instances are
selected, and the respective decision tree is induced. Such
tree plays the role of the base classiﬁer. Its evaluation is
carried out using the subset of instances which, in the current iteration, has been removed from the original dataset
with a view to serving as the temporary testing set. The
procedure produces a number of heterogeneous base classiﬁers forming an ensemble. The ﬁnal decision as to the

unknown class label is taken at the upper level of the
stacking scheme through a majority vote. Pseudocode of
the proposed scheme for stacked generalization with rotation is shown as Algorithm 2.
The diversity of the obtained set of the base classiﬁers is
assured by application of stacking and rotation methods
resulting in varying the training sets at the learning stage.
The majority voting paradigm leads to the ﬁnal decision as
to the class label of the considered instance. It is computed
as shown in
q

h = arg

T

max 〠 〠 wit f hit = L Dit , git ,

hit ∈H , git ∈G

3

i=1 t=1

where git are the reduced instances produced by stacking and
rotation
procedures
for
D′it i i=1,…,q;t t=1,…,T ⊂ D,
hit i i=1,…,q;t t=1,…,T are output hypotheses induced from
training sets D′it i i=1,…,q;t t=1,…,T , respectively, and wit represents weights of the base classiﬁers induced at respective
stacking levels.
The framework of the considered approach is shown in a
graphic form in Figure 2.
However, the proposed approach is based on decomposition and involves the stacking and rotation, which can be carried out at random or in a deterministic way in feature space;
the complexity of the approach is the sum of
(i) complexity depending on the number of iteration,
i.e., the number of stacking folds—q
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Figure 2: A framework of the proposed approach based on the PCA feature extraction.

(ii) the complexity of the selected rotation procedure, i.e.,
(a) the computational complexity of SC: O nN +
O N log N
(b) the computational
O tN 2 n [46]

complexity

of

KFCM:

(c) the computational complexity of the PLA, which
especially depends on the computational complexity of the implemented improvement
procedures,
where n denotes the number of features, N denotes the number of instances in the dataset, and t is the so-called number
of eigenvalues
(iii) the complexity of the PLA implemented for the
prototype selection—the complexity also depends
on the computational complexity of the implemented improvement procedures
(iv) the complexity of the machine learning algorithm
used to induce base classiﬁer

4. Computational Experiment
4.1. Computational Experiment Setting. To validate the
proposed approach, an extensive computational experiment
has been planned and carried out. The experiment goals
include searching for answers to the following questions:
(i) Can the instance selection be strengthened by using
the rotation-based technique and the stacking?
(ii) How competitive is the proposed approach in comparison with the performance of the state-of-theart classiﬁers?
(iii) Does the proposed approach produces, on average,
better results than those produced by the earlier

version of the algorithm introduced in [11], as well
in [12–14, 35]?
In experiment, six following versions of the proposed
algorithm have been considered:
(i) ABDRStErPCA: agent-based data reduction based on
the similarity coeﬃcient with stacking rotation
ensemble learning and PCA for feature extraction—introduced in [11]
(ii) ABDRkfStErPCA: agent-based data reduction based
on the KFCM with stacking rotation ensemble
learning and PCA for feature extraction—introduced
in [11]
(iii) ABDRStErICA: agent-based data reduction based on
the similarity coeﬃcient with stacking rotation
ensemble learning and ICA for feature extraction—a
new version of the algorithm
(iv) ABDRkfStErICA: agent-based data reduction based
on the KFCM with stacking rotation ensemble learning and ICA for feature extraction—a new version of
the algorithm
(v) ABDRStErPLA: agent-based data reduction based on
the similarity coeﬃcient with stacking rotation
ensemble learning and PLA for feature extraction—a
new version of the algorithm
(vi) ABDRkfStErPLA: agent-based data reduction based
on the KFCM with stacking rotation ensemble learning and PLA for feature extraction—a new version of
the algorithm
Among other algorithms proposed by the authors and
compared in this paper are
(i) ABInDRkfStE: agent-based integrated data reduction based on the KFCM with the stacking ensemble
learning—introduced in [13]
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Table 1: Characteristics of the datasets used in this paper.

Dataset
Heart
Diabetes
WBC
ACredit
GCredit
Sonar
Shuttle
Connect-4
Magic
Census

Source of data

Instances

Attributes

Classes

Best reported results classiﬁcation accuracy

[15]
[15]
[15]
[15]
[15]
[15]
[15]
[16]
[16]
[16]

303
768
699
690
1000
208
58,000
67,557
19,020
142,521

13
8
9
15
20
60
9
42
10
41

2
2
2
2
2
2
7
3
2
3

90.0% [15]
77.34% [15]
97.5% [15]
86.9% [15]
77.47% [15]
97.1% [15]
95.6% [42]
—
—
—

(ii) ABInDRStE: agent-based integrated data reduction
based on the similarity coeﬃcient with the stacking
ensemble learning—introduced in [13]
(iii) ABDRkfStE: agent-based data reduction based on
the KFCM with stacking ensemble learning and
without feature selection—introduced in [14]
(iv) ABDRStE: agent-based data reduction based on the
similarity coeﬃcient with stacking ensemble
learning and without feature selection—introduced
in [14]
(v) ABIS: agent-based instance selection—proposed in
[35]
(vi) ABDRE: agent-based data reduction with ensemble
with RM-RR (random move and replace randomly
strategy)—proposed in [12]
(vii) ABDRE with RM-RW (random move and replaces
ﬁrst worst strategy): proposed in [12]
All proposed and all above-mentioned algorithms belong
to the family of the integrated-based learning paradigm.
Computational experiment results produced by the
proposed approach have been also compared with some
other approaches based on diﬀerent ensemble techniques
(AdaBoost, bagging, and random subspace) proposed in
[11]. In the experiment, several benchmark datasets from
the UCI and KEEL repositories [15, 16] have been used (for
details see Table 1). The criterion for ﬁtness evaluation
has been the classiﬁcation accuracy (Acc.) understood as
the correct classiﬁcation ratio. The experiment involved
several runs. The number of stacking folds has been set
from 3 to 10, respectively. The number of bootstraps has
been set to 4. For each considered dataset, the experiment
plan has required 10 repetitions over the 10-crossvalidation (10-C-V) scheme induced using C.45 or CART
algorithms. Each set of the 10-C-V of runs has repeated
for 50 times.
For experiment where searching for a solution has been
carried out by A-Teams, the following A-Team parameters
have been used: population size (40) and stopping criterion

(100 iterations without an improvement or one minute of
computations without such improvement). In the case of
bagging and random subspace, the size of bags has been set
to 50% of the original training set. The number of base
models in ABDRE with RM-RR and ABDRE with RM-RW
has been set to 40.
4.2. Experiment Results. Classiﬁcation accuracies produced
by the investigated approaches using all considered data sets
are shown in Table 2. The results have been reported as averages over all runs of each algorithm and for each problem,
respectively.
In general, in the case of the proposed approach,
results shown refer to the number of stacking folds producing the best results. Among the proposed models, best
performers, on the average, are approaches using the
integrated learning paradigm and stacking (Algorithms
1–16). This conclusion is valid independent of the clustering procedure used. Only in one case, we notice better
results obtained by AdaBoost (please see the result for
Connect-4). It can be observed that the proposed algorithms are competitive in comparison to others, among
them to the DROP4 algorithm. This observation answers
positively the second question asked at the beginning of
this section.
The experiment also conﬁrms that the rotation technique
can improve the quality of results (the rotation technique has
been implemented within algorithms from 1 to 12). Although
the algorithms based on the rotation assured the best results
in four cases, we can conclude that the rotation can improve
the learning based on instance selection with stacking. On the
other side, observing all algorithms proposed by the
authors, among them their earlier versions, we can conclude that the instance selection can be strengthened by
using the rotation-based technique and the stacking, which
answers positively the ﬁrst question asked at the beginning
of this section.
The aim of the paper was also to verify the beneﬁts from
the diversiﬁcation by the rotation technique, and two
deterministic methods have been used (i.e., PCA and ICA).
Alternatively, selecting features applying the population
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Table 2: Classiﬁcation accuracy (%) and comparison of diﬀerent classiﬁers.

#

Algorithm

Heart

Diabetes

WBC

ACredit

GCredit

Sonar

Shuttle

Connect-4

Magic

Census

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

ABDRStErPCA (C4.5) [11]
ABDRkfStErPCA (C4.5) [11]
ABDRStErICA (C4.5)
ABDRkfStErICA (C4.5)
ABDRStErPLA (C4.5)
ABDRkfStErPLA (C4.5)
ABDRStErPCA (CART)
ABDRkfStErPCA (CART)
ABDRStErICA (CART)
ABDRkfStErICA (CART)
ABDRStErPLA (CART)
ABDRkfStErPLA (CART)
ABInDRkfStE [13]
ABInDRStE [13]
ABDRkfStE [14]
ABDRStE [14]
ABDRE with RM-RR [12]
ABDRE with RM-RW [12]
ABIS [35]
AdaBoost
Bagging
Random subspace method
C 4.5
SVM
DROP4 [20]

92.4
92.78
91.21
90.91
91.94
92.05
90.56
91.52
90.72
91.32
90.06
91.3
93.01
92.87
90.45
92.12
92.84
90.84
91.21
82.23
79.69
84.44
77.8
81.5
80.9

79.15
80.12
78.21
80.3
80.23
79.21
78.21
79.05
78
79.11
80.6
79.33
80.71
79.84
75.15
79.12
80.4
78.07
76.54
73.55
76.37
74.81
73
77
72.4

98.25
97.04
96.2
97.04
95.21
94.47
96.21
97.06
95.28
95.98
96.02
95.72
98.08
98.13
96.91
96.91
96.4
97.6
97.44
63.09
95.77
71.08
94.7
97.2
96.28

91.31
92.61
91.6
90.48
91.24
92
95.2
96.4
94.26
92.42
91.3
91.61
92.04
91.89
90.78
91.45
90.8
89.45
90.72
91.05
85.87
82.14
84.5
84.8
84.78

80.42
79.03
78.2
77.16
78.69
80.1
78.65
79.8
77.76
76.58
77.91
77.08
78.45
80.24
77.41
80.21
78.2
76.28
77.7
73.01
74.19
75.4
70.5
72.5
—

90.02
89.54
87.01
86.5
88.6
88.14
87.5
86.9
85.71
86.65
86
85.59
90.57
91.15
80.42
85.63
83.4
81.75
83.65
86.09
76.2
85.18
76.09
90.4
82.81

98.15
98.65
98.5
98.2
97.84
98.63
97.45
97.63
98.05
97.17
98.26
98.48
98.41
98.73
99.66
98.75
97.51
97.74
95.48
96.13
95.27
92.81
95.6
—
—

47.95
48.04
47.62
46.7
46.8
47.56
45.21
46.63
45.77
46.34
46.04
46.9
46.98
47.23
46.07
46.14
45.67
44.6
45.02
54.16
44.68
43.58
45.89
—
—

72.5
72.05
71.9
70.56
71.69
72.23
71.86
70.03
72
70.69
71.62
72.5
72.59
71.84
71.6
71.08
70.96
69.84
70.02
68.57
70.69
70.56
69.13
—
—

83.54
82.67
81.52
80.3
81.62
82.6
82.15
82.42
81.62
80.45
82.41
81.98
82.68
82.05
81.57
81.07
81.65
80.45
81.69
80.6
80.04
79.05
80.61
—
—

learning algorithm (PLA) have been implemented. These
diversiﬁcation techniques have been implemented within
algorithms from 1 to 12. Analyzing the experiment results,
we can observe that in nine cases out of ten, the best results
have been obtained by PCA. Only in one case, the best result
has been obtained using the PLA. Comparing results
obtained using PLA and ICA allows one to observe that in
seven cases, the better results have been obtained by PLA.
In three cases, the better results have been assured by ICA.
Thus, it can be observed that the rotation technique based
on the PCA performs better than using PLA and ICA, even
if PLA outperforms ICA.
The performance of the proposed approach has been also
evaluated with respect to the kind of method used for inducing the base classiﬁer. The computational experiment results
show that the C4.5 as a machine learning tool used for
ensemble induction assured better generalization than
algorithm CART.
The question of the performance of the proposed
methods can be also formulated with respect to the kind of
the clustering methods. As it has been mentioned before,
the clustering algorithm can be crucial to the eﬀectiveness
of the resulting learner. In this case, the computational experiment results show that the most eﬀective is clustering guided
by the similarity coeﬃcient (SC). SC has been six times more

eﬀective in comparison to the kernel-based C-means clustering algorithm. We also observe that the agent-based data
reduction based on the similarity coeﬃcient with stacking
rotation ensemble learning has been more eﬀective when
the PCA for feature extraction was used.
To conﬁrm and verify the obtained results, Friedman and
Iman-Davenport’s nonparametric ranking test has been carried out for comparison of the results. Results have been
ranked, and the ranking of the results has been computed
assigning to the best of them rank 1 and rank 23 to the worst
one (the statistical analysis does not include results for SVM
and DROP4). Figure 3 depicts average weights for each compared algorithm obtained by Friedman’s test.
The tests have been carried out under the following
hypotheses:
(i) H0—null hypothesis: all of the 23 compared algorithms are statistically equally eﬀective regardless of
the kind of the problem
(ii) H1—alternative hypothesis: not all algorithms are
equally eﬀective
Both analyses have been carried out at the signiﬁcance
level of 0.05. The respective value of the x2 statistics for
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ABInDRkfStE
ABDRkfStEr PCA (C4.5)
CD 𝛼 = 0.05 = 8.41

ABInDRStE
ABDRStEr PCA (C4.5)
ABDRkfStEr PLA (C4.5)
ABDRkfStEr PCA (CART)
ABDRStEr ICA (C4.5)
ABDRStE
ABDRStEr PLA (C4.5)
ABDRkfStEr PLA (CART)
Algorithm
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ABDRE with RM-RR
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Figure 3: The average Friedman test weights and Bonferroni-Dunn’s graphics corresponding to the obtained ranking.

Friedman’s test with 23 algorithms and 10 instances of the
considered problems is 124.8826087; the value of χ2 of the
distribution is equal to 33.92443847 for 22 degrees of freedom. The respective value F F of Iman-Davenport’s test is
9.763455; the critical value of F 22 198 degrees of freedom is 1.59630281. For both tests, the p values are lower
than the considered signiﬁcance level α = 0 05; thus, there
are signiﬁcant diﬀerences among the analyzed results,
and the null hypothesis should be rejected. This means
that not all algorithms are equally eﬀective regardless of
the kind of problem which instances are being solved.
A post hoc statistical analysis, based on BonferroniDunn’s test, to detect signiﬁcant diﬀerences between the
compared algorithms has been carried out. The critical
diﬀerence (CD) of Bonferroni-Dunn’s procedure is shown
in Figure 3. The vertical cut line represents the threshold
for the best performing algorithms. These bars which
exceed the threshold are associated with algorithms
displaying the worst performance with respect to the ﬁrst
ﬁve algorithms (ABInDRkfStE, ABDRkfStErPCA (C4.5),
ABInDRStE, ABDRStErPCA (C4.5), and ABDRkfStErPLA
(C4.5)). These algorithms are better than the other versions with α = 0 05.

To sum up the results of the statistical analysis, it can be
concluded that the best results have been obtained
(i) by data reduction algorithms based on stacking
and without rotation transformation in the feature
space
(ii) by data reduction algorithms with stacking rotation ensemble learning and based on PCA for
feature extraction independently on the cluster
method used in the process of data reduction;
however, when the KFCM has been used, the
PLA was preferred
(iii) by data reduction based on integrated learning,
which conﬁrms our previous observation
The important factor of the research is that the proposed
approach is based on decomposition by stacking, and the
process of learning on the decomposition strategy is assured
by the multiple agent system. It should be also underlined
that the success of the learning process of the learning based
on the PLA algorithm depends on the improvement procedures employed by the optimization agents.

12

Complexity

5. Conclusions
The main scientiﬁc contribution of the paper is to propose an
improvement to the core procedure of the proposed data
reduction approach. The procedure integrates stacked
generalization and rotation-based methods. The proposed
algorithm allows for either deterministic or random transformations in the feature space. This feature was not available in
the earlier algorithm proposed in [11]. It has been shown
experimentally that the above option improves the performance of the procedure. The paper contributes also by
proposing and evaluating a family of the hybrid classiﬁers
based on data reduction, stacking, feature space rotation,
and multiple agent environments. The proposed approach
can be applied to mine huge datasets owing to quite radical
data reduction mechanism and inherent parallelization typical for the multiple agent systems. It has been experimentally
shown that merging stacking, rotation-based ensemble
techniques, and data reduction with machine classiﬁcation
may bring the added value with respect to the accuracy of
the classiﬁcation process.
Future research will concentrate on searching for more
eﬀective local search procedures employed by the optimization agents. It is also envisaged to investigate diﬀerent
learners and diﬀerent strategies with respect to the decision
making within the classiﬁcation ensemble. Finally, it would
be also interesting to detect experimentally scaling up
barriers for the proposed approaches.

Data Availability
The data used in this study are available at
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