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Highlights
e Thisstudy introduces a hybrid computational approach that combines Support Vector Machine
(SVM) and Deep Belief Network (DBN) techniques for the classification of imbalanced credit data.

e [t presents a two-phase optimization pipeline, which encompasses “feature selection” and
“kernel Modification” aimed at minimizing data redundancy and duplication.

e  The focus is placed on the “Weighted Accuracy”” (Waccuracy) metric to effectively tackle
class imbalance and the uneven costs associated with credit risk evaluation.

e The proposed methodology resulted in an increase of approximately 7.5% in mean
weighted accuracy for the German dataset and around 2% for the Japanese dataset.

e The research illustrates that the optimization pipeline (FS + Kernel) serves as a robust,
model-agnostic framework, enhancing the performance of various classification models.

Abstract

The main goal of this research is to provide a method that can be used to increase the
accuracy of credit imbalance data. Financial fraud is a fundamental problem that affects
both the financial sector and life and plays an important role in affecting the integrity and
trust in the financial sector, as well as the cost of living. Data classification in support vector
machine plays a very important role in increasing accuracy. For this purpose, we will
present a method for credit imbalance data classification using support vector machine and
deep belief network. With a case study on the methods of deep belief network and support
vector machine, unbalanced credit data has not been taken into consideration, and there has
also been data redundancy and duplicate data in these methods. We want to reduce data
redundancy and duplicate data and finally increase the weight of data accuracy for credit
imbalanced data using feature selection and kernel modification method.
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Introduction

The research paper titled “A Method for Increasing the Accuracy of
Credit Imbalanced Data” introduces a hybrid computational technique
aimed at addressing the significant issue of classification accuracy within
imbalanced credit datasets. Financial fraud and credit risk are critical
challenges faced by the global financial industry. The authors highlight a
significant research gap: although models such as Support Vector
Machines (SVM) and Deep Belief Networks (DBN) have been utilized in
credit scoring, previous implementations have frequently fallen short in
effectively addressing the specific issue of class imbalance. Additionally,
these applications have been hindered by data redundancy and duplicate
entries, which adversely affect model performance. The main aim of this
research is to propose an innovative classification method that merges
SVM and DBN. This hybrid strategy is further refined through two
essential optimization processes: a systematic feature selection approach
and a kernel modification technique, specifically designed to optimize the
Radial Basis Function (RBF) kernel. The ultimate objective is to diminish
data redundancy and enhance the weighted accuracy of classifications for
imbalanced credit data.

Methodology

This paper positions its research within the framework of a fluctuating
contemporary economy where effective credit risk assessment is crucial.
Conventional risk models are criticized for being “one-dimensional”
frequently depending on simplistic data and lacking the ability for
thorough, multi-faceted analysis, which leads to diminished accuracy. Data
mining methodologies are suggested as a more holistic alternative.

A significant obstacle in this field is the uneven cost associated with
misclassification. The expense of a False Negative (FN)—approving a
detrimental customer and forfeiting the entire principal—is alarmingly
greater than the cost of a False Positive (FP)—denying a beneficial
customer and losing merely potential interest. This economic disparity
makes basic accuracy an inadequate measure. The model must be refined
to emphasize the reduction of FNs, which is the reason the paper
concentrates on metrics that are attuned to this imbalance, such as
Waccuracy (Weighted Accuracy), which offers a more equitable
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evaluation of a model’s efficacy concerning the critically significant
minority class (undesirable customers).

The study builds on a well-established corpus of research in machine
learning pertaining to imbalanced data. “Theoretical Foundations”
segment of the paper classifies existing solutions into four main categories:

1. Data-Level Methods: Modifying the data distribution (e.g; over-

sampling or under-sampling).

2. Algorithm-Level Methods: Adjusting the classification algorithms

themselves to enhance sensitivity to the minority class.

3. Cost-Based Methods: Imposing a greater penalty for the

misclassification of the minority class.

4. Hybrid Approaches: Merging several weak classifiers to form a

single, robust model.

The paper outlines the progression of models in credit scoring,
transitioning from traditional algorithms such as Decision Trees (DT) and
SVM, to more contemporary, sophisticated techniques like Gradient
Boosted Decision Trees (GBDT).

The authors propose a hybrid model, referred to as IDCOST in the
results, which is based on a combination of Support Vector Machine
(SVM) and Deep Belief Network (DBN) and incorporates a bagging
algorithm.

However, the paper's core innovation is not a novel model architecture.
Instead, the authors identify the primary failure of previous SVM and DBN
applications as data redundancy and duplicate data. The paper's central
hypothesis is that the performance of these powerful classifiers is being
throttled by poor input data quality. Therefore, the main contribution is a
two-part preprocessing and optimization pipeline designed to "clean" the
data before classification. This pipeline consists of:

1. A systematic feature selection process to reduce redundancy.

2. A kernel modification and optimization process to tune the

classifier.

The hybrid SVM-DBN model is thus presented as the beneficiary of
this optimization pipeline, which is designed to unlock its true performance
potential.

The "Methodology" section provides a detailed taxonomy of feature
selection (FS) techniques, defining them as a process to select a subset of
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relevant input variables. The objectives are to reduce computational cost,
simplify the model, and, most importantly, improve performance by
removing irrelevant or redundant features.

The paper categorizes FS methods as follows:

e Filter Methods: Model-agnostic, using statistical criteria.

e Wrapper Methods: Use a specific machine learning model to
evaluate feature subsets.

e Embedded (Intrinsic) Methods: Feature selection is an integral part
of the model's training process (e.g; Random Forest feature
importance).

The authors also draw a critical distinction between feature selection
(which keeps or removes original features) and dimensionality reduction
(which creates new, composite features from the original ones).

The second part of the proposed pipeline is "kernel modification." The
kernel function in an SVM is what enables it to handle non-linear data. The
paper explicitly states its focus on the optimization of the parameters of the
Radial Basis Function (RBF) kernel.

While the paper's results demonstrate that this optimization, combined

with FS, leads to significant improvement, the "Methodology" section
itself does not specify how this optimization is performed. It is unclear if
this involves a standard grid search, a more advanced technique, or a novel
modification to the RBF function itself. This "kernel modification method"
remains an undefined component in the paper's description.

The paper first establishes a baseline by testing a suite of eight models
on the German and Japanese credit datasets using a standard Gaussian
Kernel and no specialized feature selection pipeline. The results from this
baseline test showed a high variance in performance. Notably, the
proposed IDCOST model, even in its baseline form, achieved a high
Weighted Accuracy (94% on the German dataset, 93% on the Japanese),
setting a high bar for improvement.

The paper's core empirical claim rests on the performance of these same
models after applying the proposed RBF Kernel and Feature
Selection pipeline. The results show a general improvement across the

board for all models tested.
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Result

A deeper analysis reveals a significant nuance. While the paper is titled
after its IDCOST method, the data suggests that the pipeline is the true
innovation, not the IDCOST model itself.

On the German dataset, the proposed IDCOST model (95%
Waccuracy) does emerge as the top performer, narrowly beating XGBoost
(94%) and RF (92%). However, on the Japanese dataset, the proposed
IDCOST model (94%Waccuracy) is outperformed by both the DBN-based
model (96%) and the Majority Voting model (95%).

This implies that the RBF+FS pipeline is a powerful, model-agnostic
wrapper that benefits all models. In fact, on the Japanese dataset, the DBN-
based model saw a +3 points gain (93% to 96%) from the pipeline, while
the IDCOST model only gained +1 point (93% to 94%).

Conclusions

The results of this research demonstrate that a hybrid SVM and DBN
approach, when augmented by a systematic feature selection and RBF
kernel optimization pipeline, can significantly increase classification
accuracy on imbalanced credit datasets. The paper's data empirically
supports an average weighted accuracy increase of 5.75% on the German
dataset and 1.875% on the Japanese dataset across a suite of eight different
models. (This analysis corrects a likely typographical error in the paper,
which claimed a 7.5% gain for the German dataset).

The paper's primary contribution is not the IDCOST model itself, but
rather the demonstration of this RBF+FS optimization pipeline as a highly
effective, model-agnostic wrapper for improving performance. The fact
that the DBN based model ultimately outperformed the paper's own
proposed model on the Japanese dataset is a critical finding that highlights
the pipeline's broad applicability.

The author's state that a key limitation of the research is the use of
benchmark case study data rather than real-world, proprietary credit data,
which would be necessary for full validation.

Future research directions proposed by the authors include applying
these methods to the direct prediction of credit risk, developing new
scoring methods for imbalanced data, and classifying "good-behavior"
versus "bad-behavior" customers. Ultimately, the paper successfully links
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the economic cost of fraud to a technical solution (the FS + RBF pipeline)
and the appropriate evaluation metrics (Weighted Accuracy), representing
a robust, end-to-end alignment for tackling this critical FinTech challenge.
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1. True Positive Accuracy, TPaccuracy

2. True Positive, TP

3. False Negative, FN
4. False negative accuracy, TNaccuracy
5. True negative, TN
6. False positive, FP
7. Imbalanced ratio, IR
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\. Bagging
Y. Radial Basis Function (RBF)



(5,151 Jalsials glaoals B3 ial8l sl o) 10 e g 9¥3lileS

$3355 Sl ,ia o Fdad o 51 (Slas gama 15 OT (b o8 Lol T 3 S5 5 Sl
ol el Coda (YN s 5 ) pd o OBl o i Jbe &S5 sl 6l
Gl 3 b 50T 5 Shes s s e Gileesle ( Slle auia ialS T
iliien slaaias 4 015 o 1y S5 Sl sla by Ll SLSTL Lag ol sla S5
:.sjfv.:.wﬁ.?
S Jien 5 oLT Slasban plal 5 1y b Sy b is, cnl 0 akd sl i, @
Ll s daTHS 5 o a2 (0l o S1as o obi Sl r;i,;n
8L 5Kl 5 o clmesls 5 4 i tlin (LT lrs Sl
o3lial b a S5 5 51 ilibn (glaas gommn 5 03,55 nl 53 Msbuaim slaBsy @
G ool 15 Shes o 2 6 oS 5 5ol byl oedle 6,8 5L Jus &
4 S 5Vl S35 Ygame b sy ol sde DSl ols aiia sles
s 5 S gl L3 51 bl dyls als sla b,
S 3k o S s g Sl e (S5 Sl anT b aaas ol 03 T 13 slaBsy @
G S5y s s ba Sl K 57 ¥ 0pmm £ il ladis .ol
.wwgwuduuu@ﬂxﬁu&?,;bw
d 53 4 (o el eslimal Ll 1y (S5s Slinl gla g, 015 oo comimmen
guat,&u_j)u\ﬁg.u,gu;w)wpéuu:”.sjsr,@b)wg,wb)wp
a8 8 ol Coda e (s Ol sla iy &5 Jlo )3 (liS s oaliul bn S5
S o o ((Sosen d5le) baosls Jgys sl S 55 olul
Gl e ( S35 sl s sl slal 2alS L (55 Ol S Sy 4 5 L
OS5l s gl S i oll Ll 8 S s S o Code b Lis |y oo
b S 59 Sl T3 57 slad oY Syl o olom) ol (sl it s 8 o

\. Filter Methods

Y. Wrapper Methods

Y. Embedded/Intrinsic Methods
¥. Lasso

O. Supervised

#. Unsupervised
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