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Abstract. The Internal Rating Based Approach (IRB) of the
Basel Capital Accord allows banks to use their own rating models
for the estimation of probabilities of default (PD). The objective
of this research is to present mathematical-statistical methods of
creditworthiness evaluation usage at banks, describe technical
issues of scoring model development for each of methods, and
analyse their advantages and disadvantages. The most widely
used models to forecast default include parametric methods such
as discriminatory analysis, regression analysis and non-
parametric methods such as decision trees, neural networks,
expert systems, support vector machines and others. The authors
are trying to classify all kinds of methods used for credit risk
evaluation. This article opens all technical issues of each method
and shows the difference in practical applications, but it does not
attempts to evaluate which method is better. The authors have
used a comparative analysis to show that in practice it is possible
to use other methods excluding regression and discriminant
analyses. The advantage of credit scoring models certainly will
help banks meet the next wave in Latvian’s consumer loans and
mitigate default risks.

Keywords: probability of default, parametric and non-parametric
models, credit scoring, IRB approach, Basel Capital Accord.

l. INTRODUCTION

Credit risk management is one of the leading topics in
modern finance and a central task for commercial banks. The
key variable in quantifying credit risk is the probability of
default (PD). Under the proposed internal rating based (IRB)
approach in the Basel Capital Accord (Basel, 2006), the Basel
Committee on Banking Supervision allows banks to access the
regulatory capital charges to cover their credit risks based on
bank internal credit risk ratings for their exposures. The IRB
banks are responsible for determining PD and demonstrating
the appropriateness of techniques used for measuring PD to
banking supervisors. In practice, the PD models are necessary
not only for regulatory capital calculation as PD models or
credit scoring models can be used effectively to control risk
selection, manage credit losses, evaluate new loan programs,
reduce loan approval processing time, ensure that the existing
credit criteria are sound and consistently applied, increase
profitability and minimize acquisition costs.

The process of credit scoring is very important for banks as
they need to discriminate a “good customer” from a “bad
customer” in terms of their creditworthiness.

Credit scoring model is a mechanism used to quantify the
risk factors relevant to an obligor’s ability and willingness to
pay. The aim of the credit score models is to build a single
aggregate risk indicator for a set of risk factors. The risk
indicator indicates the ordinal or cardinal credit risk level of
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the obligor. The result is an index of creditworthiness
expressed as a numerical score, which indirectly measures the
borrower's probability of default.

Statistical theory offers a variety of methods for building

and estimation scoring models (or PD). Such methods have
become increasingly important with the dramatic growth in
consumer credit in recent years. The complexity and flexibility
of statistical methods and advanced computing technology has
made such credit scoring possible in business lending.
These models can be grouped into parametric and non-
parametric or data mining models (see Fig.1). Also following
the research of Kiss (2003), looking at credit scoring
processes, it is possible to split scoring methods by groups
from a knowledge management perspective [31].

Historically, the most popular parametric models are the
linear discriminant analysis (DA) and the logistic regression.
Both have the merits of being conceptually straightforward
and widely available in statistical software packages. Linear
discriminant analysis was the first parametric technique
suggested for credit scoring purposes. This approach has
attracted criticism due to the categorical nature of the data and
the fact that the covariance matrices of the good credit and bad
credit groups are typically distinct. The logistic regression
allows overcoming these deficiencies, and it has become a
common credit scoring tool of practitioners. Non-parametric
techniques applied to credit scoring include the neural
networks, genetic programming, and expert systems, support
vector machines, nearest neighbour approach and decision

trees [11].
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The authors of the article will summarize some methods of
each classification group, giving describing of their use from
the credit scoring literature and analyse their advantages and
disadvantages [28].

I1. LITERATURE SURVEY

The techniques underlying credit-scoring models were
devised in the 1930s by such authors as Fisher (1936) [24] and
Durand (1941) [18], who showed that the discriminant
analysis method could produce good predictions of credit
repayment. The decisive boost to the development and spread
of these models came after the 1960s, which were studied by
Beaver (1966) [12], Altman (1968) [2]. Eisenbeis (1977) [20]
presented a critical assessment of use of discriminant analysis
in finance and economics in general. Other accounts of the use
of discriminant analysis in credit scoring are given by Lane
(1972) [34], Apilado (1974) [6], Grablowsky and Talley
(1981) [27]. Myers and Forgy (1963) [38] used discriminant
and regression analyses to predict credit risk using retail credit
application data. They found that the most predictive
variables, using equal weights, yielded similar results as the
weights obtained from LDA or a multiple regression analysis.
[28]. Altman (1968) [2] published his famous “Z-Score”
model for predicting bankruptcy of commercial firms. Scherr
(1982) [46] has criticized Altman’s model for not including
variables representing firm size, firm age, and economic
conditions because it is well known that younger firms are
more prone to failure.

The discriminant analysis model to assess insolvency of
Latvian enterprises was built by Sorin and Voronova (1998)
[48]; the authors have used Altman’s “Z-Score” model and
adopted it for the Latvian enterprises.

Wiginton (1980) [51] was one of the first, who published
research about the use of a logistic regression method in credit
scoring. He concluded that the logistic method gave excellent
classification results. Genriha, Voronova and Pettere (2011)
[25], based on the logistic regression analysis, created a 3-
factor model to predict the probability of default of Latvian
enterprises.

Decision trees were developed by Raiffa and Schlaifer
(1961) [40] in the 1960s, and later Sparks (1972) used this
method to build a credit scoring model. Also applications of
decision tree method are described by Mehta (1968) [37],
Makowski (1985) [35], Coffman (1986) [17].

Research into neural networks began in 1943 with the
publication written by McCulloch and Pittb (1943) [36] about
a logical calculus of the ideas immanent in nervous activity.
Baesens, R. Setino, C. Mues, S. Viaene and J. Vanthienen
(2001) [9] evaluated and contrasted three neural network rule
extraction techniques and decision tables. They also described
how it is possible to use decision tables that can be easily
verified by a human expert, in combination with neural
network rule extraction, for building advanced credit-risk
evaluation expert systems. Also Rosenbeg and Gleit (1994)
[42] described several applications of neural networks to
corporate credit decisions.

Experiments using SVM for credit scoring are relatively
new, they started to be widely used since 2000. Baesens
(2003) [10] applied SVMs along with other classifiers to
several data sets. They reported that SVMs performed well in
comparison with other algorithms, but did not always give the
best performance. Schebesch and Stecking (2005) [45] applied
SVM to a database of applicants for a building and loan credit.
They concluded that SVMs performed slightly better than LR.

I1l. PARAMETRIC METHODS

A. Discriminant Analysis (DA)

Discriminant analysis is a classification method, which uses
data obtained from a sample of customers to draw a boundary,
based on discriminant function, which separates the group of
insolvent customers from the group of reliable ones. Figure 2
shows how the discriminant function used only two variables
X1 and X, to separate a group A from a group B.

Xz

Discriminant
function

X.
Fig. 2. Example of linear discriminant analysis

Discriminant function determines which variables discriminate
more effectively between groups and whether groups are
significantly different from each other with respect to the
mean of given variables. If the mean of a variable significantly
differs from the value of different groups, then this variable
discriminates between the groups [14].

In general, there are three types of discriminant analysis:

v" Univariate: only one variable is used as the determinant
between groups;

v Multivariate [common covariance]: more than one variable
is used as the determinant between groups. The covariance is
the same;

v Multivariate [different covariance]: more than one variable
is used as the determinant between groups. The covariance
differs.

Multivariate discriminant analysis is the most widely used
statistical method to build credit scoring or to predict
probability of default. This method allows dividing all
customers into two groups: solvent and insolvent or high risk
and low risk customers.

Model building started from the evaluation of all potential
variables to determine which contributes the most to
discrimination between groups. The variable selection is
purely based on the statistical fit. Discriminant analysis tries to
find the linear combination of independent variables that will
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better discriminate between groups, in our case discriminate
between solvent and insolvent customers. This is achieved by
the statistical decision rule of maximising the between-group
variance relative to the within-group variance.

In more general terms, given n independent variables and
each financial ratio or factor becomes a variable, X, and gets
its own coefficient, V. This leads to the following formula,
which calculates a sample’s Z-score:

Z=3VX,
A @)

The average Z-Score, Z , and the average Z-Score, Z_g, in
each group g are given by the following equations:

= 1
Z:HZViX,

i=1

NE
@ z, :Nizng. ®)
g p=l
The goal of the Multivariate Discriminant analysis is to
maximize the sum of the square among the groups, SSamoung
and minimize the sum of the square across the group, SSacross:
which are given by the following equations:

S = P

SSanens = 2. N, [Z, = Z] (4)
g1
G Ng _ 2

SS across = ZZ[Z pg ~Zg ] (5)
g=1 p=1

The aim of analysis is to maximize the ratio of SS,meng and
SSacross [14]-

Advantages of Discrimininant Analysis are the following:
v multiple dependent variables;
v reduced error rates;
v'easier interpretation of between-group differences: each
discriminant function measures something unique and
different.

Disadvantages of Discriminant Analysis are the following:
v a mystical interpretation of the discriminant functions, such
as identifying factors in a factor analysis;
v' each discriminant function is assumed to
approximately equal variances in each group.
v patterns of correlations between variables are assumed to be
equivalent from one group to another;
v the relationships between variables are assumed to be linear
in all groups;
v" independent variable may be perfectly correlated to a linear
combination of other variables (Multicolinearity);
v discriminant analysis is extremely sensitive to outliers.

show

B. Logistic Regression Analysis (RA)

Logistic regression aims to assign the dependent variable to
two groups (0;1); in our case one group represents solvent
customers and another group — insolvent ones. Therefore, the
logistic method allows us to predict probabilities. This method
is used to predict binary (i.e., good or bad) outcomes from
independent variables by using the following log equation:

P \_
In(m)_a+ﬁx+g, (6)
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where p is the probability (i.e., PD) that the event Y occurs,
p=1, p/(1-p) is the “odds ratio” and In(p/(1-p)) is the log odds
ratio or “logit”. The logistic distribution constrains the
estimated probabilities to lie between 0 and 1. Converting the
above expression, the PD is given by
1
14 @] (7)

To obtain the estimates of the parameters, the non-linear
maximum likelihood (ML) estimation procedure is used. ML
is a way of finding the smallest possible deviation between the
observed and predicted values.

The advantage of the logistic regression method is that it
does not assume multivariate normality and equal covariance
matrices as discriminant analysis, but incorporates non-linear
effects, and uses the logistical cumulative function in
predicting a default [14].

The disadvantage of the logistic regression is that it is
difficult to use ML to estimate the weights, because this
requires non-linear optimising techniques using iterative
procedures [14].

IVV. NON-PARAMETRIC METHODS

A. Classification and Regression Trees / Decision Trees
(DT)

Decision tree or recursive partitioning is a non-parametric
approach and consists of several layers of nodes: the first layer
consists of a root node and the last layer consists of leaf nodes
[32].

The algorithm of model building begins with a root node
containing a sample of good and bad credit applicants. Then,
the algorithm loops over all possible binary splits in order to
find the attribute x and corresponding cut-off value c, which
gives the best separation into good and bad credits. The figure
of merit is optimized when the data in the root node is split
between instances with attribute x; > ¢; and those with x; < c;.
This procedure is then repeated for the new daughter nodes
until a stopping criterion is satisfied. Defining the purity p of a
node as the fraction of good credit instances in it, the splitting
attribute and cut-off value are those that minimize the sum of
the Gini indices p(1 - p) of the created daughter nodes. If, for
any attribute or cut-off value, the sum of the Gini indices of
the daughter nodes is higher than the Gini index of the parent
node, the parent node is not split. Since the Gini index is a
measure of the statistical dispersion or diversity of the
population in a node, minimizing the Gini index results in
daughter nodes that are more homogeneous than the parent
nodes [11].

Non-split nodes are denoted by leaves that are classified
according to the most prevalent class in them. A leaf is called
“good credit” if it contains more good credit applicants than
bad credit applicants and otherwise.

Frequently in practice the resulting trees are quite large,
because a decision tree could be grown until all leafs contain
only good credit instances or only bad credit instances.
However, such a tree would be over-fitted, in such a situation,
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the generalization performance may be improved if the tree
will be cut in order to get rid of statistically insignificant nodes
[11,15].

Two types of decision trees are the most widely used.
Classification Trees are used if the target variable is
categorical. To predict the category value of the target variable
using a classification tree, use the values of the predictor
variables to move through the tree until you reach a terminal
(leaf) node, then predict the category shown for that node.
Regression Trees are used if the target variable is continuous.
To predict the value of the target variable, the mean value of
the target variable of the rows falling in a leaf node is the
estimated value.

The advantage of decision trees:

v' representing and reasoning about relations amongst
symbolic objects; this facilitates the task of generating
explanations about objects and about inferences on the
relations amongst objects.

The disadvantage of decision trees:

v the relations embedded in their knowledge base are pre-
defined and their maintenance can become a tedious task.

B. Neural Networks (NN)

Neural Network consists of a large number of elements,
called neurons, which are arranged in layers. Each neuron is
connected to another by synaptic relations. A neuron receives
inputs from other neurons and produces an output which is
transmitted to other destination neurons. Every single input is
multiplied by the weight on the corresponding link, and all
these values are summed up. Then, the activation is evaluated
by applying a particular function (linear, step, sigmoid) to the
weighted sum of inputs. One of the key characteristics of
MLPs is that all neurons and layers are arranged in a feed
forward manner and no feedback connections are allowed.
Figure 3 [9] provides an example of an MLP with one hidden
layer and two output neurons for a binary classification
problem.

Wil
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B
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Fig. 3. Example of Neural Network system

The output of hidden neuron i is computed by processing the
weighted inputs and its bias term b;") as follows [9]:

h, = f(”(bi“) +§":W(i, j)ij (8)

j=1
W is a weight matrix, whereby W(i, j) denotes the weight
connecting input j to hidden unit i. In an analogous way, the
output of the output neurons is computed [9]:

z = f<2{bi<2> 3V, j)th ©)
= with n, — the number of
hidden neurons and V — a weight matrix, whereby V(i)
denotes the weight connecting hidden unit j to output unit i.
The bias inputs play a role analogous to that of the intercept
term in a classical linear regression model. The class is then
assigned according to the output neuron with the highest
activation value (the winner-take-all learning). The transfer
functions f and @ allow the network to model nonlinear
relationships in the data [9]. Examples of transfer functions
that are commonly used are the sigmoid
gt (10)
1+exp(—x)

The hyperbolic tangent
f (X) _ eXp(X) —eXp(—X)'

exp(x) +exp(—x)’ (11)

and the linear transfer function f (x) = x [9].

The weights W and V are the crucial parameters and need to
be estimated during a training process, which is usually based
on gradient descent learning to minimize some kind of error
function over a set of training observations (Bishop 1995).

Note that multiple hidden layers might be used, but
theoretical works have shown that one hidden layer is
sufficient to approximate any continuous function to any
desired degree of accuracy (Bishop 1995).

The output of credit scoring is a classification of borrowers
into groups, usually two; therefore, only two outputs are
obtained from neural networks.

The advantages of neural networks are the following:
v they are able to analyse complex patterns quickly and with a
high accuracy level and without any programmed knowledge;
v" without any restrictive statistical assumptions, non-numeric
data can be used and data can be non-linear that is a
substantial advantage over the discriminant analysis;
v perfectly suited to work with “noisy data”, e.g., incomplete
annual account data;
v more precise, powerful and robust, especially in case of
small sample size.
Neural networks perform better if the number of independent
variables is larger [14].

The disadvantages of neural networks are the following:
v the black box problem cannot be “applied”;
v  variables must be carefully selected initially;
v arisk of over-fitting exists;
v" a long process of time is requested;
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v a possibility of illogical network behaviour exists [14].

B. Expert Systems

The expert system is a computer system, which stores and
manages the expert’s knowledge, as well as handles it in a
manner so that users can be given the targeted information or
certain tasks are performed alone. Expert systems contain
three main components: knowledge, decision machine and
user interface.

Knowledge base contains all the data, facts and rules to
process the data and facts. Rules are expressed in terms of
mathematical and logical equations. The knowledge base has
building blocks of “if-then” rules. The rules need to be
sequential, and the matching of facts to rules is complex.

Decision machine, which combines the facts and rules to
obtain conclusions, has a series of facts that are matched with
the rules to provide recommended actions.

User interface must ensure easy and efficient use, data
capture and error detection. Interface needs to allow users to
understand the reasoning behind a decision and add or update
information online.

Expert system has four key characteristics:

v’ the system is based on a knowledge base;

v’ the system has the tools to maintain and expand the
knowledge base;

v’ the system can draw conclusions;

v the system can explain its decisions that can be particularly
important given the legal requirements for credit scores to
provide reasons for rejecting applicants.

The advantages of the expert system are the following:

v the system can take gualitative variables;

v' the system does not assume any specific statistical
distribution of the data;

v’ the system builds a number of if-then rules, which can
easily be applied to new cases for a classification decision.

The disadvantages of the expert system are the following:

v it is very difficult to program the intuition of the expert
system and to determine which heuristics must be used;

v' the process of extracting the knowledge into rules is very
time consuming and expensive;

v’ systems are unable to use inductive learning to adapt the if-
then rules to changing situations;

v the data input quality has to be good and the system is not
capable of working with incomplete, noisy data or input
information with errors [14].

C. Support Vector Machine (SVM)

The support vector machines are capable of extracting
useful information from financial data, although extensive
data sets are required in order to fully utilize their
classification power. SVMs produce better classification
results than parametric methods and such a widely used
nonparametric technique as neural networks, which is deemed
to be one of the most accurate [29].

Support vector machine is a new technique suitable for
binary classification tasks, which is related to and contains
elements of non-parametric applied statistics, neural networks
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and machine learning. Like classical techniques, SVM also
classifies customers as solvent or insolvent according to its
score value, which is a function of selected factors. The
authors are limited in the case of a linear description of SVM,
where the score function is linear and parametric, will first be
introduced, in order to clarify the concept of margin
maximization. Also in practice, the non-linear and non-
parametric SVM are used; in this case the score is calculated
based on kernel transformation. This characteristic makes
SVM a useful tool for credit scoring, in the case the
distribution assumptions of input data cannot be made or their
relation to the PD is non-monotone [8].

Assume that there is a new customer j, who has to be
classified as solvent or insolvent according to the SVM score.
In the case of a linear SVM, the score looks like a
Discriminant analysis or Logistic regression score, which is a
linear combination of relevant factors x; = (Xj1, Xj2 ..-Xjq),
where x; is a vector with d factors and xj is the value of the
factor number k for the customer j, k=1,...,d. So z; , the score
of customer j, can be expressed as:

(12)

Z; =WyXj +WoXjp +o+ Wy Xy +D,
Z,=X]W+b (13)
where w is a vector, which contains the weights of the d
factors and b is a constant. Calculating the value of the
parameters w and b means looking for a hyperplane that best
separates solvent from insolvent customers according to a
certain criterion. The criterion used by SVMs is based on
margin maximization between solvent and insolvent customer
groups. The threshold separating customers is the line in the
middle between the two margin boundaries, which are
canonically represented as x'w+b=1 and x"w+b=-1.

Let y; be an indicator of the state of the customer, where in
the case of solvency y; =-1, and in the case of insolvency y;
=1. By imposing the constraint that no observation may lie
within the margin except some classification errors &, SVMs
require that either x;'w+b > 1-& or x;'w+b < -1+¢&, which can
be summarized with:

y, (X w+b)>1-¢& . (14)
The optimization problem for the calculation of w and b can
thus be expressed by:

.1, 2 o

manEHWH +CiZ:1:§i (15)
C — “capacity” is a tuning parameter, which weights in-sample
classification errors and thus controls the generalization ability
of an SVM. The higher C is, the higher the weight given to in-
sample misclassifications is and the lower the generalization
of the machine is. Low generalisation means that the machine
can work well on the training set. Bad generalization may be a
result of overfitting, for example, if the sample shows some
untypical and non-repeating data structure. By choosing a low
C, the risk of overfitting an SVM is reduced [8].
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Solving the above-mentioned constrained optimization
problem of calibrating an SVM means searching for the
minimum of the following Lagrange function:

L(W,b,é‘,a,V)Z%WTWJrCZn:fi fzn:ai {yi (W'x, +b) -1+ gi}fzn:vicfi .

i=1 i=1

(16)
where ¢;>0 are the Lagrange multipliers for the inequality
constraint (14) and v>0 are the Lagrange multipliers for the
condition &>0. This is an optimization problem with
inequality constraints, which is solved by application of the
Kuhn-Tucker sufficiency theorem. The solution of this
optimization problem is given by the saddle-point of the
Lagrangian, minimized with respect to w, b, and & and
maximized with respect to o and v. Calculating «;, we are able
to calculate the parameters of the linear SVM model according
to the following formulas:

W=y X
- ylal i (17)
b:i(xT +x7)w
o Vi T A (]_8)

As can be seen from (17), o;, which must be positive, weighs
different customers of the sample. The customers, whose o;
are not equal to zero, are called support vectors and are the
relevant ones for the calculation of w. Support vectors lie on
the margin boundaries or, for non-perfectly separable data,
within the margin. By substituting (17) into the score (13), we
obtain the score z; as a function of the scalar product of the
factors of the customer to be classified and the factors of the
support vectors, of ;, and of y;. By comparing gz;, it is possible
to estimate whether a customer has to be classified as solvent
or insolvent [8].

2,=3 yier (%%, +b. (19)

The advantages of the SVM are the following:
v' SVM method is chosen if distribution assumptions of input
data are not regularly distributed or have an unknown
distribution or their relation to the PD is non-monotone;
v' SVMs provide a good out-of-sample generalization, if the
parameter C is appropriately chosen. It means that, by
choosing an appropriate generalization grade, SVMs can be
robust, even when the training sample has some bias;
v" SVMs deliver a unique solution, since the optimality
problem is convex. This is an advantage compared to Neural
Networks, which have multiple solutions associated with a
local minimum and for this reason may not be robust over
different samples;
v' SVMs are easily adjusted with only few parameters, and
SVMs are based on very few restrictive assumptions and can
reveal effects overlooked by many other methods [29].

The disadvantages of SVMs are the following:
v the lack of transparency of results. SVMs cannot represent
the score of all customers as a simple parametric function of
the factors (financial ratios), since its dimension may be very
high. It is neither a linear combination of single financial
ratios nor has it another simple functional form;

v SVMs are better suited for processing large data sets [29].

V.COMPARISON OF METHODS

The selection of a modelling method for credit scoring is a
challenging problem, because an appropriate choice given the
available data can significantly help improving the accuracy in
credit scoring practices. The question of “which method is the
best?” cannot be answered conclusively. Unfortunately no
study has systematically compared the performance of all the
different models, because various factors determine diverse
aspects of modelling and performance issue, and each model
addresses different issues.

The following factors are the determinants of the predictive
power:

v data sample quality;

v time horizon;

v definition of default;

v theoretical basis for choice of variable;

v number of independent variables;

v assumptions about distribution of “good” and “bad”;
v over-fitting.

Nevertheless, the authors try to keep some information
about each method and its predictive power. Having studied
about 50 publications on the widely used credit risk modelling
methods elaborated by different researchers over different
time periods, the authors have summarized all observations in
the table (Table 1).

TABLE 1

PREDICTIVE POWERS OF CREDIT RISK MODELS

Researchers + DA RA NN DT SVM
Altman (1968) 85.0 - - - -
Srinivisan (1987) DT - 89.3 - 93.2 86.1 (LP)
Dutta (1988) NN - 64.7 | 88.3 - -
Odom (1990) RA | 59.3 | 833 | 77.8 - -
Boyle (1992) DT - - - | 750 | 747(LP)
Salchenberger NN - 833 | 91.7 - -
(1992)

Coats (1993) DA | 83.7 - 81.9 - -
Kerling (1994) DA | 85.7 - 85.3 - -
Wilson (1994) NN | 88.0 - 97.0 - -
Henley (1995) DT - 43.3 - 43.8 -
Alici (1995) NN | 65.6 | 66.0 | 69.5 - -
Desai (1997) RA - 67.3 | 66.4 - -
Yobas (1997) DT - - 62.0 | 62.3 -
Zhang (1999) NN - 786 | 882 | - -
Fan (2000) SV | 59.8 - 66.1 - 70.4
Baesans (2001) - - - 76.1 - -
Gestel (2003) SV | 664 | 635 | 674 - 75.1
Aragon (2004) 94.2 - - - -
Bastos (2008) DT - - 783 | 81.1 79.9
Simha (2006) DT - 83.0 - 92.0 -
Belotti (2007) SV [ 781 779 - - 78.3
Kogenda (2009) RA - 83.2 - | 830 -
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Table 1 shows predictive powers calculated by different
researchers. Comparison should be made only horizontally,
because the researchers have used different definitions of
"good" borrowers and conducted studies on different
populations and samples. The table demonstrates the
percentage of correctly classified customers. The purpose of
these studies was to compare the effectiveness of different
methods. Thus, it should not be concluded that these figures
show the effectiveness of scoring systems in general.

Having performed a comparative analysis of the results of
the studies conducted by the above-mentioned researchers
(Table 1), the following conclusions are made:

v' 2 out of 8 researchers conclude that Discriminant Analysis
method is more precise (25%);

v' 3 out of 12 researchers conclude that Regression method is
more precise (25%);

v' 5 out of 13 researchers conclude that Neural Network
method is more precise (39%);

v 6 out of 7 researchers conclude that Decision Tree method
is more precise (86%);

v 3 out of 6 researchers conclude that Support Vector
Machine method is more precise (50%).

Based on the above-mentioned facts, the authors have
concluded that the non-parametric models in the majority of
cases have a greater predictive power, which suggests that
there is no need to restrict the use of parametric methods such
as discriminant or regression analysis.

VI. CONCLUSIONS

In the 1960s, the use of statistical methods for credit risk

modelling was limited in favour of the use of discriminant
analysis. In turn, the 1970s was a period of widespread
experimentation with scoring, and the 1980s have seen a
limited theoretical progress on scoring modelling methods
such as neural networks, expert systems, decision trees. Now
in the 21st century, there are written a lot of different
publications about credit risk prediction methods. This task
still is very popular in risk management, because the
technology and economy do not mark time, and every day we
have some new possibilities to expand our knowledge.
In this article, the authors have tried to open or at least reveal
capabilities of scoring modelling. There are described and
compared many popular methods that still are used in credit
risk assessment. In the article, there are also shown advantages
and disadvantages of each method that will help users
understand which kind of method will be more suitable,
following recommendations of the authors for the use of each
method.

The authors of the article have studied many publications
written in different time periods, in which some methods were
compared and the predictive power of each method was
evaluated. Based on the above-mentioned publications, the
authors have also concluded that under the impact of Basel
Capital Accord, in the world’s scientific literature there has
appeared a positive trend of development of new methods and
approaches to the prediction of risk.
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Intense competition, strong growth in consumer credit
market and especially sad experience of lending in the period
2006-2009 in our country call for adequate and rapid risk
assessment. The more predictable the credit risk will be, the
less insolvent people in our country will be in future. Thus,
this fact only emphasizes the relevance of this topic. The
authors have shown that the credit risk assessment is quite a
difficult process that requires knowledge, resources and time.
Consumer lending must be a circumspect step, based on the
advanced mathematical and statistical methods.
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Irina Genriha, Irina Voronova. Aiznéméju maksatspéjas noveértésanas metodes

Balstoties uz Basel Capital Accord un Internal Rating Based (IRB) pieeju, komercbankam ieteikts izmantot savus iek$gjos reitinga modelus, lai novertétu saistibu
nepildiSanas varbiitibu (PD). Savukart, praksé PD izmantota ne tikai, lai aprékinatu ieksgja kapitala prasibas, bet ari, lai pienemtu lémumu par kredita izsniegSanu,
lai novértétu potenciala aiznéméeja maksatsp&ju. PD ir iesp&jams aprékinat izmantojot matematiskus modelus, kurus sauc par skoringa modeliem. ST pétijuma
mérkis ir sniegt atvértu analizi par matematiski-statistiskam metodém maksatsp&jas novertésanai, aprakstit aprekinasanas metodologiju katrai no metodei, un
analizét priekSrocibas un trikumus. Vesturiski visplasak izmantotie modeli, maksatsp&jas novértésanai bija tadas parametriskas metodes ka dispersijas un
regresijas analize. Bet finanSu matematikas attistibas gaita sak rasties jaunas neparametriskas metodes tadas ka lémumu koki, neironu tikli, ekspertu sistémas,
vektora masinas un daudzi citi. Autori klasificeé metodes, kas bija pieejamas zinatnu literatiira un kas tika izmantotas, lai noveértétu aizneméeja maksatspgju.
Izanalizgjot ap 50 zinatniekos rakstus, autori, izmantojot salidzinoSas analizes papémienu, izveidojusi tabulu, kura tika salidzinatas 5 visbiezak izmantotas
metodes. Balstoties uz to autori secindjusi, ka neparametriskas metodes biezak uzrada lielaku novérteSanas precizitati neka parametriskas metodes, tapéc ir verts
izmantot ne tikai tadas pazistamas parametriskas metodes ka regresijas un dispersijas analize, bet arT neparametriskas metodes. Autori uzskata, ka pilnveidotie
skoringa modeli palidzés Latvijas komercbankam bt gatavam stradat ar nakamo kreditéSanas vilni, jo ar skoringa modeliem ir iesp&jams pareizi novertét un
regul@t potencialo aiznémg&ju plismu, ka arT vienlaicigi samazinat saistibu nepildisanas varbiitibu.

Hpuna I'enpux, Upuna BopoHosa. MeToabl OLeHKH IIATEKECIIOCOOHOCTH 32eMIIMKOB

Ha ocnoBanuu Bazensckoro cornamenus (Basel Capital Accord) u nonxona Ha ocHoBe Buyrpennux Peiitunros (Internal Rating Based (IRB)), kommepueckim
0OaHKaM MpearaeTcsi HCIoJIb30BaTh CBOM BHYTPEHHHE MOJEIN PEHTHHIa il OLeHKH BeposTHocTH aedonra (PD). Ha mpaktuke PD ncronb3yroTest He TOIBKO
UL pacdera TpeOOBaHMI 110 BHYTPEHHEMY KalWTAly, HO M MU NPHUHATHI PELICHHH O BbIJa4e KPEOUTA. OCYILIECTBISSL OLEHKY IUIATEKECIOCOOGHOCTH
HMOTCHIHANBHOrO 3aeMiuKa. PD MOXHO BBIYHCIHTBH C HMOMOIIBIO MaTEMAaTHYECKMX MOJIENel, M3BECTHBIX KaK CKOPHHIOBBIC MOJEIHM. DTO HCCIEJOBAHUE
HaIpaBJICHO Ha 00ECIEUCHHUE OTKPHITOTO aHAIM3a MATEMATHKO-CTATUCTHYECKHX METO/IOB IS OLICHKH IIIATEKECIHOCOOHOCTH, Ha OCBEIICHHN METOJMKH pacyera
Ka)XIO0T0 M3 METONOB, a TaKKe aHalM3e WX IPEUMYINECTB M HENOCTaTKOB. lcropudyeckd HanOoiee NIMPOKO HCIIONB3yeMble METOABI UL OLEHKU
IUIATEXECIIOCOOHOCTH OBUIH TaKHE NMapaMETPHYECKUH METO/Bl KaK JMCIIEPCHOHHBIN M pEerpecCHOHHBIN aHamm3bl. Ho ¢ pa3ButHeM (QHHAHCOBOM MaTeMaTHKH
CTalIM MOSBIATHCS HOBBIC HEHAPaMETPUYCCKHE METOJbI, TaKUe Kak, ACPEBbs PCIICHHH, HEHPOHHBIC CETH, SKCIEPTHBIC CHCTEMbI, BEKTOP MAIIMHBI U MHOTHE
npyrue. ABTOpBI KIacCH(UUMPYIOT METOIbl, KOTOpble OBUIM JOCTYNHBI B HAayYHOM JIMTEpaType W KOTOpPBIE OBUIM HCHOJIB30BAHBI [UIS  OLCHKH
IUIATeKECIIOCOOHOCTH 3aeMIMKa, Ha J{Be IpymIbl. [IpoaHanu3upoBas okono 50 HayYHBIX CTaTeH, aBTOPHI, HCIOIb3Ysl METOJ] CPAaBHUTEIBHOTO aHAJIN3a, BEISIBIIIH
ITh HaunboJIee YacTo UCIONIb3yeMbIX MeTO/10B. Ha OCHOBaHHH 3TOr0 aBTOPBI OOHAPYKHUIIN, YTO HElapaMeTPUUECKUE METO/bI YaCTO MPHBOAAT K 60JIee BHICOKOI
OLICHKM TOYHOCTH, 4eM IapaMeTpuueckue Metojsl. OCHOBBIBAsCh HA POBEICHHOM aHAIIN3E, aBTOPbI COBETYIOT MCIIONIBb30BATh NPH ITOCTPOCHUH CKOPUHIOBBIX
MoJIenell He TOJNBKO M3BECTHBIC [TAPAMETPHYECKIE METO/bI (MCIIEPCHOHHBIN U PErPECCHOHHBIIN aHAIN3), HO M HEIapaMEeTPUYECKUX METO/BI. ABTOPBI CUHTAIOT,
YTO YCOBEPILEHCTBOBAHHBIE MOJIEIM CKOPHHIA, IIOMOTYT JIATBUICKUM KOMMEPYECKUM OaHKaM, ObITh FOTOBBIM Ul pabOThI C HOBOM BOJIHOM KpEAWTOBAHUS, TaK
KaK CKOPHUHIOBBIE MOJEIM HAIOT BO3MOXKHOCTH IPABHJIBHO OLICHHTb M PEryIHpPOBaTh IOTOK NOTCHIMAIbHBIX 3aEMIIMKOB, OJIHOBPEMCHHO YMCHbIIAs
BEPOSITHOCTH AedonTa.
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