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Abstract Credit risk management is a key element of financial corporations. One
of the main problems that face credit risk officials is to approve or deny a credit
petition. The usual decision making process consists in gathering personal and
financial information about the borrower. This paper present a new method that is
able to generate classifying rules that work no only on numerical attributes, but also
on nominal attributes. This method, called LVQ+PSO, combines a competitive
neural network with an optimization technique in order to find a reduced set of
classifying rules. These rules constitute a predictive model for credit risk approval.
Given the reduced quantity of rules, our method is very useful for credit officers
aiming to make decisions about granting a credit. Our method was applied to two
credit databases that were extensively analyzed by other competing classification
methods. We obtain very satisfactory results. Future research lines are exposed.
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1 Introduction

Data mining comprises a set of techniques that are able to model available
information. One of the most important stages in the process is knowledge dis-
covery. It is characterized by obtaining new and useful information without
assuming prior hypothesis. One of the preferred techniques by decision makers is
the association rule.

An association rule is an expression: IF condition1 THEN condition2, where
both conditions are conjunctions of propositions of the form (attribute = value),
whose solely restriction is that attributes in the antecedent must no be present in the
consequent. When a set of association rules present in the consequent the same
attribute it is called a set of classification rules (Witten et al. 2011; Hernández et al.
2004).

This paper presents a new method for obtaining classification rules that combine
a neural network with an optimization technique. We focus on reaching good
results using a reduced number of rules.

Section 2 describes briefly previous literature on credit risk. Section 3 and 4
describe the neural network and the metaheuristics, respectively. Section 5
describes the proposed method. Section 6 gives the results of the empirical appli-
cation and Sect. 7 concludes.

2 Related Work

There are several methods of rule construction. If the goal is to obtain association
rules, the a priori method (Agrawal and Srikant 1994) or some of its variants could
be used. This method identifies the most common sets of attributes and then
combines them to get the rules. There are variants of the a priori method, are usually
oriented reduce computation time.

Under the topic classification rules, the literature contains various construction
methods based on trees such as C4.5 (Quinlan 1993) or pruned trees as the PART
method (Frank and Witten 1998). In both cases, the key is to get a set of rules that
covers the examples fulfilling a preset error bound. The methods of construction
rules from trees are partitives and are based on different attributes’ metrics to assess
its ability to cover the error bound.

This paper presents a different approach based on Particle Swarm Optimization
(PSO) to determine the rules. There are methods of obtaining rules using PSO
(Wang et al. 2007). However, when operating with nominal attributes, a sufficient
number of examples to cover all areas of the search space is required. If this
situation is not feasible, its consequence is a poor initialization of the population,
leading to premature convergence. As a way to bypass this problem, while reducing
the turnaround time, is to obtain the initial state from a competitive LVQ neural
network (Learning Vector Quantization). There is some literature that uses PSO as a
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means to determine the optimal quantity of competitive neurons to be used in the
network, such as Hung and Huang (2010). The aim of this paper is the inverse
process, since the neural network is the starting point for the optimization
technique.

It is also important to mention previous studies used other techniques to predict
credit risk. Yu et al. (2010) concludes that Support Vector Machine (SVM) is a
technique that achieves the most accurate prediction. However, their solution is not
comparable to our proposal. SVM is a nonlinear model that does not offer as a result
a set of rules. As a consequence, it prevents the justification of the decision.
A similar case is the use of neural networks in order to make decisions, mentioned
also in Yu et al. (2010).

3 Learning Vector Quantization (LVQ)

Learning Vector Quantization (LVQ) is a supervised classification algorithm based
on centroids or prototypes (Kohonen 1990). It can be interpreted as a three layer
competitive neural network. The first layer is only an input layer. The second layer
is where the competition takes place. The third layer performs the classification.
Each neuron in the competitive layer has an associated numerical vector of the same
dimension as the input examples and a label indicating the class they will represent.
These vectors are the ones that, at the end of the adaptive process, will contain
information about the classification prototypes or centroids. There are different
versions of the training algorithm. We will describe the one used in this article.

When starting the algorithm, a number of K centroids should be indicated. This
allows defining the network architecture, given that number of inputs and outputs
are defined by the problem.

Centroids are initialized taking K random examples. Then, examples are entered
one at a time in order to adapt the position of the centroids. In order to do this, the
closest centroid to the example is determined, using a preset distance measure.
Since this is a supervised process, it is possible to determine whether the example
and the centroid correspond to the same class. If the centroid and the example
belong to the same class, the centroid to moved closer to the example with the aim
of strengthening the representation. Conversely, if the classes are different, the
centroid is moved away from the example. These movements are performed using a
factor or adaptation rate.

This process is repeated either until changes are less than a preset threshold or
until the examples are identified with the same centroids in two consecutive iter-
ations, whichever comes first.

In the implementation used in this article, we also examine the second nearest
centroid and, in case it belongs to a different class of the example and be at a
distance of less than 1.2 times the distance to the first centroid, it is moved away.
Several variants of LVQ can be consulted in Kohonen et al. (2001).
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4 Obtaining Classification Rules with Particle Swarm
Optimization (PSO)

Particle Swarm Optimization (PSO) is a population-based metaheuristic proposed
by Kennedy and Eberhart (1995). In it, each particle in the population represents a
possible solution to the problem and adapts following three factors: knowledge on
the environment (fitness value), historical knowledge or past experience (memory)
and historical knowledge or previous experiences of particles located in its
neighborhood (social knowledge).

PSO was originally defined to work on continuous spaces. In order to operate
with it on a discrete space it is necessary to take into account some precautions.
Kennedy and Eberhart (1997) defined a binary version of PSO method. One of the
central problems of the latter method is its difficulty changing from 0 to 1 and from
1 to 0 once it has stabilized. This has led to different versions of binary PSO,
looking to improve the exploratory capacity. In particular, this work will use a
variant defined by Lanzarini et al. (2011).

Obtaining classification rules using PSO, when operating on nominal and
numeric attributes, requires a combination of the methods mentioned above. This is
so, because it is necessary to say which attributes will be part of antecedent and
what value or range of values it may take (a combination of discrete and continuous
spaces).

Since it is a population technique, it should be analyzed the required information
in each particle of the population. A decision between representing a single rule or
the full rules set per particle should be made. At the same time, the representation
scheme of each rule should be chosen. Tanking into account the aim of this work,
we follow the Iterative Rule Learning (IRL) approach developed by Venturini
(1993), in which each individual represents a single rule and the solution is con-
structed from the best individuals obtained in a sequence of executions. Conse-
quently, using this approach implies that the population technique be applied
iteratively until the desired coverage, obtaining a single rule for each iteration: the
best individual of the population. It has also been decided to use a fixed length
representation where only the antecedent of the rule is coded and given this
approach, an iterative process will associate all individuals in the population with a
default class, which does not require coding the consequent. A detailed represen-
tation of the particles could be seen in Lanzarini et al. (2015).

The fitness value of each particle is computed as follows:

fitness = α *Balance * support * confidence− β * lengthAntecedent

where:

• support: is the support of the rule. It is ration of the quantity of examples that
fulfils the rule to the total number of examples under examination.
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• confidence: it is the confidence of the rule. It is the ratio of the quantity of
examples that fulfils the rule to the quantity of examples that fulfil the
antecedent.

• lengthAntecedent: it is the ratio of the quantity of conditions used in the ante-
cedent to the total quantity of available attributes. It is noteworthy that each
attribute can only appear once in the antecedent of a rule.

• Balance: assumes values in the interval (0, 1] and aims to offset the imbalance
between the two classes. If the difference between the quantities of objects in
each class is less than 20 %, it is equal to 1 and does not modify the fitness
function. In other cases, its value is (H – E)/H, being H the quantity of examples
in the opposite class that appears in the consequent and E is the quantity of
misclassified examples by the rule.

• α, β: are two coefficients that reflect the importance of each term.

5 LVQ+PSO. Proposed Method for Obtaining Rules

Rules are obtained through an iterative process that analyzes examples not covered
in each class, beginning by the more populated classes. Whenever a rule is
obtained, examples covered by such rule are removed from the set of input data.
The process continues until covering all examples, or until the amount of uncovered
examples in each class examples is either below the respective minimum estab-
lished support or until they the maximum number of attempts to obtain a rule have
been reached. It is important to note that, since examples are removed from the set
of input data once they are covered by the rules, they constitute a classification. This
is to say that, in order to classify a new example, rules must be applied in the order
in which they were obtained and the example will be classified according to the
corresponding class of the consequent of the first rule whose antecedent verifies for
the example under examination.

Before starting the iterative process of obtaining rules, the method starts with the
supervised training of a LVQ neural network, using the full set of examples and the
algorithm described in Sect. 2. The goal of this step is to identify the most
promising areas of space search.

Since neural networks operate only with numeric data, nominal attributes are
represented by a dummy coding using as many binary digits as the different options
of the nominal attribute. In addition, before starting the training, each numeric
attribute is linearly scaled in the interval [0, 1]. The similarity measure used is the
Euclidean distance. Once training is complete, each centroid will contain approx-
imately the average of the examples it represents.

In order to obtain each of the rules, it is determined firstly, which is corre-
sponding class of the consequent. With the aim of obtaining rules with high sup-
port, the proposed method analyzes the classes having a greater number of
uncovered examples. The minimum support that a rule must meet is proportional to
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the amount of non covered examples of the class by the time that was obtained. In
other words, the minimum support required for each class decreases along itera-
tions, as examples of the corresponding class are covered. Thus, it is expected that
the first rules have more support than the last rules.

Once the class is selected, the consequent is determined by the rule. In order to
obtain the antecedent, a swarm population will be optimized, using the algorithm
described in Sect. 3, initialized with the information of all centroids able to rep-
resent a minimum number of examples from the selected class and its immediate
neighbors. The information of the centroid is used to determine the velocity of the
particle. In both cases, it is intended to operate with a value between 0 and 1 that
measures the degree of participation of the attribute (if numeric) or attribute value
(if nominal) in building the antecedent of the rule. In the case of nominal attributes,
it is clear that the average indicates the ratio of elements represented by the centroid
that match the same value. However, when it is numeric, this ratio is not present in
the centroid but the deviation of the examples (considering a specific dimension). If
the deviation in a certain dimension is zero, all examples coincide in the value of
the centroid, but if it is too large, it should be understood that it is not representative
of the group. Therefore, it would not be appropriate to include it in the antecedent
of the rule. If deviation is large, using (1-1.5 * deviationj), the speed value (argu-
ment of the sigmoid function) will be lower and the probability that the attribute be
used is reduced. In all cases the speed is initialized randomly in a range previously
defined. Figure 1 shows the pseudocode of the proposed method.

Fig. 1 Pseudocode of the proposed method
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6 Results

In this section we compare the performance of the proposed method, LVQ+PO,
vis-à-vis C4.5 methods defined by Quinlan (1993) and PART defined by Frank and
Witten (2011). Both alternative methods allow classification rules. C4.5 is a pruned
tree whose branches are mutually exclusive and allow classifying examples. PART
gives as a result a list of rules equivalent to those generated by the proposed
classification method, but in a deterministic way. PART operation is based on the
construction of partial trees. Each tree is created in a similar manner to that pro-
posed for C4.5 but during the process construction errors of each branch are cal-
culated. These errors allow the selection of the most suitable combinations of
attributes. For a detailed description of the method see PART [1].

We worked on two credit risk data bases belonging to UCI repository (Lichman
2013): German commercial credit staff and personnel data set Australian credit data
set. The German credit data set is totally of 1000 instances, treats including 300
“bad” and 700 “good” cases. Each sample has 20 attributes (7 numerical and
categorical 13), treats including account status, loan purposes, loan amount, age,
property status, etc. The Australian credit data set Consist of 690 instances, 307
“bad” and 383 “good” cases, and each sample has 14 attributes (8 June numerical
and categorical).

We performed 30 independent runs of each method. For LVQ+PSO, we use a
LVQ network of 30 neurons distributed between classes in proportion to the
examples used.

PART method was executed with a confidence factor of 0.3 for the pruned tree.
For other parameters default values were used.

Tables 1 and 2 summarize the results obtained by applying the three methods. In
each case was considered not only the accuracy of coverage of the rule set, but also
the “transparency” of the obtained model. This “transparency” is reflected in the
average number of rules obtained and the average number of terms used to form the
antecedent.

In addition, given the nature of the problem under study, i.e. credit risk predition,
we computed Type I error for each of the methods. This error measures the ratio of
examples that the model predicts as belonging to the class GOOD (clients that will
not have problem in paying back the credit), when in fact does not belong to such
class, to the total number of examples.

Table 1 Experiment results on German credit data set

Accuracy Average length
of antecedent

Size of rule set Type I Error

C4.5 0.706 ± 0.04 4.95 ± 0.242 64.211 ± 7.287 0.17
PART 0.704 ± 0.013 2.81 ± 0.106 53.533 ± 3.14 0.14
LVQ+PSO 0.709 ± 0.015 3.657 ± 0.152 7.833 ± 0.400 0.14
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Our results confirm that in both cases the proposed method achieves higher
accuracy higher than PART but equivalent to that achieved by C4.5 method.
However, if we observe the size of the rule set to achieve such accuracy, the
proposed method uses a much smaller number of rules. As a consequence, our
model is more simple and straightforward to interpret by the decision maker.

We would like to highlight that the important simplification in the set of rules
does not only achieves an accuracy comparable to previous methods, but also keep
Type I error in line with the selected benchmark models.

7 Conclusions

We introduce a new method of obtaining classification rules using a variant of
binary PSO, whose population is initialized with information from the centroids of a
network previously trained LVQ neural network. This combination allows oper-
ating with numerical and nominal attributes.

Experimental results on two public databases show that the LVQ+PSO method
obtains a simpler model . It uses, on average, on average about 17.15 % of the
number of rules generated by PART and 16.53 % of the rules generated by C4.5,
with a history formed by few conditions and equivalent accuracy.

Although based on the conducted tests, no evidence of dependence between
results and the initial size of the LVQ network has arisen, it is considered desirable
to repeat the measurements using an LVQ network of minimum size and a version
of variable population PSO to adequately explore the solution space.
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