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a b s t r a c t
Training classiﬁers with datasets which suffer of imbalanced class distributions is an
important problem in data mining. This issue occurs when the number of examples representing the class of interest is much lower than the ones of the other classes. Its presence in
many real-world applications has brought along a growth of attention from researchers.
We shortly review the many issues in machine learning and applications of this problem,
by introducing the characteristics of the imbalanced dataset scenario in classiﬁcation, presenting the speciﬁc metrics for evaluating performance in class imbalanced learning and
enumerating the proposed solutions. In particular, we will describe preprocessing, costsensitive learning and ensemble techniques, carrying out an experimental study to contrast
these approaches in an intra and inter-family comparison.
We will carry out a thorough discussion on the main issues related to using data intrinsic
characteristics in this classiﬁcation problem. This will help to improve the current models
with respect to: the presence of small disjuncts, the lack of density in the training data, the
overlapping between classes, the identiﬁcation of noisy data, the signiﬁcance of the borderline instances, and the dataset shift between the training and the test distributions. Finally,
we introduce several approaches and recommendations to address these problems in conjunction with imbalanced data, and we will show some experimental examples on the
behavior of the learning algorithms on data with such intrinsic characteristics.
Ó 2013 Elsevier Inc. All rights reserved.

1. Introduction
In many supervised learning applications, there is a signiﬁcant difference between the prior probabilities of different classes, i.e., between the probabilities with which an example belongs to the different classes of the classiﬁcation problem. This
situation is known as the class imbalance problem [29,66,118] and it is common in many real problems from telecommunications, web, ﬁnance-world, ecology, biology, medicine not only, and which can be considered one of the top problems in
data mining today [143]. Furthermore, it is worth to point out that the minority class is usually the one that has the highest
interest from a learning point of view and it also implies a great cost when it is not well classiﬁed [42].
The hitch with imbalanced datasets is that standard classiﬁcation learning algorithms are often biased towards the majority class (known as the ‘‘negative’’ class) and therefore there is a higher misclassiﬁcation rate for the minority class instances
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(called the ‘‘positive’’ examples). Therefore, throughout the last years, many solutions have been proposed to deal with this
problem, both for standard learning algorithms and for ensemble techniques [50]. They can be categorized into three major
groups:
1. Data sampling: In which the training instances are modiﬁed in such a way to produce a more or less balanced class
distribution that allow classiﬁers to perform in a similar manner to standard classiﬁcation [9,27].
2. Algorithmic modiﬁcation: This procedure is oriented towards the adaptation of base learning methods to be more
attuned to class imbalance issues [147]
3. Cost-sensitive learning: This type of solutions incorporate approaches at the data level, at the algorithmic level, or at
both levels combined, considering higher costs for the misclassiﬁcation of examples of the positive class with respect
to the negative class, and therefore, trying to minimize higher cost errors [38,148].
In this paper, our ﬁrst goal is to come up with a review on this type of methodologies, presenting a taxonomy for each
group, enumerating and brieﬂy describing the main properties of the most signiﬁcant approaches that have been traditionally applied in this ﬁeld. Furthermore, we carry out an experimental study in order to highlight the behavior of the different
paradigms that were previously presented.
Most of the studies on the behavior of several standard classiﬁers in imbalance domains have shown that signiﬁcant loss
of performance is mainly due to the skewed class distribution, given by the imbalance ratio (IR), deﬁned as the ratio of the
number of instances in the majority class to the number of examples in the minority class [58,98]. However, there are several
investigations which also suggest that there are other factors that contribute to such performance degradation [72]. Therefore, as a second goal, we present a discussion about six signiﬁcant problems related to data intrinsic characteristics and that
must be taken into account in order to provide better solutions for correctly identifying both classes of the problem:
1.
2.
3.
4.
5.

The identiﬁcation of areas with small disjuncts [136,137].
The lack of density and information in the training data [133].
The problem of overlapping between the classes [37,55].
The impact of noisy data in imbalanced domains [20,111].
The signiﬁcance of the borderline instances to carry out a good discrimination between the positive and negative classes, and its relationship with noisy examples [39,97].
6. The possible differences in the data distribution for the training and test data, also known as the dataset shift [95,114].

This thorough study of the problem can guide us about the source where the difﬁculties for imbalanced classiﬁcation
emerge, focusing on the analysis of signiﬁcant data intrinsic characteristics. Speciﬁcally, for each established scenario we
show an experimental example on how it affects the behavior of the learning algorithms, in order to stress its signiﬁcance.
We must point out that some of these topics have recent studies associated, which are described along this paper, examining their main contributions and recommendations. However, we emphasize that they still need to be addressed in more
detail in order to have models of high quality in this classiﬁcation scenario and, therefore, we have stressed them as future
trends of research for imbalanced learning. Overcoming these problems can be the key for developing new approaches that
improve the correct identiﬁcation of both the minority and majority classes.
In summary, the main contributions of this new review on former works on this topic [66,118] can be highlighted with
respect to two points: (1) the extensive experimental study with a large benchmark of 66 imbalanced datasets for analyzing
the behavior of the solutions proposed to address the problem of imbalanced data; and (2) a detailed analysis and study of
the data intrinsic characteristics in this scenario and a brief description on how they affect the performance of the classiﬁcation algorithms.
With this aim in mind, this paper is organized as follows. First, Section 2 presents the problem of imbalanced datasets,
introducing its features and the metrics employed in this context. Section 3 describes the diverse preprocessing, cost-sensitive learning and ensemble methodologies that have been proposed to deal with this problem. Next, we develop an experimental study for contrasting the behavior of these approaches in Section 4. Section 5 is devoted to analyzing and discussing
the aforementioned problems associated with data intrinsic characteristics. Finally, Section 6 summarizes and concludes the
work.
2. Imbalanced datasets in classiﬁcation
In this section, we ﬁrst introduce the problem of imbalanced datasets and then we present the evaluation metrics for this
type of classiﬁcation problem, which differ from usual measures in classiﬁcation.
2.1. The problem of imbalanced datasets
In the classiﬁcation problem ﬁeld, the scenario of imbalanced datasets appears frequently. The main property of this type
of classiﬁcation problem is that the examples of one class signiﬁcantly outnumber the examples of the other one [66,118].

V. López et al. / Information Sciences 250 (2013) 113–141

115

The minority class usually represents the most important concept to be learned, and it is difﬁcult to identify it since it might
be associated with exceptional and signiﬁcant cases [135], or because the data acquisition of these examples is costly [139].
In most cases, the imbalanced class problem is associated to binary classiﬁcation, but the multi-class problem often occurs
and, since there can be several minority classes, it is more difﬁcult to solve [48,81].
Since most of the standard learning algorithms consider a balanced training set, this may generate suboptimal classiﬁcation models, i.e. a good coverage of the majority examples, whereas the minority ones are misclassiﬁed frequently. Therefore,
those algorithms, which obtain a good behavior in the framework of standard classiﬁcation, do not necessarily achieve the
best performance for imbalanced datasets [47]. There are several reasons behind this behavior:
1. The use of global performance measures for guiding the learning process, such as the standard accuracy rate, may provide an advantage to the majority class.
2. Classiﬁcation rules that predict the positive class are often highly specialized and thus their coverage is very low,
hence they are discarded in favor of more general rules, i.e. those that predict the negative class.
3. Very small clusters of minority class examples can be identiﬁed as noise, and therefore they could be wrongly discarded by the classiﬁer. On the contrary, few real noisy examples can degrade the identiﬁcation of the minority class,
since it has fewer examples to train with.
In recent years, the imbalanced learning problem has received much attention from the machine learning community.
Regarding real world domains, the importance of the imbalance learning problem is growing, since it is a recurring issue
in many applications. As some examples, we could mention very high resolution airbourne imagery [31], forecasting of
ozone levels [125], face recognition [78], and especially medical diagnosis [11,86,91,93,132]. It is important to remember
that the minority class usually represents the concept of interest and it is the most difﬁcult to obtain from real data, for
example patients with illnesses in a medical diagnosis problem; whereas the other class represents the counterpart of that
concept (healthy patients).
2.2. Evaluation in imbalanced domains
The evaluation criteria is a key factor in assessing the classiﬁcation performance and guiding the classiﬁer modeling. In a
two-class problem, the confusion matrix (shown in Table 1) records the results of correctly and incorrectly recognized examples of each class.
Traditionally, the accuracy rate (Eq. (1)) has been the most commonly used empirical measure. However, in the framework of imbalanced datasets, accuracy is no longer a proper measure, since it does not distinguish between the number
of correctly classiﬁed examples of different classes. Hence, it may lead to erroneous conclusions, i.e., a classiﬁer achieving
an accuracy of 90% in a dataset with an IR value of 9 is not accurate if it classiﬁes all examples as negatives.

Acc ¼

TP þ TN
TP þ FN þ FP þ TN

ð1Þ

In imbalanced domains, the evaluation of the classiﬁers’ performance must be carried out using speciﬁc metrics in order
to take into account the class distribution. Concretely, we can obtain four metrics from Table 1 to measure the classiﬁcation
performance of both, positive and negative, classes independently:





TP
True positive rate: TP rate ¼ TPþFN
is the percentage of positive instances correctly classiﬁed.
TN
True negative rate: TN rate ¼ FPþTN
is the percentage of negative instances correctly classiﬁed.
FP
False positive rate: FP rate ¼ FPþTN
is the percentage of negative instances misclassiﬁed.
FN
False negative rate: FNrate ¼ TPþFN
is the percentage of positive instances misclassiﬁed.

Since in this classiﬁcation scenario we intend to achieve good quality results for both classes, there is a necessity of combining the individual measures of both the positive and negative classes, as none of these measures alone is adequate by
itself.
A well-known approach to unify these measures and to produce an evaluation criteria is to use the Receiver Operating
Characteristic (ROC) graphic [19]. This graphic allows the visualization of the trade-off between the beneﬁts (TPrate ) and costs
(FP rate ), as it evidences that any classiﬁer cannot increase the number of true positives without also increasing the false positives. The Area Under the ROC Curve (AUC) [70] corresponds to the probability of correctly identifying which one of the two

Table 1
Confusion matrix for a two-class problem.

Positive class
Negative class

Positive prediction

Negative prediction

True Positive (TP)
False Positive (FP)

False Negative (FN)
True Negative (TN)
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stimuli is noise and which one is signal plus noise. The AUC provides a single measure of a classiﬁer’s performance for evaluating which model is better on average. Fig. 1 shows how to build the ROC space plotting on a two-dimensional chart the
TPrate (Y-axis) against the FP rate (X-axis). Points in ð0; 0Þ and ð1; 1Þ are trivial classiﬁers where the predicted class is always the
negative and positive one, respectively. On the contrary, ð0; 1Þ point represents the perfect classiﬁer. TheAUC measure is
computed just by obtaining the area of the graphic:

AUC ¼

1 þ TPrate  FPrate
2

ð2Þ

In [103], the signiﬁcance of these graphical methods for the classiﬁcation predictive performance evaluation is stressed.
According to the authors, the main advantage of this type of methods resides in their ability to depict the trade-offs between
evaluation aspects in a multidimensional space rather than reducing these aspects to an arbitrarily chosen (and often biased)
single scalar measure. In particular, they present a review of several representation mechanisms emphasizing the best scenario for their use; for example, in imbalanced domains, when we are interested in the positive class, it is recommended the
use of precision-recall graphs [36]. Furthermore, the expected cost or proﬁt of each model might be analyzed using cost
curves [40], lift and ROI graphs [83].
Other metric of interest to be stressed in this area is the geometric mean of the true rates [7], which can be deﬁned as:

GM ¼

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
TP
TN

TP þ FN FP þ TN

ð3Þ

This metric attempts to maximize the accuracy on each of the two classes with a good balance, being a performance metric that correlates both objectives. However, due to this symmetric nature of the distribution of the geometric mean over
TPrate (sensitivity) and the TN rate (speciﬁcity), it is hard to contrast different models according to their precision on each class.
Another signiﬁcant performance metric that is commonly used is the F-measure [6]:

Fm ¼

ð1 þ b2 ÞðPPV  TPrate Þ

b2 PPV þ TP rate
TP
PPV ¼
TP þ FP

ð4Þ

A popular choice for b is 1, where equal importance is assigned for both TP rate and the positive predictive value (PPV). This
measure would be more sensitive to the changes in the PPV than to the changes in TP rate , which can lead to the selection of
sub-optimal models.
According to the previous comments, some authors try to propose several measures for imbalanced domains in order to
be able to obtain as much information as possible about the contribution of each class to the ﬁnal performance and to take
into account the IR of the dataset as an indication of its difﬁculty. For example, in [10,14] the Adjusted G-mean is proposed.
This measure is designed towards obtaining the highest sensitivity (TP rate ) without decreasing too much the speciﬁcity
(TN rate ). This fact is measured with respect to the original model, i.e. the original classiﬁer without addressing the class imbalance problem. Eq. 5 shows its deﬁnition:

100%

True Positive Rate

80%

60%
Random Classifier

40%

20%

0%
0%

20%

40%

60%

80%

100%

False Positive Rate
Fig. 1. Example of a ROC plot. Two classiﬁers’ curves are depicted: the dashed line represents a random classiﬁer, whereas the solid line is a classiﬁer which
is better than the random classiﬁer.

V. López et al. / Information Sciences 250 (2013) 113–141
rate ðFPþTNÞ
AGM ¼ GMþTN
; IfTPrate > 0
1þFPþTN

AGM ¼ 0;

IfTPrate ¼ 0
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ð5Þ

Additionally, in [54] the authors presented a simple performance metric, called Dominance, which is aimed to point out
the dominance or prevalence relationship between the positive class and the negative class, in the range ½1; þ1 (Eq. 6).
Furthermore, it can be used as a visual tool to analyze the behavior of a classiﬁer on a 2-D space from the joint perspective
of global precision (Y-axis) and dominance (X-axis).

Dom ¼ TPrate  TN rate

ð6Þ

The same authors, using the previous concept of dominance, Index of Balanced Accuracy (IBA) [56,57]. IBA weights a performance measure, that aims to make it more sensitive for imbalanced domains. The weighting factor favors those results
with moderately better classiﬁcation rates on the minority class. IBA is formulated as follows:

IBAa ðMÞ ¼ ð1 þ a  DomÞM

ð7Þ

where ð1 þ a  DomÞ is the weighting factor and M represents a performance metric. The objective is to moderately favor the
classiﬁcation models with higher prediction rate on the minority class (without underestimating the relevance of the majority class) by means of a weighted function of any plain performance evaluation measure.
A comparison regarding these evaluation proposals for imbalanced datasets is out of the scope of this paper. For this reason, we refer any interested reader to ﬁnd a deep experimental study in [57,105].
3. Addressing classiﬁcation with imbalanced data: preprocessing, cost-sensitive learning and ensemble techniques
A large number of approaches have been proposed to deal with the class imbalance problem. These approaches can be
categorized into two groups: the internal approaches that create new algorithms or modify existing ones to take the
class-imbalance problem into consideration [7,41,82,129,152] and external approaches that preprocess the data in order
to diminish the effect of their class imbalance [9,43]. Furthermore, cost-sensitive learning solutions incorporating both
the data (external) and algorithmic level (internal) approaches assume higher misclassiﬁcation costs for samples in the
minority class and seek to minimize the high cost errors [15,38,59,117,150]. Ensemble methods [101,108] are also frequently
adapted to imbalanced domains, either by modifying the ensemble learning algorithm at the data-level approach to preprocess the data before the learning stage of each classiﬁer [17,30,112] or by embedding a cost-sensitive framework in the
ensemble learning process [44,117,122].
Regarding this, in this section we ﬁrst introduce the main aspects of the preprocessing techniques. Next, we describe the
cost-sensitive learning approach. Finally, we present some relevant ensemble techniques in the framework of imbalanced
datasets.
3.1. Preprocessing imbalanced datasets: resampling techniques
In the specialized literature, we can ﬁnd some papers about resampling techniques studying the effect of changing the
class distribution in order to deal with imbalanced datasets.
Those works have proved empirically that applying a preprocessing step in order to balance the class distribution is usually an useful solution [9,12,45,46]. Furthermore, the main advantage of these techniques is that they are independent of the
underlying classiﬁer.
Resampling techniques can be categorized into three groups or families:
1. Undersampling methods, which create a subset of the original dataset by eliminating instances (usually majority class
instances).
2. Oversampling methods, which create a superset of the original dataset by replicating some instances or creating new
instances from existing ones.
3. Hybrids methods, which combine both sampling approaches from above.
Within these families of methods, the simplest preprocessing techniques are non-heuristic methods such as random
undersampling and random oversampling. In the ﬁrst case, the major drawback is that it can discard potentially useful data,
that could be important for the learning process. For random oversampling, several authors agree that this method can increase the likelihood of occurring overﬁtting, since it makes exact copies of existing instances.
In order to deal with the mentioned problems, more sophisticated methods have been proposed. Among them, the
‘‘Synthetic Minority Oversampling TEchnique’’ (SMOTE) [27] has become one of the most renowned approaches in this area.
In brief, its main idea is to create new minority class examples by interpolating several minority class instances that lie together for oversampling the training set.
With this technique, the positive class is over-sampled by taking each minority class sample and introducing synthetic
examples along the line segments joining any/all of the k minority class nearest neighbors. Depending upon the amount
of over-sampling required, neighbors from the k nearest neighbors are randomly chosen. This process is illustrated in
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Fig. 2. An illustration of how to create the synthetic data points in the SMOTE algorithm.

Fig. 2, where xi is the selected point, xi1 to xi4 are some selected nearest neighbors and r 1 to r4 the synthetic data points created by the randomized interpolation.
However, in oversampling techniques, and especially for the SMOTE algorithm, the problem of over generalization is largely attributed to the way in which synthetic samples are created. Precisely, SMOTE generates the same number of synthetic
data samples for each original minority example and does so without consideration to neighboring examples, which increases the occurrence of overlapping between classes [128]. To this end, various adaptive sampling methods have been proposed to overcome this limitation; some representative works include the Borderline-SMOTE [63], Adaptive Synthetic
Sampling [65], Safe-Level-SMOTE [21] and SPIDER2 [116] algorithms.
Regarding undersampling, most of the proposed approaches are based on data cleaning techniques. Some representative
works in this area include the Wilson’s edited nearest neighbor (ENN) [140] rule, which removes examples that differ from
two of its three nearest neighbors, the one-sided selection (OSS) [76], an integration method between the condensed nearest
neighbor rule [64] and Tomek Links [124] and the neighborhood cleaning rule [79], which is based on the ENN technique.
Additionally, the NearMiss-2 method [149] selects the majority class examples whose average distance to the three farthest
minority class examples is the smallest, and in [5] the authors proposed a method that removes the majority instances far
from the decision boundaries. Furthermore, a Support Vector Machine (SVM) [35] may be used to discard redundant or irrelevant majority class examples [119]. Finally, the combination of preprocessing of instances with data cleaning techniques
could lead to diminishing the overlapping that is introduced by sampling methods, i.e. the integrations of SMOTE with
ENN and SMOTE with Tomek links [9]. This behavior is also present in a wrapper technique introduced in [28] that deﬁnes
the best percentage to perform both undersampling and oversampling.
On the other hand, these techniques are not only carried out by means of a ‘‘neighborhood’, but we must also stress some
cluster-based sampling algorithms, all of which aim to organize the training data into groups with signiﬁcant characteristics
and then performing both undersampling and/or oversampling. Some signiﬁcant examples are the Cluster-Based Oversampling (CBO) [73], Class Purity Maximization [146], Sampling-Based Clustering [145], the agglomerative Hierarchical Clustering [34] or the DBSMOTE algorithm based on DBSCAN clustering [22].
Finally, the application of genetic algorithms or particle swarm optimization for the correct identiﬁcation of the most useful instances has shown to achieve good results [53,142]. Also, a training set selection can be carried out in the area of imbalanced datasets [51,52]. These methods select the best set of examples to improve the behavior of several algorithms
considering for this purpose the classiﬁcation performance using an appropriate imbalanced measure.
3.2. Cost-sensitive learning
Cost-sensitive learning takes into account the variable cost of a misclassiﬁcation with respect to the different classes
[38,148]. In this case, a cost matrix codiﬁes the penalties Cði; jÞ of classifying examples of one class i as a different one j,
as illustrated in Table 2.
These misclassiﬁcation cost values can be given by domain experts, or can be learned via other approaches [117,118].
Speciﬁcally, when dealing with imbalanced problems, it is usually more interesting to recognize the positive instances rather
than the negative ones. Therefore, the cost when misclassifying a positive instance must be higher than the cost of misclassifying a negative one, i.e. Cðþ; Þ > Cð; þÞ.
Given the cost matrix, an example should be classiﬁed into the class that has the lowest expected cost, which is known as
the minimum expected cost principle. The expected cost RðijxÞ of classifying an instance x into class i (by a classiﬁer) can be
expressed as:

Table 2
Example of a cost matrix for a fraud detection classiﬁcation problem.

Refuse
Approve

Fraudulent

Legitimate

20$
100$

20$
50$
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RðijxÞ ¼

X
PðjjxÞ  Cði; jÞ

119

ð8Þ

j

where PðjjxÞ is the probability estimation of classifying an instance into class j. That is, the classiﬁer will classify an instance x
into positive class if and only if:

Pð0jxÞ  Cð1; 0Þ þ Pð1jxÞ  Cð1; 1Þ 6 Pð0jxÞ  Cð0; 0Þ þ Pð1jxÞ  Cð0; 1Þ
or, which is equivalent:

Pð0jxÞ  ðCð1; 0Þ  Cð0; 0ÞÞ 6 Pð1jxÞðCð0; 1Þ  Cð1; 1ÞÞ
Therefore, any given cost-matrix can be converted to one with Cð0; 0Þ ¼ Cð1; 1Þ ¼ 0. Under this assumption, the classiﬁer
will classify an instance x into positive class if and only if:

Pð0jxÞ  Cð1; 0Þ 6 Pð1jxÞ  Cð0; 1Þ
As Pð0jxÞ ¼ 1  Pð1jxÞ, we can obtain a threshold p for the classiﬁer to classify an instance x into positive if Pð1jxÞ P p ,
where

p ¼

Cð1; 0Þ
FP
¼
Cð1; 0Þ  Cð0; 1Þ FP þ FN

ð9Þ

Another possibility is to ‘‘rebalance’’ the original training examples the ratio of:

pð1ÞFN : pð0ÞFP

ð10Þ

where pð1Þ and pð0Þ are the prior probability of the positive and negative examples in the original training set.
In summary, two main general approaches have been proposed to deal with cost-sensitive problems:
1. Direct methods: The main idea of building a direct cost-sensitive learning algorithm is to directly introduce and utilize misclassiﬁcation costs into the learning algorithms.
For example, in the context of decision tree induction, the tree-building strategies are adapted to minimize the misclassiﬁcation costs. The cost information is used to: (1) choose the best attribute to split the data [84,107]; and (2)
determine whether a subtree should be pruned [18]. On the other hand, other approaches based on genetic algorithms
can incorporate misclassiﬁcation costs in the ﬁtness function [126].
2. Meta-learning: This methodology implies the integration of a ‘‘preprocessing’’ mechanism for the training data or a
‘‘postprocessing’’ of the output, in such a way that the original learning algorithm is not modiﬁed. Cost-sensitive
meta-learning can be further classiﬁed into two main categories: thresholding and sampling, which are based on
expressions (9) and (10) respectively:
 Thresholding is based on the basic decision theory that assigns instances to the class with minimum expected
cost. For example, a typical decision tree for a binary classiﬁcation problem assigns the class label of a leaf node
depending on the majority class of the training samples that reach the node. A cost-sensitive algorithm assigns the
class label to the node that minimizes the classiﬁcation cost [38,147].
 Sampling is based on modifying the training dataset. The most popular technique lies in resampling the original
class distribution of the training dataset according to the cost decision matrix by means of undersampling/oversampling [148] or assigning instance weights [123]. These modiﬁcations have shown to be effective and can also
be applied to any cost insensitive learning algorithm [150].
3.3. Ensemble methods
Ensemble-based classiﬁers, also known as multiple classiﬁer systems [101], try to improve the performance of single classiﬁers by inducing several classiﬁers and combining them to obtain a new classiﬁer that outperforms every one of them.
Hence, the basic idea is to construct several classiﬁers from the original data and then aggregate their predictions when unknown instances are presented.
In recent years, ensembles of classiﬁers have arisen as a possible solution to the class imbalance problem
[77,85,112,117,127,131]. Ensemble-based methods are based on a combination between ensemble learning algorithms
and one of the previously discussed techniques, namely data and algorithmic approaches, or cost-sensitive learning solutions. In the case of adding a data level approach to the ensemble learning algorithm, the new hybrid method usually preprocess the data before training each classiﬁer. On the other hand, cost-sensitive ensembles, instead of modifying the base
classiﬁer in order to accept costs in the learning process, guide the cost minimization procedure via the ensemble learning
algorithm. In this way, the modiﬁcation of the base learner is avoided, but the major drawback, which is the costs deﬁnition,
is still present.
A complete taxonomy for ensemble methods for learning with imbalanced classes can be found on a recent review [50],
which we summarize in Fig. 3. Mainly, the authors distinguish four different families among ensemble approaches for imbalanced learning. On the one hand, they identiﬁed cost-sensitive boosting approaches which are similar to cost-sensitive
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Fig. 3. Galar et al.’s proposed taxonomy for ensembles to address class imbalance problem. (See above-mentioned references for further information.)

methods, but where the costs minimization procedure is guided by a boosting algorithm. On the other hand, they distinguish
three more families which have a common feature: all of them consist on embedding a data preprocessing technique in an
ensemble learning algorithm. They categorized these three families depending on the ensemble learning algorithm used, i.e.
boosting, bagging and hybrid ensembles.
From the study in [50], the authors concluded that ensemble-based algorithms are worthwhile, improving the results obtained by using data preprocessing techniques and training a single classiﬁer. They also highlighted the good performance of
simple approaches such as RUSBoost [112] or UnderBagging [8], which despite of being simple approaches, achieve a higher
performance than many other more complex algorithms.

4. Analyzing the behavior of imbalanced learning methods
Several authors, and especially [9], have developed an ordering of the approaches to address learning with imbalanced
datasets regarding a classiﬁcation metric such as the AUC. In this section we present a complete study on the suitability
of some recent proposals for preprocessing, cost-sensitive learning and ensemble-based methods, carrying out an intrafamily comparison for selecting the best performing approaches and then developing and inter-family analysis, with the
aim of observing whether there are differences among them.
In order to achieve well founded conclusions, we will make use of three classiﬁers based on different paradigms, namely
decision trees with C4.5 [104], Support Vector Machines (SVMs) [35,100], and the well-known k-Nearest Neighbor (kNN)
[92] as an Instance-Based Learning approach. The analysis will be structured in the same manner within each section: ﬁrst,
the average results in training and testing, together with their standard deviations, will be shown for every classiﬁer. Then,
the average rankings will be depicted in order to organize the algorithms according to their performance on the different
datasets. Finally, the two highest ranked approaches will be selected for the ﬁnal comparison among all the techniques.
We must remark that this study tries to be carried out in a more descriptive way. For this reason, we just carry out an ‘‘ad
hoc’’ selection of the best approaches, even if no signiﬁcant differences are found in a statistical analysis, which will be performed by means of a Shaffer post hoc test [113] ðn  n comparison). Therefore, the reader must acknowledge that some of
the decisions taken along this empirical analysis are carried out for the sake of simplifying our study, thus presenting an
overview on the behavior of the state of the art methods on classiﬁcation with imbalanced data.
According to the previous aim, we divide this section into ﬁve parts: ﬁrst, in Section 4.1 we introduce the experimental
framework, that is, the classiﬁcation algorithms used, their parameters and the selected datasets for the study. Next, we develop a separate study for preprocessing (Section 4.2), cost-sensitive learning (Section 4.3) and and ensembles (Section 4.4).
As explained earlier, the two best models will be selected as representative approaches and, ﬁnally, Section 4.5 presents a
global study for the different paradigms that are analyzed.
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Table 3
Summary of imbalanced datasets used.
Name

#Ex.

#Atts.

IR

Name

#Ex.

#Atts.

IR

Glass1
Ecoli0vs1
Wisconsin
Pima
Iris0
Glass0
Yeast1
Vehicle1
Vehicle2
Vehicle3
Haberman
Glass0123vs456
Vehicle0
Ecoli1
New-thyroid2
New-thyroid1
Ecoli2
Segment0
Glass6
Yeast3
Ecoli3
Page-blocks0
Ecoli034vs5
Yeast2vs4
Ecoli067vs35
Ecoli0234vs5
Glass015vs2
Yeast0359vs78
Yeast02579vs368
Yeast0256vs3789
Ecoli046vs5
Ecoli01vs235
Ecoli0267vs35

214
220
683
768
150
214
1484
846
846
846
306
214
846
336
215
215
336
2308
214
1484
336
5472
200
514
222
202
172
506
1004
1004
203
244
224

9
7
9
8
4
9
8
18
18
18
3
9
18
7
5
5
7
19
9
8
7
10
7
8
7
7
9
8
8
8
6
7
7

1.82
1.86
1.86
1.90
2.00
2.06
2.46
2.52
2.52
2.52
2.68
3.19
3.23
3.36
4.92
5.14
5.46
6.01
6.38
8.11
8.19
8.77
9.00
9.08
9.09
9.10
9.12
9.12
9.14
9.14
9.15
9.17
9.18

Glass04vs5
Ecoli0346vs5
Ecoli0347vs56
Yeast05679vs4
Ecoli067vs5
Vowel0
Glass016vs2
Glass2
Ecoli0147vs2356
Led7digit02456789vs1
Glass06vs5
Ecoli01vs5
Glass0146vs2
Ecoli0147vs56
Cleveland0vs4
Ecoli0146vs5
Ecoli4
Yeast1vs7
Shuttle0vs4
Glass4
Page-blocks13vs2
Abalone9vs18
Glass016vs5
Shuttle2vs4
Yeast1458vs7
Glass5
Yeast2vs8
Yeast4
Yeast1289vs7
Yeast5
Ecoli0137vs26
Yeast6
Abalone19

92
205
257
528
220
988
192
214
336
443
108
240
205
332
177
280
336
459
1829
214
472
731
184
129
693
214
482
1484
947
1484
281
1484
4174

9
7
7
8
6
13
9
9
7
7
9
6
9
6
13
6
7
8
9
9
10
8
9
9
8
9
8
8
8
8
7
8
8

9.22
9.25
9.28
9.35
10.00
10.10
10.29
10.39
10.59
10.97
11.00
11.00
11.06
12.28
12.62
13.00
13.84
13.87
13.87
15.47
15.85
16.68
19.44
20.50
22.10
22.81
23.10
28.41
30.56
32.78
39.15
39.15
128.87

4.1. Experimental framework
In the ﬁrst place, we need to deﬁne a set of baseline classiﬁers to be used in all the experiments. Next, we enumerate these
algorithms and also their parameter values, which have been set considering the recommendation of the corresponding
authors. We must point out that these algorithms are available within the KEEL software tool [4].
1. C4.5 Decision tree [104]: For C4.5, we have set a conﬁdence level of 0.25, the minimum number of item-sets per leaf
was set to 2 and pruning was used as well to obtain the ﬁnal tree.
2. Support vector machines [35]: For the SVM, we have chosen Polykernel reference functions, with an internal parameter of 1.0 for the exponent of each kernel function and a penalty parameter of the error term of 1.0.
3. Instance based learning (kNN) [92]: In this case, we have selected 1 neighbor for determining the output class, using
the euclidean distance metric.
We have gathered 66 datasets, whose features are summarized in Table 3, namely the number of examples (#Ex.), number of attributes (#Atts.) and IR. Estimates of the AUC metric were obtained by means of a 5-fold cross-validation. That is, we
split the dataset into 5 folds, each one containing 20% of the patterns of the dataset. For each fold, the algorithm was trained
with the examples contained in the remaining folds and then tested with the current fold. This value is set up with the aim of
having enough positive class instances in the different folds, hence avoiding additional problems in the data distribution
[94,96], especially for highly imbalanced datasets.
We must point out that the dataset partitions employed in this paper are available for download at the KEEL dataset
repository1 [3], so that any interested researcher can use the same data for comparison.
Finally, with respect to the evaluation metric, we use the Area Under the ROC Curve (AUC) [19,70] as evaluation criteria.
4.2. Study on the preprocessing methods
In this section, we analyze the behavior of the preprocessing methods on imbalanced datasets. For this purpose, we compare some of the most representative techniques, previously presented in Section 3.1, developing a ranking according to the
1

http://www.keel.es/datasets.php.
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Table 4
Average AUC results for the preprocessing techniques.
Preprocessing

C4.5

SVM

AUC Tr
None
SMOTE
SMOTE+ENN
Border-SMOTE
SL-SMOTE
ADASYN
SPIDER2
DBSMOTE

.8790
.9613
.9482
.9333
.9175
.9589
.9684
.8908

±.1226
±.0504
±.0525
±.0595
±.0615
±.0469
±.0378
±.1006

AUC Tst

AUC Tr

.7873 ±.1437
.8288 ±.1192
.8323 ±.1166
.8187 ±.1272
.8285 ±.1112
.8225 ±.1234
.8018 ±.1329
.7877 ±.1441

.7007
.8631
.8815
.9082
.8365
.8283
.7252
.8612

kNN
AUC Tst
±.1706
±.1045
±.1001
±.0941
±.1020
±.1054
±.1493
±.0778

.6891
.8470
.8461
.8397
.8427
.8323
.7371
.7546

AUC Tr
±.1681
±.1152
±.1162
±.1163
±.1176
±.1148
±.1542
±.1368

.8011
.9345
.9284
.9144
.8024
.9347
.8381
.8147

AUC Tst
±.1339
±.1247
±.1262
±.0682
±.1331
±.0500
±.1176
±.1163

.8028 ±.1383
.8341 ±.1194
.8443 ±.1158
.8177 ±.1314
.8029 ±.1381
.8355 ±.1163
.8207 ±.1338
.8082 ±.1293

performance obtained in each case. This representative set of methods is composed by the following techniques: SMOTE
[27], SMOTE+ENN [9], Borderline-SMOTE (Border-SMOTE) [63], Adaptive Synthetic Sampling (ADASYN) [65], Safe-LevelSMOTE (SL-SMOTE) [21], SPIDER2 [97] and DBSMOTE [22]. In all cases we try to obtain a level of balance in the training data
near to the 50:50 distribution. Additionally, the interpolations that are computed to generate new synthetic data are made
considering the 5-nearest neighbors of minority class instances using the euclidean distance.
In Table 4 we show the average results for all preprocessing methods, also including the performance with the original
data (None). In bold, we highlight the preprocessing method that obtains the best performing average within each group. We
observe that, in all cases, the oversampling mechanisms are very good solutions for achieving a higher performance by comparison to using the original training data.
This behavior is contrasted in Fig. 4, where we have ordered the corresponding methods according to their AUC results in
testing for each dataset, considering the average ranking value. We must stress SMOTE+ENN and SMOTE as the top methodologies, since they obtain the highest rank for the three classiﬁcation algorithms used in this study. We can also observe
that both Border-SMOTE and ADASYN are quite robust on average, obtaining a fair average ranking for all datasets.
For the sake of ﬁnding out which algorithms are distinctive among an n  n comparison, we carry out a Shaffer post hoc
test [113], which is shown in Tables 5–7. In these tables, a ‘‘+’’ symbol implies that the algorithm in the row is statistically
better than the one in the column, whereas ‘‘’’ implies the contrary; ‘‘=’’ means that the two algorithms compared show no
signiﬁcant differences. In brackets, the adjusted p-value associated to each comparison is shown.

Fig. 4. Average ranking of the preprocessing algorithms for classiﬁcation with imbalanced datasets.

Table 5
Shaffer test for the preprocessing techniques with C4.5 using the AUC measure.
C4.5

None

SMOTE

SMOTE+ENN

Border-SMOTE

SL-SMOTE

ADASYN

SPIDER2

DBSMOTE

None
SMOTE
SMOTE+ENN
Border-SMOTE
SL-SMOTE
ADASYN
SPIDER2
DBSMOTE

x
+(.000002)
+(.000000)
+(.001104)
+(.000096)
+(.000124)
=(.580860)
=(1.00000)

(.000002)
x
=(1.00000)
=(1.00000)
=(1.00000)
=(1.00000)
(.013398)
(.000003)

(.000000)
=(1.00000)
x
=(.769498)
=(1.00000)
=(1.00000)
(.002466)
(.000000)

(.001104)
=(1.00000)
=(.769498)
x
=(1.00000)
=(1.00000)
=(.631767)
(.001379)

(.000096)
=(1.00000)
=(1.00000)
=(1.00000)
x
=(1.00000)
=(.159840)
(.000124)

(.000124)
=(1.00000)
=(1.00000)
=(1.00000)
=(1.00000)
x
=(.174600)
(.000159)

=(.580860)
+(.013398)
+(.002466)
=(.631767)
=(.159840)
=(.174600)
x
=(.631767)

=(1.00000)
+(.000003)
+(.000000)
+(.001379)
+(.000124)
+(.000159)
=(.631767)
x
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Table 6
Shaffer test for the preprocessing techniques with SVM using the AUC measure.
SVM

None

SMOTE

SMOTE+ENN

Border-SMOTE

SL-SMOTE

ADASYN

SPIDER2

DBSMOTE

None
SMOTE
SMOTE+ENN
Border-SMOTE
SL-SMOTE
ADASYN
SPIDER2
DBSMOTE

x
+(.000000)
+(.000000)
+(.000000)
+(.000000)
+(.000000)
=(.129870)
=(1.00000)

(.000000)
x
=(1.00000)
=(1.00000)
=(1.00000)
=(.179175)
(.000000)
(.000000)

(.000000)
=(1.00000)
x
=(1.00000)
=(1.00000)
=(.199418)
(.000000)
(.000000)

(.000000)
=(1.00000)
=(1.00000)
x
=(1.00000)
=(1.00000)
(.000000)
(.000000)

(.000000)
=(1.00000)
=(1.00000)
=(1.00000)
x
=(1.00000)
(.000000)
(.000000)

(.000000)
=(.179175)
=(.199418)
=(1.00000)
=(1.00000)
x
(.000126)
(.000001)

=(.129870)
+(.000000)
+(.000000)
+(.000000)
+(.000000)
+(.000126)
x
=(1.00000)

=(1.00000)
+(.000000)
+(.000000)
+(.000000)
+(.000000)
+(.000001)
=(1.00000)
x

Table 7
Shaffer test for the preprocessing techniques with kNN using the AUC measure.
kNN

None

SMOTE

SMOTE+ENN

Border-SMOTE

SL-SMOTE

ADASYN

SPIDER2

DBSMOTE

None
SMOTE
SMOTE+ENN
Border-SMOTE
SL-SMOTE
ADASYN
SPIDER2
DBSMOTE

x
+(.000757)
+(.000000)
+(.014934)
=(1.00000)
+(.000081)
+(.004963)
=(1.00000)

(.000757)
x
+(.089266)
=(1.00000)
(.000701)
=(1.00000)
=(1.00000)
(.000006)

(.000000)
(.089266)
x
(.007968)
(.000000)
=(.360402)
(.022513)
(.000000)

(.014934)
=(1.00000)
+(.007968)
x
(.014027)
=(1.00000)
=(1.00000)
(.000253)

=(1.00000)
+(.000701)
+(.000000)
+(.014027)
x
+(.000074)
+(.004634)
=(1.00000)

(.000081)
=(1.00000)
=(.360402)
=(1.00000)
(.000074)
x
=(1.00000)
(.000000)

(.004963)
=(1.00000)
+(.022513)
=(1.00000)
(.004634)
=(1.00000)
x
(.000062)

=(1.00000)
+(.000006)
+(.000000)
+(.000253)
=(1.00000)
+(.000000)
+(.000062)
x

In order to explain why SMOTE+ENN and SMOTE obtain the highest performance, we may emphasize two feasible reasons. The ﬁrst one is related to the addition of signiﬁcant information within the minority class examples by including
new synthetic examples. These new examples allow the formation of larger clusters to help the classiﬁers to separate both
classes, and the cleaning procedure also adds beneﬁts to the generalization ability during learning. The second reason is that
the more sophisticated the technique is, the less general it becomes for the high number of benchmark problems selected for
our study.
According to these results, we select both SMOTE+ENN and SMOTE as good behaving methodologies for our ﬁnal
comparison.

4.3. Study on the cost-sensitive learning algorithms
In this section, we carry out an analysis regarding cost-sensitive classiﬁers. We use three different approaches, namely
‘‘Weighted-Classiﬁer’’ (CS-Weighted) [7,123], MetaCost [38], and the CostSensitive Classiﬁer (CS-Classiﬁer) from the Weka
environment [62]. In the ﬁrst case, the base classiﬁers are modiﬁed usually by weighting the instances of the dataset to take
into account the a priori probabilities, according to the number of samples in each class. In the two latter cases, we use an
input cost-matrix deﬁning Cðþ; Þ ¼ IR and Cð; þÞ ¼ 1.
Table 8 shows the average AUC results where the best average values per algorithm group are highlighted in bold. From
this table, we may conclude, as in the previous case for preprocessing, the goodness of the use of this type of solution for
imbalanced data, as there is a signiﬁcant difference with respect to the results obtained with the original data. We may also
observe the good behavior of the ‘‘CS-Weighted’’ in contrast with the remaining techniques, and also the good accuracy for
the MetaCost algorithm, for both C4.5 and kNN.
Fig. 5 presents the ranking for the selected methods. We can appreciate that the ‘‘CS-Weighted’’ approach achieves the
highest rank overall, as pointed out before. The MetaCost method obtains also a good average for C4.5 and kNN, but it is outperformed by the CS-Classiﬁer when SVM is used.
As in the latter case, we show a Shaffer post hoc test for detecting signiﬁcant differences among the results (Tables 9–11).

Table 8
Average AUC results for the cost-sensitive learning techniques.
Cost-sensitive

C4.5

SVM

AUC Tr
None
CS-Weighted
MetaCost
CS-Classiﬁer

.8790
.9711
.9159
.8915

AUC Tst
±.1226
±.0580
±.0797
±.1191

.7873
.8284
.8370
.8116

kNN

AUC Tr
±.1437
±.1263
±.1287
±.1387

.7007
.8751
.6931
.8701

±.1706
±.1068
±.1715
±.1053

AUC Tst

AUC Tr

.6891 ±.1681
.8464 ±.1124
.6802 ±.1696
.8391 ±.1152

.8011
.8427
.9849
.9993

AUC Tst
±.1339
±.1201
±.0118
±.0046

.8028 ±.1383
.8463 ±.1177
.8250 ±.1301
.8084 ±.1343
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Fig. 5. Average ranking of the cost-sensitive learning algorithms for the classiﬁcation with imbalanced datasets.

Table 9
Shaffer test for the cost-sensitive learning techniques with C4.5 using the AUC measure.
C4.5

None

CS-Weighted

MetaCost

CS-Classiﬁer

None
CS-Weighted
MetaCost
CS-Classiﬁer

x
+(.000000)
+(.000000)
+(.013893)

(.000000)
x
=(.787406)
(.020817)

(.000000)
=(.787406)
x
(.013893)

(.013893)
+(.020817)
+(.013893)
x

Table 10
Shaffer test for the cost-sensitive learning techniques with SVM using the AUC measure.
SVM

None

CS-Weighted

MetaCost

CS-Classiﬁer

None
CS-Weighted
MetaCost
CS-Classiﬁer

x
+(.000000)
=(.449832)
+(.000000)

(.000000)
x
(.000000)
=(.449832)

=(.449832)
+(.000000)
x
+(.000000)

(.000000)
=(.449832)
(.000000)
x

Table 11
Shaffer test for the cost-sensitive learning techniques with kNN using the AUC measure.
kNN

None

CS-Weighted

MetaCost

CS-Classiﬁer

None
CS-Weighted
MetaCost
CS-Classiﬁer

x
+(.000000)
+(.000075)
=(.345231)

(.000000)
x
(.004828)
(.000000)

(.000075)
+(.004828)
x
(.003228)

=(.345231)
+(.000000)
+(.003228)
x

The good behavior shown by introducing weights to the training examples can be explained by its simplicity, because the
algorithm procedure is maintained and is adapted to the imbalanced situation. Therefore, it works similarly to an oversampling approach but without adding new samples and complexity to the problem itself. On the other hand, the MetaCost
method follows a similar aim, therefore obtaining high quality results. Regarding these facts, we will select these two methods as the representative ones for this family.
4.4. Study on the ensemble-based techniques
The last family of approaches for dealing with imbalanced datasets that we will analyze is the one based on ensemble
techniques. In this case, we have selected ﬁve different algorithms which showed a very good behavior on the study carried
out in [50], namely AdaBoost.M1 (AdaB-M1) [110], AdaBoost with costs outside the exponent (AdaC2) [117], RUSBoost
(RUSB) [112], SMOTEBagging (SBAG) [130], and EasyEnsemble (EASY) [85]. We must point out that AdaB-M1 was not included in the taxonomy presented in Section 3.3 since it is not strictly oriented towards imbalanced classiﬁcation, but we
have decided to study it as a classical ensemble approach and because it has shown a good behavior in [50]. Regarding
the number of internal classiﬁers used within each approach, AdaB-M1, AdaC2 and SBAG use 40 classiﬁers, whereas the
remaining approaches use only 10. Additionally, EASY considers 4 bags for the learning stage.
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Table 12
Average AUC results for the ensemble methodologies.
Ensemble

None
AdaB-M1
AdaC2
RUSB
SBAG
Easy

C4.5

SVM

kNN

AUC Tr

AUC Tst

AUC Tr

AUC Tst

AUC Tr

AUC Tst

.8790 ± .1226
.9915 ± .0468
.9470 ± .0858
.9481 ± .0545
.9626 ± .0455
.9076 ± .0626

.7873 ± .1437
.8072 ± .1334
.8188 ± .1312
.8519 ± .1129
.8545 ± .1111
.8399 ± .1091

.7007 ± .1706
.7862 ± .1659
.6366 ± .1497
.7667 ± .1652
.8662 ± .1050
.8565 ± .1057

.6891 ± .1681
.7615 ± .1630
.6271 ± .1479
.7517 ± .1642
.8456 ± .1137
.8370 ± .1150

.8011 ± .1339
.9983 ± .0101
.9991 ± .0062
.9359 ± .0495
.9825 ± .0253
.9093 ± .0667

.8028 ± .1383
.8090 ± .1345
.8080 ± .1344
.8465 ± .1118
.8485 ± .1164
.8440 ± .1095

In this case, the average AUC results for training and testing are shown in Table 12. The values highlighted in bold correspond to the algorithms that obtain a better performance according to the base classiﬁer. From this table we may conclude
the good performance of RUSB, SBAG and EASY. Among them, SBAG stands out for obtaining slightly better results. Anyway,
these three algorithms outperform the others considered in this study. The reader might have also noticed that, the great
behavior of RUSB is attained using only 10 base classiﬁers.
This can also be seen from Fig. 6, where we can observe that these three algorithms obtain the ﬁrst rank positions in almost all cases. It is noticeable that RUSB decreases its results in the case of the SVM algorithm, which can be due to the removal of signiﬁcant samples for determining the support vectors for the margin classiﬁer in each iteration of the learning.
Tables 13–15 present a Shaffer test, where we can observe, in a nutshell, the statistical differences among the ensemble
methodologies selected for this study.
Nevertheless, we must point out that more complex methods do not perform much better than simpler ones. Bagging
techniques are easy to develop, but also powerful when dealing with class imbalance if they are properly combined. Their
Table 13
Shaffer test for the ensemble methodologies with C4.5 using the AUC measure.
C4.5

None

AdaB-M

AdaC2

RUSB

SBAG

Easy

None
AdaB-M
AdaC2
RUSB
SBAG
Easy

x
=(.214054)
+(.000767)
+(.000000)
+(.000000)
+(.000001)

=(.214054)
x
=(.137090)
+(.000001)
+(.000000)
+(.003390)

(.000767)
=(.137090)
x
+(.006691)
+(.00115)
=(.339838)

(.000000)
(.000001)
(.006691)
x
=(.641758)
=(.214054)

(.000000)
(.000000)
(.00115)
=(.641758)
x
(.099451)

(.000001)
(.00339)
=(.339838)
=(.214054)
+(.099451)
x

Table 14
Shaffer test for the ensemble methodologies with SVM using the AUC measure.
SVM

None

AdaB-M

AdaC2

RUSB

SBAG

Easy

None
AdaB-M
AdaC2
RUSB
SBAG
Easy

x
+(.000721)
=(.208828)
+(.015681)
+(.000000)
+(.000000)

(.000721)
x
(.000000)
=(.401501)
+(.000001)
+(.000343)

=(.208828)
+(.000000)
x
+(.000018)
+(.000000)
+(.000000)

(.015681)
=(.401501)
(.000018)
x
+(.000000)
+(.000007)

(.000000)
(.000001)
(.000000)
(.000000)
x
=(.401501)

(.000000)
(.000343)
(.000000)
(.000007)
=(.401501)
x

Fig. 6. Average ranking of the ensemble algorithms for the classiﬁcation with imbalanced datasets.
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Table 15
Shaffer test for the ensemble methodologies with kNN using the AUC measure.
kNN

None

AdaB-M

AdaC2

RUSB

SBAG

Easy

None
AdaB-M
AdaC2
RUSB
SBAG
Easy

x
=(1.00000)
=(1.00000)
+(.000000)
+(.000000)
+(.000118)

=(1.00000)
x
=(1.00000)
+(.000017)
+(.000000)
+(.003106)

=(1.00000)
=(1.00000)
x
+(.000006)
+(.000000)
+(.001517)

(.000000)
(.000017)
(.000006)
x
=(.803003)
=(.803003)

(.000000)
(.000000)
(.000000)
=(.803003)
x
(.063015)

(.000118)
(.003106)
(.001517)
=(.803003)
+(.063015)
x

Table 16
Average global results for C4.5 with the representative methodologies for addressing imbalanced classiﬁcation.
Preprocessing

None
SMOTE
SMOTE+ENN
CS-Weighted
MetaCost
RUSB
SBAG

C4.5

SVM

kNN

AUC Tr

AUC Tst

AUC Tr

AUC Tst

AUC Tr

AUC Tst

.8790 ± .1226
.9613 ± .0504
.9482 ± .0525
.9711 ± .0580
.9159 ± .0797
.9481 ± .0545
.9626 ± .0455

.7873 ± .1437
.8288 ± .1192
.8323 ± .1166
.8284 ± .1263
.8370 ± .1287
.8519 ± .1129
.8545 ± .1111

.7007 ± .1706
.8631 ± .1045
.8815 ± .1001
.8751 ± .1068
.6931 ± .1715
.7667 ± .1652
.8662 ± .1050

.6891 ± .1681
.8470 ± .1152
.8461 ± .1162
.8464 ± .1124
.6802 ± .1696
.7517 ± .1642
.8456 ± .1137

.8011 ± .1339
.9345 ± .1247
.9284 ± .1262
.8427 ± .1201
.9849 ± .0118
.9359 ± .0495
.9825 ± .0253

.8028 ± .1383
.8341 ± .1194
.8443 ± .1158
.8463 ± .1177
.8250 ± .1301
.8465 ± .1118
.8485 ± .1164

hybridization with data preprocessing techniques has shown competitive results and the key issue of these methods resides
in properly exploiting the diversity when each bootstrap replica is formed.
Since we have to select only two methodologies for the global analysis, we will stress SBAG as the best ranked method
and RUSB, because it presents a robust behavior on average and the second best mean performance in two of the three
algorithms.
4.5. Global analysis for the methodologies that address imbalanced classiﬁcation
In this last section of the experimental analysis on the behavior of the methodologies for addressing classiﬁcation with
imbalanced datasets, we will perform a cross-family comparison for the approaches previously selected as the representatives for each case, namely preprocessing (SMOTE and SMOTE+ENN), cost-sensitive learning (CS-Weighted and MetaCost)
and ensemble techniques (RUSB and SBAG). The global results are shown in Table 16, whereas the new performance ranking
is shown in Fig. 7. As in the previous cases, the bold values in Table 16 correspond to the algorithms that obtain the highest
performance.
Considering these results, we must highlight the dominance of the ensemble approaches versus the remaining models for
the ‘‘weak classiﬁers’’, i.e. C4.5 and kNN. For SVM, the best results are achieved by preprocessing and CS-weighted, showing
the signiﬁcance of adjusting the objective function towards the positive instances, for biasing the separating hyperplane.
Regarding the comparison between the cost-sensitive classiﬁers and the oversampling methods, we observe that, on average,
SMOTE+ENN, CS-Weighted and SMOTE obtain very good results and, therefore, they have a similar ranking, followed by
the MetaCost method. We must point out that these conclusions regarding the latter techniques are in concordance with
the study done in [88].

Fig. 7. Average ranking of the representative algorithms for the classiﬁcation with imbalanced datasets.
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Table 17
Shaffer test for the representative methodologies with C4.5 using the AUC measure.
C4.5

None

SMOTE

SMOTE+ENN

CS-Weighted

MetaCost

RUSB

SBAG

None
SMOTE
SMOTE+ENN
CS-Weighted
MetaCost
RUSB
SBAG

x
+(.000292)
+(.000087)
+(.000203)
+(.000001)
+(.000000)
+(.000000)

(.000292)
x
=(1.00000)
=(1.00000)
=(1.00000)
+(.001816)
+(.000648)

(.000087)
=(1.00000)
x
=(1.00000)
=(1.00000)
+(.004560)
+(.001423)

(.000203)
=(1.00000)
=(1.00000)
x
=(1.00000)
+(.002500)
+(.000671)

(.000001)
=(1.00000)
=(1.00000)
=(1.00000)
x
+(.061745)
+(.02942)

(.000000)
(.001816)
(.004560)
(.002500)
(.061745)
x
=(1.00000)

(.000000)
(.000648)
(.001423)
(.000671)
(.02942)
=(1.00000)
x

Table 18
Shaffer test for the representative methodologies with SVM using the AUC measure.
SVM

None

SMOTE

SMOTE+ENN

CS-Weighted

MetaCost

RUSB

SBAG

None
SMOTE
SMOTE+ENN
CS-Weighted
MetaCost
RUSB
SBAG

x
+(.000000)
+(.000000)
+(.000000)
=(1.00000)
+(.097865)
+(.000000)

(.000000)
x
=(1.00000)
=(1.00000)
(.000000)
(.000000)
=(1.00000)

(.000000)
=(1.00000)
x
=(1.00000)
(.000000)
(.000000)
=(1.00000)

(.000000)
=(1.00000)
=(1.00000)
x
(.000000)
(.000000)
=(1.00000)

=(1.00000)
+(.000000)
+(.000000)
+(.000000)
x
+(.019779)
+(.000000)

(.097865)
+(.000000)
+(.000000)
+(.000000)
(.019779)
x
+(.000005)

(.000000)
=(1.00000)
=(1.00000)
=(1.00000)
(.000000)
(.000005)
x

Table 19
Shaffer test for the representative methodologies with kNN using the AUC measure.
kNN

None

SMOTE

SMOTE+ENN

CS-Weighted

MetaCost

RUSB

SBAG

None
SMOTE
SMOTE+ENN
CS-Weighted
MetaCost
RUSB
SBAG

x
+(.002684)
+(.000000)
+(.000000)
+(.038367)
+(.000000)
+(.000000)

(.002684)
x
+(.058815)
+(.049543)
=(1.00000)
=(.371813)
+(.000545)

(.000000)
(.058815)
x
=(1.00000)
(.004309)
=(1.00000)
=(.950901)

(.000000)
(.049543)
=(1.00000)
x
(.002705)
=(1.00000)
=(.986440)

(.038367)
=(1.00000)
+(.004309)
+(.002705)
x
+(.057811)
+(.000011)

(.000000)
=(.371813)
=(1.00000)
=(1.00000)
(.057811)
x
=(.196710)

(.000000)
(.000545)
=(.950901)
=(.986440)
(.000011)
=(.196710)
x

In the same way as in the previous sections of this study, we proceed with a Shaffer test (Tables 17–19) that aims to contrast whether two algorithms are signiﬁcantly different and how different they are.
As a ﬁnal remark, we must state that all the solutions analyzed here present different particularities, which make them
more appropriate for a given application. For example, ensemble methodologies have shown to be very accurate, but their
learning time may be high and the output model can be difﬁcult to comprehend by the ﬁnal user. Cost-sensitive approaches
have also shown to be very precise, but the necessity of deﬁning an optimal cost-matrix impose hard restrictions to their use.
Finally, the preprocessing algorithms have shown their robustness and obtained very good global results, and therefore they
can be viewed as a standard approach for imbalanced datasets.

5. Problems related to data intrinsic characteristics in imbalanced classiﬁcation
As it was stated in the introduction of this work, skewed class distributions do not hinder the learning task by itself
[66,118], but usually a series of difﬁculties related with this problem turn up. This issue is depicted in Fig. 8, in which we
show the performance of the SBAG with the different datasets used in the previous section, ordered according to the IR,
in order to search for some regions of interesting good or bad behavior. As we can observe, there is no pattern of behavior
for any range of IR, and the results can be poor both for low and high imbalanced data.
Related to this issue, in this section we aim to make a discussion on the nature of the problem itself, emphasizing several
data intrinsic characteristics that do have a strong inﬂuence on imbalanced classiﬁcation, in order to be able to address this
problem in a more feasible way.
With this objective in mind, we focus our analysis on using the C4.5 classiﬁer, in order to develop a basic but descriptive
study by showing a series of patterns of behavior, following a kind of ‘‘educational scheme’’. With respect to the previous
section, which was carried out in an empirical way, this part of the study is devoted to enumerating the scenarios that
can be found when dealing with classiﬁcation with imbalanced data, emphasizing their main issues that will allow us to design a better algorithm that can be adapted to different niches of the problem.
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Fig. 8. Performance in training and testing for the C4.5 decision tree with SBAG as a function of IR.

We acknowledge that some of the data intrinsic characteristics described along this section share some features and it is
usual that, for a given dataset, several ‘‘sub-problems’’ can be found simultaneously. Nevertheless, we consider a simpliﬁed
view of all these scenarios to serve as a global introduction to the topic.
First, we discuss about the difﬁculties related to the presence of small disjuncts in the imbalanced data (Section 5.1).
Then, we present the issues about the size of the dataset and the lack of density in the training set (Section 5.2). Next,
we focus on the class overlap, showing that it is extremely signiﬁcant on imbalanced domains (Section 5.3). Then, we analyze
the presence of noisy data in this type of problems and how it affects the behavior of both preprocessing techniques and
classiﬁcation algorithms (Section 5.4). After that, we introduce the concept of borderline instances and its relationship with
noise examples (Section 5.5). Finally, we deﬁne the dataset shift problem in the classiﬁcation with imbalanced datasets
(Section 5.6).
5.1. Small disjuncts
The presence of the imbalanced classes is closely related to the problem of small disjuncts. This situation occurs when the
concepts are represented within small clusters, which arise as a direct result of underrepresented subconcepts [99,138].
Although those small disjuncts are implicit in most of the problems, the existence of this type of areas highly increases
the complexity of the problem in the case of class imbalance, because it becomes hard to know whether these examples represent an actual subconcept or are merely attributed to noise [73]. This situation is represented in Fig. 9, where we show an
artiﬁcially generated dataset with small disjuncts for the minority class and the ‘‘Subclus’’ problem created in [97], where we
can ﬁnd small disjuncts for both classes: the negative samples are underrepresented with respect to the positive samples in
the central region of positive rectangular areas, while the positive samples only cover a small part of the whole dataset and
are placed inside the negative class. We must point out that, in all ﬁgures of this section, positive instances are represented
with dark stars whereas negative instances are depicted with light circles.

Fig. 9. Example of small disjuncts on imbalanced data.
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The problem of small disjuncts becomes accentuated for those classiﬁcation algorithms which are based on a divide-andconquer approach [135]. This methodology consists in subdividing the original problem into smaller ones, such as the procedure used in decision trees, and can lead to data fragmentation [49], that is, to obtain several partitions of data with a few
representation of instances. If the IR of the data is high, this handicap is obviously more severe.
Several studies by Weiss [136,137] analyze this factor in depth and enumerate several techniques for handling the problem of small disjuncts:
1. Obtain additional training data. The lack of data can induce the apparition of small disjuncts, especially in the
minority class, and these areas may be better covered just by employing an informed sampling scheme [71].
2. Use a more appropriate inductive bias. If we aim to be able to properly detect the areas of small disjuncts, some
sophisticated mechanisms must be employed for avoiding the preference for the large areas of the problem. For example, [68] modiﬁed CN2 so that its maximum generality bias is used only for large disjuncts, and a maximum speciﬁcity
bias was then used for small disjuncts. However, this approach also degrades the performance of the small disjuncts,
and some authors proposed to reﬁne the search and to use different learners for the examples that fall in the large
disjuncts and on the small disjuncts separately [24,121].
3. Using more appropriate metrics. This issue is related to the previous one in the sense that, for the data mining process, it is recommended to use speciﬁc measures for imbalanced data, in a way that the minority classes in the small
disjuncts are positively weighted when obtaining the classiﬁcation model [134]. For example, the use of precision and
recall for the minority and majority classes, respectively, can lead to generate more precise rules for the positive class
[41,74].
4. Disabling pruning. Pruning tends to eliminate most small disjuncts by a generalization of the obtained rules. Therefore, this methodology is not recommended.
5. Employ boosting. Boosting algorithms, such as the AdaBoost algorithm, are iterative algorithms that place different
weights on the training distribution each iteration [110]. Following each iteration, boosting increases the weights
associated with the incorrectly classiﬁed examples and decreases the weights associated with the correctly classiﬁed
examples. Because instances in the small disjuncts are known to be difﬁcult to predict, it is reasonable to believe that
boosting will improve their classiﬁcation performance. Following this idea, many approaches have been developed by
modifying the standard boosting weight-update mechanism in order to improve the performance on the minority
class and the small disjuncts [30,44,61,69,74,112,117,122].
Finally, we must emphasize the use of the CBO method [73], which is a resampling strategy that is used to counteract
simultaneously the between-class imbalance and the within-class imbalance. Speciﬁcally, this approach detects the clusters
in the positive and negative classes using the k-means algorithm in a ﬁrst step. In a second step, it randomly replicates the
examples for each cluster (except the largest negative cluster) in order to obtain a balanced distribution between clusters
from the same class and between classes. These clusters can be viewed as small disjuncts in the data, and therefore this preprocessing mechanism is aimed to stress the signiﬁcance of these regions.
In order to show the goodness of this approach, we depict a short analysis on the two previously presented artiﬁcial datasets, that is, our artiﬁcial problem and the Subclus dataset, studying the behavior of the C4.5 classiﬁer according to both the
differences in performance between the original and the preprocessed data and the boundaries obtained in each case. We
must point out that the whole dataset is used in both cases.
Table 20 shows the results of C4.5 in each case, where we must emphasize that the application of CBO enables the correct
identiﬁcation of all the examples for both classes. Regarding the visual output of the C4.5 classiﬁer (Fig. 10), in the ﬁrst case
we observe that for the original data no instances of the positive class are recognized, and that there is an overgeneralization
of the negative instances, whereas the CBO method achieves the correct identiﬁcation of the four clusters in the data, by replicating an average of 11.5 positive examples and 1.25 negative examples. In the Subclus problem, there is also an overgeneralization for the original training data, but in this case we found that the small disjuncts of the negative class surrounding
the positive instances are the ones which are misclassiﬁed now. Again, the application of the CBO approach results on a perfect classiﬁcation for all data, having 7.8 positive instances for each ‘‘data point’’ and 1.12 negative ones.
5.2. Lack of density
One problem that can arise in classiﬁcation is the small sample size [106]. This issue is related to the ‘‘lack of density’’ or
‘‘lack of information’’, where induction algorithms do not have enough data to make generalizations about the distribution of
Table 20
Performance obtained by C4.5 in datasets suffering from small disjuncts.
Dataset

Artiﬁcial dataset
Subclus dataset

Original data

Preprocessed data with CBO

TP rate

TN rate

AUC

TP rate

TN rate

AUC

.0000
1.000

1.000
.9029

.5000
.9514

1.000
1.000

1.000
1.000

1.000
1.000
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Fig. 10. Boundaries obtained by C4.5 with the original and preprocessed data using CBO for addressing the problem of small disjuncts. The new instances
for (b) and (d) are just replicates of the initial examples.

Fig. 11. Lack of density or small sample size on the yeast4 dataset.

samples, a situation that becomes more difﬁcult in the presence of high dimensional and imbalanced data. A visual representation of this problem is depicted in Fig. 11, where we show a scatter plot for the training data of the yeast4 problem
(attributes mcg vs. gvh) only with a 10% of the original instances (Fig. 11a) and and with all the data (Fig. 11b). We can appreciate that it becomes very hard for the learning algorithm to obtain a model that is able to perform a good generalization
when there is not enough data that represents the boundaries of the problem and, what it is also most signiﬁcant, when
the concentration of minority examples is so low that they can be simply treated as noise.
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The combination of imbalanced data and the small sample size problem presents a new challenge to the research community [133]. In this scenario, the minority class can be poorly represented and the knowledge model to learn this data space
becomes too speciﬁc, leading to overﬁtting. Furthermore, as stated in the previous section, the lack of density in the training
data may also cause the introduction of small disjuncts. Therefore, two datasets cannot be considered to present the same
complexity because they have the same IR, as it is also important how the training data represents the minority instances.
In [138], the authors have studied the effect of class distribution and training-set size on the classiﬁer performance using
C4.5 as base learning algorithm. Their analysis consisted in varying both the available training data and the degree of imbalance for several datasets and observing the differences for the AUC metric in those cases.
The ﬁrst ﬁnding they extracted is somehow quite trivial, that is, the higher the number of training data, the better the
performance results are, independently of the class distribution. A second important fact that they highlighted is that the
IR that yields the best performances occasionally vary from one training-set size to another, giving the support to the notion
that there may be a ‘‘best’’ marginal class distribution for a learning task and suggests that a progressive sampling algorithm
may be useful in locating the class distribution that yields the best, or nearly best, classiﬁer performance.
In order to visualize the effect of the density of examples in the learning process, in Fig. 12 we show the results in AUC for
the C4.5 classiﬁer both for training (black line) and testing (grey line) for the vowel0 problem, varying the percentage of
training instances from 10% to the original training size. This short experiment is carried out on a 5-fold cross-validation,
where the test data is not modiﬁed, i.e. in all cases it represents a 20% of the original data; the results shown are the average
of the ﬁve partitions.
From this graph, we may distinguish a growth rate directly proportional to the number of training instances that are
being used. This behavior reﬂects the ﬁndings enumerated previously from [138].

5.3. Overlapping or class separability
The problem of overlapping between classes appears when a region of the data space contains a similar quantity of training data from each class. This situation leads to develop an inference with almost the same a priori probabilities in this overlapping area, which makes very hard or even impossible the distinction between the two classes. Indeed, any ‘‘linearly
separable’’ problem can be solved by any simple classiﬁer regardless of the class distribution.
There are several works which aim to study the relationship between overlapping and class imbalance. Particularly, in
[102] one can ﬁnd a study where the authors propose several experiments with synthetic datasets varying the imbalance
ratio and the overlap existing between the two classes. Their conclusions stated that the class probabilities are not the main
responsibles for the hinder in the classiﬁcation performance, but instead the degree of overlapping between the classes.
To reproduce the example for this scenario, we have created an artiﬁcial dataset with 1,000 examples having an IR of 9,
i.e. 1 positive instance per 10 instances. Then, we have varied the degree of overlap for individual feature values, from no
overlap to 100% of overlap, and we have used the C4.5 classiﬁer in order to determine the inﬂuence of overlapping with respect to a ﬁxed IR. First, Table 21 shows the results for the considered cases, where we observe that the performance is highly
degrading with the increase of the overlap. Additionally, Fig. 13 shows this issue, where we can observe that the decision tree
is not only unable to obtain a correct discrimination between both classes when they are overlapped, but also that the preferred class is the majority one, leading to low values for the AUC metric.
Additionally, in [55], a similar study with several algorithms in different situations of imbalance and overlap focusing on
the the kNN algorithm was developed. In this case, the authors proposed two different frameworks: on the one hand, they try
to ﬁnd the relation when the imbalance ratio in the overlap region is similar to the overall imbalance ratio whereas, on the
other hand, they search for the relation when the imbalance ratio in the overlap region is inverse to the overall one (the positive class is locally denser than the negative class in the overlap region). They showed that when the overlapped data is not
balanced, the IR in overlapping can be more important than the overlapping size. In addition, classiﬁers using a more global
learning procedure attain greater TP rates whereas more local learning models obtain better TN rates than the former.

Fig. 12. AUC performance for the C4.5 classiﬁer with respect to the proportion of examples in the training set for the vowel0 problem.
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Table 21
Performance obtained by C4.5 with different degrees of overlapping.
Overlap degree (%)

TP rate

TN rate

AUC

0
20
40
50
60
80
100

1.000
.79.00
.4900
.4700
.4200
.2100
.0000

1.000
1.000
1.000
1.000
1.000
.9989
1.000

1.000
.8950
.7450
.7350
.7100
.6044
.5000

Fig. 13. Example of overlapping imbalanced datasets: boundaries detected by C4.5.

In [37], the authors examine the effects of overlap and imbalance on the complexity of the learned model and demonstrate that overlapping is a far more serious factor than imbalance in this respect. They demonstrate that these two problems
acting in concert cause difﬁculties that are more severe than one would expect by examining their effects in isolation. In
order to do so, they also use synthetic datasets for classifying with a SVM, where they vary the imbalance ratio, the overlap
between classes and the imbalance ratio and overlap jointly. Their results show that, when the training set size is small, high
levels of imbalance cause a dramatic drop in classiﬁer performance, explained by the presence of small disjuncts. Overlapping classes cause a consistent drop in performance regardless of the size of the training set. However, with overlapping and
imbalance combined, the classiﬁer performance is degraded signiﬁcantly beyond what the model predicts.
In one of the latest researches on the topic [89], the authors have empirically extracted some interesting ﬁndings on real
world datasets. Speciﬁcally, the authors depicted the performance of the different datasets ordered according to different
data complexity measures (including the IR) in order to search for some regions of interesting good or bad behavior. They
could not characterize any interesting behavior related to IR, but they do for other metrics that measure the overlap between
the classes.
Finally, in [90], an approach that combines preprocessing and feature selection (strictly in this order) is proposed. This
approach works in a way where preprocessing deals with class distribution and small disjuncts and feature selection somehow reduces the degree of overlapping. In a more general way, the idea behind this approach tries to overcome different
sources of data complexity such as the class overlap, irrelevant and redundant features, noisy samples, class imbalance,
low ratios of the sample size to dimensionality and so on, using different approaches used to solve each complexity.

5.4. Noisy data
Noisy data is known to affect the way any data mining system behaves [20,109,151]. Focusing on the scenario of imbalanced data, the presence of noise has a greater impact on the minority classes than on usual cases [135]; since the positive
class has fewer examples to begin with, it will take fewer ‘‘noisy’’ examples to impact the learned subconcept. This issue is
depicted in Fig. 14, in which we can observe the decision boundaries obtained with SMOTE+C4.5 in the Subclus problem
without noisy data (Fig. 14a) and how the frontiers between the classes are wrongly generated by introducing a 20% gaussian
noise (Fig. 14b).
According to [135], these ‘‘noise-areas’’ can be somehow viewed as ‘‘small disjuncts’’ and in order to avoid the erroneous
generation of discrimination functions for these examples, some overﬁtting management techniques must be employed,
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Fig. 14. Example of the effect of noise in imbalanced datasets for SMOTE+C4.5 in the Subclus dataset.

such as pruning. However, the handicap of this methodology is that some correct minority classes will be ignored and, in this
manner, the bias of the learner should be tuned-up in order to be able to provide a good global behavior for both classes of
the problem.
For example, Batuwita and Palade developed the FSVM-CIL algorithm [13], a synergy between SVMs and fuzzy logic
aimed to reﬂect the within-class importance of different training examples in order to suppress the effect of outliers and
noise. The idea is to assign different fuzzy membership values to positive and negative examples and to incorporate this
information in the SVM learning algorithm, aimed to reduce the effect of outliers and noise when ﬁnding the separating
hyperplane.
In [111] we may ﬁnd an empirical study on the effect of class imbalance and class noise on different classiﬁcation algorithms and data sampling techniques. From this study, the authors extracted three important lessons on the topic:
1. Classiﬁcation algorithms are more sensitive to noise than imbalance. However, as imbalance increases in severity, it
plays a larger role in the performance of classiﬁers and sampling techniques.
2. Regarding the preprocessing mechanisms, simple undersampling techniques such as random undersampling and ENN
performed the best overall, at all levels of noise and imbalance. Peculiarly, as the level of imbalance is increased, ENN
proves to be more robust in the presence of noise. Additionally, OSS consistently proves itself to be relatively unaffected by an increase in the noise level. Other techniques such as random oversampling, SMOTE or Borderline-SMOTE
obtain good results on average, but do not show the same behavior as undersampling.
3. Finally, the most robust classiﬁers tested over imbalanced and noisy data are bayesian classiﬁers and SVMs, performing better on average than rule induction algorithms or instance based learning. Furthermore, whereas most algorithms only experience small changes in AUC when imbalance was increased, the performance of Radial Basis
Functions is signiﬁcantly hindered when the imbalance ratio increases. For rule learning algorithms, the presence
of noise degrades the performance more quickly than in other algorithms.
Additionally, in [75], the authors presented a similar study on the signiﬁcance of noise and imbalance data using bagging
and boosting techniques. Their results show the goodness of the bagging approach without replacement, and they recommend the use of noise reduction techniques prior to the application of boosting procedures.
As a ﬁnal remark, we show a brief experimental study on the effect of noise over a speciﬁc imbalanced problem such as
the Subclus dataset [97]. Table 22 includes the results for C4.5 with no preprocessing (None) and four different approaches,
namely random undersampling, SMOTE [27], SMOTE+ENN [9] and SPIDER2 [97], a method designed for addressing noise and
borderline examples, which will be detailed in the next section.
This table is divided into two parts, the leftmost columns show the results with the original data and the columns in the
right side show the results when adding a 20% of gaussian noise to the data. From this table we may conclude that in all cases
the presence of noise degrades the performance of the classiﬁer especially on the positive instances (TP rate ). Regarding the
preprocessing approaches, the best behavior is obtained by SMOTE+ENN and SPIDER2, both of which include a cleaning
mechanism to alleviate the problem of noisy data, whereas the latter also oversample the borderline minority examples.
5.5. Borderline examples
Inspired by [76], we may distinguish between safe, noisy and borderline examples. Safe examples are placed in relatively
homogeneous areas with respect to the class label. By noisy examples we understand individuals from one class occurring in
safe areas of the other class, as introduced in the previous section. Finally, Borderline examples are located in the area
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Table 22
Performance obtained by C4.5 in the Subclus dataset with and without noisy instances.
Dataset

None
RandomUnderSampling
SMOTE
SMOTE+ENN
SPIDER2

Original data

20% of Gaussian noise

TP rate

TN rate

AUC

TP rate

TN rate

AUC

1.000
1.000
.9614
.9676
1.000

.9029
.7800
.9529
.9623
1.000

.9514
.8900
.9571
.9649
1.000

.0000
.9700
.8914
.9625
.9480

1.000
.7400
.8800
.9573
.9033

.5000
.8550
.8857
.9599
.9256

surrounding class boundaries, where the minority and majority classes overlap. Fig. 15 represents two examples given by
[97], named ‘‘Paw’’ and ‘‘Clover’’, respectively. In the former, the minority class is decomposed into 3 elliptic subregions,
where two of them are located close to each other, and the remaining smaller sub-region is separated (upper right cluster).
The latter also represents a non-linear setting, where the minority class resembles a ﬂower with elliptic petals, which makes
difﬁcult to determine the boundaries examples in order to carry out a correct discrimination of the classes.
The problem of noisy data and the management of borderline examples are closely related, and most of the cleaning techniques brieﬂy introduced in Section 3.1 can be used, or are the basis for detecting and emphasizing these borderline instances and, what is most important, to distinguish them from noisy instances that can degrade the overall classiﬁcation.
In brief, the better the deﬁnition of the borderline areas the more precise the discrimination between the positive and negative classes will be [39].
The family of SPIDER methods were proposed in [115] to ease the problem of the improvement of sensitivity at the cost of
speciﬁcity that appears in the standard cleaning techniques. The SPIDER techniques works by combining a cleaning step of
the majority examples with a local oversampling of the borderline minority examples [97,115,116].
We may also ﬁnd other related techniques such as the Borderline-SMOTE [63], which seeks to oversample the minority
class instances in the borderline areas, by deﬁning a set of ‘‘Danger’’ examples, i.e. those which are most likely to be misclassiﬁed since they appear in the borderline areas, from which SMOTE generates synthetic minority samples in the neighborhood of the boundaries.
Other approaches such as Safe-Level-SMOTE [21] and ADASYN [65] work in a similar way. The former is based on the
premise that previous approaches, such as SMOTE and Borderline-SMOTE, may generate synthetic instances in unsuitable
locations, such as overlapping regions and noise regions; therefore, the authors compute a ‘‘safe-level’’ value for each positive instance before generating synthetic instances and generate them closer to the largest safe level. On the other hand, the
key idea of the ADASYN algorithm is to use a density distribution as a criterion to automatically decide the number of synthetic samples that need to be generated for each minority example, by adaptively changing the weights of different minority examples to compensate the skewed distributions.
In [87], the authors use a hierarchical fuzzy rule learning approach, which deﬁnes a higher granularity for those problem
subspaces in the borderline areas. The results have shown to be very competitive for highly imbalanced datasets in which
this problem is accentuated.
Finally, in [97], the authors presented a series of experiments in which it is shown that the degradation in performance of
a classiﬁer is strongly affected by the number of borderline examples. They showed that focused resampling mechanisms
(such as the Neighborhood Cleaning Rule [79] or SPIDER2 [97]) work well when the number of borderline examples is large
enough whereas, on the contrary case, oversampling methods allow the improvement of the precision for the minority class.

Fig. 15. Example of data with difﬁcult borderline examples.
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Fig. 16. Boundaries detected by C4.5 in the Paw problem (800 examples, IR 7 and disturbance ratio of 30).

Fig. 17. Boundaries detected by C4.5 in the Clover problem (800 examples, IR 7 and disturbance ratio of 30).

The behavior of the SPIDER2 approach is shown in Table 15 for both the Paw and Clover problems. There are 10 different
problems for each one of these datasets, depending on the number of examples and IR (600-5 or 800-7), and the ‘‘disturbance
ratio’’ [97], deﬁned as the ratio of borderline examples from the minority class subregions (0–70%). From these results we
must stress the goodness of the SPIDER2 preprocessing step especially for those problems with a high disturbance ratio,
which are harder to solve.
Additionally, and as a visual example of the behavior of this kind of methods, we show in Figs. 16 and 17 the classiﬁcation
regions detected with C4.5 for the Paw and Clover problems using the original data and applying the SPIDER2 method. From
these results we may conclude that the use of a methodology for stressing the borderline areas is very beneﬁcial for correctly
identifying the minority class instances (see Table 23).
5.6. Dataset shift
The problem of dataset shift [2,23,114] is deﬁned as the case where training and test data follow different distributions.
This is a common problem that can affect all kind of classiﬁcation problems, and it often appears due to sample selection bias
issues. A mild degree of dataset shift is present in most real-world problems, but general classiﬁers are often capable of handling it without a severe performance loss.
However, the dataset shift issue is specially relevant when dealing with imbalanced classiﬁcation, because in highly
imbalanced domains, the minority class is particularly sensitive to singular classiﬁcation errors, due to the typically low
number of examples it presents [94]. In the most extreme cases, a single misclassiﬁed example of the minority class can
create a signiﬁcant drop in performance.
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Table 23
AUC results in training and testing for the Clover and Paw problems with C4.5 (Original data and data preprocessed with SPIDER2).
Dataset

Disturbance

600 examples – IR 5
None

Paw

Clover

800 examples – IR 7
SPIDER2

None

SPIDER2

AUC Tr

AUC Tst

AUC Tr

AUC Tst

AUC Tr

AUC Tst

AUC Tr

AUC Tst

0
30
50
60
70

.9568
.7298
.7252
.5640
.6250

.9100
.7000
.6790
.5410
.5770

.9418
.9150
.9055
.9073
.8855

.9180
.8260
.8580
.8150
.8350

.7095
.6091
.5000
.5477
.5000

.6829
.5671
.5000
.5300
.5000

.9645
.9016
.9114
.8954
.8846

.9457
.8207
.8400
.7829
.8164

Average

.7202

.6814

.9110

.8504

.5732

.5560

.9115

.8411

0
30
50
60
70

.7853
.6153
.5430
.5662
.5000

.7050
.5430
.5160
.5650
.5000

.7950
.9035
.8980
.8798
.8788

.7410
.8290
.8070
.8100
.7690

.7607
.5546
.5000
.5000
.5250

.7071
.5321
.5000
.5000
.5157

.8029
.8948
.8823
.8848
.8787

.7864
.7979
.7907
.8014
.7557

Average

.6020

.5658

.8710

.7912

.5681

.5510

.8687

.7864

Fig. 18. Example of good behavior (no dataset shift) in imbalanced domains: ecoli4 dataset, 5th partition.

Fig. 19. Example of bad behavior caused by dataset shift in imbalanced domains: ecoli4 dataset, 1st partition.

For clarity, Figs. 18 and 19 present two examples of the inﬂuence of the dataset shift in imbalanced classiﬁcation. In the
ﬁrst case (Fig. 18), it is easy to see a separation between classes in the training set that carries over perfectly to the test set.
However, in the second case (Fig. 19), it must be noted how some minority class examples in the test set are at the bottom
and rightmost areas while they are localized in other areas in the training set, leading to a gap between the training and testing performance. These problems are represented in a two-dimensional space by means of a linear transformation of the inputs variables, following the technique given in [94].
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Since the dataset shift is a highly relevant issue in imbalanced classiﬁcation, it is easy to see why it would be an interesting perspective to focus on in future research regarding this topic. There are two different potential approaches in the
study of the dataset shift in imbalanced domains:
1. The ﬁrst one focuses on intrinsic dataset shift, that is, the data of interest includes some degree of shift that is producing a relevant drop in performance. In this case, we may develop techniques to discover and measure the presence
of dataset shift [32,33,144], but adapting them to focus on the minority class. Furthermore, we may design algorithms
that are capable of working under dataset shift conditions, either by means of preprocessing techniques [95] or with
ad hoc algorithms [1,16,60]. In both cases, we are not aware of any proposals in the literature that focus on the problem of imbalanced classiﬁcation in the presence of dataset shift.
2. The second approach in terms of dataset shift in imbalanced classiﬁcation is related to induced dataset shift. Most
current state of the art research is validated through stratiﬁed cross-validation techniques, which are another potential source of shift in the learning process. A more suitable validation technique needs to be developed in order to
avoid introducing dataset shift issues artiﬁcially.
6. Concluding remarks
In this paper, we have reviewed the topic of classiﬁcation with imbalanced datasets, and focused on two main issues: (1)
to present the main approaches for dealing with this problem, namely, preprocessing of instances, cost-sensitive learning
and ensemble techniques, and (2) to develop a thorough discussion on the effect of data intrinsic characteristics in learning
from imbalanced datasets.
Mainly, we have pointed out that the imbalanced ratio by itself does not have the most signiﬁcant effect on the classiﬁers’
performance, but that there are other issues that must be taken into account. We have presented six different cases, which, in
conjunction with a skewed data distribution, impose a strong handicap for achieving a high classiﬁcation performance for
both classes of the problem, i.e., the presence of small disjuncts, the lack of density or small sample size, the class overlapping, the noisy data, the correct management of borderline examples, and the dataset shift.
For each one of the mentioned issues, we have described the main features that makes learning algorithms to be wrongly
biased and we have presented several solutions proposed along the years in the specialized literature. This review paper
emphasizes that there is a current need to study the aforementioned intrinsic characteristics of the data, so that future research on classiﬁcation with imbalanced data should focus on detecting and measuring the most signiﬁcant data properties,
in order to be able to deﬁne good solutions as well as alternatives to overcome the problems.
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