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Abstract In the last decade, class imbalance has attracted a huge amount of attention from
researchers and practitioners. Class imbalance is ubiquitous in Machine Learning, Data
Mining and Pattern Recognition applications; therefore, these research communities have
responded to such interest with literally dozens of methods and techniques. Surprisingly,
there are still many fundamental open-ended questions such as “Are all learning paradigms
equally affected by class imbalance?”, “What is the expected performance loss for different
imbalance degrees?” and “How much of the performance losses can be recovered by the
treatment methods?”. In this paper, we propose a simple experimental design to assess the
performance of class imbalance treatment methods. This experimental setup uses real data
set with artificially modified class distributions to evaluate classifiers in a wide range of
class imbalance. We apply such experimental design in a large-scale experimental evaluation
with 22 data set and seven learning algorithms from different paradigms. We also propose a
statistical procedure aimed to evaluate the relative degradation and recoveries, based on con-
fidence intervals. This procedure allows a simple yet insightful visualization of the results,
as well as provide the basis for drawing statistical conclusions. Our results indicate that the
expected performance loss, as a percentage of the performance obtained with the balanced
distribution, is quite modest (below 5 %) for the most balanced distributions up to 10 % of
minority examples. However, the loss tends to increase quickly for higher degrees of class
imbalance, reaching 20 % for 1 % of minority class examples. Support Vector Machine is the
classifier paradigm that is less affected by class imbalance, being almost insensitive to all but
the most imbalanced distributions. Finally, we show that the treatment methods only partially
recover the performance losses. On average, typically, about 30 % or less of the performance
that was lost due to class imbalance was recovered by these methods.
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1 Introduction

In the last decade, class imbalance has attracted a huge amount of attention from researchers
and practitioners. Class imbalance is ubiquitous in Machine Learning, Data Mining and
Pattern Recognition tasks, as it has been extensively documented in the literature with appli-
cations such as diagnostics of rare diseases [9], fraud detection [27], identification of oil spills
in satellite radar images [23] and many others. Literally, hundreds of research papers have
reported that imbalanced data lead to performance losses, and some sort of treatments—such
as sampling [24], cost-sensitive learning [33,35], ensembles [16,32], among others—are able
to improve classification.

Although the relationship between class imbalance and performance loss is well docu-
mented, we argue that it is under-comprehended. For instance, we have been inquired several
times by different researchers about “from what distribution can a data set be considered
imbalanced?”. Although it is a quite naive question, we were never able to fully answer it,
since we are not aware of any definitive study relating performance loss, degree of class
imbalance and learning systems.

Virtually, every paper about class imbalance has the exact same experimental setup. A pro-
posed method is compared against one or two competing methods over a dozen or so data set.
Although this experimental setup is reasonable to support an argument that the new method
is as good as or better than the state of the art, it still leaves many unanswered questions. For
sake of clarity, let us use an example: suppose that for a given application, a classifier over
imbalanced data results in 80 % AUC, and after the application of a certain treatment method,
we obtain 90 % AUC. It is indeed a significant improvement in classification; however, “were
we able to fully recover the performances losses caused by class imbalance?”.

We believe this question is extremely relevant and completely unanswered by the current
research in class imbalance. The literature has provided dozens of methods to treat class
imbalance, and there is (or will be) no single method able to provide the best performance for
all data set. Therefore, given a problem in which we still need to improve the classification
performance after the application of a treatment method A, we would like to know whether it is
worth seeking for a different method B to apply instead of A, hoping that B will outperform A.

The reader should have anticipated that these two questions are directly related. If we
knew the relationship between imbalance degree and performance loss, we could evaluate
when a treatment method has recovered most of the loss. Unfortunately, no existing analysis
is able to provide the answers we are looking for every pair of data set and learning system.
However, we can answer these questions in terms of expected performance.

In this paper, we propose a simple experimental design to assess the performance of
class imbalance treatment methods and classifiers. This experimental setup uses real data set
with artificially modified class distributions to evaluate classifiers in a wide range of class
imbalance. We divided the evaluation into two parts. The first part consists in inducing a
classifier for each class distribution and measuring the performance loss compared to the
balanced distribution. We found out that Support Vector Machine is the classifier paradigm
that is the least affected by class imbalance, being insensitive to almost all but the most
imbalanced distributions.

The second part consists of applying a treatment method and inducing a classifier for
each class distribution. This time we measured the percentage of the performance loss that
was recovered by the treatment method. In other words, 100 % represents that the classifier
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induced after the application of the treatment method obtained the same performance of
the classifier induced over (original) balanced data. We used two well-known over-sampling
methods, random over-sampling and SMOTE, as well as two SMOTE variations, Borderline-
SMOTE and ADASYN. We also used a MetaCost, a general cost-sensitive procedure that can
be applied to any learning algorithm. We show that the expected performance recovery for
all methods is typically about 30 % or less for the most imbalanced distributions. MetaCost
featured negatively among the treatment methods, not being able to recover most of the losses.

To support the draw of statistical conclusions, we also propose a statistical procedure to
evaluate the results. This procedure constructs confidence intervals about the performance
loss relative to the balanced class distribution. A confidence interval is a range of values,
calculated from the observed data, which is likely to contain the true value at a specified
probability chosen by the researcher. Confidence intervals provide information that may be
used to test hypotheses, as well as can be visualized in a graph for a simple although flexible
and insightful visualization of the results.

We believe that papers that propose new treatment methods for class imbalance should
adopt the proposed experimental setup. The proposed setup allows not just comparing a
new method to competing methods, but also to compare the new method to a reference
performance provided by the balanced data set.

This work is organized as follows: Sect. 2 describes the experimental design proposed in
this work; Sect. 3 analyses how learning systems belonging to different paradigms perform
under different class imbalance degrees; Sect. 4 analyses the ability of two sampling tech-
niques to recover the performance lost due to class imbalance; Sect. 5 presents the proposed
statistical procedure based on confidence intervals. Section 6 discusses possible limitations
of our approach; Sect. 7 compares the proposed approach to other experimental setups in the
literature; finally, Sect. 8 presents our conclusion and suggestions for future work.

2 Experimental design

Due to the lack of space, we assume the reader is familiar with the class imbalance problem and
methods. In the case this assumption does not hold, the literature has several comprehensible
surveys, and we recommend [20]. For the same reason, we are not able to include here all
numerical results obtained in our experiments. Therefore, we decided to create a paper Web
site [29] that has detailed results, including tables, data and scripts we have used to calculate
and plot the confidence intervals; however, we note this paper is totally self-contained.

Our experimental design is inspired by the design used in [36]. The central idea is to
generate several training set distributions with increasing degrees of class imbalance while
maintaining the training sets with a fixed number of examples. Our training set distributions
range from the balanced distribution (denoted as 50/501) to the imbalanced distributions of
1/99 and 99/1. In order to generate these class distributions, we restricted the training sets to
have a total number of instances equals to the number of instances of the minority class. We
avoid using extremely imbalanced data set; in particular, the combination of a small data set
with a large class imbalance would result in a training set with too few examples. We return
to this discussion in Sect. 6, where we comment possible limitations of this work.

The test sets have the naturally occurring class distributions. We reserved 25 % of the
original data as test set using a stratified sample and did not touch this portion of the data

1 We use the notation X /Y, with X +Y = 100 to denote that for a set of 100 instances, X belongs to the
positive class and Y belongs to the negative class.
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until the final evaluation; the remaining 75 % was used as training set, with class distributions
manipulated as previously described. In order to reduce variance and increase statistical
significance, we repeated the whole process a hundred times using different train and test
sample partitions.

For this specific study, we assembled a database with twenty-two data set. Since we want
to promote reproducibility, most of them are public domain benchmark data set available in
repositories such as UCI Machine Learning Repository [14] or used in projects like Stat-
log [26]. A few data set are not public domain, but we decided to include them since they are
frequently used in studies involving class imbalance. These data set include tumor identifi-
cation in mammography images [6,17]. We also included data set obtained in past research,
and we make them publicly available for the first time in the paper Web site.

We use the area under the ROC curve (AUC) [12,28] as the main measure to assess
our results. Since we chose AUC and also because we want to control the degree of class
imbalance, we converted all non-binary-class data set into binary class, associating a positive
label to one of the classes (usually the minority one) and aggregating all remaining classes
into a negative class. Table 1 presents a summarized description of the data set included in our
study. The table lists the data set full names, as well as a short identifier used in this paper, the
number of instances and attributes, labels associated with the positive and negative classes
and attribute class distribution. The data set are listed in increasing order of class imbalance.

Two data set resulted in two entries each in Table 1, because different classes were used as
positive class. For the Letter data set, Letter-a is the variation in which the positive class is the
original letter “a” class; and Letter-vowel has the positive class composed by all classes that
represent vowels. For the Splice-junction Gene Sequences data set, one entry has the intron—
exon (“ie”’) boundaries as positive class and the other has the exon—intron (“ei”’) boundaries.
The final number of data set is 22, considering the four entries generated from these two data
set.

We included at least one representative of each major learning paradigm. We selected C4.5
(decision trees), C4.5Rules (rules extracted from decision trees), CN2 and RIPPER (decision
rules), Back-propagation Neural Network (connectionism), Naive Bayes (Probabilistic) and
Support Vector Machines (Statistical Learning). Whenever possible, we used the original
implementations of the inducers that is the case for C4.5, C4.5Rules, CN2 and Ripper.

C4.5 and C4.5Rules are the original implementation provided by Quinlan [31]. We used
the default parameters, with exception of pruning. Several research papers have pointed
out that C4.5 pruning is hardly beneficial in imbalanced domains. Therefore, we induced
unpruned trees. CN2 is the original implementation provided by Clark and Boswell [8]; we
used it with default parameters. The same occurred to Ripper, which is the implementation
provided by Cohen [10].

For Naive Bayes and Neural Networks, we used the implementation provided by
Borgelt [4]. In order to estimate conditional probabilities, Naive Bayes uses a frequency
table for symbolic attributes and normal distribution for continuous attributes. For Neural
Networks, most domains required a simple configuration with no hidden layer, and the learn-
ing lasted for 1,000 epochs. For SVM, we used LIBSVM [5] with radial basis kernel with
degree 3. For MetaCost, we drew 50 bootstrap samples, as suggested in [11].

We use this experimental design to answer the questions raised in abstract and introduction.
We start discussing the expected performance loss for different learning paradigms in the
next section.
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Table 1 Data set description
Data set name Identifier #Examples #Attributes Classes Classes %
(num., nom.)  (min., maj.)
Chess—King— Kr-versus-kp 3,196 36 (0, 36) (nowin, won) 47.77,52.23)
Rook versus
King—Pawn
Contraceptive CMC 1,472 92,7) (1, others) (42.73, 57.27)
method choice
Liver disorders Bupa 345 6 (6,0) (1,2) (42.02, 57.98)
Tokyo SGI server Tokyol 958 43 (43,0) (good, bad) (36.12, 63.88)
performance
data
MAGIC gamma Magic 19,019 10 (10,0) (h, g) (35.16, 64.84)
telescope data
set
Breast cancer Breast 699 10 (10, 0) (benign, (34.99, 65.01)
Wisconsin malignant)
Pima Indians Pima 768 8(8,0) (1,0) (34.77, 65.23)
diabetes
Tic-Tac-Toe Tic—-Tac-Toe 958 9(0,9) (positive, (34.65, 65.35)
endgame negative)
German credit data German 1,000 20 (7, 13) (Bad, good) (30.00, 70.00)
Splice-junction gene Splice-ie 3,176 60 (0, 60) (ie, others) (24.09, 75.91)
sequences—ie
Splice-junction gene Splice-ei 3,176 60 (0, 60) (ei, others) (23.99, 76.01)
sequences—ei
Vehicle silhouettes Vehicle 946 18 (18, 0) (van, others) (23.52,76.48)
Letter recognition- Letter-vowel 20,000 16 (16, 0) (vowels, others) (19.39, 80.61)
vowel
Pen-based recognition  Pen-digits 10,991 16 (16,0) (2, others) (10.41, 89.59)
of handwritten
digits
Page blocks Page-blocks 5,472 10 (10,0) (others, text) (10.22, 89.78)
classification
Optical recognition of ~ Opt-digits 5,619 63 (63,00) (2, others) (9.91, 90.09)
handwritten digits
Landsat satellite Satimage 6,435 36 (36, 0) (4, others) (9.73, 90.27)
Hoar-frost detection Hoar-frost 3,043 236 (200, 36)  (positive, (6.11,93.9)
negative)
Letter recognition—A Letter-a 20,000 16 (16, 0) (a, others) (3.95, 96.05)
Abalone data set Abalone 4,176 8 (7,1) (15, others) (2.72,97.28)
Nursery Nursery 12,960 8(8,0) (not-recom, (2.55, 97.45)
others)
Microcalcifications in Mammography 11,182 6 (6,0) 2, 1) (2.32, 97.68)

mammography

3 Class imbalance, performance loss and learning paradigms

The results are summarized in Table 2. Due to the lack of space, we only present the average
results (with the corresponding standard deviation in the following line, between brackets)
over all data set. The interested reader can find detailed results in the paper Web site [29].
Each reported value is a performance loss relative to the balanced distribution, as defined by

Eq. 1:
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L=5-1 1
=3 ey
where B stands for the performance obtained with the balanced distribution and / for the
performance obtained with an imbalanced distribution. As previously described, B and I are
measured in this work as the area under the ROC curve (AUC).

At this point, we can review the question “from what distribution can a data set be consid-
ered imbalanced?” Technically, the answer is every non-balanced distribution, since most
learning systems (except SVM) show some degree of performance loss for every non-
balanced distribution. Obviously, some practitioners might consider small losses insignif-
icant; in that case, the distributions in the range 20/80-80/20 usually present small losses, on
average bellow 2 %. Imbalanced distributions above and including 10/90 (and 90/10) tend to
have more expressive losses, above 5 %; and the most imbalanced distributions in our study
(1/99 and 99/1) had losses around 20 % on average. From the practical standpoint, we can
answer the previous question by saying that for most learning systems the losses due to class
imbalance start to be significant when the minority class represents 10 % of the data set or
less.

We also posed the following question: “are all learning paradigms equally affected by class
imbalance?” As we can see from the results in Table 2, the answer is clearly no. RIPPER
is the learning algorithm that was the most affected by class imbalance. In contrast, SVM
is very little affected by all but the most imbalanced distributions, obtaining even negative
performance losses, i.e., small performance gains compared to the balanced distribution.
A possible explanation is that SVM frequently uses few support vectors to determine the
separation between classes, as previously observed by Japkowicz and Stephen [21]. However,
SVM still suffer the consequences of severe class imbalance, as noted by Wu and Chang [37].
The authors conducted an experiment using two data set with class ratios of 10:1 and 10,000:1.
In the second data set, the edge separation between classes tended to become more located
over the space belonging to the minority class in comparison with the first data set. Therefore,
the SVM inducer tended to classify more test cases as belonging to the majority class. In
extreme situations, when the number of training examples from the minority class is not
enough to characterize the decision space of this class, SVM might classify every instance
as belonging to the majority class.

In the next section, we use the same experimental design to measure the capacity of
treatment methods to recover the performance losses.

4 Class imbalance, performance recovery and treatment methods

So far we were able to characterize the expected performance losses for different class
distributions and learning systems. These results lead to another question: “how much of the
performance losses can be recovered by the treatment methods?” In this section, we use the
same experimental design to answer this question.

A myriad of methods has been proposed to treat class imbalance. Unfortunately, due to
the lack of space, we can only include the results of a few of them in this paper. We chose to
analyze random over-sampling and SMOTE [6] for the following reasons: first, our previous
experience with sampling methods [1] shows that these two methods outperform several
other (over and under) sampling methods; second, SMOTE has became one of the most
popular sampling methods for class imbalance, and it is frequently used as counterpart in
empirical evaluations and has several proposed extensions and variations. We also included
two of these variations: Borderline-SMOTE [18] and ADASYN [19]. Besides the sampling
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methods, we also evaluated how cost-sensitive learning could help with class imbalances. We
chose MetaCost [11], a general cost-sensitive procedure that can be applied to any classifier.
This choice was motivated by the fact that not all learning algorithms used in our experiments
have cost-sensitive implementations, neither is trivial to directly transform them to cope with
costs.

Random over-sampling compensates the imbalanced class distribution by randomly repli-
cating instances from the minority class. SMOTE, on the other hand, tries to accomplish this
compensation by introducing synthetic examples. These synthetic examples are created by a
linear interpolation between a minority class instance and its nearest neighbors. Borderline-
SMOTE and ADASYN are two variations of SMOTE, which tries to focus on specific regions
in the feature space.

Borderline-SMOTE calculates the k nearest neighbors for each instance of the minority
class. Let m < k be the number of nearest neighbors belonging to the majority class. If
m = k, the minority class example is considered noise and is discarded. If m /2 < m < k, the
example of the minority class is marked as borderline. Borderline-SMOTE creates synthetic
examples by interpolating borderline examples with their neighbors. Thus, the algorithm
strengthens border regions, favoring the minority class.

ADASYN uses a density distribution as a criterion for deciding the number of synthetic
examples generated from each minority class example. This factor is calculated according to
the proportion of majority instances among the nearest neighbors of each minority example.
ADASYN creates a larger number of synthetic examples for minority class examples that
have higher factors, i.e., greater number of majority examples among the nearest neighbors.
This strategy tends to create more minority class examples in borderline regions than in
internal class regions.

MetaCost wraps a cost-minimization procedure around a learning algorithm. The idea is
to draw bootstrap samples from the training set and to learn a (non-cost sensitive) classifier
for each sample. For each instance in the training set, the predicted class probability for each
class is averaged over all learned classifiers, and this probability is combined with a cost
matrix to relabel the instances in the training set. The general idea is that examples with
uncertain classification (for instance, with probability score near 0.5) are more likely to be
relabeled according to the cost setting. The relabeled training set is then used to (indirectly)
train a cost-sensitive classifier.

These treatment methods were applied in the same experimental setup used in the previous
section. We saved all data partitions and applied the treatment methods in the exact same
data used to measure the performance loss. The sampling methods were applied to all non-
balanced data set, and new minority class examples were created until the training set became
perfectly balanced. For MetaCost, the costs were defined so they also matched a perfectly
balanced distribution. Once again, the test sets were not touched, and they keep the naturally
occurring class distributions.

Our assessment measure is the performance recovery, measured as percentage of the
performance loss defined by Eq. 1. The idea is to calculate the performance loss for the
treated data set in the same way we did in the previous section for the imbalanced data. We
include the equation here for sake of clarity:

B-T
B

Lt = (@)

where B stands for the performance obtained with the balanced distribution and 7' for the
performance obtained with the treated data, both measured in AUC.
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In a second step, we calculate the performance recovery as a fraction of the performance
loss for treated data over the performance loss for imbalanced data:

_L-Lg
L

A simple way to understand Eq. 3 is to think that R = 100 % when Lt = 0%, or
in other words, the performance recovery will reach 100 % when there is no performance
loss for treated data. In that case, the classifier performance for treated data is the same as
the performance for the balanced distribution. In contrast, R = 0% when Lt = L, or in
other words, the treated data classifier had the same performance as the one induced with
imbalanced data.

Although the semantics of the recovery measure is straightforward, its interpretation might
be hindered in situations of small losses. Small loss values in the denominator of Eq. 3 may
lead to high recovery rates due to spurious performance variations by chance. In other words,
we can easily achieve a 1,000 % recovery rate if the treatment method obtains a marginal 1 %
AUC improvement over a 0.1 % performance loss due class imbalance. In order to avoid large
recovery rates due to small losses, we only analyze recovery rates for significant losses. The
following tables show the recovery rates for combinations of data set, inducer and imbalance
rate that had 10 % or greater performance loss in the experiment of Sect. 3. The interested
reader can find all detailed results, including for loss rates smaller than such threshold in the
paper Web site.

We believe this procedure leads to an more focused analysis of the results, avoiding
distractions with spurious results. In general, we are interested in situations of higher perfor-
mance losses, in which it is worth rebalancing the training data. Table 3 presents the expected
performance recovery for random over-sampling.

Certainly, the most interesting values are the performance recovery associated with large
class imbalance. For the class distributions of 1/99, 5/95 and 10/90 (and their negative class
counterparts), we noticed that although some scattered number present recoveries above
50 %, most results are bellow 30 %. In our opinion, these numbers represent a rather mod-
est performance recovery, especially if we consider that random over-sampling frequently
provides competitive results with other sampling methods.

The results also show that not all learning systems are equally benefited by the replication
of minority class examples. For example, the performance of Naive Bayes has negative
recovery rates for several class distributions. Apparently, the simple replication of examples
does not help to correct the conditional probability estimates made by Naive Bayes. These
results contribute to the common criticism against the early class imbalance research that
(inadvertently) considered fair to extrapolate to other inducers the results obtained with C4.5.

Table 4 presents the expected performance recovery for SMOTE. This method does not
replicate examples from the minority class, but interpolates cases of this class in order to
expand its decision space. A first observation about SMOTE is that it does not outperform
random over-sampling by a large margin for any inducers. There is some improvements
in performance in several configurations, although we can also notice that some configura-
tions were the recovery of Random Oversampling is higher. We should note that SMOTE is
considerably more computationally expensive than random over-sampling. Therefore, this
performance gain obtained with some inducers comes with the cost of additional computa-
tional time.

Tables 5 and 6 present results for Borderline-SMOTE and ADASYN, two variations of
SMOTE. Inspecting these tables, we can observe that there is no clear advantage of preferring
them in spite of SMOTE. Again, there is some improvements in some configurations. How-
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ever, we can also notice that some configurations were SMOTE or random over-sampling
leads to a higher recovery.

Table 7 presents results for MetaCost. Overall, the performance of MetaCost is quite
poor, when compared to the sampling methods. A possible explanation is that, as MetaCost
internally uses the prediction of the classifiers induced over imbalanced data, the costs were
not able to compensate from the imbalance.

In general, we can say that the performance recoveries for both methods were rather
modest. Although some scattered results present gains above 50 %, most of the performance
recoveries are around or bellow 30 %.

5 Using confidence intervals to visualize results and draw statistical conclusions

The use of performance loss and performance recovery enables the construction of confi-
dence intervals in a consistent way over data set, treatment methods and learning paradigms.
Confidence interval provides a range of values within which the population parameter is
likely to lie. The general expression of confidence intervals is p &€, where p is the estimated
parameter and € defines a range of values (interval) that act as good estimates of the unknown
population parameter as a function of the degree of uncertainty the users assumes for the
parameter.

It has been argued recently that confidence intervals are a better approach to statisti-
cally analyze classification performance [3,13] than reporting p values or the results of null
hypothesis significance testing, due to the ability to interpret the confidence interval in a
proper way, depending the effects we would like to analyze. These confidence intervals also
allow the visualizations of the results in a graph, helping to draw statistical conclusions about
the questions posed in this paper.

To this end, we adopted the pairedCT [15] package from the CRAN repository? to com-
pute the confidence intervals. This package contains functions that can be used to construct
parametric and nonparametric confidence intervals for ratios of values. In this paper, we used
the nonparametric version [2] to construct 95 % confidence intervals for performance losses
of original data and their counterpart treated by the class imbalance treatment methods.

The confidence intervals were constructed in three different ways: first, with performance
loss for each class distribution over all data set and learning algorithms (Fig. 1); second,
with the performance loss for each learning algorithm, over all data set and class distribu-
tions (Fig. 2); and third, with performance loss for each combination of learning algorithm
and class distribution, over all data set (Fig. 3).

The confidence interval represents values for the population parameter for which the
difference between the parameter and the observed estimate is not statistically significant at
the @ % level, so it can be used to infer statistical significance at that level. In our setting, if the
confidence interval for the performance loss does not include 0 %, then the performance of the
classifier/treatment method significantly differs from the balanced distribution. Furthermore,
when comparing two classifiers/treatment methods, if the confidence intervals of them do
not overlap, then there is significantly statistical difference between the methods.

To gain some insight into the question about the performance loss for different imbalance
degrees, Fig. 1 shows the 95 % confidence intervals for the average performance loss for
each class distribution, averaged over all learning algorithms. The confidence interval for the

2 CRAN (http://cran.r-project.org) is a network of Web servers distributed around the world that store versions
of code and documentation for the statistical software R, as well as community contributed packages.
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Fig. 1 Confidence intervals for average performance loss and recovery for each class distribution

original (non-treated data) is shown in red marked with a dot, random over-sampling in brawn
marked with a triangle, SMOTE in green marked with a filled square, Borderline SMOTE
in cyan marked with a plus signal, Adasyn in blue marked with a square, MetaCost in pink
marked with an asterisk. Interestingly, the performance of learning algorithms forms an “U”
shaped pattern (flipped 90° clockwise), with performance loss closer to 0 % near balanced
distributions, going upward the more unbalanced the class distribution is.

Also notice that this pattern occurs for both non-treated and treated data, although the non-
treated data (original) diverges more accentuated from the performance from the balanced
distribution than the treated data in all but MetaCost case. MetaCost had a poor performance
for the most imbalanced configurations. This can be explained by the fact that MetaCost uses
the classifiers’ outputs from the bootstrap samples, and the pre-defined costs were not able
to compensate from the losses for the most severe class imbalanced distributions. Indeed, in
several cases, a trivial (majority class) classifier was induced in these extremes, increasing
the performance loss rather than diminishing it. This is a known side effect of imbalanced
data set in cost-sensitive classification [25].

As discussed in the previous section, this suggests three conclusions. First, class imbalance
does harm classification performance, as the performance loss increases whenever the class
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Fig. 2 Confidence intervals for average performance loss and recovery for each learning algorithm

distribution diverges from the balanced one. Second, the treatment methods do contribute to
alleviate the problem, although they are not able to fully recover the performance from the
original balanced distribution. It is important to notice that even though the recovery is not
close to the maximum, they are significant comparing to the original distribution for the most
unbalanced distributions (in all but one case where the class distribution is equal or lower than
10/90 or 90/10 the confidence intervals do not overlap, indicating a significant result at 95 %
confidence level). Third, it is difficult to use cost-sensitive learning, particularly MetaCost
due to the influence of class imbalance in the cost reweighing process.

As a final observation, the performance of random over-sampling is surprisingly good
compared to more sophisticated methods. For several class distributions, including the most
imbalanced ones, it outperforms several competing methods with statistical significance.

We now turn to the question if all the learning algorithms are equally affected by class
imbalance. Figure 2 shows 95 % confidence intervals for the average performance losses for
each learning algorithm averaged over all the class distributions. We use the same color and
shape combination as in the previous figure. From this picture, we can see that the most
affected learning algorithms are Ripper and C4.5Rules, with average performance losses
around 10 and 5 %, respectively. In contrast, these methods are also the most benefitted
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by the sampling treatment. The sampling methods produce results statistically significant
when compared to the original non-treated data, as the confidence intervals do not overlap.
MetaCost had a very poor performance with Ripper, statistically worst than the non-treated
distribution. The treatment methods also seem to be good for C4.5, although there is no
significant differences. Interestingly, the SMOTE variations seem to harm the performance
of SVMs and Naive Bayes.

Although Figs. 1 and 2 provide insightful information about these two questions, they may
conclave some details as they average over all learning algorithms and class distributions,
respectively. Figure 3 is similar to Fig. 1, but now there is a graph for each inducer separately.
This figure shows the 95 % confidence intervals for the average performance loss for each
class distribution and for each learning algorithms, averaged over all data set. We use the
same color and shape combination as in the previous figures.

Even though the overall trend similar for all inducers (the performance of learning algo-
rithms forms an “U” shaped pattern (flipped 90° clockwise), with performance loss closer
to 0 % near balanced distributions, going upward the more unbalanced the class distribution
is.), there are some interesting particularities. For the original (non-treated) distributions, the
divergence from the balanced distribution is much more accentuated for Ripper, followed by
C4.5Rules and C4.5. For these three inducers, there are significant differences for the distribu-
tions above 30/70 and 70/30. Naive Bayes, CN2 and the Neural Network have a flatten curve,
with a significant loss only for the distributions above 10/90 and 90/10. SVM, on the other
hand, only has significant differences for the distributions 1/99 and 99/1. There are indeed
distributions which seems to be better than the balanced one (an “negative” performance loss
in the graph).

The treatment methods are beneficial for Ripper and C4.5Rules for almost all class dis-
tributions (with a few exceptions for C.45Rules) although, as discussed before, the recovery
is only partial. C4.5 also presents some benefit, although it is not possible to indicate sig-
nificative differences. SMOTE seems not to be beneficial for Naive Bayes for very skewed
distributions (1/99 and 99/1), although it is not possible to detect significative differences.
For CN2, Neural Net and SVM, the few improvements are not significant, and in some cases
worse than the original (without significant differences). MetaCost performed quite poorly for
Ripper, CN2 and the Neural Network. Overall, there is very little difference for the SMOTE
and its variations (Borderline-SMOTE and Adasyn).

A possible explanation for the differences in performance by the different learning algo-
rithms are the way they explore the search space and the mechanism they adopt aiming to
avoid overfitting. The most affected learning algorithms, Ripper and C4.5Rules, adopt rule
pruning mechanisms in order to improve accuracy and reduce the rule set size. To this end,
they use a separated “pruning set” taken from the training data set. Although this strategy
may improve the overall accuracy (in the training set), this improvement could be rather
artificial as it can be achieved by predicting the most frequent class in detriment of the less
frequent, a phenomena well known in the literature [30]. On the other hand, as stated before,
the less affected algorithm, SVM, requires only the properly definition of the support vectors
in order to build the models. Only the most severe imbalanced class distributions would have
a strong influence in this definition.

6 Limitations

We reserve this section to discuss some limitations of the proposed experimental setup. The
most obvious limitation is that this experimental setup is restricted to binary-class problems.
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Although it is possible to extend the approach to more than two classes, the number of results
to be analyzed would increase exponentially. In contrast, binary-class problems are quite
common in imbalanced domains, in which frequently the positive class is assigned to a class
of interest and the negative class is associated to all remaining objects.

A less obvious limitation is the size of the training sets. Since we generated several
distributions, from the positive class being a 1 % minority class up to the positive class being
a 99 % majority class, we had to restrict the size of the training set as the size of the minority
class. In order to partially overcome this limitation, we looked for more balanced data set
or imbalanced data set with larger number of instances. However, this limitation prevented
us to use in our experimental evaluation some imbalanced data set frequently present in
imbalanced data papers.

A possible criticism is that the restricted sizes of the training set might be biasing the
results in some way. For instance, some inducers that better deal with smaller data set might
be favored. However, notice that we do not report any absolute performance results; all
results are relative to the performance obtained with the balanced distribution. In addition,
the training sets have a constant number of instances for all class distributions.

We should note, however, that the restricted size of the training sets may lead to very
few minority class examples for the most imbalanced distributions. It is not uncommon to
find data set in which the minority class is represented by a dozen or so examples under
these class distributions. We must note that this is not a very uncommon situation, and it
known as absolute rarity [34]. The literature has several examples of application domains
that had class imbalance of the order of 1:1000, 1:10,000, or superior. In these domains, the
learning systems almost invariantly have to deal with similar absolute number of minority
class examples.

Finally, it is important to keep in mind that the results presented in this paper are averaged
out over a series of data set. This is because the main point we want to highlight with
our proposed methodology is a way to evaluate general trends about learning algorithms
and treatment methods. Obviously, results can be very different for particular data set. The
proposed method is quite general though and can used for a single data set as well. The paper
Web site contains detailed results, including confidence interval plots for each data set.

7 Related work

The literature on class imbalance has several experimental papers with large-scale compar-
isons of learning algorithms or treatment methods. In this section, we compare the experi-
mental setups of these papers to the one used here.

As we previously observed, our experimental design is inspired by the setup used in [36].
Weiss and Provost varied the training set class distribution in order to identify which dis-
tribution should be used when a limited number of examples is available. They conclude
that, when AUC measure is used, although no single class distribution is able to provide the
best-performing classifier, the balanced distribution performs well.

We used the results of Weiss and Provost to elect the balanced distribution as the reference
distribution in our experiments. Although the results in [36] were obtained with the C4.5
decision tree inducer only, our results conform with their results. As the reader can observe
in Table 2, the average results for all inducers present positive losses for all non-balanced
distributions. The exception is SVM, in which the best distribution was 20/80 with an average
improvement of 4.21 % over the balanced distribution. These are average results over all data
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sets; we invite the interested reader to check the paper Web site for detailed (per data set)
results.

An interesting counterpart to the experimental design of this paper is present in [7]. In that
work, Cieslak and Chawla investigate classifier performance when testing class distributions
change substantially. For instance, a disease outbreak may change the class prior probabil-
ity considerably, making it differ substantially from the class distribution used in training.
Therefore, in their experimental setup, a classifier is compared against several test sets with
different class distributions.

Another experimental work is presented in [22]. Khoshgoftaar et al. are interested in
studying classification performance when one class is rare. In their experimental setup, the
positive class is represented by 5, 10, 20 or 40 instances, and the negative class is set up in
such a way that the positive class represents from 65 to 1 % of the total number of examples.
For instance, when there are 5 positive examples, the negative examples can be as low as 3
examples (65 % positive class) up to 495 (1 % positive class). Khoshgoftaar et al. conclude
that the balanced distribution is outperformed by the distributions 2:1 (negative:positive) for
10, 20 and 40 positive examples, and by the distribution 3:1 for 5 positive examples.

An interesting feature of the experimental design used in [22] is to allow the analysis of
classification performance factorized by class rarity and class distribution. Our experimental
design does not allow the same analysis since, for instance, a 1 % class distribution may
represent different absolute number of positive examples in different data set. In contrast, our
experimental design leads to training sets with fixed number of examples, and therefore, the
results are not influenced by the training sets sizes. The Khoshgoftaar et al. design cannot
completely factor out the influence of training set sizes. This influence might even help
to explain why the most rare configuration (with 5 positive examples) required a 3:1 class
distribution when the other less rare distributions required only 2:1. We note that in such
design, the most balanced distributions also have smaller training sets sizes.

All these papers, however, report results in terms of absolute performance values. As we
argued in the introduction, this approach cannot answer relevant question about the class
imbalance problem.

8 Conclusion and future work

This paper proposes an experimental design to evaluate the influence of class imbalance
in classifiers performance. This experimental design allows to evaluate the performance
loss caused by different degrees of class imbalance, as well as to measure the performance
recovery obtained by treatment methods. We also proposed a statistical procedure based on
confidence intervals to help draw statistical conclusions about the experiments.

‘We conducted an experiment to answer some open-ended questions about class imbalance
and concluded that all evaluated classifiers are affected by the class imbalance problem. All
classifiers, except SVM, present some loss of performance for all class distributions. This
loss tends to be more expressive as the classes become more imbalanced. Additionally, SVM
seems to be only susceptible to absolute rarity. For SVM, performance loss occurred for the
proportions 1/99 and 99/1. In these proportions, the data set have only 1% minority class
cases and, considering the restricted size of the training sets, the absolute number of minority
class examples is very limited, characterizing absolute rarity.

We also made experiments with treated data by sampling methods and a cost-sensitive
approach. We measured how much class imbalance performance loss was recovered by arti-
ficially rebalancing the data. The over-sampling methods evaluated were able to occasionally
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recover a significant proportion (between 50 and 60 %) of the performance lost. However,
for the majority of the executions, the performance recovery was below 30 %, which can be
considered a quite modest recovery rate.

As future work, we consider to evaluate additional sampling methods as well as other
approaches to treat imbalanced data, such as other sampling algorithms, ensembles and cost-
sensitive learning methods.
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