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Abstract

This paper presents a novel method to predict bankruptcy,
using a Genetic Programming (GP) based approach called
Evolving Decision Rules (EDR). In order to obtain the opti-
mum parameters of the classifying mechanism, we use a data
set, obtained from the US Federal Deposit Insurance Cor-
poration (FDIC). The set consists of limited financial insti-
tutions’ data, presented as variables widely used to detect
bank failure. The outcome is a set of comprehensible deci-
sion rules, which allows to identify cases of bankruptcy. Fur-
ther, the reliability of those rules is measured in terms of the
true and false positive rate, calculated over the whole data set
and plot over the Receiving Operating Characteristic (ROC)
space. In order to test the accuracy performance of the mech-
anism, we elaborate two experiments: the first, aimed to test
the degree of the variables’ usefulness, provides a quantitative
and a qualitative analysis. The second experiment completed
over 1000 different re-sampled cases is used to measure the
performance of the approach. To our knowledge this is the
first computational technique in this field able to give useful
insights of the method’s predictive structure. The main con-
tributions of this work are three: first, we want to bring to the
arena of bankruptcy prediction a competitive novel method
which in pure performance terms is comparable to state of the
art methods recently proposed in similar works; second, this
method provides the additional advantage of transparency as
the generated rules are fully interpretable in terms of simple
financial ratios; third and final, the proposed method includes
cutting edge techniques to handle highly unbalanced samples,
something that is very common in bankruptcy applications.

1 Introduction

Corporate bankruptcy has been an active area of research in
finance. Furthermore, in the aftermath of the Lehman Broth-
ers default and its consequences on the global financial sys-
tem, this topic has attracted even more attention from regula-
tors and researchers. This unprecedent even in recent times
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has brought to the attention of governmental and financial au-
thorities the need to strengthen the regulatory framework. De-
spite that the principles of the Basel Committee on Banking
Supervision or Basel II [1], has been revised just few years
ago, today regulators’ agenda points toward what has been in-
formally known as Basel III. Consequently, the need of timely
signals for supervisory action and the development of tools
that helps to determine which financial information is more
relevant to predict distress is gaining popularity.

In the modern interconnected economies, the default prob-
ability of individual financial institutions is not an indepen-
dent event, nevertheless an early warning system that could
predict bankruptcy with relatively good accuracy could be a
crucial element in preventing contagion. To that end, it is im-
portant to have a reliable classification method to assist finan-
cial distress. In this context, it is worth mention that Breiman
et al. [2] pointed out that the main goals of classification
are: 1) to generate an accurate classification model able to
predict unseen cases and 2) discover the predictive structure
of the problem. The last goal means that the method should
provide an understanding of the variables and conditions that
control or are involved in the event. In many cases both ob-
jectives are important, for that reason a good classifier has to
be able to produce accurate classifications, with the limitation
of the data and provide understanding of the predictive struc-
ture of the data. This idea is extended even further in [3],
which discusses the distinction between models designed for
prediction and models designed for understanding. The au-
thors remark that sometimes models, which provide a poor
representation of the solution, have better predictive power
than methods that provide comprehensible models, e.g. the
Artificial Neural Networks (ANN) [4].

It has been a commonplace for a while, the criticism to
classification and prediction models which are opaque and do
not provide interpretability of such models. ANNs are the
typical example of such good performance poor interpretabil-
ity models. Although, it is not possible to classify such type of
approach as black boxes any more, there is a strong sense that
having models which allows a better understanding of how
the prediction models work is preferable than having a com-
petitive model only in performance terms which provides very
little information about how the model works.

In this study our objective is to achieve both requirements:
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the proposed method should be accurate in predicting and it
should be able to give insights in the way financial institution
bankruptcy is detected. To that end, we propose a machine
learning approach called Evolving Decision Rules (EDR) [5],
based on Genetic Programming (GP) [6]. This method gen-
erate a set of comprehensible decision rules, aimed to detect
bank failure, from a data set, obtained by the US Federal De-
posit Insurance Corporation (FDIC). The data set consists of
limited financial institutions’ variables widely used to predict
bankruptcy. This paper presents two experiments, the first one
makes a quantitative and a qualitative analysis of the results
with the aim to rate the predictive ability of the variables in
the data set. The second experiment shows the performance
of our approach using the Receiving Operating Characteristic
(ROC) [7] curve and exhibits a set of decision rules demon-
strating the interpretability of the solution.

The remainder of this paper is organized as follows:
section 2 contains an overview of the literature related to
bankruptcy prediction for banks, section 3 presents a brief
description of the Evolving Decision Rules (EDR) approach,
while section 4 describes the experiments to test our method.
Finally, we present our conclusions in section 5.

2 Bankruptcy prediction for banks

Given the actual state of the global economy and having
banks at the centre of a worldwide debate it is more important
today than ever to have models which can be used to predict
bankruptcy for banks as they are tremendously important in-
stitutions in our globalized financial system. We believe that
as important as having models that predict bankruptcy accu-
rately is to have models that shed some light on how such
bankruptcy can be predicted. More importantly, it is crucial
to be able to create simple rules which can warn us before
bankruptcy actually happens.

The present study is very much related to [8] crucially in
terms of the data set used to generate the rules and on the
re-sampling method used in order to make the performance
comparison with other related techniques fairer. The informa-
tion used to generate the decision rules for the bankruptcy pre-
diction for banks consists of simple financial ratios which are
very common and well understood within the finance commu-
nity. Nevertheless, there is nothing that prevent us from using
information of different nature to the financial ratios. In fact
it would not require a change in paradigm and an exploratory
study can be conducted in order to cope with the size of the
possible extended input information for the rule generation
mechanism.

The first work which used financial ratios to assess the fi-
nancial health of companies is [9]. After such seminal work,
the works by Altman ([10]) and the Z-score became the ref-
erence works in this field. Moreover, as it has been proved in
[8] the Fisher’s Discriminant ([11]) is a quite competent tool
in this precise prediction task.

3 Evolving Decision Rules

This section briefly describes the Evolving Decision Rules
approach (EDR). It starts by describing the idea behind this
approach and finally a brief description of each step is ex-
plained. For more detailed information the reader is referred
to [12], [5].

Evolving Decision Rules is an evolutionary technique. The
main objective of this approach is to generate a set of under-
standable rules whose purpose is to classify a single class, let
us call this set of rules ”repository”, which is represented as
R. Different classifications can be obtained by using distinct
subsets of rules from R, these subsets are conformed by rules
whose precision reaches a specific threshold. This feature is
very useful for users because they can choose between a con-
servative or a liberal prediction (high and low precision re-
spectively), according to their necessities.

Let us list the main steps of the EDR approach.

1. - Creation of the initial population. Create a population of
random decision trees

2. - Extraction of rules. Analyze every decision tree to de-
limit their rules and select useful patterns

3. - Rule simplification. This step analyses the new rule to
remove the redundant and vacuous conditions

4. - Adding new rules to the repository. Detect new rules
by comparing the new one with the existing rules in the
repository

5. - Creation of a new population. Create the new population
taking as parents the rules that are stored in the reposi-
tory. The next generation will be created using the muta-
tion operator and hill-climbing.

6. - Testing EDR. Once the evolutionary process has fin-
ished, EDR is tested by using another data set. It is
evaluated by using sub-collections of R. Those rules are
grouped according to their precision.

4 Experimental section

To achieve our goals the EDR approach was applied for
generating rules to predict bank failure by means of two series
of experiments. The first experiment pursues the objective of
analyzing the variables in the data set for choosing the most
relevant features to generate the model. The second experi-
ment measures the performance of the EDR system in terms
of the Area Under the ROC curve (AUC) curve and shows the
most successful rules. More detailed description of the exper-
iments is given in the following sections.

4.1 Training data description

The data set to train and test our approach is composed of
financial ratios, these are listed in Table 1 . The data comes
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from the Federal Deposit Insurance Corporation (FDIC)
and it was kindly provided by the Centre for Computational
Finance and Economic Agents (CCFEA), University of Essex.

To tune the parameters for running the EDR system a se-
ries of preliminary experiments was performed. The experi-
ment consisted of fifty running using different values for the
parameters. The best results were obtained using the values
described in table 2.

4.2 Experiment I

The purpose of the first experiment is to select the most
suitable variables to create the model. We devote substantial
time to this work because removing irrelevant features from
the data set helps to avoid confusion or noise trying to in-
tegrate no-relevant information into the model. Additionally
the reduction of variables speeds the evolutionary process. To
determine the predictive power of each variable a quantitative
and a qualitative analysis were carried on.

The quantitative analysis pursues to measure the frequency
and the impact of each variable in the resultant rules. Thus, a
data set D0 was randomly re-sampling ten times to create ten
different data sets D1,D2,...D10, this technique is well known
as bootstrapping [13] . Given that, the EDR method is a
stochastic process, this was performed ten times per each data
set Di where i = 1, 2..10. In total EDR was performed 100
times producing the same number of rules’ repositories, let
us call them Rij where i indicates the number of the data set
and j the number of running. Each repository Rij contains 50
rules, let us define Rep =

⋃
Rij ∀ i, j = 1, 2..10, such repos-

itory contains in total 5,000 rules. An index to measure the
importance of each variable was created, notice that the index
involves the frequency as well as the precision of the rule. Let
us define the usefulness index as follows: Index(vark) =
1
n

∑
xik × pi ∀i = 1, 2, . . . n

n is the total number of analyzed rules ri is a decision
rule where i = 1, 2, . . . , n pi is the precision of the rule

Table 1. List of variables
Var. Name Description

Num.
1 NIM Net interest margin
2 NII Non-interest income to earning assets
3 NIX Non-interest expense to earning assets
4 NOI Net operating income to assets
5 ROA Return on assets.
6 ROE Return on equity
7 ER Efficiency ratio
8 NCA Non-current assets plus other real estate

owned to assets
9 CUS Cash plus US treasury and government

10 EC Equity capital to assets
11 CR Core capital leverage ratio

Table 2. Summary of Parameters for running
EDR

Parameter Value
Population size 500
Initialization method Growth
Generations 50
Crossover Rate 0.8
Mutation Rate 0.05
Selection Tournament (size 2)
Control bloat growing Tarpeian method
Evaluate rules varying precision .02

ri vark is a variable where k = 1, 2, . . . , 11

xik =
{

1 if vark ∈ ri

0 vark /∈ ri

Table 3 shows the usefulness index for each variable and the
percentage of repositories whose rules did not use that vari-
able at all.

As can be observed from table 3 the index average was
0.192, then the variables whose performance was lower than
the average could be candidates to be eliminated from de data
set. The variables NII,ROA,ER, CUS y CR are in that case. In
the same vein those variables were not used at all in the 11%,
15%, 33%, 5% and 17% of the cases respectively. However, it
is difficult to establish a minimum threshold for that index, for
that reason it was needed to complement this measure with a
qualitative study.

The qualitative test consists in analyzing the performance
of each variables by measuring the AUC when the variable is
presented and when this is absent. Let us describe the experi-
ment in more detail, for each data set Di where i = 1, 2, ..10 a
repository Ri was taken randomly. Notice that the repositories
were created in the first part of this experiment. Every repos-
itory Ri was evaluated by calculating the AUC, this measure
was taken as a goldstone to compare the performance of the

Table 3. Usefulness index
Num short Description % Ri that did not
Var name use the variable

1 NIM 0.2764 0%
2 NII 0.0435 11%
3 NIX 0.1904 0%
4 NOI 0.5183 0%
5 ROA 0.0259 15%
6 ROE 0.2912 0%
7 ER 0.0141 33%
8 NCA 0.3784 0%
9 CUS 0.1165 5%
10 EC 0.2194 0%
11 CR 0.0378 17%

Average 0.1925 7%
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same repository but eliminating those rules which contain a
specific variable vark. Let us define R−vark

i as the repository
of rules Ri removing those rules which contain the variable k
and Rvark

i as the set of rules from Ri whose conditions con-
tain variable k. Table 4 shows the AUC of each repository Ri

and the percentage of the difference between AUC(Ri) and
AUC(R−vark

i ), the formula of this variation is:

V ariation(Ri, R
−vark
i ) = AUC(R−vark

i )−AUC(Ri)

AUC(Ri)

∀i = 1, 2, . . . 10, ∀ k = 1, 2, . . . 11
If the variation is negative it means that removing variable k
caused a lost of useful patterns to detect the bankruptcy.
In order to illustrate our analysis, let us explain the Figure 1,
which shows the ROC curve of R7 and R−ROE

7 . Additionally,
the individual performance of rules ∈ RROE

7 has been plotted
in the ROC space. As can be noticed the AUC of R7 is 0.88,
which outperforms the AUC of R−ROE

7 (0.83). Besides, it
is clear that the majority of rules in RROE

7 surpass the curve
R−ROE

7 . This means that the set of rules RROE
7 is certainly

contributing to the classification function. From this analysis
we can assume that ROE is an important feature to create our
bankruptcy prediction model. The bonus of rules in RROE

7

can be easily observed in table 4, which indicates that those
rules represents about the 5% of the AUC.
On the other hand, as can be seen from Figure 2 the AUC of
R2 is 0.89 and it increased the AUC to .91 by removing the
rules in RNIX

2 . This can be noticed from table 2, that vari-
able NIX is no contributing to the classification work, with the
exception of R4 . Furthermore, this variable was not used in
the 11% of the repositories, thus we can conclude that NIX is
not an important feature to describe the model.

Based on the two previous analysis, the variables NIX, NII,
ER and CR were removed from the data set D0, which will be
used to train and test our approach. The fact that some vari-
ables were eliminated from the data set because these were
unhelpful or disadvantageous does not mean that those vari-
ables could not be useful to create a bankruptcy models using
other structure o representation. The reason is very easy, as
we mentioned previously, EDR system is able to create a set
of rules, which have a specific format, these compare vari-
ables against variables or thresholds. If the predictive power
of a specific variable can not be represented using this struc-
ture the variable will be not relevant.

4.3 Experiment 2

The objective of the second experiment is to evaluate the
performance of EDR to create a set of decision rules for pre-
dicting bankruptcy, as well as show a sample of the rules pro-
duced by this approach. To validate the results of this experi-
ment we used bootstrapping to re-sample the data set D0. No-
tice that D0 has been formed by just using the approved vari-
ables in the previous experiment. Thus, D0 was re-sampled
100 times, given that EDR is a stochastic process it was run
ten times per each data set Di ∀ i = 1, 2..100, it means that
the EDR was executed 1,000 times producing the same num-
ber of solutions or repositories.

Table 4. EDR performance eliminating variables

Num AUC -NIM -NII -NIX -NOI
R1 0.79 1.66% 0.53% -44.06%
R2 0.89 0.05% 2.21% -41.11%
R3 0.88 -42.78%
R4 0.87 -0.59% -0.67% -9.13%
R5 0.84 1.28% -39.42%
R6 0.83 -0.02% -40.21%
R7 0.88 -0.11% 0.61% -42.66%
R8 0.87 0.02% 1.87% -43.23%
R9 0.85 2.02% -44.06%

R10 0.89 3.78% -36.43%
Num AUC -ROA -ROE -ER -NCA
R1 0.79 -1.94% 2.6%
R2 0.89 -0.02% -3.69% -1.69%
R3 0.88 -3.87% -0.2%
R4 0.87 0.14% -0.39%
R5 0.84 -3.61% -0.45%
R6 0.83 -0.24% -0.14% -1.52%
R7 0.88 -5.07% 0.24%
R8 0.87 -0.07% -4.37% 0.49%
R9 0.85 -8.75% -2.09%

R10 0.89 0.18% 0.15% 0.11% -2.73%
Num AUC -CUS -EC -CR
R1 0.79 -0.28%
R2 0.89 -1.65%
R3 0.88 -0.47% -0.22%
R4 0.87 0.52%
R5 0.84 -1.36% 1.14% -0.67%
R6 0.83 -3.92% -0.14%
R7 0.88 0.29% 0.24%
R8 0.87 -2.19% 0.09%
R9 0.85 -0.65% 0.02% 0.21%

R10 0.89 0.37% 0.31%

The statistics of the results are displayed in table 5. The
first column shows the statistics of the results grouped by data
set and the second column displays the statistics of the com-
plete set of repositories Rj ∀ j = 1, 2..1000. As can be seen
from Table 5, the average AUC is 0.8758 when results have
been arranged by data set and 0.8797 when this is calculated
using the complete set of results and each repository is inde-
pendent of each other. As it is well known, the standard devi-
ation is a widely used measure of the variability or dispersion,
in our results the deviation was 0.027 and 0.034. Which is
low taking into account that the application was validated us-
ing bootstrapping and EDR is a stochastic process.

In order to illustrate our results, the figures 3 and 4 show
the performance of the best, the worst and an average ROC
curve generated by our approach. The first graph shows the
results grouped by data set and the second the results without
grouping.

As can be seen, the individual performance of the rules in
the best and the worst solution have been plotted in Figure
5. Let us call them Rbest and Rworst respectively, notice that
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each solution is composed by 50 rules.
It is clear that the performance of rules in the best repos-

itory surpasses the performance of those in the worst reposi-
tory. As can be observed, the rules in Rbest are able to classify
more true positives cases discriminating the false alarms. For
example, r1 ∈ Rbest is able to classify 84% of the positives
cases producing just a 2% of false alarms (see table 7) and r3

is capable to classify correctly 91% of the true positives and
just 12% of false positives.

Finally, notice that the average performance of EDR has
improved in comparison to the results reported before the vari-
able selection (Table 5). As can be observed the average AUC
reported by grouping and individually have slightly increased
and the deviation in both cases has decreased. This exhibits
the consistency of the results and evidences that the rejected
variables were not needed to create the model.

5 Conclusions

In conclusion the experimental results have demonstrated
that the EDR is able to generate more understandable solu-
tions that other machine learning approaches, as Neural Net-

Table 5. EDR performance using the AUC
Before Variable Selection

Grouped by All results
data set

Average 0.8653 0.8702
Deviation 0.0369 0.0385
Minimum 0.7928 0.7702
Maximum 0.9165 0.9284

After Variable Selection
Average 0.8758 0.8797
Deviation 0.0277 0.0342
Minimum 0.7915 0.7434
Maximum 0.9560 0.9683

Table 6. Sample of decision Rules from RBest

Num Decision Rule
r1 ROE<NCA and NCA>CUS and NOI < 0.494251
r2 NCA>CUS and NOI < 0.155161 and ROE < 0.553151
r3 ROE<NCA and NOI < 0.643337 and NCA > -0.41476
r4 ROE<NCA and NOI < 0.361927
r5 ROE<NCA and NOI < 0.386157 and ROA > -1.30336
r6 ROE<NCA and NIM > -1.18823 and NOI < 0.386157
r7 ROE<EC and NOI < 0.338693
r8 ROE<NCA and NOI < 0.306450 and CUS < 4.861662
r9 ROE<NCA and NOI < 0.386157 and ROA < 4.247958
r10 ROE<NCA and NOI < 0.344490 and ROE < 0.256092

works, are not able to provide. The main advantage of the
solution is the understandability, which facilitates the analysis
of the resultant model. Furthermore, as it was observed in the
experiment I, a series of preliminary runs aids to identify the
relevant features of the data set, which helps us to speed up the
evolutionary process as well as to eliminate futile information.
Moreover, the experiments were conducted using very simple
publicly available information which can be extended easily
to include either more financial ratios or a different set of also
public information. This one very important aspect of our ap-
proach: the transparency of the rule construction by means of
the evolutionary process is not tied to any particular school of
thought regarding the information which can be useful on the
predictability of bankruptcy for banks. Finally, our approach
was able to produce a understandable set of rules, whose us-
age can be tuned using the precision of the rule and satisfying
different levels of uncertainty.
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