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Abstract

In this study, we use a classification strategy called
the closest subspace approach to assess credit risk.
Identifying "'good™ and "bad" creditors via credit
risk assessment is a common categorization
challenge. There has been a lot of talk lately about
using machine learning techniques like support
vector machine (SVM) to assess credit risk. Yet
there is plenty No tried-and-true pattern recognition
or Al-based classification techniques for use in
assessing creditworthiness exist. This work proposes
using the closest subspace classification technique,
a robust approach to facial recognition, in the
context of credit scoring. When evaluating
creditworthiness, the nearest subspace credit
evaluation method uses the subspaces spanned by
creditors in the same class to extend the training set,
with the Euclidean distance between a test creditor
and the subspace serving as the similarity measure
for classification.

1. Introduction

In the realm of financial risk management, credit risk
appraisal analysis is a subject of intense interest. It is
a common classification challenge to sort "good"
creditors from "bad" ones. Numerous data mining
approaches, including logit analysis [1], probity
analysis [2], ANN [3], ANN [4], genetic algorithms
[5, 6], and genetic programming [7, 8], have been
applied to the task of assessing credit risk in recent
years. Support vector machine (SVM) [8-14], genetic
algorithm (GA) [5], multiple criterion linear
programming (MCLP) [6] [7], etc. Even though there
are a growing number of learning approaches being
used to credit assessment, certain very efficient
classification strategies from the fields of pattern
recognition and artificial intelligence have yet to be
explored. In this research, we evaluated credit risks
using a closest subspace classification approach [15,
16, and 17]. In closest subspace classification, the
subspaces covered by the training samples of each
class are used to represent the training set, and the
samples of interest are assigned to the class that
contains the nearest subspace. The issues of facial
recognition have been effectively used to this method

of categorization [16, 17]. For facial image data, [16]
proposes the closest feature subspace (NFS)
technique, which uses feature extraction and then
uses arbitrary k (k>3) feature training samples to
Span subspaces in each class; the resulting subspaces
are used as extensions for the training set. As shown
to be optimal for classification in [17], we
additionally employ subspaces covered by all
samples inside each class to represent each class. We
discover that existing credit data are often low
dimensional data; hence the feature reduction
approach is not employed in this article for credit
assessment. In other words, we utilize all the samples
from each class to generate subspaces, and a test
sample will be a member of the class represented by
the subspace to which it most closely corresponds.
This approach to credit scoring is known as nearest
subspace (NS) credit scoring. The NS credit
evaluation approach outperforms the SVM method
and the 1-NN method on a U.S. credit dataset. The
rest of the paper is structured as follows: The closest
subspace method is described in Section 2.
Experiments on a credit assessment dataset are
provided in Section 3. The last portion is the
summary.

2. nearest Subspace Algorithm

The NS approach's central notion is to increase the
representational capacity of class prototypes using
subspace. This effectively offers an endless number
of prototype points, which may explain more
variations in the prototypical form than the original
samples. The query vector is projected to the class's
space in order to determine the distance between the
two. Samples from this group occupy a subspace. To
get the projection point, choose the linear
combination that comes closest to answering the
question. Classification is based on how far away the
projection point is from the query point. The closest
subspace credit assessment approach takes into
account all creditors in the same class and utilizes a
linear combination (subspace) of them to
approximate the various versions of creditors. This
means that the original set of creditors used for
training may now be combined indefinitely by linear
means. Each set of class creditors will include a
credit record that is quite close to the one we need for
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our test creditor. It's possible that the closest credit
history isn't from a single lender, but rather the linear
average of all lenders in the same category. Finally,
the closest creditor record to the test creditor is
considered to be of the same class as the test creditor.
Linearly combining creditors yields just the subspace
occupied by creditors, which is the set of linear
combinations. Thus, a creditor is virtually subdivided
into the closest subspace of creditors using the NS
approach. More potential creditors are generated by
NS than by the standard 1-NN or k-NN classifiers.
This increases the potential of the pool of established
creditors. Here, we provide the NS approach to credit
assessment and explain the measure of a test creditor
to a subspace.

Subspace Distance

In the NS approach, the distribution estimate of a
class is the subspace covered by training samples,
and the similarity measure for classification is the
Euclidean distance between a test sample and the
subspace. A subspace of the set S is the set that
contains all linear combinations of samples in S,
given that S is a set from the class SRd, 1, 2,, k.
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An exact expression for the distance between a query
x and its corresponding subspace of S may be
expressed as follows:
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The solution to Eq. (3) is a straightforward
computation of an unconstrained optimum problem:
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Where | is the identity Matrix for kk and (X T X) is
the pseudo-inverse of X T X; 0. Once the projection y
is calculated, the coefficient may be used to express
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the optimal linear combination of samples in this
subspace.
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The Euclidean distance x y is the distance from x to
F(S), where y is the closest point to x in subspace
F(S). We can then calculate d 2 (x, y(S)) by y as
follows:
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Nearest Subspace Algorithm

When training on many classes simultaneously, the it
class's training set looks like (1, 2, I, S, S, S, S).
Training sets for various categories have contributed
the following subspaces: We calculate the distance
between any two points for any given query. D SiR L
() xRd F S1 F (SL) x and the subspaces of all classes:
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Classifying x into the closest neighbor subspace, we
use 2 (, () as the similarity between d x F Si x and
the it class. In other words, it is a member of the set, j
dFijl xjSiSargmin2(x (S)),[1, 2], S x Here
we outline the big picture of the NS approach for
creditor assessment using a made-up example
creditor x. The first step is to calculate the best
weights for each category of creditors.
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Step 2: Determine the optimal linear combination of
each category's creditor records.

The projection of the test creditor x in subspace F
(Si) may be found using the weights for the it class
creditorset 1 =1, 2, k.
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Third, we calculate how far away creditor x is from

each subspace. A class subspace F (Si) is said to be
"distant" from x if and only if
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3. Credit Evaluation Experiments

Evaluating credit risk to determine which debtors are
"good" and which are "bad" is a common example of
a classification problem [18] [19]. In this study, we
evaluate credit risks using the closest subspace
approach. We compare NS with SVM using a linear
kernel and an RBF kernel (k=exp (-0.5(x-y)/2)) on a
real-world dataset to assess its usefulness in creditor
evaluation. Information about credit in the United
States. The experimental credit card dataset comes
from a prominent U.S. financial institution. It's 6,000
strong and has 66 calculated fields. Only 960 of the
6,000 records are considered to be in "good" shape,
while the remaining 5040 are in bankruptcy [18]. In
our tests, we will assess the classifiers based on three
different accuracies: good accuracy, bad accuracy,
and total accuracy.

i number of correctly classified "Good" samplesin test set
"(io00" Accuracy = - : P ,

mumber of "Ciood" samples in test set

numberof comectly classified "Bad"samplesin test set

"Bad" Accuracy= .
mumber of "Bad" samplesin test set

mumber of correct classification in test set

Total Aceuracy= -
mumber of samples in test set

Where "Good" accuracy and "Bad" accuracy quantify
the classifiers' ability to distinguish between "Good"
and "Bad" users. Precision of classification for the
dangerous class must be increased to an acceptable
quality in the actual world for the unique goals of
preventing credit fraud, without unduly detracting
from the precision of classification for the safe class.
Categories for other categories. Thus, increasing the
precision of the "Bad" category is one of the primary
goals of credit scoring randomly selecting p (p=10,
20, 30, 100) samples from each class as training set
and the remainder for test; we conduct experiments
on each dataset. Each classifier test is conducted 20
times, and the average results are reported. The Mat
lab 7.0 environment is used for all of our
investigations. Optimal techniques in Mat lab are
used to address the convex quadratic programming
issue underlying support vector machines. Tables 1
and 2 provide "Bad" and "Good" classifier
comparisons, whereas Table 3 displays overall
accuracy comparisons. Both the SVM and KASNP
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use the same RBF kernel parameters (=10000) and
the same SVM penalty constant (C=).

Method comparisons for "bad" accuracy (percent) on
a US dataset Table 1

Number of training “Bad” accuracy (%) comparisons on USA detaset
data per class I-KN Linear SVM REF 5WVM NS
10 GEAT ¥ $9.68% 64 51% SET5%
1] G337 % GE.XI% 65 4% 6503 %
1i] 6438 % 65 25% 64 4% T213%
40 G377 % G3.57% 65 4% TEEY %
] G578 % G521% 6 % 1632 %
1] GLER % GEE% &601% T432%
70 G552 % GEEI% G8.31% TN
1] G546 % 1371% .99 TIN%
90 G560 % 6. % A% TLO %
10 LR % GE12% 6% TLE2 %

Table 2: Comparisons of "Good" accuracy (percent)
among techniques on a US dataset

Number of faining “good” acamacy (%) comparisons on U5 A dataset
dana per dass I-NN Linear 5WVM RBF 5VM N3
1] 568N L1k S50 Ba.36 %
20 5940 % GEAIM AT 6989 %
30 S9RL % 500% A5 64% 6723 %
40 A4l % ARG Pl e ] E4.418
50 G155% LT .6 2% G5E1%
&l G245 % L1 T 6784% 6733 %
70 GLAS % GEASY G149 675 %
&0 GLIS %N AN 15N TLM %
af G2EY, (115 67.74% 60N %
100 G325 % 670 G197 64N

Table 3: Total accuracy (%) comparisons between
approaches on a dataset from the United States

Nomber of fraiming Total acooracy ¥4) comparisons an LSA duiased
duia per dais I-NN Lintar VM REF SVM N5
] SEIRG ST a1 G5.15%
¥l A0 Hh.55% iy Gl 69.00%
£l] G054 ALELY G5 A LER
40 H2EMG 6A1% 1.2 A
] S22 HRITY 6555 6740%
& A2R1% A 67580 G400
N AL0EY GRS &7.61% 6970
&0 H2AEMG 7399, 6.9 L%
@ [h 6513% 65T Toase
100 614680 SR &R I GE%

We found that the NS approach performed better than
the other methods we tried for classifying risks. By
comparing the findings in Tables 1 and 3, we see that
the NS approach maintains a higher level of accuracy
for all three measures (‘bad,’ 'good," and Total"). One,
the closest subspace (NS) technique is more effective
than other classifiers in identifying "Bad" customers.
It is clear from Table 1 shows that when the number
of training samples for each class is more than 30, the
NS technique consistently achieves classification
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accuracy of 70% or above, whereas other methods
often fall short of this threshold. Table 2 compares
NS and RBF SVM for recognizing "Good"
customers, showing that the former achieves the
maximum accuracy at p=10,20,30,70,80,90,100,
while the latter achieves the highest accuracy at
p=40,50,60. (3) In a nutshell, NS technique is
superior to 1-NN and SVMs (see Table 3).

Based on our experiments with the U.S. credit
dataset, we find that the NS approach is competitive
with 1-NN and SVMs when it comes to classifying
borrowers.

4. Conclusion

In this study, we provide a new approach to credit
score classification: the closest subspace technique.
To approximate the potential versions of creditors,
the closest subspace credit assessment approach
employs a linear combination (subspace) of all
creditors belonging to the same class. In order to get
the best estimate for a test creditor, the NS technique
uses closest subspace, and then subdivides the class
of test debtors into closest subspace classes. The NS
achieves satisfactory results when used to assess
creditworthiness in a real-world U.S. credit card
dataset.
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