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a b s t r a c t
Instance selection or outlier detection is an important task during data mining, which focuses on ﬁltering
out bad data from a given dataset. However, there is no rigid mathematical deﬁnition of what constitutes
an outlier and an outlier is not a binary property. Therefore, different volumes of outliers may be detected
depending on the setting of the threshold for what constitutes an outlier, e.g., the distance in distancebased outlier detection. In this study, we examine bankruptcy prediction performance achieved after
removal of different outlier volumes from four widely used datasets, namely the Australian, German,
Japanese, and UC Competition datasets. Speciﬁcally, a simple distance-based clustering outlier detection
method is used. In addition, four popular classiﬁcation techniques are compared, artiﬁcial neural networks, decision trees, logistic regression, and support vector machines. Experiments are conducted to
examine (1) the prediction performance of the bankruptcy prediction models with and without instance
selection, (2) the stability of bankruptcy prediction models after the removal of outliers from the testing
set, and (3) the characteristics of these four different datasets. The results show that with the German
dataset it is much more difﬁcult for the prediction models to provide high rates of accuracy after outlier
removal, while it is easier with the UC Competition dataset. Removing 50% of the outliers can lead to optimal performance of these four models. In addition, using the removed outliers to test the prediction accuracy of these models, we ﬁnd that it is support vector machines (SVM) that provide the highest rate of
prediction accuracy and perform with much more stability and good noise tolerance than the other three
prediction models. Furthermore, the prediction accuracy of the SVM model followed by instance selection
is similar to the one without instance selection (i.e., the SVM baseline). In other words, the difference in
performance between the SVM and the SVM baseline is the least of the three models in comparison with
their corresponding baselines.
Ó 2011 Elsevier B.V. All rights reserved.

1. Introduction
1.1. Background
Bankruptcy prediction is a very important for ﬁnancial institutions in order to make the best possible lending decisions. Incorrect
decisions are very likely to cause ﬁnancial crises and distress [25].
As a result, many bankruptcy prediction models have been proposed using data mining techniques in the literature [18].
Pre-processing of data is an important step for good quality data
mining in data mining or knowledge discovery in database (KDD)
processes. For example, if too many instances are considered, it
can result in large memory requirements and slow execution
speed, and can cause over-sensitivity to noise [32]. The aim of
data-processing is to ﬁlter out any unrepresentative features or
noisy data from a given dataset, which are likely to degrade the
mining performance.
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One problem with using the original data points is that there
may not be any located at the precise points that would make
for the most accurate and concise concept description [32]. Outlier
detection is designed to ﬁnd those observations in a random sample that lie an abnormal distance away from other values in a population. Outliers are basically unusual observations (or bad data
points) that are far removed from the mass of data [1,3]. As noted
above outlier detection is an important KDD task [17], and ﬁltering
out the detected outliers is very useful for obtaining good mining
results. For this purpose, classiﬁers trained by the selected instances as a subset of original instances can provide relatively good
performance. In data mining, the aim of instance selection is similar to that of outlier detection (or record reduction) [20].
In general, outlier detection methods can be classiﬁed into (statistical) parametric or non-parametric methods. In the parametric
methods, it is either assumed that there is a known underlying
distribution of the observations or they are determined based on
statistical estimates of unknown distribution parameters [3,12].
However, these methods are unsuitable for datasets which are
high-dimensional and for cases without prior knowledge of the
underlying data distribution [5].
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The non-parametric methods, also called distance-based methods, are usually based on local distance measures, i.e., the distance
between a point and its nearest neighbor. This distance is regarded
as a measure for identifying the outliers [2,16,23]. In particular, in
these distance-based outlier detection methods it is assumed that
outliers are the top n data points whose distance to their kth nearest neighbor is greatest. Another approach is based on the distances to neighboring data points obtained using a clustering
algorithm [11].

1.2. Motivation
The focus in most past studies related to bankruptcy prediction
has been on developing new algorithms for effective prediction
[18,26,9]. There have been very little done considering further
examination of the data mining pre-processing stage. For example,
Tsai [27] compared a number of different feature selection (or
dimensionality reduction) methods using ﬁve related datasets. Li
et al. [19] proposed a random subspace binary logit (RSBL) model
for prediction of corporate failure in China. Their results showed
the RSBL model to be a signiﬁcant improvement in terms of predictive ability over classical statistical models, such as multivariate
discriminant analysis, logit models, and probit models. For other
related studies of feature selection, please refer to Pacheco et al.
[21], Unler and Murat [28], and Bermejo et al. [6].
However, none of existing studies offer further analysis of the
effect of removing different outlier volumes on bankruptcy prediction for different datasets. Thus, the following three main problems
are addressed in this paper:
 Instance selection has proved to be important in the KDD process, but it has not been fully explored in the domain problem
of bankruptcy prediction. Bankruptcy prediction is a special
case of instance selection, because the collected data sample
is usually small, especially for bankruptcy. This means that it
is important to examine the performance of bankruptcy prediction models with and without instance selection, respectively.
 Which classiﬁcation techniques can perform better when they
are tested over the removed outliers? In general, prediction performance is based on using some method to split a given dataset into both training and testing datasets, e.g., n-fold cross
validation. However, the removed outliers are not directly used
as testing data to further evaluate the performance of the prediction models which offers some advantages. First, the test
results can be regarded as a model of a real work problem,
which is likely to be very challenging. Second, the test results
can show the stability and/or robustness of the models since
much more difﬁcult data to be predicted are used.
 Intuitively, when the number of outliers removed from a data
set becomes large, the accuracy of the prediction models which
use the remaining dataset for training and testing will necessarily increase. This is because the ‘bad’ data (i.e., the outliers),
which are difﬁcult to recognize, are ﬁltered out. However, it is
unknown how many of the outliers removed could allow the
prediction models to correctly distinguish all of the remaining
cases. There are a number of different (public) datasets for
bankruptcy prediction simulation mentioned in the literature.
It is necessary to analyze this issue in relation to these datasets
in order to understand their characteristics. Moreover, the analysis results can provide some guidelines about how many of the
remaining data should be used to train the prediction models.
The can then be compared with the prediction models without
instance selection (i.e., the ﬁrst question) and how many outliers can be used as a suitable validation set (i.e., the second
question).

Regarding these two questions, the aim of this work is to use a
simple distance-based clustering method (c.f. Section 3.2) for the
detection and removal of outliers from four related bankruptcy
prediction datasets. Speciﬁcally, the prediction performances of
the four classiﬁcation techniques obtained by removing different
volumes of outliers will be examined. These classiﬁcation techniques include artiﬁcial neural networks, decision trees, logistic
regression, and support vector machines.
Consequently, the major contribution of this paper is twofold.
First of all, this study is the ﬁrst attempt to consider instance selection in the bankruptcy prediction domain problem. Secondly, the
outliers removed can be used as another type of test dataset to
examine the stability of the prediction models.
The rest of this paper is organized as follows. Section 2 brieﬂy
overviews the distribution, distance, and density based approaches
for outlier detection. Section 3 describes the experimental setup
including the datasets chosen for experiments, the process of
detecting and removing outliers, the classiﬁcation techniques used
for comparisons, and the evaluation methods. Section 4 presents
the experimental results corresponding to the two research questions. Finally, some conclusions are provided in Section 4.
2. Outlier detection
2.1. Distribution-based outlier detection
Distribution-based approaches, which originate from the ﬁeld
of statistics, generally rely on the assumption of an underlying
known distribution of the data. Statistical models are developed
from the given dataset. A statistical test is then applied to determine whether an object belongs to this model or not. Objects,
which have a low probability of belonging to this statistical model,
are regarded as outliers. However, the distribution-based approaches cannot be applied in a high-dimensional data set since
they are univariate in nature. In addition, such approaches are difﬁcult to apply in practical applications because of the lack of prior
knowledge of data distribution [3].
2.2. Distance-based outlier detection
Distance-based outlier detection is a typical top-n outlier detection approach, in which the top-n kth-Nearest Neighbor (kNN) distance is examined to determine the outliers. In other words, the
distance from an object to its kth nearest neighbor indicates the
outlier-ness of the object. If the neighboring points are relatively
close, then the object is considered to be normal; if the neighboring
points are far away, then the object is considered to be unusual
[16,4]. One advantage of this approach is that based on a distance
metric it can be applied to any feature space.
For a given distance measure in a feature space, there are many
different deﬁnitions of distance-based outliers. Bay and Schwabacher [4] offer the following three popular deﬁnitions of distance-based outliers:
 Examples of outliers occur when at least a fraction p of the
objects lies at a greater distance d.
 Outliers are the top n examples whose distance to the kth nearest neighbor is greatest.
 Outliers are the top n examples whose average distance to the k
nearest neighbors is greatest.
2.3. Density-based outlier detection
Density-based approaches are based on computing the density
of regions in the data where the outliers are deﬁned as the objects

