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I. Título del proyecto 
Análisis de la Influencia de las Características Intrínsecas de Datos Financieros en Modelos de Aprendizaje Automático de Valoración 
de Crédito 
 
II. Resumen (Máximo 200 palabras) 
La predicción del riesgo crediticio ha sido ampliamente estudiado como un problema de clasificación binaria usando modelos 
estadísticos avanzados y de aprendizaje automático. Los sistemas tradicionales de clasificación y los modelos de sistemas múltiples 
(ensembles) han demostrado su efectividad para diversas aplicaciones financieras utilizando conjuntos de datos que a menudo se 
caracterizan por imperfecciones tales como: atributos irrelevantes, clases asimétricas, datos desplazados, datos faltantes y ruidosos. 
Sin embargo, existen otras características intrínsecas que pueden obstaculizar el rendimiento de los algoritmos de predicción, 
principalmente en aquellos registros (negativos) que describen una situación de riesgo (insolvencia, quiebra, bancarrota, etc), donde 
el costo por no reconocer un registro de este tipo suele ser mucho más alto que aquellos que denotan buenos clientes con la capacidad 
de cubrir el pago del crédito adquirido (positivos). En este trabajo se caracterizaró la complejidad de 14 bases de datos de bancos 
reales, basado en los cuatro diferentes tipos de registros positivos que pueden existir: seguros, frontera, raros y atípicos. El objetivo 
fue obtener conocimiento sobre los vínculos potenciales entre el rendimiento de los modelos múltiples de clasificación (BAGGING, 
AdaBoost, random subsapce, DECORATE, rotation forest, random forest stochastic gradient boosting) y los tipos de muestra positivas.  
 
III. Principales resultados 
Los experimentos se divieron en dos apartados. El primero tiene por objetivo investigar el desempeño de los Sistemas Múltiples de 
Clasificación (SMC) cuando la base de datos se considera segura (un 50% de sus registros son seguros) y no-segura (más del 60% de 
los registros son frontera, raros y atípicos). En la segunda parte se analiza el comportamiento de dichos sistemas para cada categoría 
de registros. 
 

• Análisis del desempeño de los sistemas múltiples de clasificación en datos seguros y no seguros 
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La Figura 1 muestra los rangos promedios de Friedman en términos de área bajo la curva ROC (AUC) para cada modelo de clasificación, 
empleando 3 clasificadores bases: red neuronal (MLP), regla del vecino más cercano (kNN) y árbol de decisión (C4.5). Como se puede 
observar, existen diferencias significativas entre bases de datos seguras vs no seguras. Todo ello independientemente  del modelo  de 
clasificador base  empleado para construir los SMC 
En el caso de los modelos MLP, los mejores SMC fueron bagging y random subspace para los conjuntos que son seguros, mientras que 
DECORATE y  AdaBoost para los datos que no son seguros. Es particularmente interesante el comportamiento de AdaBoost porque es 
uno de los SMC que mejor comportamiento tiene en no seguras, pero el peor en las bases seguras. Este comportamiento se repite 
para el caso de kNN 

 

 

 

 
 

 

 

a)MLP b)kNN C)C4.5 
Fig 1.  Rangos promedios  de AUC para conjuntos datos seguros vs no seguros 

 
 

• Análisis del desempeño de los sistemas múltiples  en datos no seguros 
 

El segundo bloque de experimentos es establecer el mejor SMC para cada tipo de base de datos no-segura para cada uno de los tres 
clasificadores base. En esta punto sólo mencionaremos los resultados para MLP por cuestiones de espacio. Para un resultado más 
detallado favor de dirigirse al artículo que se adjunta a este reporte (Exploring the synergetic effects of sample types on the 
performance of ensembles for credit risk and corporate bankruptcy prediction). Figura 2, muestra los rangos promedios de las tasas de 
clasificacion de los registros positivos (TPR) contra las tasas de clasificación de los registros negativos (TNR) en un espacio cartesiano. 
Al observar la Fig. 2, DECORATE obtiene el mejor desempeño (punto más cercano a (1,1)) para las bases de datos segura-frontera, las 
cuales corresponden a las bases de datos con datos no seguro más fáciles de tratar. BAGGING fue el mejor SMC para bases de datos 
frontera-raros. En el caso de las bases de datos atípicas (bases de datos con estructuras más complejas) ambos,  DECORATE y random 
subspace, fueron los modelos mejor ubicados en el espacio. 
Por otra parte, en términos generales el desempeño de AdaBoost fue similar cuando se emplea MLP de manera individual (no SMC). 
Esto sugiere que la configuración del SMC no es capaz de aprender muchos de los registros que son no-seguros. En resumen, se 
observa que tanto como DECORATE y BAGGING aparecen como los mejores SMC cuando la mayoría de los registros positivos son no-
seguros. 
 

• Problemas no lineales: experimentos adicionales 
 
Uno de los problemas que suelen presentar los conjuntos de datos son la no-linealidad, lo que se traduce en una característica 
intrínseca denominada clases completamente solapadas, lo que provoca que la estructura de la base de datos sea compleja y díficil 
de aprender. Un ejemplo de ello es la base datos de un banco de Korea, cuyos registros forman parte de una información que abarca 
el periodo del 2001-2002. Esta base de datos consta de 250 registros, de los cuales el 43% son registros de clase positiva y el resto 
como clase negativa. De acuerdo a la métrica de complejidad F1 (índice discriminante de Fisher), el valor es de 0.010, lo cual sugiere 
un alto índice de solapamiento. Una proyección de la base de datos utilizando PCA permite visualizar en dos dimensiones la estructura 
de la base de datos (vea Fig. 3a). 
Para tratar con esta complejidad, se propone el uso de un técnica denominada disimilitud, cuyo objetivo es transformar el espacio 
original a otro espacio donde los clases sean separables. En Fig. 3b, se puede observar el nuevo espacio del conjunto de datos 
transformado a un espacio de dismilitud donde las clases se han separado. Un nuevo cálculo de F1 produce un valor de 2.0. Para 
información más detallada favor de dirigirse al artículo Dissimilarity-based linear models for corporate bankruptcy prediction. 



 

 

 
 
 
IV. Conclusiones 
El análisis de cada categoría de bases de datos ha demostrado que el rendimiento de cualquier configuración SMC depende de los 
tipos de muestras disponibles en el conjunto de datos. Este hallazgo puede ser especialmente útil cuando se ha decidido qué 
clasificador emplear para un problema particular, evitando así elegir mediante un enfoque de prueba y error el modelo de predicción 
más apropiado. 
Los resultados experimentales han demostrado que las bases de datos no lineales lograr una mejor separabilidad en el espacio 
disimilitud que en el espacio de original. 
 

  
a)Seguros-Frontera b) Frontera 

  
c) Frontera-Raros d) Atípicas 
Fig. 2. Rangos promedios de TPR vs TNR para SMC con MLP como clasificador Base 

 

  
a) Espacio Original b) Espacio de Disimilitud 

Fig. 3. Espacios original y de disimilitud 
 



 

 

 
 
V. Productos de la investigación 
Anexar evidencias. 
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f) Otros productos de la investigación como antologías, patentes, prototipos, modelos de utilidad. 
Anexar evidencia como portada e índice de contenido de la antología, o el registro de la patente, prototipo y/o modelo de utilidad. 
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VI. Compromisos adicionales adquiridos al inicio del proyecto 
 
1. Señale si su proyecto fue sometido a evaluación, a fuentes externas de financiamiento, indicando el organismo financiador. (Anexar 
documentación comprobatoria, excepto fondos CONACYT). 
2. ¿Hubo productos adicionales a los comprometidos? ¿Cuáles? (Anexar evidencias) 
 
VII. Consistencia entre objetivos y metas (ver punto VIII) 
Utilizar para hacer su autoevaluación el protocolo de inicio de proyecto. 
 

• Iniciales: 
a) Desarrollar métricas de complejidad estadísticas y locales para análisis de la complejidad de los datos 

b) Diseñar un proceso metodológico que permita cuantificar la complejidad presente en datos financieros 

c) Entrenar y evaluar clasificadores empleados en problemas financieros 

d) Analizar los resultados por medio de test estadísticos no paramétricos 

e) Comparar resultados con lo expuesto en la literatura para validar resultados 

 
• Alcanzados: Se alcanzaron todos los objetivos y metas que se propusieron en el proyecto. Ejemplo de ello es el artículo 

Exploring the synergetic effects of sample types on the performance of ensembles for credit risk and corporate bankruptcy 
prediction, en el cual se diseño un método para detectar los diferentes tipos de datos que puede contener una base de datos 
(objetivo b). Esto sirvió para analizar los efectos en los resultados de clasificación de 3 clasificadores base y 5 modelos de 
sistemas múltiples (objetivo c). El rango de Friedman fue utilizado para comparar los resultados de forma estadística 
(objetivos d y e) 
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Indique el grado de avance de su proyecto en porcentaje a la fecha del llenado de éste formato y contrástelo anexando su 
programa de actividades o cronograma que realizó en el protocolo para el registro de proyecto de investigación y  
 
Si no ha cumplido con los tiempos propuestos en el protocolo inicial, explique y enumere las razones que ocasionaron desfases 
tomando en cuenta las siguientes preguntas: 
 
En cuanto a lo que reporta de su proyecto considera que: 
 
a) ¿Se obtuvieron los objetivos planteados originalmente? (Comente) 
Los objetivos planteados se obtuvieron. Esta vez no huno la necesidad de cambiar/adaptar o modificar algunos de ellos.  
 
 
b) ¿Surgieron nuevos problemas no contemplados originalmente? (Comente) 
Uno de los problemas que surgió fue que no se contempló fue analizar la complejidad de las bases de datos cuando estos contienen 
datos nominales (nombre, sexo, dirección). Actualmente sólo se consideraron datos numéricos. En la vida real, los conjuntos de datos 
contienen una mezcla de datos. 
 
 
c) ¿La línea de investigación realizada dio lugar o puede dar lugar en el futuro a aplicaciones, patentes, modelos de utilidad, 
prototipos, etc.? (Comente) 
Actualmente los resultados obtenidos han dado a lugar a nuevas investigaciones en el caso de los microarreglos/chips de ADN, en 
donde, se emplean algoritmos de aprendizaje automático para predecir si una persona tiene cáncer o no, a partir de la colección de 
framentos de ADN 
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A B S T R A C T

Credit risk and corporate bankruptcy prediction has widely been studied as a binary classification problem using
both advanced statistical and machine learning models. Ensembles of classifiers have demonstrated their ef-
fectiveness for various applications in finance using data sets that are often characterized by imperfections such
as irrelevant features, skewed classes, data set shift, and missing and noisy data. However, there are other
corruptions in the data that might hinder the prediction performance mainly on the default or bankrupt (po-
sitive) cases, where the misclassification costs are typically much higher than those associated to the non-default
or non-bankrupt (negative) class. Here we characterize the complexity of 14 real-life financial databases based
on the different types of positive samples. The objective is to gain some insight into the potential links between
the performance of classifier ensembles (BAGGING, AdaBoost, random subspace, DECORATE, rotation forest,
random forest, and stochastic gradient boosting) and the positive sample types. Experimental results reveal that
the performance of the ensembles indeed depends on the prevalent type of positive samples.

1. Introduction

In response to the 2008 global financial crisis, banks and regulatory
agencies have increased their efforts to streamline processes and in-
crease efficiency in the prediction and proactive management of credit
risk, financial distress and corporate bankruptcy. Classical studies on
this subject were initially based on advanced statistical models [1–5],
such as logistic regression, probit analysis, linear discriminant analysis,
survival analysis, linear and quadratic programming, and multivariate
adaptive regression splines. Nevertheless, empirical results have shown
that most underlying assumptions of these statistical approaches, such
as multivariate normality and independence of the explanatory vari-
ables, are frequently violated [6,7].

Unlike the statistical models, machine learning and computational
intelligence methods do not assume any specific prior knowledge, but
instead they automatically extract information from past observations.
These are represented by a set of explanatory variables, which usually
correspond to financial ratios, macroeconomic indicators and socio-
demographic characteristics, either straightforwardly represented as
continuous variables or discretized as qualitative information.

Support vector machines [8–10], genetic and evolutionary algo-
rithms [11–13], artificial neural networks [14–18], rough sets [19–21],

and decision trees [22,23] have received much attention and wide-
spread application in the field of finance and more specifically, to the
prediction of credit risk, financial distress and corporate bankruptcy.
Although numerous previous studies concluded that machine learning
techniques are superior to statistical models, it has been argued that no
single classifier can produce the best results on all the cases. From this
conclusion, ensembles emerged as a powerful tool for exploiting the
different behavior of a pool of individual (base) learners and reducing
prediction errors in several financial applications. In fact, practical in-
vestigations have demonstrated that ensembles generally outperform
stand-alone prediction methods in most credit risk and corporate
bankruptcy prediction problems [24–27]. However, extensive re-
searches have also shown the strengths and weaknesses of classifier
ensembles against a diversity of intrinsic data characteristics, which
could make the prediction of the positive cases even much more diffi-
cult; for instance, one can find studies on class imbalance [28], attribute
noise [29], and data set shift [30], among others.

Since the error rate of default or bankrupt (positive) cases is of great
importance for credit risk and corporate bankruptcy assessment, it
could be useful to carry out a proper analysis on how the presence of
samples of different nature in the positive class may affect the pre-
dictive performance of classifier ensembles. However, as far as we are
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aware, no previously reported study has systematically analyzed this
problem in the framework of finance.

Therefore, considering the particular characteristics of financial
data, the ultimate aim of this paper is to characterize the databases
according to the prevalent type of samples in the minority class and also
to explore the potential links between the performance of classifier
ensembles and the different types of data sets. To this end, experiments
will consist of characterizing 14 credit and bankruptcy data sets ac-
cording to the positive sample types, and analyzing whether or not
there may exist any correlation between these and the performance of
several prediction systems based upon seven well-established en-
sembles that are built with three different base classifiers. As the
number of positive samples is usually far less than the amount of ne-
gative samples, which leads to the well-renowned class imbalance
problem, we cannot neglect this scenario when discussing the experi-
mental results.

Henceforth the rest of the paper is organized as follows. Section 2
reviews some research works related to the use of ensembles to deal
with various intrinsic data characteristics in the field of credit risk and
corporate bankruptcy prediction. Next, Section 3 provides a categor-
ization of the types of samples that can be found in a data set. The
experimental set-up, databases and classifier ensembles are given in
Section 4, whereas the results are reported and discussed in Section 5.
Finally, the conclusions and possible avenues for further research are
outlined in Section 6.

2. Intrinsic financial data characteristics in ensembles

The development of classifier ensembles for credit risk, financial
distress and corporate bankruptcy prediction has attracted increasing
attention of both researchers and practitioners in the last years. Many
works have shown the superiority of ensembles over single classifiers,
whereas some others have proposed new algorithms as alternatives to
the existing ones. However, only a few works have paid attention to
studying the behavior of ensembles when learning from data sets with
several intrinsic data characteristics. Here, we summarize some of the
most recent publications on this topic, but note that it does not intend
to be a thorough review.

Das et al. [31] proposed that intrinsic data characteristics can be
categorized into two groups: (1) distribution-based data irregularity
(DistBI), and (2) feature-based data irregularity (FeatBI). The former
involves class imbalance problem, small disjuncts, and class distribu-
tion skew, and the latter includes missing and absent features. We
consider that the first group might also cover other problems, such as
outliers, noisy data, small data set size, and data set shift. Analogously,
we believe that the second group might also include noisy, irrelevant
and redundant features. Taking this taxonomy into account, the Venn
diagram in Fig. 1 shows the relationship between both categories and
the number of works in each group (see Table A.4 of Appendix A for a

more detailed information). As can be seen, a majority of works have
focused on the distribution-based data irregularities, where the class
imbalance appears as the most studied problem. Only three works have
faced the feature-based data irregularities, whereas five of them ad-
dressed both intrinsic data characteristics.

2.1. Distribution-based data irregularity

The class imbalance problem has been considered as a challenging
task in a broad scope of financial problems. In last years, it has been
very frequent to deal with imbalanced data, and several works [32,33]
have studied the performance of many different ensembles on data sets
with this intrinsic data characteristic.

Feng et al. [34] presented a dynamic ensemble model based on soft
probability where the classifier selection was based on accuracy, pre-
cision and different costs of type I error and type II error. Experimental
results showed that the proposed model outperforms BAGGING and
random forest on several imbalanced credit data sets. In the same line,
Xiao et al. [35] combined the dynamic classifier selection method with
a cost-sensitive evaluation criteria. He et al. [36] introduced a cascade
model that resamples the credit scoring data sets according to their
imbalance ratio and a threshold. Each adjusted data set is used for
training several random forests and extreme gradient boosting as base
classifiers. Sun et al. [37] proposed an ensemble for imbalanced credit
evaluation based on the SMOTE algorithm and the BAGGING technique
with different sampling rates. Wang et al. [38] combined the Lasso-
logistic regression model with the BAGGING approach where this was
used on the minority class to generate balanced training data sets. Sun
et al. [39] combined SMOTE with the BAGGING algorithm using a
support vector machine (SVM) as base learner. While all these works
are characterized by incorporating the imbalance solutions into the
ensemble, Louzada et al. [40] developed a new BAGGING algorithm,
called Poly-BAGGING, where the resampling technique was not con-
sidered as part of the ensemble approach.

Xia et al. [41] designed a heterogeneous ensemble credit scoring
model by integrating the BAGGING algorithm with the stacking
method; despite the model introduced did not focus on class imbalance
problems, it showed a good performance on moderately imbalanced
data sets. Yu et al. [42] developed a three-stage ensemble model for
dealing with class imbalance problems using BAGGING, SVM and a
deep belief network. Abellán and Castellano [33] showed that an en-
semble built with the credal decision tree performs better than others
based on more complex base learners trained on balanced and im-
balanced data sets. Ala’raj and Abbod [43] introduced a new combi-
nation approach based on classifier consensus that creates a ranking
group as a fusion of individual classifiers. Experimental results showed
that the consensus model achieves better performance in terms of the
H-measure on highly imbalanced data sets. Florez-Lopez and Ramon-
Jeronimo [44] developed a novel ensemble technique that follows a

Fig. 1. A Venn diagram of the intrinsic financial data characteristics.
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three-stage structured called the correlated-adjusted decision forest.
Empirical results revealed their suitability on imbalance problems in
terms of type I error and type II error. Kim et al. [45] proposed the
geometric mean based boosting algorithm, which is a modification of
AdaBoost using the concept of geometric error and accuracy calcula-
tion. Ziba et al. [46] used the extreme gradient boosting where each
base learner was constructed using synthetic random features; the aim
was to deal with class imbalance and small size problems. Li et al. [47]
proposed a three-stage ensemble framework where in the first level,
several perceptrons were used as base learners. In the middle level, a
relevance vector machine was used to train weak learners. In the top of
the framework a boosting algorithm was employed. Authors suggested
that their proposal is suitable when the data set is imbalanced and there
are noisy data. The data set shift problem occurs when the training and
test data come from different distributions. To deal with this problem,
Xiao et al. [30] proposed to use transfer learning into an ensemble
model.

2.2. Feature-based data irregularity

Twala [48] performed an analysis on the behavior of several en-
semble models when the data set shows different levels of attribute
noise. The experimental results suggested that the impact of noise de-
pends upon the classifier and the proportion of noise.

To eliminate irrelevant and redundant features, Muslim et al. [49]
combined split feature reduction and BAGGING. Xia et al. [50] in-
troduced a sequential extreme gradient boosting model that in-
corporates a preprocessing step to scale the data and handle missing
values. In addition, a feature selection system was used to remove re-
dundant variables. Koutanaei et al. [51] used feature selection algo-
rithms as a first stage to remove noisy attributes. The reduced data sets
were used on AdaBoost, BAGGING, random forest, and stacking. Wang
et al. [52] introduced a feature selection algorithm into boosting to deal
with irrelevant features.

2.3. Intersection between DistBI and FeatBI

Each intrinsic data characteristic does not constitute an isolated
problem. Ala’raj and Abbod [53] used two preprocessing techniques,
Gabriel neighborhood graph editing and multivariate adaptive regres-
sion splines, to reduce the size of the data set by filtering samples and
choosing the most relevant features. Both algorithms were combined
with a consensus ranking approach. Liao et al. [54] introduced an en-
semble model with majority vote that combines SVM, multiple feature
selection, artificial neural network (ANN), and rough set theory (RST).
The SVM model was used to balancing the training set followed by a
multiple feature selection algorithm to pick up the most representative
features. To deal with noisy data and the class imbalance problem, Li
et al. [47] proposed a relevance vector machine ensemble model that
employs a soft margin boosting. Wang et al. [55] introduced a two-stag
ensemble model based on decision tree, BAGGING and random sub-
space to deal with the noise data and redundant attributes. Paleologo
et al. [56] proposed a sub-BAGGING algorithm where the base learners
were generated by random sub-sampling in order to handle the class
imbalance problem. Besides, an imputation method integrated into the
ensemble model was used to handle missing data.

3. Types of samples

When analyzing the characteristics of a data set, an important
question that deserves to pay some special attention refers to the
identification of the different types of samples. This identification can
be particularly useful to support interpretations of differences in the
performance of classifiers because many data complexity factors are

linked to the distribution of sample types in a data set [57,58].
According to the categorization proposed by several authors, two

main types of samples can be distinguished: safe and unsafe [59–61].
Safe samples refer to those placed in homogeneous regions with data of
a single class and are sufficiently separated from examples of the other
class, whereas the remaining samples are deemed as unsafe. Most
models classify the safe samples correctly, but the unsafe samples may
make their learning especially difficult and more likely to be mis-
classified.

The property common to the unsafe samples is that they are located
close to examples that belong to some different class. However, this
type of samples can be further divided into three subgroups depending
on their particular characteristics: borderline, rare and outlier [60,62].
Borderline samples are located near the decision boundary between
classes. Rare samples are small groups of examples located far from the
core of their class, creating small data chunks or sub-clusters. Finally,
the outliers are single samples that are surrounded by examples from
the other class.

A simple method to identify each sample type is based on analyzing
the local neighborhood of the examples [60,61], which can be modeled
either by their k-neighborhood or by using a kernel function. Thus, a
safe sample is characterized by having a neighborhood dominated by
examples that belong to its same class. Rare examples and outliers are
mainly surrounded by examples from different classes, whereas the
borderline samples are surrounded by examples both from their same
class and also from a different class.

Following the standard strategy used in prior works [58,60,61,63],
we determine the type of a sample s by comparing the number of its k
nearest neighbors (with a constant value of =k 5) that belong to the
class of s with the number of neighbors from the opposite class. Most
authors choose =k 5 because smaller values may poorly distinguish the
nature of examples and higher values would violate the local neigh-
borhood assumption. Thus we can find the following cases:

• A sample s is considered to be safe if at least 4 out of the 5 nearest
neighbors belong to the class of s.

• A sample s is considered to be borderline if 2–3 out of its 5 nearest
neighbors belong to the class of s.

• A sample s is considered to be rare if only one nearest neighbor
belongs to the class of s, and this has no more than one neighbor
from its same class.

• A sample s is considered to be outlier if all its nearest neighbors are
from the opposite class.

This method has been proposed for the identification of the different
sample types in the minority class, which is especially relevant when
the class distribution is imbalanced. Note that in such a situation, the
percentage of each sample type belonging to the majority and minority
classes may differ massively from each other. For instance, consider a
credit data set where only 1% of samples are defaulters and 99% are
non-defaulters; under these conditions, it is likely that most of the safe
samples belong to the majority class and most of the unsafe samples are
in the minority class, which may disguise the true distribution of
sample types in the data set.

4. Databases and experimental set-up

The experiments were designed to explore the potential impact of
the different sample types on the prediction performance of classifier
ensembles over a collection of bankruptcy and creditworthiness data
sets. Table 1 summarizes the main characteristics of the databases, re-
porting the number of explanatory variables, the amount of positive
and negative examples, the total number of cases, and the imbalance
ratio (IR) defined as the ratio of the number of negative examples to the
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number of positive examples. Data sets with an IR ≥ 10 have been
defined as strongly imbalanced. All databases represent two-class pro-
blems with different levels of imbalance, which ranges from 0.80 in
Australian (i.e., the class of most interest outnumbers the other class) to
24.93 in Polish-1st.

A 10-fold cross-validation procedure was adopted with the purpose
of avoiding biased results [70]. Each data set was randomly split into
ten stratified blocks (or folds) of equal size. For each round, nine blocks
are used for training and the remaining part for testing. This is repeated
ten times using a different block for testing, thus ensuring that all folds
are employed for both training and testing.

The performance of the classifiers was evaluated with three stan-
dard scores that have typically been used in financial applications. First,
the area under the ROC curve (AUC) corresponds to an overall per-
formance measure that allows decision-makers to compare examples
against each other. Second, the true-positive rate (TPR) and true-ne-
gative rate (TNR) exhibit performance results on each class separately,
thus taking care of the cost of different error types. Both these are
particularly meaningful for the kind of real-life applications faced in
this paper because the cost of false-negatives (predicting a default or
bankrupt case as non-default or non-bankrupt) is often much higher
than the cost associated to false-positives (non-defaulters predicted as
defaulters) [71].

4.1. Ensembles of classifiers

We have chosen seven standard ensembles to evaluate whether or
not there exists any connection between their prediction performance
and the sample types in the data sets: BAGGING (Bootstrap
AGGregatING, Bag), AdaBoost (ABoost), stochastic gradient boosting
(SGBoost), random subspace (RSP), rotation forest (RotF), random
forest (RndF), and DECORATE (Diverse Ensemble Creation by
Oppositional Relabeling of Artificial Training Examples, Decor).

The Bag technique [72] generates multiple bootstrap samples ran-
domly drawn with replacement from the original training set. Next,
each individual classifier is built for each sample, and predictions on
new cases are made by combining the classification results using a
majority voting policy.

Boosting [73] produces a sequence of base classifiers through suc-
cessive bootstrap samples that are obtained by weighting the training
data in a number of iterations. Initially equal weights are assigned to all
training examples and at each iteration, boosting increases the weights
on the examples predicted incorrectly by the previous individual clas-
sifier so that those misclassified examples are more likely to be chosen
in the next bootstrap sample. Final decisions are based on a weighted

majority voting scheme. Two of the most popular boosting algorithms
are ABoost and SGBoost [74] (at each iteration a subsample of the
training data is drawn at random without replacement from the full
training set; the randomly selected subsample is then used, instead of
the full sample, to fit the base learner).

In the RSP method proposed by Ho [75], the base classifiers are
trained on sets constructed with a given proportion of variables picked
randomly from the original set of features. The outputs of the individual
classifiers are then combined into a final decision rule through a simple
majority voting procedure.

RotF [76] trains each base classifier with a different set of extracted
variables. The original feature set is randomly split into a number of
subsets, principal component analysis is run separately on each subset,
and a new set of linear extracted variables is constructed by pooling all
principal components. The data is transformed linearly into the new
feature space, and the base classifier is trained with this new data set.

The RndF developed by Breiman [77] is an ensemble of decision
trees, each one built using a bootstrap sample of the training data and
the candidate set of variables at each split is a random subset of the
features. Each tree is unpruned, so as to obtain low-bias trees; in ad-
dition, bagging and random variable selection result in low correlation
of the individual trees.

The Decor algorithm [78] uses a base learner to build an ensemble
iteratively by adding different randomly generated examples to the
training set when building new ensemble members. These artificially
generated examples are given class labels that disagree with the pre-
diction of the current ensemble, thereby increasing diversity when a
new classifier is trained on the augmented data and incorporated into
the ensemble.

The ensembles were built using different base classifiers that have
been widely used in the financial industry: the unpruned C4.5 decision
tree, the multi-layer perceptron (MLP) with one hidden layer and the k
nearest neighbors (kNN) rule. These base classifiers have been chosen
because it is known that some ensembles such as bagging do not work
well with stable (low variance and possibly high bias) models. The
hyperparameters for the MLP were tuned by withholding 50% of the
training data as a validation set and testing the learning rate and the
momentum from 0.1 to 0.3. The kNN rule was optimized using leaving-
one-out on the training set to select the best k value between 1 and 30.

The following ensemble configurations were investigated:

• BAGGING: Bag(MLP), Bag(C4.5), Bag(kNN).

• AdaBoost: ABoost(MLP), ABoost(C4.5), ABoost(kNN).

• Random subspace: RSP(MLP), RSP(C4.5), RSP(kNN).

• DECORATE: Decor(MLP), Decor(C4.5), Decor(kNN).

Table 1
Characteristics of the data sets.

#Variables #Positive #Negative #Samples IR Source

Low imbalance Australian 14 383 307 690 0.80 [64]
Finland 40 250 250 500 1.00 [65]
SabiSPQ 16 472 472 944 1.00 [26]
Polish 30 112 128 240 1.14 [66]
Japanese 15 296 357 653 1.21 [64]
German 24 300 700 1000 2.33 [64]
Thomas 12 323 902 1225 2.79 [67]
Taiwan 23 6636 23,364 30,000 3.52 [68]

High imbalance Polish-5th 64 410 5500 5910 13.41 [64]
Polish-4th 64 515 9277 9792 18.01 [64]
Iranian 27 50 950 1000 19.00 [69]
Polish-3rd 64 495 10,008 10,503 20.22 [64]
Polish-2nd 64 400 9773 10,173 24.43 [64]
Polish-1st 64 271 6756 7027 24.93 [64]
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• Rotation forest: RotF(C4.5).

• Random forest: RndF(C4.5).

• Stochastic gradient boosting: SGBoost(C4.5).

4.2. Characterization of the databases

To gain a better insight into the structure of the classes and a deeper
understanding of the data complexity, the data sets are here char-
acterized according to the sample types introduced in Section 3 and the

imbalance ratio reported in Table 1. This can make easier the sub-
sequent analysis between the predictive performance of classifier en-
sembles and the distribution of sample types in the data sets.

For each database, the percentage of samples that belong to each
type was calculated for both the positive class (Fig. 2) and the negative
class (Fig. 3). The sample types were displayed as bar charts on the left
y-axis of these graphs and the imbalance ratio was displayed on the
right y-axis as a series plot. The data sets on the x-axis were sorted in
ascending order of the imbalance ratio.

Fig. 2. Percentages of sample types (left y-axis) and imbalance ratio (right y-axis) for the positive class.

Fig. 3. Percentages of sample types (left y-axis) and imbalance ratio (right y-axis) for the negative class.

Fig. 4. Average ranks of AUC for safe and unsafe databases.
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Not surprisingly, comparison of both figures shows that the dis-
tribution of sample types in each class strongly depends on the im-
balance ratio. Thus the amount of safe positive samples in the data sets
with high imbalance was minimal (less than 3%), whereas the number
of rare and outlier samples in the positive class increased with the
imbalance ratio. On the other hand, for the highly imbalanced data-
bases the proportion of safe samples in the negative class was very close
to 100% and the percentage of unsafe samples was nearly 0%: the
maximum amount of borderline and rare samples was for the Polish-5th
database (4.69% and 0.27%, respectively), and that of outliers was for
the Polish-1st database (0.03%).

These findings reinforce the idea that performing an accurate pre-
diction is more complicated in the positive class than in the negative
class because their proportions of safe and unsafe samples are very
different, especially in the data sets with high imbalance; notwith-
standing, some cases deserve further comments. For instance, both
Finland and SabiSPQ data sets are perfectly balanced (IR = 1.0), but
the former has a lower amount of safe samples in the positive class than
the latter (52.40% and 82.42%, respectively). Analogously, the Polish
and Japanese databases, which are characterized by similar imbalance
ratios, present very different percentages of safe samples in the positive
class (17.86% and 39.19%, respectively). Even more interesting is the
comparison between SabiSPQ (IR = 1.0) and Polish (IR = 1.14) be-
cause there exist large differences in the amount of safe and borderline
samples in the minority class of each database. This suggests that, as
pointed out in other research works [57,63,79], the class imbalance is
not the only problem that may degrade the classifier performance, but
there are other intrinsic data characteristics that also hinder classifi-
cation; therefore, an analysis of the overall structure of data can become
of great relevance because it could provide some insights on choosing
the most appropriate classifier ensemble depending on the distribution
of sample types.

From Fig. 2, it is possible to categorize the experimental databases
into five groups according to the prevalent type of samples in the
minority class:

• Safe: The Australian, Finland and SabiSPQ databases, which contain
more than 50% of safe samples.

• Borderline: The Polish, German and Thomas databases, which have
a majority of borderline samples (45%–60%).

• Outlier: All the high imbalanced data sets because more than 40% of
examples have been characterized as outliers.

• Safe-borderline: The Japanese database has approximately the same
amount of safe and borderline examples in the positive class, about
40% each one.

• Borderline-rare: The Taiwan database comprises a majority of bor-
derline and rare samples, which represent close to 70% of the
minority class: 37% of borderline samples and 32% of rare samples.

The last four groups refer to unsafe databases because less than 50%
of their positive samples have been identified as safe. On the other
hand, the last two categories correspond to data sets in which the po-
sitive samples are mainly placed between the safe and the borderline
groups in the first case or between the borderline and the rare groups in
the second one.

5. Results and discussion

We report the results obtained in the course of the experimental
study. The aim is to investigate how the prevalent type of positive
samples affects the performance of each ensemble model. In other
words, the question to answer here is whether or not there exists any
difference in performance of the classifier ensembles from one category
of databases to another.

We have divided this section into two parts. First, we investigate the
performance of the ensembles by comparing the safe databases against
all the unsafe data sets (i.e., safe-borderline, borderline, borderline-rare
and outlier data). The second part of this section is devoted to analyze
the behavior of the ensembles for each category of unsafe databases.

As the values of AUC, TPR and TNR can be very different from one
data set to another, the use of the average scores across the databases
could be inadequate. Instead we calculated Friedman’s average ranks
for the classifier ensembles. From this, one has to consider that the
prediction model with the lowest average rank corresponds to the best
algorithm. In addition, the full set of results is provided in
Tables B.5–B.10 of Appendix B.

5.1. Performance analysis of the ensembles on the safe and unsafe data

The focus of the first block of experiments is on analyzing the
possible differences in the behavior of the ensembles between the safe
databases and the unsafe databases. To this end, Fig. 4 displays the
Friedman’s average ranks of AUC for each classifier ensemble applied to
both these categories of data sets. The stand-alone classifiers were also

Table 2
Distance measure for the safe and unsafe databases.

Safe Unsafe

MLP 3.504 3.160
Bag(MLP) 2.386 2.838
ABoost(MLP) 3.670 2.918
RSP(MLP) 2.774 2.950
Decor(MLP) 2.587 2.447
kNN 2.833 3.135
Bag(kNN) 4.177 2.867
ABoost(kNN) 2.833 2.968
RSP(kNN) 1.374 3.266
Decor(kNN) 3.727 3.222
C4.5 7.197 6.214
Bag(C4.5) 3.432 4.677
ABoost(C4.5) 5.911 4.833
RSP(C4.5) 6.037 6.206
Decor(C4.5) 5.757 5.475
RotF(C4.5) 4.534 4.703
RndF(C4.5) 3.073 4.696
SGBoost(C4.5) 6.616 6.236

Table 3
Distance measure for the unsafe databases.

Safe-borderline Borderline Borderline-rare Outlier

MLP 3.606 3.670 3.536 2.893
Bag(MLP) 2.000 2.911 2.828 3.184
ABoost(MLP) 3.606 2.833 3.536 2.893
RSP(MLP) 5.000 3.064 4.000 2.595
Decor(MLP) 1.000 2.911 3.162 2.595
kNN 3.536 3.606 3.162 3.111
Bag(kNN) 4.272 2.386 3.162 3.064
ABoost(kNN) 3.536 3.606 4.000 2.801
RSP(kNN) 2.000 2.877 4.000 3.563
Decor(kNN) 3.354 2.734 2.828 4.000
C4.5 6.325 6.379 7.211 6.692
Bag(C4.5) 6.021 5.918 4.000 4.305
ABoost(C4.5) 4.123 5.044 7.071 4.853
RSP(C4.5) 7.000 5.588 7.000 6.335
Decor(C4.5) 7.810 4.534 7.810 5.376
RotF(C4.5) 6.325 4.488 5.099 4.953
RndF(C4.5) 3.041 3.745 2.828 6.038
SGBoost(C4.5) 5.000 6.412 4.243 6.872
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included in these plots as a baseline. As can be observed, there exist
significant differences between the safe data and the unsafe data, ir-
respective of the base classifier used to build the ensembles.

In the case of the MLP-based models, the best ensembles were
bagging and random subspace for the safe databases, and DECORATE
and AdaBoost for the unsafe data sets. It is particularly appealing the
behavior of AdaBoost because this was one of the best ensembles on the
unsafe databases, but it performed even worse than the stand-alone
MLP on the safe databases. Similar comments can be made for the kNN-
based ensembles, in which RSP obtained the lowest average rank for the
safe data sets and it was the worst technique for the unsafe ones. For the
C4.5-based ensembles, the random forest was the best performing
method for both safe and unsafe data, but the remaining models showed
a significantly different behavior when applied to safe or unsafe data
sets.

As AUC represents an overall, scalar performance evaluation mea-
sure, it can give rise to misleading conclusions when the cost of

misclassifying examples in one class is very different from the cost of
misclassifying examples in the other class, or when the class distribu-
tion is imbalanced [80–82]. In such cases, it is also especially important
to evaluate the true-positive and true-negative rates. The former is the
primary goal in credit risk and corporate bankruptcy prediction, but
high true-positive rates should not compromise the correct classifica-
tion of the majority class. To balance these two competing goals, a
normalized Euclidean distance between each (average rank of TPR,
average rank of TNR) pair and the origin (1, 1) was calculated and
reported in Table 2. Using this measure, the best model for each type of
data was the one that produced the smallest distance (highlighted in
bold in Table 2).

Another way of visualizing this consisted of plotting the Friedman’s
average ranks of TPR versus the Friedman’s average ranks of TNR in
Fig. 5, and looking for the point that was closest to the bottom left
corner of the graphs; thus the closer the ensemble was to the bottom left
corner, the higher the performance on both classes. Note that this graph

Fig. 5. Average ranks of TPR vs. average ranks of TNR for the safe and unsafe databases.
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depicts relative trade-offs between TPR and TNR.
Although the ultimate objective of any classification system is to

achieve high rates on both classes (that is, the ensembles with the
smallest distance in Table 2), in general it will be preferable to max-
imize TPR rather than to maximize TNR. This means that the ensembles
close to the left side of the charts will be considered better than the
ensembles close to the bottom side. One can observe in Fig. 5 that the
best models were: (i) BAGGING for the safe databases and DECORATE
for the unsafe ones in the MLP-based models; (ii) RSP for the safe data
sets and BAGGING for the unsafe ones in the kNN-based ensembles; and
(iii) random forest for the safe data and BAGGING, random forest and
rotation forest (all three algorithms with nearly the same normalized
distance) for the unsafe ones in the C4.5-based methods. As can be seen,
some of these conclusions do not agree with those drawn from the AUC
analysis because this measure can be biased towards the majority class.

In summary, the main conclusion from this first analysis is that
there indeed exist differences in the performance of the ensembles de-
pending on the prevalent type of data, that is, each particular classifier
ensemble does not perform equally well on safe and unsafe databases.
Therefore, the next step will be to explore the behavior of the ensembles
on the different types of databases that belong to the general category
of unsafe data in order to investigate the possible links between each
type and the performance of the ensembles.

5.2. Performance analysis of the ensembles on the unsafe data

The purpose of the second block of experiments is to establish the
best performing ensemble for each type of unsafe databases when using
each of the base classifiers. Thus Table 3 reports the normalized dis-
tance measure for all ensembles and the four types of unsafe data. In
addition, each graph in Figs. 6–8 displays the Friedman’s average ranks

of TPR against those of TNR given by the MLP-based, kNN-based and
C4.5-based ensembles, respectively.

Focusing on the results of the MLP-based ensembles in Table 3 and
Fig. 6, one can observe that the DECORATE algorithm achieved the
highest performance (the smallest distance) for the safe-borderline
databases, which correspond to the easiest type of unsafe data. BAG-
GING was the best ensemble for the borderline-rare databases. In the
case of the outlier data sets (i.e., the most complex data structures),
both DECORATE and random subspace were the techniques with the
smallest normalized distance. On the other hand, in general the per-
formance of AdaBoost was similar to that of the stand-alone MLP
classifier, thus suggesting that this ensemble configuration is of little
value to deal with most types of unsafe data sets. In summary, it seems
that both DECORATE and BAGGING can be claimed as the best overall
MLP-based ensembles when there is a majority of unsafe samples in the
positive class.

With regards to the kNN-based methods, Table 3 indicates that RSP
was the best performing algorithm for the safe-borderline data sets,
BAGGING for the borderline data, DECORATE for the borderline-rare
data, and AdaBoost for the outlier databases. However, the observation
of plots in Fig. 7 reveals that BAGGING achieved a lowest average rank
of TPR than DECORATE for the borderline-rare data sets, thus sug-
gesting that the former could be better than the latter. Similarly,
BAGGING could also be considered to be better than AdaBoost for the
outlier databases because it obtained a significantly lower average rank
of TPR.

Finally, looking at the results obtained with the C4.5-based en-
sembles in Table 3, it is apparent that random forest was the most
powerful model when the databases were characterized by a majority of
safe-borderline, borderline or borderline-rare samples in the positive
class. For these databases, Fig. 8 shows that other ensembles achieved

Fig. 6. Average ranks of TPR vs. average ranks of TNR for the MLP-based ensembles.
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Fig. 7. Average ranks of TPR vs. average ranks of TNR for the kNN-based ensembles.

Fig. 8. Average ranks of TPR vs. average ranks of TNR for the C4.5-based ensembles.
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the best average ranks of TPR, but at the cost of producing very sig-
nificantly higher error rates on the negative class; for instance, Ada-
Boost obtained the lowest average rank of TPR in the borderline data-
bases, but its average rank of TNR was much higher than the one of
random forest.

In the case of the outlier databases, Table 3 indicates that the best
ensembles were BAGGING and AdaBoost, but the observation of results
plotted in Fig. 8 discloses that the latter performed much better on the
positive class than the former. It is also worth pointing out that the
random forest applied to the outlier data sets gave very poor perfor-
mance results in terms of TPR, suggesting that this ensemble should not
be used when a very large percentage of positive samples are outliers.

6. Concluding remarks and future work

This paper has addressed the problem of credit risk and bankruptcy
prediction with classifier ensembles pursuing to investigate whether or
not there exists any potential difference in their performance due to the
distribution of sample types in a database. To this end, 14 real-life fi-
nancial data sets have been characterized into five categories based on
the prevalent type of samples in the positive class. Afterwards, a thor-
ough pool of experiments has been carried out using seven well-es-
tablished ensembles built with three base classifiers (the MLP with a

hidden layer, the kNN decision rule and the C4.5 decision tree) com-
monly used in this application field.

The analysis on each category of databases has shown that the
performance of any ensemble configuration indeed depends on the
types of samples available in the data set. This finding can be especially
useful when one has decide which classifier to apply for a particular
problem in hand, thus avoiding to choose by a trial-and-error approach
the most appropriate prediction model.

For future research, a natural extension to this work will consist in
developing a meta-learning framework that should be viewed as a de-
cision support tool based on the characteristics of each database for the
design of classification systems with the capability of achieving the
highest performance. Another avenue for further research is to compare
the performance of ensembles across the type of credit data sets (i.e.,
retail credit data versus corporate credit data) and investigate whether
or not there exists any correlation with the performance of ensembles
based on the sample types.
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Appendix A. Summary of ensembles applied to financial data

This appendix reports a summary of papers that have dealt with some intrinsic data characteristics by using various configurations of ensembles
in the field of credit risk and corporate bankruptcy prediction. Table A.4 shows that most works have addressed the DistBI problems, whereas only a
few have faced the FeatBI problems or a combination of both (DistBI+FeatBI).

Table A.4
Summary of ensemble models used on financial data to deal with intrinsic data characteristics (IDC) .

Paper Ensemble model Base learner IDC

[34] Bag, RndF, WAa , HCESb, KappaPc,
SDPd, OOe, kNORAf

ANN, DTg, SVM DistBI

[56] SubBagh, ABoost kNN, SVM, DT DistBI+FeatBI
[30] SubBag, TrBagi, TrABoostj SVM DistBI
[36] EBCk, RndF, ABoost, GBoostDTl,

XGBoostDTm, LogRSn
DT DistBI

[49] Bag DT FeatBI
[37] Bag DT DistBI
[42] Bag SVM DistBI
[33] ABoost, Bag, RSP, Decor, RotF CDTo , LogRp,

MLP, SVM, DT
DistBI

[50] XGBoostDT, Bag, ABoost, RndF ANN, DT FeatBI
[53] EFM-Cq ANN, SVM, RndF,

DT, NBr
DistBI+FeatBI

[43] EFM-C ANN, SVM, RndF,
DT, NB

DistBI

[46] CSBoosts, XGBoostDT, ABoost,
RndF

DT DistBI

[44] CADFt, GBoostDT, RndF DT DistBI
[45] GMBoostu, ABoost, CSBoost SVM DistBI
[51] ABoost, Bag, RndF, Stacking DT, MLP, SVM,

NB
FeatBI

[38] RndF, Bag, LLogRv DistBI
[39] Bag SVM DistBI
[54] Bag ANN DistBI+FeatBI
[52] Bag, Boost DT FeatBI
[32] GBoostDT, RandF DT DistBI
[35] DCSw, WRandFx, IBRandFy, kNORA DT DistBI
[47] SMBoostz RVMaa DistBI
[55] Bag, RSP DT DistBI+FeatBI
[83] Bag, ABoost LogR, LDA, DT,

MLP, kNN
DistBI

[40] Bag LogR, DT DistBI

(continued on next page)
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Appendix B. Full set of results

This appendix provides the results in terms of AUC, true-positive rate and true-negative rate achieved by each ensemble configuration over the
databases included in the experiments. The first three columns in Tables B.5–B.7 are for the safe data sets, the following three are for the borderline
ones, and the last column is for the safe-borderline database. The first seven columns in Tables B.8–B.10 are for the outlier data sets, and the last
column is for the borderline-rare database.

Table B.5
AUC for the safe, borderline and safe-borderline data sets.

Australian Finland SabiSPQ Polish German Thomas Japanese

MLP 0.923 0.963 0.863 0.804 0.780 0.622 0.924
Bag(MLP) 0.928 0.973 0.893 0.797 0.789 0.640 0.928
ABoost(MLP) 0.902 0.955 0.876 0.794 0.736 0.601 0.903
RSP(MLP) 0.924 0.973 0.905 0.816 0.784 0.633 0.924
Decor(MLP) 0.926 0.966 0.873 0.809 0.790 0.628 0.929
kNN 0.911 0.942 0.857 0.779 0.707 0.608 0.915
Bag(kNN) 0.888 0.936 0.881 0.825 0.690 0.616 0.872
ABoost(kNN) 0.911 0.942 0.857 0.779 0.707 0.583 0.913
RSP(kNN) 0.924 0.957 0.933 0.845 0.771 0.622 0.917
Decor(kNN) 0.899 0.957 0.870 0.836 0.719 0.619 0.905
C4.5 0.862 0.922 0.892 0.735 0.677 0.561 0.857
Bag(C4.5) 0.929 0.974 0.951 0.836 0.772 0.627 0.924
ABoost(C4.5) 0.910 0.978 0.944 0.822 0.748 0.616 0.915
RSP(C4.5) 0.921 0.971 0.948 0.829 0.762 0.583 0.915
Decor(C4.5) 0.917 0.975 0.942 0.844 0.758 0.587 0.908
RotF(C4.5) 0.932 0.978 0.951 0.852 0.776 0.602 0.920
RndF(C4.5) 0.936 0.982 0.956 0.858 0.794 0.637 0.936
SGBoost(C4.5) 0.933 0.972 0.938 0.814 0.782 0.635 0.921

Table A.4 (continued)

Paper Ensemble model Base learner IDC

[48] Bag, RandS NB, kNN, LDA,
DT, ANN

FeatBI

[41] Bag, Bag+Stacking, RndF,
XGBoostab

SVM, GPCac, LogR DistBI

a Weighted average for combining the base classifiers (WA).
b Hill climbing ensemble selection (HCES).
c Kappa prunning (KappaP).
d Semi-definite programming (SDP).
e Orientation ordering (OO).
f k nearest Oracle (kNORA).
g Decision tree (DT)
h Sub-BAGGING (SubBag)
i Transfer learning classifier ensemble with Bagging (TrBag)
j Transfer learning classifier ensemble with AdaBoost (TrABoost)
k Extended balance cascade (EBCA)
l Gradient boosting decision tree (GBoostDT)
m Boosted trees with extreme gradient boosting (XGBoostDT)
n Logistic regresion stacking (LogRS)
o Credal decision tree (CDT)
p Logistic regression (LogR)
q Ensemble fusion method with consensus (EFM-C)
r Naive Bayes (NB)
s Cost-senstitive boosting (CSBoost)
t Correlated-adjusted decision forest (CADF)
u Geometric mean boosting (GMBoost)
v Lasso-Logistic regression (LLogR)
w Dynamic classifier selection (DCS)
x Weighted random forests (WRandF)
y Improved balanced random forests (IBRandF)
z Soft margin boosting (SMBoost)
aa Relevance vector machine (RVM)
ab Extreme gradient boosting (XGBoost)
ac Gaussian process classifier (GPC)
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Table B.6
True-positive rate for the safe, borderline and safe-borderline data sets.

Australian Finland SabiSPQ Polish German Thomas Japanese

MLP 0.857 0.868 0.756 0.673 0.557 0.000 0.892
Bag(MLP) 0.857 0.896 0.773 0.730 0.477 0.000 0.892
ABoost(MLP) 0.857 0.872 0.756 0.767 0.557 0.000 0.892
RSP(MLP) 0.785 0.896 0.763 0.749 0.160 0.000 0.879
Decor(MLP) 0.890 0.896 0.769 0.830 0.513 0.016 0.896
kNN 0.879 0.792 0.714 0.741 0.263 0.133 0.905
Bag(kNN) 0.785 0.800 0.790 0.768 0.467 0.334 0.784
ABoost(kNN) 0.879 0.792 0.714 0.741 0.263 0.356 0.905
RSP(kNN) 0.788 0.844 0.775 0.768 0.093 0.025 0.838
Decor(kNN) 0.805 0.820 0.773 0.759 0.437 0.248 0.814
C4.5 0.808 0.915 0.844 0.738 0.477 0.151 0.831
Bag(C4.5) 0.861 0.919 0.846 0.725 0.477 0.206 0.868
ABoost(C4.5) 0.824 0.932 0.858 0.759 0.513 0.201 0.838
RSP(C4.5) 0.799 0.922 0.825 0.749 0.284 0.003 0.811
Decor(C4.5) 0.827 0.932 0.852 0.750 0.441 0.158 0.834
RotF(C4.5) 0.857 0.930 0.835 0.748 0.459 0.086 0.865
RndF(C4.5) 0.874 0.937 0.850 0.748 0.419 0.223 0.868
SGBoost(C4.5) 0.859 0.912 0.826 0.727 0.436 0.073 0.861

Table B.7
True-negative rate for the safe, borderline and safe-borderline data sets.

Australian Finland SabiSPQ Polish German Thomas Japanese

MLP 0.890 0.936 0.930 0.674 0.834 0.998 0.843
Bag(MLP) 0.867 0.932 0.966 0.687 0.881 1,000 0.863
ABoost(MLP) 0.890 0.928 0.930 0.680 0.834 0.998 0.843
RSP(MLP) 0.885 0.936 0.945 0.656 0.966 1,000 0.843
Decor(MLP) 0.867 0.940 0.928 0.601 0.881 0.998 0.860
kNN 0.836 0.932 0.833 0.758 0.933 0.972 0.821
Bag(kNN) 0.828 0.916 0.820 0.781 0.777 0.808 0.829
ABoost(kNN) 0.836 0.932 0.833 0.758 0.933 0.773 0.821
RSP(kNN) 0.906 0.932 0.968 0.766 0.983 0.994 0.896
Decor(kNN) 0.833 0.920 0.780 0.766 0.806 0.905 0.829
C4.5 0.872 0.940 0.906 0.698 0.847 0.940 0.874
Bag(C4.5) 0.874 0.952 0.946 0.784 0.867 0.912 0.857
ABoost(C4.5) 0.867 0.940 0.928 0.797 0.810 0.900 0.877
RSP(C4.5) 0.904 0.950 0.974 0.740 0.940 0.998 0.899
Decor(C4.5) 0.863 0.948 0.937 0.791 0.870 0.936 0.857
RotF(C4.5) 0.868 0.949 0.965 0.793 0.883 0.976 0.857
RndF(C4.5) 0.866 0.951 0.961 0.817 0.916 0.919 0.871
SGBoost(C4.5) 0.870 0.936 0.960 0.723 0.892 0.982 0.866

Table B.8
AUC for the outlier and borderline-rare data sets.

Polish-5th Polish-4th Iranian Polish-3rd Polish-2nd Polish-1st Taiwan

MLP 0.692 0.591 0.747 0.532 0.567 0.409 0.707
Bag(MLP) 0.764 0.677 0.787 0.647 0.519 0.554 0.713
ABoost(MLP) 0.637 0.567 0.710 0.535 0.569 0.404 0.685
RSP(MLP) 0.702 0.608 0.769 0.539 0.544 0.543 0.722
Decor(MLP) 0.687 0.592 0.753 0.536 0.537 0.557 0.705
kNN 0.724 0.665 0.776 0.582 0.535 0.611 0.745
Bag(kNN) 0.706 0.591 0.754 0.564 0.558 0.562 0.669
ABoost(kNN) 0.715 0.658 0.661 0.575 0.538 0.604 0.658
RSP(kNN) 0.820 0.728 0.781 0.701 0.652 0.711 0.756
Decor(kNN) 0.712 0.656 0.826 0.638 0.731
C4.5 0.827 0.781 0.573 0.765 0.803 0.796 0.658
Bag(C4.5) 0.936 0.901 0.770 0.900 0.879 0.923 0.748
ABoost(C4.5) 0.915 0.883 0.758 0.865 0.841 0.870 0.717
RSP(C4.5) 0.920 0.874 0.727 0.876 0.857 0.892 0.745
Decor(C4.5) 0.918 0.843 0.751 0.862 0.840 0.884 0.720
RotF(C4.5) 0.930 0.885 0.753 0.884 0.888 0.919 0.766
RndF(C4.5) 0.933 0.891 0.824 0.888 0.878 0.911 0.766
SGBoost(C4.5) 0.870 0.819 0.787 0.827 0.839 0.864 0.762
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Abstract Bankruptcy prediction has acquired great relevance for financial institu-
tions due to the complexity of global economies and the growing number of corporate
failures, especially since the world financial crisis of 2008. In this paper, the problem
of corporate bankruptcy prediction is faced bymeans of four linear classifiers (Fisher’s
linear discriminant, linear discriminant classifier, support vector machine and logis-
tic regression), which are designed on the dissimilarity space instead of the classical
feature space. Experimental results indicate that the prediction methods implemented
with the dissimilarity representation perform considerably better than the same tech-
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niques when applied onto the feature space, in terms of overall accuracy, true-positive
rate and true-negative rate.

Keywords Bankruptcy prediction · Dissimilarity representation · Linear classifier ·
Qualitative variables

1 Introduction

In brief, bankruptcy refers to financial failure of a corporate or an individual, which
not only leads to significant costs to shareholders and creditors but also may result
in a considerable macroeconomic impact (Altman 1993; Zopounidis and Dimitras
1998). In order to avoid the financial losses associated with the failure, financial
analysts have long seen the need for the early discovery of bankruptcy. This is themain
reason why bankruptcy prediction is deemed as a subject of key relevance for financial
institutions. As a consequence, improving the performance of existing techniques and
building highly effective models have attracted the attention of many researchers and
practitioners (Aziz and Dar 2006).

A vast amount of techniques have been developed to help decision-makers and
analysts in predicting financial failure. The most traditional approaches have been
based on statistical and operational research methods (Balcaen and Ooghe 2006), such
as factor analysis (West 1985), linear and multivariate discriminant analysis (Altman
et al. 1977; Karels and Prakash 1987), logit analysis (Ohlson 1980; Jones and Hensher
2004; Tseng and Lin 2005), probit analysis (Zmijewski 1984), linear and quadratic
programming (Kwak et al. 2012), and data envelopment analysis (Cielen et al. 2004;
Premachandra et al. 2009).

After the Basel II recommendations issued by the Basel Committee on Banking
Supervision in 2004, financial institutions realized the need of using more com-
plex systems based upon computational intelligence techniques. Unlike the statistical
models, these methods do not assume any specific prior knowledge, but automati-
cally extract information from past observations. Kumar and Ravi (2007) reported
a comprehensive review of statistical and computational intelligence methods in
the context of bankruptcy prediction. Among some other techniques, support vector
machines (Shin et al. 2005; Min and Lee 2005; Erdogan 2013), genetic and evolu-
tionary algorithms (Lensberg et al. 2006; Acosta-González and Fernández-Rodríguez
2014), artificial neural networks (Wilson and Sharda 1994; Sun and Shenoy 2007;
Cleofas-Sánchez et al. 2016; Zhao et al. 2016), rough sets (Slowinski and Zopouni-
dis 1995; Mckee 2000), and hybrid and classifier ensembles (Verikas et al. 2010;
Fedorova et al. 2013; Abellán andMantas 2014; Tsai 2014) have received much atten-
tion. Many works have empirically compared and contrasted these soft computing
methods (Alfaro et al. 2008; Chen 2012; Olson et al. 2012; Erdal and Ekinci 2013;
Tsai et al. 2014).

All these statistical and computational intelligence techniques applied in the field
of bankruptcy prediction are based on the assumption that samples are represented by
a set of features (explanatory variables), which defines a feature space. These features
usually correspond to financial ratios and/or macroeconomics indicators, either repre-
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sented as continuous variables or discretized in a straightforwardmanner as qualitative
information. However, in a few cases the samples are described bymeans of qualitative
variables whose values are gathered from expert judgments (Kim and Han 2003).

Apart from the feature space, there exist other approaches to pattern representation
that could also be exploited for very distinct financial applications. One is the dis-
similarity representation, in which samples to be classified/predicted are derived from
pairwise dissimilarities (distances from other samples in the data set) (Pȩkalska and
Duin 2002). The justification for constructing classifiers in a dissimilarity space is that
a dissimilarity measure should be small for similar samples and large for distinct sam-
ples, thus allowing for efficient and more reliable discrimination of classes. Another
important characteristic is that the dimensions of a dissimilarity space symbolize
homogeneous types of information and therefore, all dimensions can be considered as
equally relevant. On the other hand, for a complex problem, a simple linear prediction
model in a dissimilarity space could separate the classes more easily than the same
classifier in a feature space (Pȩkalska et al. 2002).

Taking into account the practical advantages of the dissimilarity representation
over the classical feature-based one (Pelillo 2013), this paper faces the problem of
corporate bankruptcy prediction in a way different from that traditionally followed
by the methods reported in the literature. As far as we know, the dissimilarity-based
paradigm, which has shown to be truly effective on various real-life problems, has
not been applied in the financial scenario. Accordingly, the present paper analyzes the
performance of four standard linear classifiers built on the dissimilarity space for the
discovery of corporate financial failure using a data set whose explanatory variables
are qualitative, and compares them with their feature-based counterparts. The reasons
for focusing this study on linear models are threefold (Yuan et al. 2012): (1) they are
good handling sparse data; (2) they are easy to describemathematically, computational
simple and easy to interpret; and (3) when applied to dissimilarity data, they often lead
to very good performance (Pȩkalska et al. 2002).

The remaining of the paper is organized as follows. Fundamental concepts related to
the dissimilarity representation are summarized inSect. 2. The predictionmethodology
proposed in this paper is described in Sect. 3. Next, Sect. 4 introduces the bankruptcy
database and describes the experimental set-up. Results are presented and discussed
in Sect. 5. Finally, a number of concluding remarks and possible directions for future
research are outlined in Sect. 6.

2 Dissimilarity Space

From a practical viewpoint, the bankruptcy prediction problem can be defined as a
binary classification problem where a new input sample has to be categorized into one
of the predefined classes based on a number of observed variables or features related to
that sample. Formally, it can be described as follows: Given a set of past observations
T = {(x1, y1), (x2, y2), . . . , (xn, yn)}, where each example xi is characterized by
a vector of m features, [xi1, xi2, . . . xim], and yi denotes the class (bankrupt/non-
bankrupt), then the bankruptcy prediction problem consists of constructing a model δ
to predict the value y for a new input sample x, that is, δ(x) = y.
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Traditional prediction models rely on the description of examples through a set
of explanatory variables. A reliable alternative to the feature (variable) space is the
dissimilarity space proposed byPȩkalska andDuin (2002), inwhich the dimensions are
definedbyvectorsmeasuring pairwise dissimilarities between examples and individual
prototypes from a given representation set R = {p1, . . . , pr }, where r is its cardinality.
This set can be chosen as the complete training set T , a set of generated prototypes,
a subset of T that covers all classes, or even an arbitrary set of labeled or unlabeled
samples (Pekalska et al. 2006). Although the representation set can be selected either
in a systematic or in a random way, it has been shown that both strategies produce
similar classification results (Duin et al. 1999).

Given a dissimilarity measure d(·, ·), which is required to fulfill the positivity
(d(xi , x j ) > 0 if xi is distinct from x j ) and the reflectivity (d(xi , xi ) = 0) con-
ditions but it might be non-metric, a dissimilarity representation is defined as a
data-dependent mapping function D(·, R) from T to the dissimilarity space. This
means that every example xi ∈ T can directly be represented by an r -dimensional
vector in the dissimilarity space, D(xi , R) = [d(xi , p1), . . . , d(xi , pr )], that is, each
dimension corresponds to a dissimilarity to a prototype from R. Therefore, dissimilar-
ities between all examples in T to R are represented by a matrix D(T, R) of size n×r ,
which corresponds to the dissimilarity representation we want to learn from (Pȩkalska
and Duin 2005).

D(T, R) =

⎡
⎢⎢⎢⎣

d(x1, p1) d(x1, p2) · · · d(x1, pr )
d(x2, p1) d(x2, p2) · · · d(x2, pr )

...
...

. . .
...

d(xn, p1) d(xn, p2) · · · d(xn, pr )

⎤
⎥⎥⎥⎦ (1)

In general, a drawback related to the use of features is that completely different
examples may have the same feature representation, which results in class overlap
(examples that belong to different classes are represented by the same feature vectors).
In the dissimilarity space, however, only identical examples (with the same class label)
have a zero-distance, which means that there does not exist class overlapping. On
the other hand, the dissimilarity-based classifiers may be robust against variations in
scale (Duin and Pȩkalska 2012). Note that in principle, any standard classifier can be
built on the dissimilarity space in the same way as on the feature space.

3 Methodology

This section provides a general overviewof the completemethodology for constructing
the model and classifying new corporate samples. Figure 1 shows a flowchart of the
learning and prediction processes for both a classical feature-based representation
(black lines) and a dissimilarity-based representation (red lines).

Using a feature-based representation, the learning stage (continuous lines) simply
consists of building the classifier with the training set T . In the case of a dissimilarity-
based representation, the first step of learning consists of choosing a representation
set R, whose prototypes will be used to measure the pairwise dissimilarities to the
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Fig. 1 Flowchart of the proposed methodology

training examples in T . Next, the training set T is mapped into a dissimilarity space,
which will be finally used to build the classifier.

In the testing stage (dashed lines), when a new sample x has to be classified, it
is mapped into the dissimilarity space by calculating the dissimilarity between x and
all prototypes in the representation set R, which results in a one-dimensional matrix
(vector) D(x, R) = [d(x, p1), . . . , d(x, pr )]. This dissimilarity vector D(x, R) is
passed through the prediction model for assigning a class label y to the new sample x.

4 Database and Experimental Protocol

The database used in the present experiments was taken from the UCIMachine Learn-
ing Database Repository (Lichman 2013). This is a subset of samples collected during
the period 2001–2002 from one of the largest commercial banks in Korea (Kim and
Han 2003). It consists of 250 instances, with about 43% of them labeled as bankrupt.
Each sample is represented by explanatory variables that correspond to levels (neg-
ative, average, and positive) of six qualitative risk factors (see Table 1) evaluated by
loan officers. These risk factors are the ones established and used by the bank in order
to estimate the default risk of manufacturing and service companies. Since all these
variables were categorical, they were first converted into numeric values (negative =
1, average = 2, and positive = 3) as reported in the paper by Kim and Han (2003), and
then these were normalized in the range [0, 1].

Even though the key question of this paper is not to select themost relevant explana-
tory variables, two feature ranking methods were applied to evaluate the usefulness
of each variable: the ReliefF algorithm and the Pearson’s correlation-based approach.
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Table 1 Description of the explanatory variables

Risk factor (variable) Meaning

Industry risk (IR) Stability and growth of the company, degree of competition within the
company, and overall conditions of the company

Management risk (MR) Efficiency and stability of management and organization structure

Financial flexibility (FF) Ability of the company for financing from direct and indirect financial
market and other sources

Credibility (CR) Reputation of the company associated with credit history, reliability of
information provided by the company, and the relationship with
financial institutions

Competitiveness (CO) Degree of competitive advantage determined by market position and
the capacity of core technology

Operating risk (OP) Volatility and stability of procurement, efficiency of production, and
stability of sales

Table 2 Relevance of the explanatory variables

Ranking

ReliefF CO (0.438)–FF (0.293)–CR (0.247)–OP (0.046)–MR (0.020)–IR (0.007)

Pearson CO (0.204)–OP (0.159)–CR (0.152)–MR (0.101)–FF (0.048)–IR (0.016)

The former evaluates the worth of a variable by repeatedly sampling an instance and
considering the value of the given variable for the nearest instance of the same and
different classes, whereas the latter evaluates the worth of a variable by measuring the
correlation between it and the class. Results in Table 2 indicate that competitiveness
(CO) is the most meaningful variable and the industry risk (IR) corresponds to the
least relevant feature in terms of both ranking scores.

Bearing in mind that the purpose of this study is to compare both feature repre-
sentations in the field of bankruptcy prediction, not to select the most meaningful
variables, the experiments focused on four linear classifiers: the Fisher’s linear dis-
criminant (FLD), the linear discriminant classifier (LDC), a support vector machine
(SVM) with a linear kernel and the soft-margin constant C = 1.0, and the logistic
regression (logit) model (this is considered a classical econometric method that can be
viewed as a reference approach for various financial applications). The performance
of these techniques was explored both on the feature space (FS) and the dissimilarity
space (DS). For the latter case, we chose the representation set R to be equal to a per-
centage of examples from the training set T , varying from 1 to 50% with a step size
of 1. Here two variants were used: (1) the representation set was randomly drawn by
picking examples from T without taking care of their class label (R-DS), and (2) the
representation set was created by randomly selecting the same proportion of examples
from each class (RC-DS).

The commonmethod to evaluate the performance of bankruptcy prediction systems
when databases are small or medium sized corresponds to K -fold cross-validation
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because it appears to be a better estimator than other strategies, such as bootstrap
with a high computational cost or re-substitution with a biased behavior (García et al.
2015).Here a stratifiedfivefold cross-validationwas applied: the data setwas randomly
divided into five stratified blocks of equal size; for each fold, four blocks were pooled
as the training set, and the remaining part was used as an independent test set. Thus,
the learning procedure was run a total of five times on different training sets and the
results from predicting the class of the test samples were averaged across the five trials.
Note that stratification allows to preserve the class proportions of the whole data set
into each one of the blocks, thus reducing the prior probability of data set shift and
the variance in the estimation process (Santafe et al. 2015).

In most financial applications, it is important to assess not only the overall accuracy
of the model, but also the true-positive and true-negative hits because the misclassi-
fication costs are usually asymmetric (the cost of predicting a bankrupt sample as
non-bankrupt is generally much higher than the opposite situation) (Caouette et al.
2008). The true-positive rate (or sensitivity) is the proportion of positive samples that
are correctly predicted, whereas the true-negative rate (or specificity) is the propor-
tion of negative cases that are correctly predicted. Note that we have considered that
the bankrupt examples shape the positive class and the non-bankrupt ones form the
negative class.

5 Results and Discussion

Figures 2 and 3 display the accuracy, the true-positive rate (TPr) and the true-negative
rate (TNr) averaged across the five runs. For each predictionmodel, we have plotted the
results for the feature space and also the results of the two variants for the dissimilarity
space when varying the percentage of examples from T that have been chosen to
generate the representation set R. Note that the line parallel to X -axis corresponds
to the case of the feature space, which indicates that the results do not depend on
the size of R because they were achieved by learning directly from the training set T .
These plots show that the models built with any of both approaches to the dissimilarity
representation perform much better than the respective feature-based classifiers.

If the focus is on the plots of Fig. 3, it is remarkable and important to notice
that differences between the dissimilarity space and the feature space are especially
significant in the case of the true-positive rate, which refers to the number of hits on
the most critical class because of the high cost of failing in the prediction of bankrupt
samples.

When comparing R-DS and RC-DS, the plots in Figs. 2 and 3 indicate that in
general, there do not exist differences in prediction performance, independently of
the classifier used. However, when the percentage of prototypes is less than 5%, the
option of generating the set R with the same proportion of examples from each class
(RC-DS) performs slightly better than the R-DS variant.

Tables 3 and 4 report a summary of the experimental results for 10, 20, 30, 40 and
50% of prototypes used to built the representation set. As can be observed, using a
dissimilarity space instead of a feature space consistently produces considerable gains
in terms of accuracy, true-positive rate and true-negative rate. In the case of accuracy,
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Fig. 2 Accuracy rates when varying the size of the representation set

whilst the performance of the prediction models on the feature space is about 51–58%,
that on the dissimilarity space is about 96–99%. Differences are even more significant
when the performance is assessed by means of the true-positive rate, especially with
the Fisher’s linear discriminant model. On the other hand, various configurations of
the dissimilarity representation yield 100% of true-negative rate. These results support
the claim that the linear models generally lead to very high performance when they
are built on the dissimilarity space.

To gain some insight into these results, we have projected the data onto a two-
dimensional subspace through PCA. Figure 4 shows the scatter plots of the original
feature space and the two variants of the dissimilarity space (for the percentages of
prototypes reported in Tables 3, 4). In addition, as the size of the original training
set is 250 × 6 (250 examples and 6 explanatory variables), we have also included
the scatter plots of the dissimilarity representations obtained by random selection of
six examples, which results in a matrix D(T, R) of size 250 × 6. By this, one can
compare the class distribution on both spaces under identical conditions (sizes).

As can be seen in Fig. 4, the overlap between bankrupt and non-bankrupt examples
is very high in the feature space, whereas both dissimilarity-based variants give rise
to good separability between classes, irrespective of the size of the representation set
R. The lack of separability between classes in the feature space may result in many
false-positives or false-negatives, which helps to explain the low performance of the
prediction models when they were applied on this space.
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Fig. 3 True-positive and true-negative rates when varying the size of the representation set
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Table 3 Summary of accuracy
rates

% FLD LDC Logit SVM

FS – 0.5160 0.5480 0.5840 0.5480

R-DS 10 0.9640 0.9680 0.9480 0.9880

20 0.9640 0.9840 0.9360 0.9840

30 0.9920 0.9920 0.9520 0.9840

40 0.9920 0.9920 0.9680 0.9960

50 0.9920 0.9960 0.9680 0.9880

RC-DS 10 0.9680 0.9640 0.9360 0.9880

20 0.9800 0.9880 0.9600 0.9760

30 0.9920 0.9920 0.9640 0.9920

40 0.9880 0.9960 0.9680 0.9960

50 0.9960 0.9640 0.9760 0.9920

Table 4 Summary of true-positive and true-negative rates

% TPr TNr

FLD LDC Logit SVM FLD LDC Logit SVM

FS – 0.1221 0.3472 0.5165 0.3472 0.8111 0.6988 0.6369 0.6988

R-DS 10 0.9165 0.9065 0.9165 0.9909 1.0000 0.9719 0.9724 0.9862

20 0.9165 0.9719 0.9065 0.9909 1.0000 0.9931 0.9581 0.9788

30 0.9909 0.9818 0.9251 0.9727 0.9931 1.0000 0.9722 0.9931

40 0.9818 0.9818 0.9537 0.9909 1.0000 1.0000 0.9791 1.0000

50 0.9818 0.9909 0.9437 0.9909 1.0000 1.0000 0.9862 0.9860

RC-DS 10 0.9338 0.9623 0.8874 0.9909 0.9929 0.9653 0.9722 0.9860

20 0.9537 0.9909 0.9537 0.9636 1.0000 0.9860 0.9650 0.9862

30 0.9818 0.9909 0.9346 0.9818 1.0000 0.9929 0.9860 1.0000

40 0.9719 0.9909 0.9537 0.9909 1.0000 1.0000 0.9793 1.0000

50 0.9909 0.9156 0.9719 0.9909 1.0000 1.0000 0.9791 0.9931

6 Conclusions and Future Work

In the present study, we have explored the feasibility of applying the dissimilarity
representation to effectively discriminate between bankrupt and non-bankrupt com-
panies. To this end, four well-known linear prediction techniques (FLD, LDC, SVM
and logit) have been implemented both on the feature space and the dissimilarity space
and tested over a database generated by a commercial bank in Korea.

The experimental results have demonstrated that all the linear models here ana-
lyzed for bankruptcy prediction perform clearly better on the dissimilarity space than
on the feature space in terms of accuracy, true-positive rate and true-negative rate.
Projection of data onto a two-dimensional subspace has shown that the dissimilarity
representation provides significantly higher separability between classes than the orig-
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Fig. 4 Distribution of the bankrupt (red diamond) and non-bankrupt (blue star) classes in a two-dimensional
space. (Color figure online)

inal feature representation, which allows to understand why the dissimilarity-based
prediction models outperform their feature-based counterparts.

In the future, it would be of interest to perform further simulation studies that com-
pare linear and non-linear prediction models on both the dissimilarity and the feature
spaces. Other research directions might include the application of the methodology
described in this paper to analyze the effects of class imbalance and data set shift on
the dissimilarity-based models for bankruptcy prediction or even for other economic
and financial problems. A final avenue for further research is to study the applicability
of the dissimilarity representation to select the most relevant explanatory variables.
This is a non-trivial problem that may require a significant effort, but deserves to be
taken into account.

References

Abellán, J., & Mantas, C. J. (2014). Improving experimental studies about ensembles of classifiers for
bankruptcy prediction and credit scoring. Expert Systems with Applications, 41(8), 3825–3830.

Acosta-González, E., & Fernández-Rodríguez, F. (2014). Forecasting financial failure of firms via genetic
algorithms. Computational Economics, 43(2), 133–157.

Alfaro, E., García, N., Gámez,M.,&Elizondo,D. (2008). Bankruptcy forecasting:An empirical comparison
of AdaBoost and neural networks. Decision Support Systems, 45(1), 110–122.

Altman, E. I. (1993). Corporate financial distress and bankruptcy: A complete guide to predicting and
avoiding distress and profiting from Bankruptcy. New York: Wiley.

Altman, E. I., Haldeman, R.G.,&Narayanan, P. (1977). ZETAanalysis: A newmodel to identify bankruptcy
risk of corporations. Journal of Banking & Finance, 1(1), 29–54.

Aziz,M.A.,&Dar,H.A. (2006). Predicting corporate bankruptcy:Wherewe stand?CorporateGovernance,
6(1), 18–33.

Balcaen, S.,&Ooghe,H. (2006). 35 years of studies on business failure: An overview of the classic statistical
methodologies and their related problems. The British Accounting Review, 38(1), 63–93.

123



V. García et al.

Caouette, J. B., Altman, E. I., Narayanan, P.,&Nimmo,R. (2008).Managing credit risk: The great challenge
for global financial markets. Hoboken, NJ: Wiley.

Chen,M. Y. (2012). Comparing traditional statistics, decision tree classification and support vector machine
techniques for financial bankruptcy prediction. Intelligent Automation & Soft Computing, 18(1), 65–
73.

Cielen, A., Peeters, L., & Vanhoof, K. (2004). Bankruptcy prediction using a data envelopment analysis.
European Journal of Operational Research, 154(2), 526–532.

Cleofas-Sánchez, L., García, V., Marqués, A. I., & Sánchez, J. S. (2016). Financial distress prediction using
the hybrid associative memory with translation. Applied Soft Computing, 44, 144–152.
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