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ABSTRACT

In the effort to overcome the limitations of some mathematical models to deal with real-world
problems, evolutionary algorithms were developed as alternative optimization technique.
Genetic Programming (GP) represents a branch of evolutionary programming, where encoding
is performed by using an evolutionary algorithm and resulting in solutions that consist of
computer programs. So far, genetic programming has been successfully implemented in various
optimization, search and model approximation problems. As a subset of machine learning
paradigm, GP, developed by Koza, uses genetic algorithms (GA) to automatically generate
computer programs. Multi Expression Programming (MEP), a Genetic Programming variant,
is used in developing models for characterization of system behavior by directly extracting
knowledge from data. MEP is considered an efficient technique for solving complex problems,
having a distinctive feature to store multiple solutions in a single chromosome. However, the
decoding process remains at the same complexity level. MEP has a potentially wide range of
applications. Real systems that exist in socio-economic environment are characterized by
dynamic structure, reflected in nonlinearity, uncertainty and other inherent aspects. Thus,
standard mathematical approach, relying on precise mathematical relations, has certain
limitations in modeling complex systems. As an alternative, fuzzy mathematics is applied when
modelling vague and complex relations and systems. The application of fuzzy systems theory is
recommended in situations where data values and relations are uncertain and imprecise and
their estimation relies on incomplete expert judgment. The principles of fuzzy mathematics have
been extensively used in risk assessment. This paper proposes an integrated methodology for
risk assessment that combines MEP and fuzzy mathematics.

Keywords: Credit scoring model, Genetic Programming, Risk Assessment

1. INTRODUCTION

Banks industry are exposed to challenges in finding new ways of doing business with less risk,
but efficient and profitable. Credit risk is a critical component of any banking organisation and
loans are the largest source of credit risk. Credit scoring models have been used by banks to
determine if applicant belong to a good or a bad applicant group. It is shown that these models
reduce the cost of credit analysis, enable a faster credit decision, and reduce the potential risk
(Lee et al, 2002).
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Credit risk assessment was mostly based on statistical and operational methods. Most recently
different neural network, expert systems, fuzzy systems, genetic algorithm and genetic
programming techniques have been proposed. Hybrid systems such as Genetic Fuzzy Systems
(Cordon, 2011; Koshiyama, 2015, Prasad et al, 2008, Grosan and Abraham, 2006) have been
widely employed to solve classification and regression problems. They have capability of
extracting knowledge from datasets and state it in the linguistic labels with reasonable accuracy.
In this paper we proposed integrated method of MEP and Fuzzy Inference System (FIS). Multi
Expression Programming is a Genetic Programming variant. MEP techniques are substantially
helpful for determine empirical models and to indicate behavior by directly extracting
experimental information (Kerkez et al, 2017). One of the advantages of this tool is that, unlike
traditional methods, the MEP does not require assumptions that simplify the development of
the model. Evaluation of the applicant’s is done using fuzzy logic and Fuzzy Inference System.
Defining applicants not only in good and bad group, but in ,,somewhere between* provides the
possibility of reconsidering a particular client using an individual approach as a proactive model
of cooperation.

2. ABOUT MULTI EXPRESSION PROGRAMMING

The MEP uses the following steps to develop the best program until a termination condition is

achieved (Oltean and Grossan, 2003; Alavietal, 2010; Alaviand and Gandomi, 2011):

a) two parents are selected using the tournament procedure and they are again combined with
the fixed crossover probability,

b) obtaining two off spring on the basis of a re-combination of two parents,

c) mutation of the off spring and the replacement of the worst individual in the current
population with the best of them.

In the MEP scheme, the first symbol of chromosomes must be a terminal symbol. In this way,
only syntactically correct programs are obtained. MEP chromosomes, using a set of functions

F ={+*} and a set of terminalsT ={a,b,c,d}, is represented as follows:

o o

1,2

A e
+

o O

6:+4,5
7:*35
8:*2,6

The algorithm starts with a randomly selected population of individuals. There are certain
limitations for creating a valid MEP individual (more about that in Oltean and Dumitrescu,
2002). The value of these expressions can be calculated by reading the chromosomes from the
top to the bottom. Partial results are calculated using dynamic programming and are placed in
a conventional manner. The chromosome described above encodes the following expressions:

El a
E2 b
E3 a+b
E4 C
E5 d
E6 c+d
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E7  (a+b)*d
ES  b*(c+d)

Figure 1: MEP chromosome represented as trees (adapted from Oltean, 2006)
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Due to their multiple expressions, each MEP chromosome should be viewed as a forest of trees
(Figure 1), not as one tree, as is the case with genetic programming. As MEP chromosomes
encode more than one problem solution, it's interesting to see how fitness is assigned. The best
expression is chosen after controlling the fitness of all expressions in MEP chromosomes using
the following equation (Oltean and Grossan, 2003):

ff=min{>],

E(k)—o;\}

where n is the number of fitness cases; E(k) expected value, O; is the rate comes for the k-th
case by the i-th expression encoded in the current chromosome, g is the number of genes.

The standard MEP algorithm uses the evolutionary model as a stable state, as its basic
mechanism. The MEP algorithm begins with the creation of a random population of individuals.
The standard MEP algorithm looks like this (Oltean et al, 2009):

%Randomly create the initial population P(0)

while not stop condition do

% Select two individuals p1 and p2 from the current population

% Crossover the parents p1 and p2, obtaining the o1 and 02

% Mutate the o1 and 02

if fitness (the best offspring) is better than fitness (the worst individual) then
% Replace the worst individual with the best offspring

end if

end while

% Output S as the best solution (individual) found
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The MEP accepts a set of data relating to our research. In order to achieve a consistent, data are
devided, several combinations of training and testing sessions are considered. The model with
the best performance of data sets for learning and testing was finally selected as a result of the
work. Operators are selected in relation to the problem and the data of interesting. Problems of
regression type, binary classification and classification of several classes can be done in the
MEP. For the regression type model, in order to evaluate the performance of the derived models,
the correlation coefficient (R), the mean square error (RMSE) and the mean percentage error
(MAE) are used.

3. GENETIC FUZZY SYSTEMS APPLICATION

In this part of the paper we will present the possibility of applying an integrated approach to
fuzzy mathematics and multi expression programming in personal credit risk assessment. For
the purpose of this work we use German data’ set with 15 attributes and 520 past applicants for
credit. A large set of data, with high dimension and sometimes with irrelevant attributes in the
training dataset, can lead to less accurate results in analysis. Therefore, it is important to extract
the most significant features to increase predictive accuracy, speed and scalability. In addition,
the data are slightly adjusted by the experts due to the easier presentation of the proposed
methodology. Data conclude the following three groups: (a) The personal condition (age, sex,
marriage, education etc.), (b) The financial condition (profession, job and title, years of
services, income, and annual family revenue), (c) Social condition (bad credit record if any,
insurance). In classification problems we used methodology described in (Koshiyama, 2015).
The main source of information consists of a dataset containing n patterns x;. Each patterns are

described by values of m characteristics X, (i=1,...,nandj=1...,m).

In the fuzzification process we have membership functions:
A :{(xij,Aj(xij))|xij S Xj}, where A, : X; —[0, 1].

Fuzzy numbers are symmetrical triangular fuzzy number and membership functions are defined
by the expert. Input data are membership degree of fuzzy set as result of mapping crisp data set.
In the next step Fuzzy Inference System accepts data. Fuzzy rules are defined as follows

R: IF X1 is Aiz and Xz is Air and ....and Xj is Airt THEN X; in score s

The rule base is a set of linguistic terms in the form of IF-THEN rules with antecedents and
consequents connected with AND operator. Aggregation operator used in this work is
maximum. The output of the fuzzy system are in the interval [0, 2] (see figure 2). Each risk
element is described by fuzzy sets as low risk, medium risk, and high risk; values X1, X2, X3, X4,
xs, and Xs are for left and right borders of triangular fuzzy numbers. Those values represent
value of total evaluation. More detailed information about this procedure can be found in
(Gajovic, Kerkez and Kocovic, 2017). Several combinations of training and testing sets are
considered, where data are randomly divided into learning and testing subsets and in different
percentage of data representation (60:40, 80:20, 70:30, 50:50). The basic operators and
mathematical functions are used with uniform crossover type. Crossover probability is set on
0.9 and number of iterations is 100/500. Based on fuzzy rules, each new applicant can be apprise
with selected variables and based on the predictor values, be classified in a high credit risk
(score 2), medium credit risk (1) and low credit risk (score 0).

! This data set originally consist of 30 variables for 1000 past applicants for credit.
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Figure 2: Score classification
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The German credit dataset composed of 700 instances of creditworthy applicants and 300
instances of bad credit applicants. Result of our model shows 0,6444 creditable applicant with
0.003 standard deviation. Percent of applicant that need to be reconsider is 6,80%. The rest are
the bad credit applicant. The proposed methodology provides flexibility regarding the
specificity of the problem and can easily be adapted to different classification problems with
different types of attributes. The model is characterized by interpretability and ability to present
a possible classifier in different ways.

4. CONCLUSION

Real systems such as bank borrowing activities are characterized by dynamic structure,
reflected in nonlinearity, uncertainty and other inherent aspects. Credit risk assessments is
crucial for banks to help determine probable risk and to make right decision regarding credit
approval, but and other connected factors, such is interest rate, repayment, grace period etc. In
the process of the personal credit risk analysis credit scoring is evaluating technique that helps
banks to determine customer’s credit risk. In this paper we used empirical credit scoring model,
based on past data of relevant attributes to identify creditable or bad credit applicants. Even
more, methods can be used in identifying creditworthiness of new applicants. Thus, standard
mathematical approach, relying on precise mathematical relations, has certain limitations in
modelling complex systems. As an alternative, integrated techniques are gaining in greater
significance in risk assessments. Presented method using integrated techniques of genetic
programming and fuzzy mathematics. The model helps in the faster applicant selection, but it
also require credit professionals to make decisions in the definition of attributes, and in the
evaluation process.
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