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Abstract: Credit risk classification is an important component of
financial decision-making because inaccurate classification may
increase payment-default exposure and reduce lending quality. Credit
datasets commonly contain numerical variables with different
measurement scales and imbalanced distributions between default
and non-default clients, which can affect the reliability of machine-
learning models. Objective: This study aims to develop and evaluate
a Support Vector Machine model for classifying credit card clients
into default and non-default categories. The study also examines the
influence of numerical standardization, kernel selection,
hyperparameter optimization, and balanced class weighting on
classification  performance. ~Methodology: A  quantitative
experimental approach was applied using the Default of Credit Card
Clients dataset from the UCI Machine Learning Repository. The
dataset consisted of 30,000 observations and 23 predictor variables.
Data were divided into training and testing subsets using a stratified
80:20 ratio. Categorical variables were encoded, numerical variables
were standardized, and several SVM kernels were evaluated.
Hyperparameter selection was conducted using five-fold cross-
validation. Model performance was assessed using accuracy,
precision, recall, F1-score, specificity, balanced accuracy, and ROC—
AUC. Findings: The SVM model trained without standardization
failed to identify default clients effectively. Numerical
standardization substantially improved classification performance,
while the radial basis function kernel produced the strongest
validation results. The selected balanced RBF-SVM achieved
77.13% accuracy, 48.54% precision, 56.22% recall, 52.09% FI1-
score, 83.07% specificity, 69.65% balanced accuracy, and 75.10%
ROC-AUC. Balanced class weighting improved default detection but
increased false-positive predictions. Implications: The model can
support financial institutions as an initial credit-risk screening tool.
Its predictions should be combined with document verification,
repayment-capacity analysis, and manual assessment rather than
being used as the sole basis for credit approval. Originality: This
study provides a controlled evaluation of SVM performance by
integrating feature standardization, kernel selection, hyperparameter
optimization, class-imbalance treatment, and class-sensitive
performance metrics. The study demonstrates that credit-risk models
should be selected based on balanced default detection rather than
overall accuracy alone.
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INTRODUCTION

Credit risk classification is a critical component of lending decision systems because
errors in identifying borrowers’ repayment capabilities may increase default exposure,
reduce portfolio quality, and generate avoidable financial losses. Contemporary financial
institutions increasingly store numerical information related to applicants’ income, loan
amount, account balance, repayment history, credit utilization, debt-to-income ratio,
transaction frequency, employment duration, and previous delinquency. These variables
provide a measurable basis for distinguishing low-risk borrowers from applicants with a
higher probability of default. Nevertheless, numerical credit data commonly contain
nonlinear relationships, heterogeneous measurement scales, redundant variables, missing
observations, noisy records, and unequal distributions between default and non-default
classes. Such characteristics limit the effectiveness of fixed rule-based assessment and
conventional linear scoring when the boundary between creditworthy and risky applicants
cannot be represented by a simple linear relationship. Moreover, classification errors do
not produce equivalent operational consequences. A false-negative classification may
approve an applicant who later defaults, whereas a false-positive classification may reject
a financially reliable applicant and reduce potential revenue.

Consequently, credit-risk models must be evaluated using not only overall accuracy
but also precision, recall, F1-score, area under the receiver operating characteristic curve,
and confusion-matrix outcomes to determine their ability to detect both risk classes reliably
(Bhatore et al., 2020; Dastile et al., 2020; Noriega et al., 2023) The increasing volume and
complexity of digital financial records further strengthen the need for machine-learning
models capable of extracting nonlinear patterns from structured numerical data while
maintaining stable predictive performance on previously unseen observations (Markov et
al., 2022; Suhadolnik et al., 2023). Previous studies on credit-risk classification can be
organized into three main technical approaches.

The first approach applies statistical and relatively interpretable classification models,
including logistic regression, discriminant analysis, and conventional scorecards. These
methods remain relevant because their coefficients and decision relationships can be
interpreted directly, but their predictive ability may decline when financial variables
interact nonlinearly or when risk boundaries vary across borrower groups. Recent studies
have therefore integrated nonlinear decision-tree effects and feature-selection procedures
into traditional credit-scoring frameworks to improve discrimination without completely
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eliminating interpretability (Dumitrescu et al., 2022; Laborda & Ryoo, 2021).
Benchmarking studies have also shown that the comparative performance of statistical and
machine-learning models depends strongly on dataset characteristics, preprocessing
procedures, class distribution, and selected evaluation metrics rather than on the algorithm
name alone (Moscato et al., 2021). The second approach uses individual machine-learning
classifiers, such as Decision Tree, K-Nearest Neighbor, Artificial Neural Network,
Random Forest, and Support Vector Machine. Among these algorithms, SVM is
particularly suitable for numerical classification because it determines a separating
hyperplane by maximizing the margin between classes and can map nonlinear observations
into a higher-dimensional feature space through kernel functions.

Nevertheless, its performance is influenced by feature scaling, kernel selection,
regularization parameter (C), kernel coefficient (y¥),noise, outliers, and class imbalance
(Cervantes et al., 2020; Wang & Li, 2019). Studies have consequently developed SVM-
based feature-selection, genetic optimization, noise-elimination, and ensemble
mechanisms to improve credit-risk prediction under complex data conditions (Liu &
Huang, 2020; Ptawiak et al., 2019). The third approach consists of ensemble, hybrid, deep-
learning, and optimization-based models that combine multiple learners or data-processing
techniques. These frameworks include supervised—unsupervised integration, stacked
classifiers, deep neural networks, boosting methods, and filter-based feature selection (Bao
et al., 2019; Emmanuel et al., 2024). Although such methods may improve predictive
performance, they also introduce additional computational complexity, larger
hyperparameter spaces, and lower model transparency (Chang et al., 2024; Trivedi, 2020).
Existing research therefore provides extensive comparisons among different algorithms,
but focused evidence remains limited concerning how numerical standardization, kernel
choice, parameter optimization, and class-sensitive evaluation jointly determine the
performance of a standalone SVM model. Furthermore, model accuracy is frequently
emphasized without sufficient analysis of minority-class recall, cross-validation stability,
and differences between training and testing performance. These unresolved issues
constitute the technical research gap addressed in this study.

Based on this research gap, the present study aims to develop and analyze a Support
Vector Machine model for classifying credit risk using structured numerical financial data.
The first objective is to prepare the numerical variables through data-quality inspection,
missing-value treatment, duplicate-record removal, outlier examination, and feature
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standardization. The second objective is to construct SVM classification models using
alternative kernel configurations, particularly linear, polynomial, radial basis function, and
sigmoid kernels, when technically applicable to the dataset. The third objective is to
determine the most appropriate values of the regularization parameter (C), kernel
coefficient (y),and other relevant parameters through systematic hyperparameter tuning
and cross-validation. The fourth objective is to evaluate classification performance using
accuracy, precision, recall, Fl-score, specificity, ROC-AUC, and confusion-matrix
analysis. Recall and F1-score will receive particular attention because credit datasets may
contain fewer default cases than non-default observations, causing a model with high
overall accuracy to perform poorly in detecting high-risk applicants. The fifth objective is
to compare training, validation, and testing results to identify potential underfitting or
overfitting.

Through these procedures, the study seeks to determine how effectively SVM
separates low-risk and high-risk borrowers, which kernel and parameter combination
produces the most reliable results, and whether the selected model maintains consistent
performance across different partitions of the numerical credit dataset. The evaluation
design is consistent with recent credit-scoring literature emphasizing feature relevance,
class distribution, model validation, and balanced performance indicators as essential
elements of reliable credit-risk prediction (Biicker et al., 2022; Bussmann et al., 2021;
Noriega et al., 2023)

The technical contribution of this study lies in establishing a controlled and
reproducible SVM evaluation framework specifically for numerical -credit-risk
classification. Unlike studies that merely compare multiple algorithms based on their
highest accuracy, the proposed framework examines the complete relationship among data
preprocessing, feature standardization, kernel configuration, hyperparameter tuning, class-
sensitive metrics, and cross-validation stability. The engineering hypothesis is that an SVM
model trained with standardized numerical variables and optimized kernel parameters will
provide better class separation and more stable generalization than an SVM model trained
using unscaled variables and default parameters. A nonlinear kernel, particularly the radial
basis function kernel, is expected to provide an advantage when repayment risk is
determined by complex interactions among income, outstanding debt, transaction behavior,
credit utilization, and repayment history. However, the final model will not automatically
be selected based on the highest accuracy. Model selection will consider whether
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improvements in accuracy are accompanied by adequate recall for the high-risk class,
balanced precision and F1-score, strong ROC-AUC performance, and limited variation
across cross-validation folds.

The study is expected to provide empirical evidence regarding the suitability and
limitations of SVM for structured credit data and to offer a technically grounded
configuration process that can support the development of automated credit-screening
systems. At the practical level, the findings may assist system developers and financial
analysts in determining the preprocessing and SVM parameter settings required to reduce
misclassification risk. At the academic level, the research contributes a focused analysis of
margin-based classification under numerical financial-data conditions while addressing the
need for reproducibility, predictive stability, and transparent model evaluation identified in

recent credit-risk research (Biicker et al., 2022; Chang et al., 2024; Emmanuel et al., 2024).

RESEARCH METHOD

The unit of analysis in this study was an individual credit card client represented by
demographic, credit-limit, billing, payment-status, and repayment variables. The research
used the Default of Credit Card Clients dataset obtained from the UCI Machine Learning
Repository. The dataset was originally collected from credit card clients in Taiwan and
contained 30,000 observations with 23 predictor variables and one binary target variable
(Yeh, 2009).

The target variable represented the occurrence of default payment in the following
month, where a value of 1 indicated that the client defaulted and a value of 0 indicated that
the client did not default. The dataset contained 6,636 default observations, representing
22.12% of the records, and 23,364 non-default observations, representing 77.88%. This
distribution indicated a moderate class imbalance that had to be considered during model
training and evaluation.

The 23 predictor variables were grouped into three types. The first group consisted of
three categorical variables: sex, education level, and marital status. The second group
consisted of six ordinal repayment-status variables covering monthly payment behavior
from April to September 2005. The third group consisted of 14 numerical variables,
including credit limit, age, six monthly bill-statement amounts, and six previous-payment
amounts. The identification number was not used as a predictor because it did not represent
the financial characteristics or repayment behavior of the client.
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This study employed a quantitative experimental design using supervised machine
learning. The experiment was conducted to develop and evaluate a Support Vector
Machine model for classifying credit card clients into default and non-default classes. SVM
was selected because it constructs a decision boundary by maximizing the margin between
classes and can accommodate nonlinear relationships through kernel functions (Cervantes
et al., 2020).

The experimental design compared four SVM configurations:

1. an SVM model using default parameters;

2. an SVM model using preprocessed and standardized variables;

3. an SVM model using standardized variables and optimized hyperparameters; and

4. an SVM model using standardized variables, optimized hyperparameters, and balanced

class weighting.

The comparison was intended to determine the effects of preprocessing, kernel
selection, parameter optimization, and class weighting on credit-risk classification
performance. The research stages consisted of dataset acquisition, data inspection, feature
preparation, stratified data splitting, categorical-variable encoding, numerical-variable
standardization, model training, hyperparameter optimization, cross-validation, final
testing, and performance interpretation.

The dataset was divided into training and testing subsets using a stratified 80:20 ratio.
Therefore, 24,000 observations were assigned to the training subset and 6,000 observations
were assigned to the testing subset. Stratification preserved approximately the same
proportion of default and non-default observations in both subsets. A random seed of 42
was used to ensure that the data partition could be reproduced.

The study used secondary data obtained from the UCI Machine Learning Repository.
The dataset was contributed by I-Cheng Yeh and developed to investigate the predictive
accuracy of default-payment models among Taiwanese credit card clients. The dataset
contained integer and real-valued features and was designed for a classification task.

The original dataset did not contain missing values. Nevertheless, data-quality
inspection was performed to identify duplicate observations, inconsistent labels,
undocumented categorical codes, and technically implausible values. The following

variable groups were used:
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Variable group Variables Description
Credit capacity LIMIT BAL Total credit limit in New Taiwan dollars
Demographic attributes SEX, EDUCATION, MARRIAGE, AGE Client demographic characteristics
Repayment status PAY 0-PAY 6 Monthly repayment status for six months
Bill statements BILL AMTI-BILL AMT6 Monthly bill-statement amounts
Previous payments PAY AMTI1-PAY AMT6 Monthly payment amounts
Target DEFAULT Default payment in the following month

The ID variable was removed after the dataset had been inspected because it served
only as a record identifier. The target variable was separated from the predictor matrix
before preprocessing and model construction.

The dataset was retrieved in spreadsheet format and processed using Python. Pandas
and NumPy were used for data manipulation, while Scikit-learn was used for
preprocessing, model construction, cross-validation, and performance evaluation.
Matplotlib was used to visualize the class distribution, confusion matrix, receiver operating
characteristic curve, and model-comparison results.

The initial data inspection included an examination of the dataset dimensions, data
types, descriptive statistics, class distribution, duplicate records, and variable ranges.
Because the UCI documentation reported no missing values, missing-value imputation was
not required. However, the completeness of each variable was rechecked before model
development.

The three categorical variables—SEX, EDUCATION, and MARRIAGE—were
treated as categorical attributes rather than continuous numerical quantities. These
variables were transformed using one-hot encoding to prevent the model from interpreting
their category codes as continuous distances. Values outside the documented categories,
when encountered, were grouped into an “other” category.

The six repayment-status variables were retained as ordinal attributes because their
values represented the duration and severity of delayed payments. The credit limit, age,
bill-statement amounts, and previous-payment amounts were treated as numerical
variables.

Potential outliers in continuous financial variables were identified using the
interquartile range:

[IQR = Q3 — Q4]

An observation was identified as a potential outlier when its value was lower than

(Q; — 1.5IQR) or higher than (Q5 + 1.5IQR). However, extreme financial values were not

removed automatically because unusually high credit limits, balances, or payment amounts
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could represent valid client conditions. Removal was performed only when a value was
proven to be inconsistent with the data definition.
Numerical variables were standardized using the z-score transformation:

_ X T H
Zij = p
]

where (Zl- j)is the standardized value of observation (i) for variable (j), (xl- j) is the
original Value,(u j)is the mean of variable (j), and (aj) is its standard deviation.
Standardization was necessary because the variables had substantially different
measurement scales. Credit limits, bill amounts, and payment amounts were measured in
New Taiwan dollars, whereas age and payment-status variables had considerably smaller
numerical ranges.

All preprocessing operations were implemented through a Scikit-learn pipeline. The
encoder and numerical standardizer were fitted only to the training data. The fitted
transformations were subsequently applied to the validation and testing subsets. This
procedure prevented information leakage from the testing data into the model-development
process.

The Support Vector Machine classifier was developed to identify an optimal
hyperplane separating default and non-default clients. Given a training dataset ((xi, yl-)),
where (x;)represents a client’s predictor vector and (y; € —1,+1) represents the credit-

risk class, the soft-margin SVM optimization was formulated as:
n
Lz + ¢
min |S Wl +€ ) &
i=1

[yiw'x; +b) 21—, & =0]

subject to:

where (w) is the weight vector, (b) is the bias term, (\xi i) is the slack variable, and
(C) is the regularization parameter. The (C) parameter controls the trade-off between a
wider classification margin and the penalty imposed on incorrectly classified training
observations.

Four kernel functions were evaluated: linear, polynomial, radial basis function, and

sigmoid. The radial basis function kernel was expressed as:

[K(xi,xj) = exp (—V“xi - xf”Z)]
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where (y)determines the influence range of individual training observations. A small
(y) produces a smoother decision boundary, while a large (y) produces a more localized
and complex boundary.

Hyperparameter optimization was performed using stratified grid-search cross-
validation. The candidate parameter values are presented in Table 1.

Table 1. Support Vector Machine hyperparameter search space

Hyperparameter Candidate values

Kernel Linear, polynomial, RBF, sigmoid
© 0.01, 0.1, 1, 10, 100
(2 Scale, auto, 0.001, 0.01, 0.1, 1

Polynomial degree 2, 3, 4
Class weight None, balanced

The degree parameter was evaluated only for the polynomial kernel, while the
(y)parameter was evaluated for the polynomial, RBF, and sigmoid kernels. The balanced
class-weight option assigned greater misclassification penalties to the default class because
it represented only 22.12% of the dataset.

Five-fold stratified cross-validation was applied to the 24,000 training observations.
In every iteration, four folds were used for model training and one fold was used for
validation. This procedure was repeated until every fold had served as the validation subset.
All preprocessing steps were repeated within each cross-validation fold to prevent
information leakage.

The mean Fl-score for the default class was used as the primary criterion for
hyperparameter selection. Recall and ROC-AUC were used as supporting criteria. The use
of Fl-score as the primary metric was intended to prevent the selection of a model that
achieved high accuracy by predominantly predicting the majority non-default class.

The final model was evaluated on the isolated testing subset using a confusion matrix.
In this study, default clients were defined as the positive class. Therefore:

e true positive represented a default client correctly classified as default;

e true negative represented a non-default client correctly classified as non-default;

o false positive represented a non-default client incorrectly classified as default; and

o false negative represented a default client incorrectly classified as non-default.
Accuracy was calculated as:

p ~ TP + TN
CCUracy = b X TN+ FP + FN
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Precision was calculated as:

o TP
[Preasmn = W]
Recall or sensitivity was calculated as:
TP
[Recatt = 7577

The F1-score was calculated as:

[Fl _5 (Precision X Recall)]
~ “\Precision + Recall

Specificity was calculated as:

TN
[SpélelClty = m]

Balanced accuracy was calculated as:

Recall + Specificity]

[Balanced Accuracy = 5

Accuracy described the overall proportion of correct predictions. Precision measured
the reliability of default predictions, while recall measured the model’s ability to detect
clients who actually defaulted. Specificity measured the ability to identify non-default
clients correctly. Balanced accuracy was included because it assigned equal importance to
the default and non-default classes.

The receiver operating characteristic curve was developed by plotting the true-positive
rate against the false-positive rate at different decision thresholds. The area under the curve
was used to measure the model’s ability to rank default clients above non-default clients.
A higher ROC-AUC value indicated stronger discrimination between the two credit-risk
classes.

Cross-validation stability was measured using the mean and standard deviation of the

fold scores:

Xi (M — M)?

k
_ 1
i=1

where (M 1) is the score obtained from fold (i), (\bar{M}) is the mean score, and (k)

is the number of folds. A model was considered stable when it produced a high average

validation score accompanied by a relatively small standard deviation.
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Potential overfitting was examined using the difference between training and testing
performance:

[AM = Myrain — Mies:]

A large positive difference indicated that the model performed substantially better on
the training observations than on previously unseen testing observations. The selected
model was required to demonstrate both strong predictive performance and a limited
training-testing performance gap.

The final SVM configuration was selected according to the following criteria:

1. the model produced the highest or near-highest F1-score for the default class;

the recall value demonstrated adequate detection of default clients;

the precision value did not indicate an excessive number of false credit-risk warnings;
the balanced accuracy reflected satisfactory performance for both classes;

the ROC-AUC indicated strong discrimination ability;

the cross-validation standard deviation was relatively low; and

A

the difference between training and testing performance did not indicate severe overfitting.

The final model was not selected solely based on overall accuracy. This decision was
necessary because predicting every observation as non-default would already produce an
apparent accuracy of approximately 77.88%, while completely failing to identify default

clients. The research workflow consisted of the following stages:

o UCI Dataset a Variable e Removal Target e Categorical-Variable e Numerical-Variable
Acquisitit pecti of ID Separation Encoding Standardization
&= —F= i S o [eovcmon wewnce] [ w0z @] -
U : = [ | 1 2 2 1]ofo
S - I - i - | P2 L TN ERERE
& [11] H [ = | gl D 2 Ao O
: 23| [ AEEERE
De " Insj e
= ‘°WI" 0:2 d?:ass . data type: Remove ID variable Separate target
efault of Credt Cary because itis only an variable (DEFAULT) Convert categorical variables SoEe—
Clients” from UCI i identifier and not from predictors (SEX, EDUCATION, MARRIAGE) plag™ Ll
Machine Learning i e ahl o features using z-score
check missing values useful for modeling (features) using one-hot encoding. ranafarmation
Repository. or duplicates. gt
l \
@ stratifiedso:0 | (@) svm © Grid-search @ FiveFold ® Final |@® confusion-M Per
Data Splitting | Configuration Optimizati Ci idati Testing | Analysis Interpretation
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30 % et () [ onOwau 0]
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RS A gl T PNy
S 5/ 5 A A é Nonpetat | Ep ™
Va o [}
f< =3 > =
[ =) E ) o : Compute performance Interpret results,
== - 00se SVM algorithm an metrics: Accuracy, Precision, Coaare racals T
Training Set  Testing Set kernel type (Linear, Polynomial, s on o Recall, F1-score, Specificity, nckiaionsgand prov
(80%) (20%) RBF, Sigmoid). weight, etc.). cai . ROC-AUC, et
____ ER J A\ e

Figure 1. Research workflow for SVM-based credit card default classification.

The dataset was publicly available and did not include client names, account numbers,
addresses, or other direct personal identifiers. The research used the data only for academic

model development and performance analysis. The dataset source, preprocessing pipeline,
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random seed, feature treatment, hyperparameter search space, and evaluation metrics were
documented to support independent replication.

The software environment consisted of Python, Pandas, NumPy, Scikit-learn, and
Matplotlib. A fixed random seed of 42 was used for the data-splitting and cross-validation
processes. The testing subset remained isolated until preprocessing decisions, kernel

selection, and hyperparameter optimization had been completed.

RESULT
Dataset Characteristics and Preprocessing Results

The initial dataset consisted of 30,000 credit card client records, 23 predictor variables,
one identification variable, and one binary target variable. The identification variable was
excluded from model development because it did not represent demographic, financial, or
repayment characteristics. Data inspection confirmed that all predictor and target fields
were complete; therefore, missing-value imputation was not required.

The target distribution consisted of 23,364 non-default clients and 6,636 default
clients. Thus, the non-default class represented 77.88% of the dataset, while the default
class represented 22.12%. The class ratio was approximately 3.52:1, indicating that overall
accuracy alone could not adequately represent the model’s ability to detect default clients.

Table 1. Distribution of credit-risk classes

Credit-risk class Code Number of observations Percentage

Non-default 0 23,364 77.88%
Default 1 6,636 22.12%
Total 30,000 100.00%

The stratified 80:20 division generated 24,000 training observations and 6,000
testing observations. The training subset contained 18,691 non-default clients and 5,309
default clients, whereas the testing subset contained 4,673 non-default clients and 1,327
default clients. The class proportions were therefore maintained across both subsets.

Table 2. Distribution of training and testing data

Data subset Non-default Default Total
Training data 18,691 5,309 24,000
Testing data 4,673 1,327 6,000
Total 23,364 6,636 30,000
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Descriptive analysis showed substantial differences in the scales of the predictor
variables. The average credit limit was NT$167,484.32, while the median value was
NT$140,000.00. Monthly bill and previous-payment variables also had substantially larger
numerical ranges than age and repayment-status variables. These scale differences
supported the application of numerical standardization before SVM training.

Table 3. Descriptive statistics of selected numerical variables

Standard

Variable Mean Median . . Minimum Maximum
deviation

Credit limit 167,484.32 140,000.00 129,747.66 10,000 1,000,000

Age 35.49 34.00 9.22 21 79

Latest  repayment oy g9 1.12 2 8

status

Latest bill amount ~ 51,223.33 22.381.50 73.635.86 ~165,580 964,511

Latest payment 5 <63 58 2.100.00 16,563.28 0 873,552

amount

The mean credit limit of default clients was NT$130,109.66, lower than the
NT$178,099.73 recorded for non-default clients. Default clients also had a higher mean
latest repayment-status value of 0.67, compared with —0.21 for non-default clients. In
addition, their average latest payment amount was NT$3,397.04, compared with
NT$6,307.34 among non-default clients.

Three dominant data patterns were identified. First, the target class was moderately
imbalanced toward non-default clients. Second, the financial variables had widely different
numerical ranges. Third, delayed-payment status and lower previous-payment amounts
were more prominent among default clients. These patterns justified the use of feature

standardization and class-sensitive performance metrics.
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Figure 2. Distribution of default and non-default observations.

Kernel Screening Results

A preliminary kernel-screening process was performed using a stratified subset of
6,000 training records. The subset was divided into development and validation data while
maintaining the original class proportions. Linear, polynomial, radial basis function, and
sigmoid kernels were evaluated using identical standardized predictor variables and initial
SVM parameters.

The RBF kernel produced the highest validation accuracy, F1-score, and ROC-AUC
among the four evaluated kernels. It achieved an accuracy of 81.87%, an Fl-score of
41.88%, and a ROC-AUC of 73.21%. The linear kernel produced high precision but
detected only 10.24% of the actual default observations. The sigmoid kernel produced the
lowest accuracy and ROC-AUC.

Table 4. Preliminary SVM kernel-screening results

Kernel Accuracy Precision Recall F1-score ROC-AUC
Linear 79.40% 75.56% 10.24% 18.04% 70.29%
Polynomial 80.27% 67.31% 21.08% 32.11% 69.05%
RBF 81.87% 72.06% 29.52% 41.88% 73.21%
Sigmoid  71.13% 35.01% 35.54% 35.28% 60.85%

The screening results indicated that the RBF kernel provided the most suitable
nonlinear boundary for the numerical credit data. Therefore, subsequent configuration

testing focused on the RBF kernel.
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Effect of Standardization and Class Weighting

Four SVM configurations were evaluated to determine the influence of
standardization, hyperparameter configuration, and class weighting. The raw-data SVM
used the original numerical scales and default RBF parameters. The standardized SVM
applied one-hot encoding and z-score standardization but retained default SVM
parameters. The optimized unbalanced model used (C=10), (\gamma=0.01), and no class
weighting. The optimized balanced model used (C=10), (\gamma=0.01), and balanced
class weights.

Table 5. Testing performance of the evaluated SVM configurations

. .. F1- .~ .. Balanced ROC-
SVM configuration Accuracy Precision Recall score Specificity accuracy AUC

Raw variables, default
parameters

Standardized, default
parameters
Standardized,
optimized, unbalanced

Standardized,
optimized, balanced

77.88% 0.00%  0.00% 0.00% 100.00% 50.00% 58.80%

81.62% 66.52% 33.99% 44.99% 95.14%  64.56% 72.05%

81.60% 67.50% 32.40% 43.79% 95.57%  63.99% 71.49%

77.13% 48.54% 56.22% 52.09% 83.07%  69.65% 75.10%

The raw-data model classified all testing observations as non-default. It correctly
predicted all 4,673 non-default observations but failed to detect any of the 1,327 default
observations. Consequently, the apparent accuracy of 77.88% was equivalent to the
proportion of the majority class and did not indicate useful default-risk detection.

Feature standardization changed this result substantially. The standardized default
SVM detected 451 default observations and increased the ROC-AUC from 58.80% to
72.05%. Its testing accuracy increased to 81.62%, although its recall remained limited to
33.99%.

The optimized unbalanced configuration produced similar results to the standardized
default model. Its precision increased to 67.50%, but recall decreased to 32.40%. This
model therefore generated fewer false-positive default warnings but continued to miss
more than two-thirds of the actual default clients.

The optimized balanced configuration produced the highest recall, F1-score, balanced
accuracy, and ROC-AUC. Recall increased to 56.22%, representing an improvement of
22.23 percentage points over the standardized default model. Its F1-score increased from
44.99% to 52.09%, while its balanced accuracy increased from 64.56% to 69.65%.
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However, overall accuracy decreased from 81.62% to 77.13% because class weighting

increased the number of non-default clients classified as default.

09 Performance comparison of SVM configurations
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Figure 3. Performance comparison of the evaluated SVM configurations.

Cross-Validation Results

Five-fold stratified cross-validation was conducted on the tuning subset to evaluate
configuration stability. The optimized balanced model with (C=10), (\gamma=0.01), and
balanced class weighting produced the highest mean F1-score and ROC-AUC among the

principal configurations evaluated during parameter screening.

Table 6. Five-fold cross-validation results

Configuration Accuracy Recall F1-score ROC-AUC
Standardized default SVM 82.02% + 0.31% 32.10% + 3.22% 44.03% + 2.88% 70.55% + 2.46%

g{’;ﬁmed unbalanced 225.(2)103/, £ 30.40% + 3.76% 44.61% + 3.54% 71.14% + 2.45%
. 0

57.12% +51.44% +75.50% +

- o o
Optimized balanced SVM  76.12% =+ 1.83% 2.67% 2.76% 1.93%

The optimized balanced model demonstrated a cross-validation F1-score of (51.44%
\pm 2.76%). The relatively small standard deviation indicated that its F1-score remained
reasonably consistent across the five validation folds. Its recall varied by 2.67 percentage
points, while its ROC-AUC varied by 1.93 percentage points.

The configuration was selected for final evaluation because it produced the strongest
combination of default-class recall, F1-score, and ROC—AUC. The higher accuracy of the
unbalanced configurations was not used as the primary selection criterion because those

models detected less than one-third of the default clients.
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Final SVM Classification Results

The selected SVM model was retrained using all 24,000 training records and evaluated
on the isolated testing set of 6,000 observations. The final model correctly classified 3,882
non-default clients and 746 default clients. It incorrectly classified 791 non-default clients
as default and 581 default clients as non-default.

Table 7. Confusion matrix of the selected SVM model

Actual class Predicted non-default Predicted default Total

Non-default 3,882 791 4,673
Default 581 746 1,327
Total 4,463 1,537 6,000
Confusion matrix of the selected SVM model
- 3500
Actual non-default - 3000
ﬁ 2500
e
©
>
E; 2000
Actual default 1500
1000
\t u\t
_gefaV ' gefa
cted 07 ?\’ed\Cted

Predicted class

Figure 4. Confusion matrix of the selected SVM model.

The final testing accuracy was 77.13%. Precision was 48.54%, indicating that
approximately 48.54% of clients predicted as default were actual default clients. Recall

was 56.22%, showing that the model detected 746 of the 1,327 actual default clients. The
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F1-score was 52.09%, while specificity was 83.07%. The resulting balanced accuracy was
69.65%, and the ROC-AUC was 75.10%.
Table 8. Final performance of the selected SVM model

Metric Training result Testing result Difference

Accuracy 78.17% 77.13% 1.04 percentage points
Precision 50.55% 48.54% 2.01 percentage points
Recall 60.78% 56.22% 4.56 percentage points
Fl-score 55.20% 52.09% 3.11 percentage points
Specificity 83.11% 83.07% 0.04 percentage points
Balanced accuracy 71.95% 69.65% 2.30 percentage points

The training-testing accuracy difference was 1.04 percentage points, while the F1-
score difference was 3.11 percentage points. These differences indicated that the selected
model experienced a moderate reduction in default-class detection when applied to unseen
observations but did not exhibit a severe overall generalization gap.

Three dominant findings were obtained. First, an SVM trained without standardization
was unable to detect the default class. Second, standardization increased overall
classification accuracy and enabled the model to recognize default observations. Third,
balanced class weighting produced the strongest default-class recall, F1-score, balanced
accuracy, and ROC-AUC, although it reduced overall accuracy and precision. The final
configuration therefore prioritized the identification of risky clients rather than maximizing

the proportion of all correctly classified observations.

DISCUSSION

The results show that feature preprocessing and class-imbalance treatment
substantially affected SVM performance. The model trained using unstandardized
variables classified all observations as non-default, indicating that its apparent accuracy
did not represent meaningful credit-risk detection. After standardization, the model was
able to identify default clients and produced better accuracy, F1-score, and ROC-AUC.

Among the evaluated kernels, the radial basis function kernel produced the strongest
validation performance. The balanced RBF-SVM achieved the best recall, Fl-score,
balanced accuracy, and ROC-AUC, although its overall accuracy and precision were lower
than those of the unbalanced model. This configuration was selected because detecting

high-risk clients was considered more important than maximizing overall accuracy.
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Technical Explanation

Standardization improved classification because the input variables had substantially
different numerical scales. Credit limits, bill amounts, and payment values were measured
in large monetary units, whereas age and repayment-status variables had much smaller
ranges. Without standardization, variables with large values dominated the distance
calculations used by the RBF kernel.

The stronger performance of the RBF kernel indicates that the relationship between
financial variables and default status was nonlinear. Credit risk was not determined by one
variable independently, but by interactions among credit limits, bill amounts, previous
payments, repayment delays, and demographic attributes. The nonlinear kernel provided

greater flexibility for representing these complex relationships than the linear kernel.

Effect of Class Imbalance

The dataset contained considerably more non-default than default observations.
Consequently, the unweighted SVM tended to prioritize the majority class and achieved
relatively high accuracy while detecting only a small proportion of default clients. This
confirms that accuracy alone is insufficient for evaluating imbalanced credit-risk data.

Balanced class weighting increased the penalty for misclassifying default clients. As a
result, recall improved because more high-risk clients were detected, but false-positive
predictions also increased. This represents an operational trade-off: higher recall reduces
the risk of approving clients who may default, whereas lower precision may cause more

creditworthy clients to require additional assessment.

Comparison and Engineering Interpretation

The findings are consistent with previous studies showing that nonlinear models,
appropriate feature processing, and class-imbalance treatment can improve credit-risk
prediction. The present study demonstrates that a standalone SVM can provide technically
meaningful results when standardization, kernel selection, hyperparameter optimization,
and balanced evaluation metrics are applied systematically.

However, the selected model should be used as an initial screening or decision-support
tool rather than as an automatic credit-rejection system. The confusion matrix showed that
some default clients remained incorrectly classified as non-default, while several non-
default clients were flagged as high risk. Therefore, predictions should be combined with
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income verification, repayment-capacity analysis, supporting documents, and manual

assessment.

Practical Implications and Limitations

For practical implementation, categorical encoding and numerical standardization
must be integrated into a fixed prediction pipeline. Model performance should also be
monitored periodically because changes in economic conditions, customer profiles, and
repayment behavior may reduce predictive accuracy over time. The decision threshold may
be adjusted according to the relative financial costs of false-negative and false-positive
predictions.

This study was limited to one public credit card dataset and one main classification
algorithm. The data represented Taiwanese clients during a specific historical period, so
the findings may not directly generalize to other institutions, countries, or credit products.
Future research should compare SVM with Logistic Regression, Random Forest, XGBoost,
and ensemble models, while also evaluating probability -calibration, fairness,

explainability, and external validation using more recent financial data.

CONCLUSION

This study developed and evaluated a Support Vector Machine model for credit-risk
classification using the UCI Default of Credit Card Clients dataset. The findings
demonstrate that data preprocessing and class-imbalance treatment substantially influenced
classification performance. The SVM trained using unstandardized variables failed to
detect default clients, whereas numerical standardization enabled meaningful separation
between the default and non-default classes. Among the evaluated kernels, the radial basis
function kernel provided the most suitable nonlinear decision boundary. The selected
balanced RBF-SVM achieved an accuracy of 77.13%, precision of 48.54%, recall of
56.22%, F1-score of 52.09%, balanced accuracy of 69.65%, and ROC—AUC of 75.10%.
Although its overall accuracy was lower than that of the unbalanced configuration, it
provided better detection of high-risk clients.

The scientific contribution of this study lies in demonstrating that SVM performance
in credit-risk classification should not be assessed solely using overall accuracy. A
controlled combination of numerical standardization, kernel selection, hyperparameter
optimization, balanced class weighting, and class-sensitive evaluation metrics produced a
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more technically meaningful model. The results also confirm that the relationship between
financial characteristics and payment default is nonlinear and that Fl-score, recall,
balanced accuracy, and ROC-AUC are more appropriate than accuracy alone for
evaluating imbalanced credit data. In practical application, the selected model is more
suitable as an initial risk-screening and decision-support tool than as a fully automated
credit-approval mechanism.

This study was limited to one historical public dataset, one primary machine-learning
algorithm, and a predefined hyperparameter search space. The model was not externally
validated using recent data from different countries, institutions, or credit products.
Probability calibration, computational efficiency, model explainability, demographic
fairness, and alternative imbalance-handling techniques were also not evaluated. Future
research should compare SVM with Logistic Regression, Random Forest, XGBoost, and
ensemble models under identical experimental conditions. External validation, cost-
sensitive learning, probability calibration, fairness assessment, and explainable artificial
intelligence should also be incorporated to improve the reliability and accountability of

credit-risk prediction systems.
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