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Abstract Credit card lending is prevalent in the modern financial landscape, enabling consumers to access credit while
exposing financial institutions to inherent risks of default. Accurate prediction of credit card default is paramount for
mitigating financial losses and optimizing risk management strategies. This empirical study leverages supervised machine
learning techniques to develop robust predictive models for credit card default. Utilizing a comprehensive dataset
encompassing customer demographic information, credit histories, and payment patterns, we evaluate the performance of
various classification algorithms, with a particular emphasis on the Sequential Minimal Optimization (SMO) algorithm.
Through rigorous data preparation, feature engineering, model optimization, and performance evaluation, we provide
insights into the predictive capabilities of machine learning models and contribute to the ongoing research efforts in credit

risk assessment.
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1. Introduction

The proliferation of credit card lending has facilitated
widespread access to credit for consumers, enabling them to
finance major purchases and manage expenses effectively.
However, this convenience comes with inherent risks for
financial institutions, as they must carefully assess the
creditworthiness of borrowers to mitigate the potential for
default. Traditional credit risk assessment methods, relying
on statistical techniques and expert judgment, may not fully
capture the complex interplay of factors influencing default
behavior. Consequently, there is a growing need for more
sophisticated Information technology (IT) and data-driven
approaches to accurately predict credit card default and inform
risk management strategies. In recent years, machine learning
algorithms have emerged as powerful tools for predictive
modeling, offering the potential to uncover intricate patterns
and relationships within large and complex datasets. This
study aims to leverage the capabilities of supervised machine
learning techniques to develop robust predictive models
for credit card default. By utilizing a comprehensive dataset
encompassing customer demographic information, credit
histories, and payment patterns, we endeavor to identify
the most effective algorithms and feature combinations for
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accurately  classifying customers as defaulters or

non-defaulters.

2. Literature Review

The prediction of credit card default has been an active and
extensively researched area in the financial domain, attracting
significant attention from researchers and practitioners alike.
Numerous studies have explored a wide array of statistical,
empirical, and machine learning approaches to tackle this
crucial problem.

Early efforts in this field employed empirical models to
predict the likelihood of an individual defaulting on a new
loan. Notably, Avery et al. (2003) [1] developed such models
that took into account economic conditions and situational
circumstances of the area in which the borrower resides.
These models aimed to capture the influence of external
factors on an individual's ability to repay their loans.

As the field progressed, more advanced techniques emerged,
including the adoption of Bayesian methods. In a notable
contribution, Xia et al. (2017) [2] utilized the Bayesian
Hyper-parameter technique to optimize credit scoring models,
demonstrating the potential of probabilistic approaches in
improving credit risk assessment.

With the rapid advancement of machine learning
techniques, a plethora of algorithms have been explored and
applied to the credit card default prediction problem. Linear
regression, logistic regression, random forests, discriminant



American Journal of Intelligent Systems 2024, 13(1): 12-16 13

analysis, and decision trees are among the widely employed
methods in this domain. Researchers such as Min-Chung
et al. (2009) [3] and Yashna et al. (2018) [4] have contributed
significantly to the understanding and application of these
algorithms in the context of credit card default prediction.

Notably, the random forest algorithm has garnered
particular attention for its superior performance in this
domain. Ajay et al. (2016) [5] conducted a comprehensive
study demonstrating the efficacy of random forest models in
accurately predicting credit card default, outperforming
several other traditional and machine learning techniques.
However, the latest work in the field of Neural Networks
(NN), by Gui, Liyu. et. al. 2019 [6] have shown that NN is
the best-in-class classifier (81.64%) when predicting customer
credit or loan defaults.

Building upon comparative study of 1-Cheng et. al [7],
and this existing body of knowledge in predictive analysis,
the present study aims to further explore the performance of
various non-linear classifier algorithms and compare their
effectiveness against the widely-used random forest model.
Through rigorous empirical analysis and model optimization,
we strive to contribute new insights to the field of credit risk
assessment and provide practical guidance for financial
institutions in their lending practices.

By leveraging the latest advancements in machine learning
techniques and drawing upon the wealth of previous research,
this study seeks to advance the understanding of credit card
default prediction and develop robust Artificial Intelligence
(Al) models that can aid financial institutions in mitigating
risks and fostering sustainable lending practices.

3. Data Collection and Preparation

The dataset employed in this empirical study is derived
from real-world credit card records of customers in Taiwan.
This dataset was donated to esteemed University of California,
Irvine (UCI) Machine Learning Repository [8], which serves
as a valuable resource for researchers and practitioners in
the field of machine learning. The dataset encompasses
a comprehensive set of 18 features, meticulously curated to
capture various aspects of customer behavior and credit
histories.

At the core of this dataset lies a binary target variable,
CLASS, which serves as a crucial indicator, classifying
customers as either defaulters or non-defaulters on their
credit card payments. This variable forms the foundation for
the supervised learning task, enabling the development of
predictive models capable of distinguishing between these
two distinct customer groups.

In addition to the target variable, the dataset incorporates a
diverse array of customer demographic information, including
AGE, GENDER, EDUCATION, and MARRIAGE status.
These features provide valuable insights into the potential
influence of socioeconomic factors on credit card default
behavior, allowing for a more holistic understanding of the
underlying dynamics.

Furthermore, the dataset encompasses essential financial
details, such as the LIMIT_BALANCE, which represents
the maximum amount of credit extended to each customer.
This feature is particularly relevant in assessing the risk
associated with lending practices and determining appropriate
credit limits.

To capture the temporal aspects of customer payment
behavior, the dataset includes a comprehensive record of
payment and billing histories spanning a six-month period,
from April to September 2005. Specifically, the dataset
incorporates variables such as Pay AMTx and Bill AMTX,
where X represents the corresponding month, providing a
detailed account of past bill payments and outstanding
balances, respectively.

Moreover, the dataset encompasses information on payment
delays, represented by the Pay x variables, where x denotes
the number of months of delayed payments. These variables
range from -1, indicating timely payment, to 9, signifying a
nine-month delay in payment, offering valuable insights into
customer payment patterns and potential delinquency risks.

The intricate details of the dataset's features are meticulously
presented in Table 1, which outlines the data type and
description for each variable, ensuring transparency and
facilitating reproducibility in the research process.

Table 1. Data: Feature details

Field Data type Description
CLASS Nominal Default or Not
. Marital status (1 = married,
MARRIAGE Numeric 2 = Single, 3 = others)
Education
EDUCATION Numeric (1 = graduate, 2 = university,
3 = high school, 4 = others)
AGE Numeric Age (year)
SEX Numeric Gender (1 = male, 2 = female)
LIMIT_BALANCE Numeric Amount of credit given
. . Bill statement
Bill_AMT1to 6 Numeric (Apr.— Sep. 2005)
. Past bill payment
Pay_AMT1to 6 Numeric (Apr.— Sep. 2005)
. Payment delays
Pay 0to6 Numeric (1-8 months delay)

To ensure a representative and robust analysis, a random
sample of 10,000 instances was drawn from the original dataset.
This sample was further subdivided, with 60% allocated for
cross-validation, 30% for testing, and the remaining 10%
reserved for development purposes. Data pre-processing steps
were undertaken to ensure data quality and compatibility
with the chosen machine learning algorithms. Notably,
the CLASS feature was converted from its original form to a
nominal variable, enabling its seamless integration into the
classification tasks. Additionally, any missing or inconsistent
values were handled appropriately to maintain data integrity.

The comprehensive nature of this dataset, encompassing
a diverse range of customer attributes, credit histories, and
payment behaviors, provides a fertile ground for exploring
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the intricate relationships and patterns that govern credit
card default behavior. By leveraging this rich dataset in
conjunction with advanced machine learning techniques, this
study aims to contribute valuable insights to the field of
credit risk assessment, ultimately informing more effective
lending practices and risk mitigation strategies within the
financial industry.

4. Methodology

The study employs a supervised machine learning approach
[9] [10], to predict credit card default, treating it as a binary
classification problem. The methodology encompasses
several key stages:

4.1. Exploratory Data Analysis (EDA)

EDA techniques, such as statistical analysis and manual
examination of instance values, were performed on the
development dataset to gain insights into the data distribution,
identify potential patterns, and guide feature selection.

4.2. Feature Selection

Relevant features were selected based on correlation
analysis, domain knowledge, and their potential impact on
predicting credit card default.

4.3. Baseline Performance

Initially, various classification algorithms were evaluated
using their default parameter settings on the development
dataset, with 10-fold cross-validation employed to assess
their baseline performance as presented in Table 2.

Table 2. Algorithm evaluation on development dataset

Algorithm % Accuracy Kappa

Na've Bias (Discrete) 80 0.3968
Logistic Regression (L2) 785 0.3199
SVM (Normalized) 80.73 0.3294
SMO 81.88 0.255

4.4. Error Analysis and Feature Engineering

We preferred to select Sequential Minimal Optimization
(SMO) algorithm, with default parameter settings, as it
predicted defaulters (CLASS) with 81.88% accuracy on the
development data (1000 instances). However, there were
instances of false positive and false negative as per the
confusion matrix in Table 3. Around 166 instances were
incorrectly predicted as defaulters.

Table 3. Confusion matrix of SMO classification - baseline

Predicted (CLASS)

Actual (CLASS) 0 1
0 766 16
1 166 52
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182 misclassified instances were analyzed to identify
potential sources of error and inform feature engineering
strategies, such as converting numeric features to nominal
representations or creating new features through clustering
or discretization. The misclassification decreased from 182
to 172, and improved the model accuracy to 82.42% (kappa
0.35) as per Table 4. Further iterations of feature engineering
didn’t yield any statistical significance.

Table 4. Confusion matrix of SMO classification — Error reduction

Predicted (CLASS)
Actual (CLASS) 0 1
0 749 31
1 141 78

4.5. Model Optimization

The top-performing algorithm, Sequential Minimal
Optimization (SMO), underwent parameter tuning to
optimize its performance. A three-stage manual tuning
process was employed, involving the complexity parameter
(C) and the exponent value within the polynomial kernel (E).
Model accuracy of the tuned model with Setting 1 over 5
folds was observed to be 82.20% (Figure 1). The t-test
revealed that the tuning parameter in setting 1 (C 2, E 1) isn’t
statistically significant (pvalue=.0.951, t =0.0162). Hence,
the tuning process indicated that neither C nor E parameters
improved the performance of the model.

Data Default Setting1 Setting2 Setting3 Setting4 Settig5 Optimal Test Data

ClEl C2E1 C1E2 C2E2 C1E3 C3E1 Optimal % Accuracy Kappa
82.20 82.40 79.10 79.10 74.8 82.30

Full-data

Fold1 81.38 81.25 78.63 77.25 74.63 81.12 Setting 1 84.50 0.37
Fold2 82.00 82.13 79.00 78.88 74.8 82.13 Setting 1 81.00 043
Fold3 83.38 83.25 79.25 78.50 75.375 83.25 Setting 1 77.00 0.17
Fold4 81.88 81.88 78.75 79.13 76.5 81.88 Setting 1 81.50 0.35
Fold5 82.40 82.40 79.10 76.60 74.8 82.30 Setting 1 87.00 0.47

Average  82.21 82.22 78.97 78.24 75.15 82.20

Figure 1. SMO Model tuning default and customer values of C and E
parameters

4.6. Final Performance Evaluation

The optimized model was trained on the combined
training and development datasets and evaluated on the
holdout test dataset to obtain the final performance metrics,
including accuracy, kappa statistic, and statistical significance
tests. Using SMO algorithm, with parameter C =1 and E=1,
test data instances were correctly classified with 80.99%
accuracy (Kappa 0:3485). While, Nalve Bayes (Discretized)
correctly classified with 78.87% (Kappa 0:377). The difference
between the results is highly statistically significant (p-value
= 0:0**, t=-5.172) in favour of SMO.

Table 5. Algorithm evaluation on holdout test dataset

Algorithm % Accuracy Kappa
Nave Bias (Discrete) 78.67 0.3777
SMO 80.99 0.3485
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5. Results and Discussion

The empirical analysis presented in this study demonstrates
the remarkable efficacy of the Sequential Minimal Optimization
(SMO) algorithm in predicting credit card default behavior.
When evaluated on a holdout test dataset, the optimized
SMO model exhibited an impressive accuracy of 80.99%
and a substantial kappa statistic of 0.3485 in classifying
credit card customers as defaulters or non-defaulters. This
performance was statistically significantly better than the
Naive Bayes (Discretized) model, which achieved an accuracy
of 78.867% and a kappa statistic of 0.377. The superior
performance of the SMO algorithm can be attributed to its
ability to effectively capture the intricate patterns and non-linear
relationships inherent in the dataset, which encompasses a
diverse range of customer demographic information, credit
histories, and payment behaviors. By leveraging the power
of kernel methods and optimization techniques, the SMO
algorithm demonstrated its suitability for tackling complex
classification tasks in the domain of credit risk assessment.

Throughout the model development process, rigorous
error analysis and feature engineering steps played a pivotal
role in enhancing the predictive performance of the SMO
algorithm. Notably, converting the payment delay features
from numeric to nominal representations significantly reduced
misclassification errors, resulting in a decrease in misclassified
instances from 182 to 172 and a corresponding increase in
accuracy from 81.88% to 82.42% (kappa 0.35). However,
techniques such as clustering or discretization of numeric
features did not yield substantial improvements in the model's
predictive capabilities when applied to the SMO classifier on
this specific credit card dataset. This observation suggests
that the scale and distribution of the loan payment and bill
due amounts, represented as numeric features, may be more
informative for predicting default behavior than derived or
transformed representations.

In an effort to further optimize the SMO algorithm's
performance, a three-stage manual tuning process was
undertaken to identify the optimal values for the complexity
parameter (C) and the exponent value within the polynomial
kernel (E). Interestingly, the tuning process revealed that
neither the C nor the E parameter significantly improved
the model's accuracy beyond the default parameter settings.
The baseline performance of the SMO model with default
parameter values was 82.20% on the full data, and while
setting 2 (C = 2, E = 1) showed a slight improvement in accuracy
to 82.40%, this difference was not statistically significant.
These findings suggest that the default parameter values for
the SMO algorithm were adequate for this particular credit
card default prediction task, and further tuning did not yield
substantial performance gains. This observation highlights
the robustness of the SMO algorithm and its ability to effectively
handle the complexities of the dataset without extensive
parameter optimization. Though parameter tuning of the
machine learning models didn’t yield better results, tuning
has significant advantage in various other fields such natural
disaster management [10], and metabolic engineering [11].

6. Conclusions

This empirical study highlights the potential of supervised
machine learning techniques, particularly the SMO algorithm,
in accurately predicting credit card default based on
customer demographic and credit history data. The findings
contribute to the ongoing research efforts in credit risk
assessment and provide practical insights for financial
institutions seeking to enhance their lending practices and
mitigate default risks.

While the study demonstrates promising results, it is
important to acknowledge the limitations imposed by the
specific dataset used, which covers a six-month period for
credit card customers in Taiwan from 2005.

Future research could explore the generalizability of
the proposed approach to different geographical regions,
time periods, and additional credit products. Furthermore,
incorporating a broader range of customer information, such
as longer credit history, past defaults, loan insurance
amounts, spending patterns, and other relevant factors, could
potentially improve the predictive accuracy of the models.

Credit card data often suffers from class imbalance when
the number of defaulters is smaller than those who don't
default. Class imbalance can be addressed by techniques
such as resampling, ensemble methods, cost-sensitive learning,
class weight adjustment, etc. Further incorporating additional
feature selection methods such as Recursive Feature
Elimination (RFE) or LASSO could potentially improve
model interpretability and performance.

Additionally, benchmarking advanced algorithms such as
Gradient Boosting Machines or Neural Networks (NN) can
help us evaluate which models work better than the Support
Vector Machine (SVM) model. Machine learning (ML)
techniques are a rapidly evolving field. Insights from a recent
study by Nafea et al. (2024) [13] on the current state of
Supervised Machine Learning (ML) and Deep Learning (DL)
should help us evaluate the strengths and weaknesses of the
future model selection and optimization approach for credit
risk assessment.

Overall, this study serves as a foundation for continued
research in the field of credit risk assessment, highlighting
the value of leveraging machine learning techniques to facilitate
informed decision-making and foster a more sustainable
financial ecosystem.
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