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Abstract

Credit scoring is a method of modelling potentigdkrof credit applications.
Traditionally, logistic regression, linear regressiand discriminant analysis are the
most popular approaches for building credit sconmagels. Despite their popularity,
quite a few limitations are known to be associatath these methods, such as
instability with high-dimensional data (also knowa combinatorial explosion) and
small sample size, requirement for intensive datppocessing through variable
selection/reduction analysis and incapability oficedntly handling non-linear
components. Most importantly, based on these algos, it is difficult to automate
the modelling process and design a continuous \Wawkf\When environment or
population changes occur, the static models ustallyo adapt and may need to be
rebuilt from scratch.

In this paper, a kernel learning method is useatktove a novel and practical adaptive
credit scoring system capable of adjusting the rhoddine. The kernel method is

based on a two-layered structure form) and provides a powerful solution for non-
linear systems by plugging in a kernel that mapgepas from non-linear input space
to potentially high-dimensional feature space. Avrieernel, the KGPF kernel, has
been introduced and shown to be able to generapam@ble results to those from
the popular Gaussian kernel. The model is adjuatadrding to an on-line update
rule and can always converge to the optimal salufidnis approach is also robust for
scoring data sets with a large number of attribates does not require any variable
selection or reduction effort. Experimental studiésve demonstrated the
effectiveness of the proposed approach.

|. Introduction

Credit scoring is a method of modelling potentisk rof credit applications. In
general it employs statistical techniques and htstbdata to produce a score that
financial institutions can use to evaluate credpleants in terms of risk. This helps
them classify applicants into “good” and “bad” rigiloups and assists risk managers
to make risk related decisiorisssentially the problem credit scoring is tryingstive
can be categorised into general population clasgifin tasks. The statistical
principle for discriminating different groups impapulation can be traced back to
1936 in Fisher’s publication [2]. Durand [3] wagthrst to apply this technique to
discriminate between good and bad loans. Basdkeoresearch development in this
area, the founders of credit scoring, Bill Fair &adl Isaac built the first credit



scoring system for American Investments in 19581@ugh credit scoring has been
used since then, it only became widely spreaderakt two decades, with
application areas expanding from customer lendurgjress, small business loans
and residential mortgages to direct marketing, @@ failure prediction, telecom
risk management [5] and so on.

Credit institutions usually need to make two typédecisions. The first is, should a
credit application be approved? Scoring approattieshelp answer this type of
guestions are generally named as application sgofine second is related to
existing customers and is distinguished from the fiype because this reflects the
customer’s payment pattern on the loan. The ceediting that falls into this category
is called behaviour scoring. The remaining sectmfthis paper will be focused on
application scoring.

The most popular classification methods adoptethécredit scoring industry are
linear discriminant analysis and logistic regressidhey are relatively easy to
understand and implement, and are able to gengraightforward results that can be
readily interpreted. Nonetheless there are quitewaknown limitations associated
with their application in credit scoring. First afl, they entail intensive data pre-
processing effort through manual variable seleftgmtuction analysis. This could be
time-consuming and usually require domain experbwkadge and in-depth
understanding of the data. In addition, these nusthere not effective for systems
with high-dimensional inputs (combinatorial exptmsj and small sample size (e.g.
new creditors). In real world application, assumipsi regarding the data must be
held, such as being linear separable and that #ta dhould follow certain
distributions. Most importantly, based on thesealgms, it is difficult to automate
the modelling process and design a continuous WawkfWhen environment or
population changes occur, the static models ustallyo adapt and may need to be
rebuilt from scratch.

An adaptive credit risk modelling method is propbse this paper to deal with the
difficulties mentioned above. This method is baseda non-linear kernel mapping
and an iterative constraint optimisation procedlireonsiders the contributions of all
the attributes simultaneously and does not recaigevariable selection effort. This
allows to design a dynamic credit scoring proceksre the decision model can be
updated and improved with the arrival of new cugtomformation.

The rest of the paper is structured as followseélction I, the conventional credit
scoring methods, linear discriminant analysis agistic regression are briefly
introduced followed by a short discussion on thairtations. Section Il focuses on
non-linear scoring model development using the tndagernel learning method.
Experimental studies using real world credit sapdata are presented in section IV
where the performance of a new kernel, the KGPRetas also reported. Finally
concluding remarks are given in section V.

II. Traditional methods: linear discriminant analysisand logistic regression

Traditionally, linear discriminant analysis andikig regression methods have been
the most widely used techniques in building creddring models. These two



methods are reviewed in the following subsectioib & short discussion on their
drawbacks when applied in credit scoring.

[1.1. Linear discriminant analysis

Linear discriminant analysis is a technique fossifying a set of input vectors into
predefined classes based on the linear combinatitre input variables. The linear
discrimination rule is given by:

F(x)=+1 if Wy ¥ WX +---+ W, X4 >0
f(x)=-1 otherwise
The weight parametens; (i =0,---,d ) can be estimated by maximizing the
following objective function:
WM w
w'M,,w
wherew =[w,---w,], M; is the scatter matrix between different classesMy, is
the scatter matrix within the same class. The twaiter matrices are defined as:

2

M B = Z Ns(/'[s - )_()(ﬂs - )_()T

My, :z Z(Xi _/Js)(xi _:us)T

s=1 ils
where

_ 1
X==—>"% (overall mean)
i=1

1 &

U, = N—Z x (s=1,2) (class mean)
s i=1

and N is the number of all pattern®\, is the number of patterns in the class with

label +1;N, is the number of patterns in the class with laiiel

Maximizing function (2.1) is equivalent to minimigj the following cost function
with equality constraint:

1 TS,w=1
2

subject tow' S, w=1
The corresponding Lagrangian is constructed as:

L(/‘,W):—% TSBW+%/1(WTSWW—1)

Enforcing the KKT conditions gives:

S;w = A, w (2.2)
This can finally be solved as a generalized eigervproblem.



Linear discriminant analysis implicitly assumestteach class follows a Gaussian
distribution with a different mean vector but a coon covariance matrix, and that
the discriminating factor is the mean, not the arace.

I1.2. Logistic regression

Logistic regression is considered to be a spetagkoof linear regression and is
currently one of the most popular methods in bodderedit scoring models. This
type of model assumes that the input variables tivag weights are linearly
correlated to the natural log of the odds thataieome event will happen (for
example, the odds that a loan is going to defaWit)ile linear regression may
calculate a probability that is out of the [0, lferval, logistic regression can avoid
this by taking the natural log of the odds.

Logistic regression uses the following decision eiod

ln(ﬁ) = Wo + WX+ W X, (23)

wherep is the probability that the outcongewill occur andL is the odds that

will occur. Maximum likelihood can be applied tonspute the estimate of
w, {i =0,...,d} given the historical data vector@ndy. This modelling technique

solves a concave optimisation problem and is nuwaklyirobust, which has
doubtlessly contributed to the success and popylaiiogistic regression. Assume
the regression model in (2.3) is obtained, thd smare can be calculated using
M
m(wlxl +"’ded)
whereM represents the expected change in the score \whesdts thay will happen
doubles and is usually defined by the model deexlophe probability p can be
computed using
_ 1
1+explwy —wWiXg =+ =Wy Xg)
Although not necessary, some credit scoring mosletauprefer to divide the values
of each input attribute into a number of discretervals. This can be implemented
by creating a separate 0/1 categorical variabledsh group of each attribute and
including all but one of the variables correspogdim the same attribute in the
model.

Note that the structure of a logistic regressiomehds equivalent to that of a single
layer perceptron with bbgsig output function. It is obvious that thegit function

y= In(li) in logistic regression is the inverse of thgsig function
- X

y =— . The difference between these two methods iddlgitic regression
1+expx)

employs maximum likelihood estimation to calcultite weight parameters, while
the single layer perceptron uses Rosenblatt’s pee learning rule [6].



Similar to linear discriminant analysis, logistegression is intrinsically a linear
classification method and is most suitable fordine separable data.

11.3. Drawbacks of the present models for developing an adaptive credit scoring
system

Both methods described above result in linear nsoded consider non-linear effects
in real world applications, very often a variabtertination is manually created and
entered into the model on the basis of the knovdemtgassumption of the model
developer. A number of this type of variables aduded and the resulting model
performances from different combinations are comgdoefore a decision is made
regarding which ones should finally be in the mod#is is close to an arbitrary trial
and error process and the number of various cortibiteacan grow astronomically
even with a reasonable increase in the numberpot wmariables. In addition, these
linear models are sensitive to redundancy or cedliity in the input variables. When
the variable selection/reduction process failetagve these correlations, the model
runs into the risk of over-fitting as well as reggs an excessive amount of
computation time.

With conventional credit scoring, usually more tHidity percent of the time and
effort is spent for data pre-processing and vagiaklection/creation. This is a highly
manual process requiring significant amount of doneapert knowledge and is
prone to errors introduced through subjective priiation of the data. Typically a
scoring model is static and is not updated on alagdpasis (time between the
development and update can be months or years) gieere-development expenses
or company policies. This is particularly challamgifor new creditors who may not
have enough matured data at the time of developarehtater with more and more
new information becoming available need to upda¢entodel to improve predictive
accuracy. ldeally, a dynamic decision model shbgareated which is able to
continuously adapt to changes both in the envirariraed the system, and in real
time. The modelling process should have a muchemnigbgree of automation with
minimum manual adjustment.

It is difficult to develop an adaptive credit se@yimodel based on the current linear
methods due to their aforementioned constraints.f@towing section describes a
dynamic modelling process using state-of-the-amdlelearning techniques.

[11. Adaptive Credit Scoring with Kernel Learning M ethods

One of the most powerful kernel learning methochachine learning is the kernel
large margin classifier: the support vector macli@iéM) [7,12]. In the last decade
there has been a surge of interest in SVM'’s in naffigrent application areas [8-11]
and they are shown to be able to produce good gkzetion performance.

[11.1. Kernel Learning Methods

This paper focuses on SVM's with soft margin and two C penalty parameters to

deal with non-separable case and imbalanced dathe llinear case without bias, this
is formulised as the following constraint optimisatproblem:



N+,

min S IWlF +C. Y06 +Co Y. (3.1)

i0s, i0S+,

subject toy, (Wlx ) =21-¢,

wherey, O{-1,+1} is the class label for pattery, w is the weight vectoré,’s are
slack variables that allow margin failurg,, is the set of patterns with class label -1
and C_, is the corresponding penalty parameter indicadiigide off between large
margin and a small number of margin failur€s. contains the set of patterns with
class label +1 an@,, is the corresponding penalty parametér, and N, are the
number of the patterns if_,and S,; respectively.

After constructing a Lagrangian and enforcing th€Tkconditions, the optimisation
problem can be transformed into a dual form. Tlagrange dual is a typical QP
problem and the dual cost function is dependernherLagrange multipliers, :

) 1 N N N
mmD(a):Ezzaiajyiyj(xi D(j)_zai (3.2)
i=1 j=1 i=1
subjectto O<a;<C_,i10S,
O0<a,<C,,i00S,
where N is the total number of training patterns. The \eigector is expressed as:

W:iai YiX (3.3)

The objective function in (3.2) can be extendeth®non-linear case by replacing the
linear dot product using a non-linear kernel. Tdaa then be written as:

N N N
min D(a'):%Z“Zaia’jyiyjK(xi,xj)—Za'i (3.4)
i=1 j=1 i=1
subjectto O<a,<C_,i0S,
O<a,<C,,i0S,
Note that the introduced non-linearity does nothgeathe fact that the Lagrange dual
is quadratic ina, and that these Lagrange multipliers can still deutated using a

guadratic program. To ensure that the kernel matnpositive definite, the kernel
function K must satisfy Mercer’s conditions [12].

The non-linear decision function is finally givest a
N
f(%,) = 2@ YK (%, %,) (3.5)
i=1

y(x,) =sgn(f (x,))
where y(x,) is the predicted class label for patteqn

The equation in (3.3) can be considered as a ktwden the “perceptron
representation” [6] ¢ form) and explicit (v) form of the decision function. In the
linear case, the weight vectar can be back calculated using equation (3.3) after
obtaininga; . However for non-linear kernels, it is difficut tetrieveg(x) given



@ )@(X;) = K(X,X;) . The corresponding expression therefore only exists in the
feature space and is theoretically written as:

W:ZaiYi(o(Xi)

[11.2. Adaptive Scoring

One of the most important properties an adaptieditscoring system should posses
is that the model can be updated incrementallgah time. Traditional scoring
methods require that a manual variable reductieatan process based on trial and
error is repeated for each update after model dpwednt. This makes them not
suitable for adaptive system. In contrast, the édempproach allows all the attributes
in the scoring model to be simultaneously consdievithout having to

independently analyse each variable or select demnsabset from all the candidates.
The decision value calculated using equation (8.5) fact a linear combination of
similarity measures in the non-linear feature sp@be non-linearity in the data is
represented in the model through a concise kerappimg instead of arbitrary
inclusion of variable combinations. This helps reglthe amount of manual
adjustment and increase the degree of automatiorodel development, and enables
kernel learning to be an ideal candidate for thegpéde credit scoring system.

The focus of adaptive scoring is to obtain a maghelate rule given the existing
model and the new customer data. For kernel legrims should ideally be
expressed as:

i new = Qi g TAG, (3.6)

Originally, however, the model parameters i [I{1,---, N} are computed by running
a classical QP routine, which cannot be easily fiemtlio derive an adaptive form.
Taking a closer look at the quadratic cost functroaquation (3.4) reveals that
although it is non-linear in the input patteristhe parameterg, can be iteratively
calculated using linear modelling techniques [1hid6luding constraint least
squares, non-negative conjugate gradient method@moad. In particular, the change
in the model parameteka, can be computed using derivatives of the Lagraiuge
and through simultaneously enforcing the constsaint

O<a,<C,,i10S,

O<a,<C,,i0S,
However with linear online methods, the numberarigmeters to be estimated
usually remains the same when new training pat@msdded. This is different for
kernel learning where each new pattern introdugesnaparameter. The question
now is how to update the existimg, i U{1---,N} and compute the nemy,, given the

current modef ,, in equation (3.5) and the new pattgrmwith its class labely, .

Before answering this question, the KKT (Karush Kdhcker) conditions for the
Lagrange dual need to be discussed.

The KKT conditions specify necessary and sufficeortditions for an optimal
solution to a QP problem. For the objective functio equation (3.4) these are
defined as follows:



oD

—  =v. f(x)-1

oa, yi £(x)
y,f(x)-1<0 < a, =C_, (fory, =-1) ora, =C,, (fory, =+1)
y,f(x)-1=0 < 0<a, <C_ (fory,=-1) orO<a, <C,; (fory, =+1)
y,f(x)-120 < a, =0

An adaptive update procedure can be derived byatiay the KKT conditions on
each new pattern:

1.

4.

5.
6.

Use the existing modé|, to calculate the decision value for the new patter

x,and evaluatey, f, (X,) -

If the KKT conditions are satisfied, then thewnpattern does not participate
in forming the decision boundary. It is not necegsa update the current
model. However keep the new sample in the patteahfor possible update

at a later stage.
If this pattern violates the KKT conditionsethcompute the new parameter

a, =Aa,. The response in equation (3.5) is recalculated as
N

fnew(xp) = Z yiai K(Xi 'Xp) + yuauK(Xu ' Xp) .
i=1

Update the existing parameters i [{1,---,N} using f_,, and the formula
in (3.6).

Update the new parameig| using f,, .

Repeat steps 4 and 5 until all the parameters [{1,---,N,u} converge.

This update procedure does not differentiate batviieeéning patterns bounded at
(0,C_,,C,,) and those within the bounds, and might be sloth Vairge training sets.
To speed up the learning process, the followingatgdule can be implemented. It is
based on the heuristics to choose multipliers painasation in [13].

1. Use the existing modé|, to calculate the decision value for the new

patternx, and evaluatey, f, (X,) .

If the KKT conditions are satisfied, then thewnpattern does not participate
in forming the decision boundary. It is not necegsa update the current
model. However keep the new sample in the patteahfor possible update

at a later stage.
If this pattern violates the KKT conditionsethcompute the new parameter

a, =Aa,. The response in equation (3.5) is recalculated as

N
fnew(xp) = Z yiai K(Xi 'Xp) + yuauK(Xu ' Xp) .
i=1

Iterate through allX,y;), i 0{1,---,N,u} and check if the corresponding
response violates the KKT conditions. Put the tlzaviolate the KKT
conditions into a separate set name§,as



5. Update the corresponding parameters for patterBg using f,,, and the
formula in (3.6).
6. Iterate througB,, identify non-bound patterns and update the cporeding

parameters.

7. Repeat step 6 until all the non-bound patteatisfg the KKT conditions. At
this point, go back to step 4 and repeat stepsidtiVall the patterns in the
training set satisfy the KKT conditions.

Both procedures provide the flexibility to adjusé tmodel with each new pattern.
These can be easily extended to updating the nusiteg a set of new patterns
(instead of each single pattern) with a user-defget size. For simplicity this is not
detailed in the paper.

[11.3. Model Interpretation

One of the reasons that linear classification nathare popular in credit scoring is
that the decision models can be easily explainbd.cbntribution of each attribute is
clearly shown in the associated weight parametetovev. As discussed earlier in
section V.1, although it is possible to derivewhérm decision function for linear
kernels, the non-linear kernel model cannot beieitigl expressed in the form in
the input space. In particular for RBF and KGPFkts, both the mapping(x) and

N

the w vector (w= Zai y.@(x; )) are infinite dimensional. However, would it thea
i=1

useful to consider contribution measures basesl ,dor example, the impact an

. 1
attribute has o, ||w |2

It can be seen from equation (3.3) that

1 ) 1 N ) 1 N N
E”W” ZE(zaiyixi) :Ezzaiajyiyj (% X;) (3.7)
i=1

i=1 j=1
For non-linear cases, this is written as:

ZIwIF= 2 (ay e ) =5 Y a v ex)>a,y,ix,)

N N
=1

a,a,y; ij(xi) D}‘D(Xj) :%Z‘,Zaiajyi yjK(Xi an)

i=1 j=1
(3.8)
This indicates that although the weight vectoritself is not directly applicable in
non-linear models, the corresponding quadratic foam be used to explain the
contribution of each attribute. The impact an htire 8, has on the outcome variable

i=l |

is reflected in the change between %hﬁw”z computed using all the attributes and

that using all the attributes excefyt A feature ranking measure can then be given
as:



R(et)=%||w||2—§n |—522aay.y,(r<(x.,x) K (%.x) (3.9)

i=1 j=1
Note that this is also interpreted as the contitioug, made to the dual cost function
[14].

The rank computation time grows linearly with thenber of attributes. This could
be relatively expensive for scoring systems witrge number of variables.
However the ranking measure is based on the compotelel after training.
Calculating the changes in kernel values is theeedmly necessary for patterns with
non-zeroa (the support vectors). This makes it particulatjtable for models with
a relatively small number of support vectors.

V. Experimental Studies

The adaptive credit scoring procedure has beeadesting a real world data set
provided by a German creditor and the results egsgmted in this section. Two
kernel functions: RBF and KGPF are used in the expnts and have performed
differently. Based on the computed model, all tB2 attributes are ranked according
to their contribution to the quadraticmeasure. The ranked list is provided in the
Appendix.

The data set used for the experiments containst &®0 samples, 102 attributes and
a binary outcome (Good/Bad). The two classes atebatanced with Good/Bad

ratio 52%-48%. For simplicity a description of tit@a is not given in this paper. The
Good/Bad class labels are coded as +1 and —1 tesgecAll the attributes are
linearly scaled to [0, 1] to avoid the dominanceattfibutes with greater numeric
values over those with smaller values. No variallalysis/selection/reduction
technigues have been applied to this data setoN@uoh expert knowledge is known.

The whole data set is randomly shuffled 100 tinres gplit into two sets:
development (2/3) and test (1/3). The developmeiissagain divided into batch
learning (the first 2000 samples) and on-line lewysets (the rest). To choose the
suitable kernel parameter and soft margin penatgpeters 10-fold cross training-
validation has been conducted on the batch devedopdata. After fixing these
parameters, the whole development set is useddiniirig (first batch then on-line)
and the results are finally validated on the test.

IV.1. RBF Kernel Results

Firstly, an RBF potential function [12] is usedths kernel function:

K(%,%)) = expM)
Because the Good/Bad ratio is well balanced, thensargin penalty parameters are
set to be the samé&_, =C,,. The 10-fold cross validation on the batch develept
set chooses the following parameter combination:566, C_, =20, C,;, =20. The

scoring model is then re-trained on the whole dgwalent set (first batch then on-
line) and tested on the test set. The followingfesion matrices are produced for
development § ) and test ) respectively:

10



{1580 449}

745 208
1609 362

783 185

The a andg errors are 22.13% and 18.37% for development, 4r8B2% and
19.11% for test. Without discarding intermediat@4sopport-vectors or chunking
implementation, these results are the same as grodeced using only batch
learning.

cumulative percent of bads
=
n

. . . . . . . . .
1] 0.1 02 03 04 os 06 07 08 08 1
1-cumulative percent of goods

Figure 4.1 ROC curve (RBF)
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Figure 4.2 Frequency distribution of goods and {&EBF)

Figure 4.1 shows the Receiver Operating Charatite(ROC) curve on the test set.
The area under this curve is a measure of howthvelbbtained model separates the
good customers from the bad ones: the faster tive ¢ises to reach the “1"s , the
better the separation. This measure uses informatithe entire good/bad
distributions and summarizes the capability ofrtiedel to assign relatively more
low scores to bad than to good applications. Figu2edisplays the frequency
distribution of the good (blue) and bad (red) costes. The score interval is scaled
by a factor of 25. Similar to ROC curve, these plats are used to visually evaluate
the separation performance of the model: the fuidley they are apart, the better
the separation.
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Figure 4.3 Score distribution (RBF)
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Figure 4.4 Probability distribution (RBF)

The score distribution on the validation set isvehan Figure 4.3, where thisl
parameter for score calculation from the respomaseevis defined as 150. The
corresponding probability distribution in Figurel4lisplays almost the same shape as
the curve in Figure 4.3. This is correct becaugh bee computed using the model
response value. Note that the probability indicédes| of confidence in the

prediction, the further away the value is from @& more trustworthy the

prediction.

Based on the obtained kernel model, the input béesare ranked according to their

N 1 . .
contributions tOE ||w|[?. The results are presented in the Appendix.

It can be seen from the confusion matrices produsath the RBF kernel that the
alpha and beta errors are slightly imbalanced.du@kze this difference, an
alternative kernel is introduced and tested udiegsame development and validation
sets.

IV.2. KGPF Kernel Reaults

In some cases the performance of a kernel moddbeamproved by using a
different kernel function. This subsection usesth@obell-shaped kernel, KGPF, for
the non-linear mapping. This function is one of sbecalled “fat tail” kernels adopted
in risk analysis in financial time series modellilmgdeal with extreme data. Figure

12



4.5 shows the difference between the two bell shapkere the KGPF response falls
with less momentum to zero than RBF, hence the riféah&ail”.
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Figure 4.5 Comparison between RBF and KGPF ke(pdRBF,- KGPF)
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The experiments in the previous subsection areategdeusing the new kernel
function. The kernel paramet&ris chosen as 2.001 and the soft margin penalty
parameters are again set to®eg = 20, C,, = 20 after carrying out the 10-fold cross
training-validation on the development data. Finttle confusion matrices generated
for the developmentd) and test {) sets are as follows:

_ 11641 388 _ | 760 193
~ |1588 383 771 197

The alpha and beta errors are 19.1% and 19.4%efaldpment, and 20.3% and
20.4% for test. The alpha and beta errors are nashmore balanced and close to
being equal on the test set. This improvementsis edflected in the frequency
distribution plots in Figure 4.6. The overall clfisgation error has also been slightly
reduced. Examining the present support vectorreet/s that there is an increase of
20% in the number of support vectors comparededBF model. Figure 4.9 shows
that more than 60% of the alpha parameters aredaolat 0 oIC_, =C,; =20 (with

a small discrepancy af = 0.001).
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Figure 4.8 Probability distribution (KGPF)

Figures 4.7 and 4.8 display a shrink in the rarfdgeoth the score and probability
distributions in comparison to those from RBF kériide ROC curve stays however
almost unchanged (not shown here).

20

o ={uln) 1000 1500 2000 2500 2000

Figure 4.9 Alpha distribution
V. Conclusions

In this paper, a new adaptive credit scoring temimihas been presented on the basis
of a kernel learning algorithm. This method progiden effective solution to real
world non-linear scoring tasks and helps reducdithe, effort and expenses for data
pre-processing and variable analysis. The on-lp@ate procedure allows each (set
of) new information to be incrementally added ire thcoring model as the data
become available. The predictive performance ofati@ptive model increases with
time, while that of a traditional static model deteates gradually. Experimental
studies using real world credit scoring data shioat the results generated using the
adaptive procedure are comparable to that usingtehbmethod where all the data
samples are presented to the learning system a. dixperimental results also
demonstrate the effectiveness of a potential kduradtion KGPF, with which better
results have been produced than with the RBF kersial the real data. The adaptive
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approach is particularly useful for new creditdratthave limited number of matured
samples at hand at the time of model development.
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Appendix

Attribute ranking according to the quadraticw measure

Rank Varldx R% Rank Varldx R% Rank | Varldx R%

102 69 0.071381 | 68 31 0.85896 | 34 16 | 2.2731
101 64 0.095112 | 67 32 0.85908 | 33 13| 2.3017
100 67 0.095229 | 66 97 0.88588 | 32 94 | 2.3346
99 71 0.17748 | 65 83 0.88588 | 31 14 2.436
98 70 0.17881 | 64 60 0.8894 | 30 77 | 2.4385
97 3 0.19355 | 63 55 0.96384 | 29 76 | 2.4385
96 63 0.20674 | 62 96 0.98711 | 28 75| 2.4386
95 23 0.24381 | 61 85 1.0243 | 27 74 | 2.4386
94 56 0.24427 | 60 53 1.0592 | 26 73 | 2.4386
93 40 0.24427 | 59 21 1.2732 | 25 78 | 2.4386
92 61 0.24429 | 58 33 1.2858 | 24 79 | 2.4386
91 52 0.24429 | 57 82 1.3263 | 23 93 | 2.5095
90 46 0.24429 | 56 98 1.3263 | 22 18 | 2.5279
89 59 0.24429 | 55 29 1.4275 | 21 22 | 2.5603
88 89 0.2443 | 54 30 1.4344 | 20 6 | 2.6086
87 37 0.24431 | 53 44 1.5448 | 19 12 2.643
86 43 0.24432 | 52 41 1.5448 | 18 4| 2.7494
85 49 0.24432 | 51 50 1.5448 | 17 19 | 2.9982
84 17 0.2641 | 50 47 1.5448 | 16 91 | 3.3005
83 57 0.28131 | 49 38 1.5448 | 15 35| 3.4352
82 72 0.33849 | 48 87 1.5448 | 14 81 | 3.4947
81 26 0.41444 | 47 102 1.6035 | 13 7 3.808
80 15 0.43648 | 46 5 1.7075 | 12 62 | 3.8484
79 2 0.45936 | 45 42 1.7997 | 11 11 | 3.8704
78 27 0.48732 | 44 36 1.7998 | 10 20 | 4.2349
77 65 0.49569 | 43 51 1.7998 | 9 58 | 4.8312
76 24 0.50614 | 42 45 1.7998 | 8 10 | 4.9274
75 25 0.53272 | 41 48 1.7998 | 7 34| 6.0799
74 66 0.5644 | 40 88 1.7998 | 6 8 | 6.5537
73 68 0.59339 | 39 39 1.7998 | 5 99 | 7.0495
72 28 0.67678 | 38 92 2.1574 | 4 100 | 7.0495
71 86 0.70566 | 37 90 2.1586 | 3 9| 7.5284
70 95 0.73381 | 36 80 2.1668 | 2 84 | 9.7024
69 101 0.74812 | 35 1 2272 | 1 54 | 9.9947

16




