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Enhanced Credit Card Default Prediction Using a Multilayer Perceptron With Z-Score—
Based Outlier Handling on The UCI Dataset
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Abstract

Credit card default prediction remains a central challenge for financial institutions, particularly due
to data irregularities, class imbalance, and outlier-driven distortions. While Deep Neural Networks
(DNNs) have been widely adopted, their performance is often sensitive to noisy data and
computationally demanding. This study investigates whether integrating z-score—based outlier
removal with a Multilayer Perceptron (MLP) can enhance predictive performance on the UCI
Default of Credit Card Clients dataset. The methodology involved removing outliers using the z-
score method per class, standardizing the dataset, partitioning the data into training and test sets, and
developing a two-hidden-layer MLP model. After detecting and removing outliers separately within
each class, a total of 3,785 anomalous observations were eliminated, resulting in 26,215 usable
samples. The cleaned dataset was standardized, split using a stratified 70:30 ratio, and used to train
an MLP with two hidden layers. Model performance was evaluated using accuracy, precision, recall,
F1-score, specificity, G-mean, and AUC. The MLP achieved an accuracy of 83%, precision of 0.78,
recall of 0.67, and F1-score of 0.70, strong specificity (0.96), confirming its ability to correctly
classify non-defaulters. AUC score of 0.79 which indicates good overall discriminative power. The
confusion matrix showed that while most non-defaulters were correctly identified, a notable number
of defaulters were misclassified as non-defaulters. Compared to the DNN, the MLP outperformed
across all metrics, with the most substantial improvements observed in recall (0.67 vs. 0.39) and F1-
score (0.70 vs. 0.48). These findings demonstrate that a relatively simple MLP architecture, when
combined with robust outlier handling, can outperform more complex models such as DNNs.
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1.0 Introduction

Credit card default prediction plays a critical role
in maintaining financial stability, preventing
loan losses, and improving decision-making
processes in lending institutions. As credit usage
continues to rise globally, banks face increasing
exposure to repayment uncertainty.
Traditionally, credit risk assessment relied on
models; however, the
complexity and non-linearity inherent in
financial behaviour have encouraged a shift
toward machine learning and deep learning
techniques (Bello, 2020; Shu & Ye, 2022;
Chouksey et al., 2023).

linear statistical

Previous studies have applied a wide range of
machine learning (ML) and deep learning (DL)
models to credit risk and related financial
prediction problems. Mestirri (2024) evaluated
six models such as Linear Discriminant
Analysis, Logistic Regression, Decision Tree,
Random Forest, Support Vector Machine, and
Deep Neural Network (DNN), using 688
samples. The DNN achieved the highest
accuracy (83.6%), demonstrating the advantage
of nonlinear models, although the small dataset
and limited preprocessing  constrained
generalizability. Similarly, Alarfaj et al. (2022)
compared classical ML  models with
Convolutional Neural Networks (CNNs) for
fraud detection. While CNNs performed best,
achieving 99.9% accuracy, 85.71% F1-score,
93% precision, and 98% AUC, the study did not
evaluate simpler architectures such as
Multilayer Perceptions (MLPs) nor address
outlier handling. In a related study, Bhandary
and Ghosh (2025) compared a DNN with several
classical and ensemble models on the UCI
Credit Card Default dataset, reporting that the
DNN achieved the highest performance with an
accuracy of 81.8%.

Although DNNs have shown strong
performance in complex prediction tasks, they
face limitations such as high computational cost,
interpretability challenges, and sensitivity to
noisy or irregular financial data (Bhandary &
Ghosh, 2025; Talaat et al., 2023). One particular
challenge in credit datasets is the presence of
outliers, observations that deviate significantly
from the majority of data points, which may
result from reporting errors, rare behavioural
patterns, or extreme financial actions. These
outliers can distort learning processes and cause
models to misclassify minority class samples,
particularly defaulters (Chang et al., 2024;

Nkambule et al., 2024; Dube & Verster, 2024).

Despite extensive use of DNNs and other

advanced models, few studies have
systematically examined whether robust
preprocessing,  particularly  Z-score—based

outlier removal, a statistical method that
identifies observations beyond a set number of
standard deviations from the mean can enable
simpler models such as MLPs to outperform
deeper architectures. This gap is significant
because  simpler models offer lower
computational cost, easier deployment, and
improved interpretability.

This study investigates whether integrating Z-
score—based outlier removal with an MLP, a
feedforward neural network with one or more
hidden layers  improves  classification
performance on the UCI Credit Card Default
dataset. The model is evaluated against a
benchmark DNN (Bhandary & Ghosh, 2025),
with the goal of demonstrating that data quality
improvements can substantially influence model
performance, potentially more than increasing
model complexity.
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2.0 Materials and Methods

2.1 Research Design

This study adapted an experimental research
design (Bhandary & Ghosh, 2025). In order to
evaluate the performance of a Multilayer
Perceptron model in predicting credit card
default and evaluating its performance on a

publicly available dataset. The design was
guided by the need to systematically preprocess
the dataset, implement the proposed neural
network model, and evaluate its predictive
performance against results from prior studies
(Bhandary & Ghosh, 2025). The research
process shown in Figure 1.

Data Collection

Data Processing

* Data Cleaning
»  Z-score Outlier Removal
* Normalization and labelling

Feature selection

Data Splitting

Training 70%

i

Testing 30%

Model Development

L

I MLP -I

— — —
\:[

Model Performance
Evaluation

Fig. 1: Research Process

2.2 Dataset Description

The dataset used is the Taiwan credit card
default dataset, which consists of 30,000
observations and 24 predictor variables,
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including demographic information, payment
history, bill statements, and repayment amounts,
including demographic attributes, payment
history, bill amounts, and default status. The

REJ£3ST



21 Researchers Journal of Science and Technology (2025) 5(8): 18 - 30

target variable is binary, indicating whether a
client defaulted on credit card payments in the
subsequent month (1 = default, 0 = non-default).

2.3 Data Preprocessing

2.3.1 Outlier Removal using Z-score

Outliers can adversely affect the performance of
machine learning models, particularly in
financial datasets where anomalous transactions
or reporting errors may occur (Lartey et al.,
2024; Han & Joe, 2025; Blazek & Duricova,
2025). To address this, outliers were detected
using the standard z-score method:

X —
Z = a
o

(1)

where x is the individual data point or
observation being evaluated, u is the mean of all
data points in the dataset and represents the
central tendency of the data, o is the standard
deviation of the dataset, which measures the
dispersion of the data points around the mean
and Z is the standardized score (Z-score)
obtained by normalizing x with respect to u and
o . Z expresses the relative position of an
observation in terms of standard deviation units.
Observations with feature values exceeding
three standard deviations from the mean | Z |>
3 were marked as outliers and excluded from
further analysis. Outlier detection was applied
separately to each class (default and non-
default). preventing distortion of class
distribution. The procedure ensured that class
balance was preserved while improving data
quality for model training. The implementation
removed a total of 3,785 outliers, resulting in a
total of 26, 215 usable samples for modelling.
This method was chosen because Z-score is
widely used for continuous financial attributes,
Class-specific removal avoids eliminating rare
but valid defaulter patterns. | Z |> 3 aligns with
statistical convention for extreme deviations.

2.3.2 Feature Normalization

Following outlier removal, the predictor
variables were standardized using the Standard
Scaler from the Scikit-learn library.

Standardization transformed the features to have
zero mean and unit variance, thereby ensuring
that all variables contributed equally to model
learning and preventing bias from features with
larger scales.

This step is critical because features in financial
datasets often have different scales (e.g., bill
amounts in thousands vs. age in years). Without
normalization, features with larger magnitudes
could disproportionately influence the MLP’s
weight updates, leading to biased learning.
Standardization that all
contribute equally, improves the convergence
speed of the model during training, and prevents
vanishing or exploding gradients in neural
networks.

cnsurcs features

2.3.2 Train-Test Split

The processed dataset was partitioned into
training and test sets using a 70:30 ratio, with
stratification to preserve the proportion of
default and non-default cases. The training set
was used for model fitting, while the test set
served as unseen data for model evaluation.

2.3.3 MLP Model Development

The MLP model was constructed using the
TensorFlow / Keras framework in Python 3 on
google Collaboratory platform, which provides
efficient and accessible cloud-based
environment, Pandas, NumPy was used for the
data preprocessing, Stats for z-score outlier
removal, geometric mean score to handle class
imbalance and Matplotib for visualization, and
confusion matrix.

The architecture comprised an input layer
corresponding to the number of predictor
variables, two hidden layers with 32 and 16
neurons respectively, and an output layer with a
single neuron using the sigmoid activation
function for binary classification. Rectified
Linear Unit (ReLU) activation functions were
employed in the hidden layers due to their
efficiency in mitigating vanishing gradient
problems.
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The model was compiled using the RMSprop
optimizer with a learning rate of 0.0001, rho of
0.8, and momentum of 0.1. The loss function
selected was binary cross-entropy, which is
well-suited for binary classification problems.
Seed for model initialization: 42

Tnput Layer Hidden Layer 1

Accuracy was included as a primary metric
during training. Figure 2 shows the shows the
current study’s Proposed MLP Model
Architecture for Credit Card Default Prediction
adopted from Bhandary and Ghosh (2025).

Hidden Layer 2
= Layer Cutput Layer

(sigmoid function)

Fig 2: Proposed MLP Model Architecture for Credit Card Default Prediction (Adopted from Bhandary &

Ghosh, 2025).

2.4 Model Training

The model was trained on the processed training
dataset for 60 epochs with a batch size of 32. A
validation split of 20% of the training data was
used to monitor generalization performance
during training. The training process involved
iterative adjustments of network weights
through backpropagation to minimize the loss
function.

2.4.1 Visualization of Training Process

To assess convergence behavior, training and
validation accuracy and loss were plotted across
epochs. These visualizations provided insights
into the model’s learning dynamics and helped
detect issues such as overfitting or underfitting.

2.5 Model Performance Evaluation

The trained MLP model was evaluated on the
test dataset using multiple performance metrics
to provide a comprehensive assessment. These
metrics include accuracy, precision, recall, F1-
score, G-mean score, and AUC.

Accuracy: Measures the overall proportion of
correct predictions out of all predictions, serving

@ REJOST 2025

as a primary indicator of the model's
effectiveness.

TP+TN
Accuracy = (2)

TP+TN+ FP +FN

Precision: Highlights the model’s ability to
avoid false positives, by calculating the ratio of
true positive predictions to the total predicted
positives for each class.

TP

p ., . —
recision —TP T FN

(3)

Sensitivity/Recall: Computes the ratio of true
positive predictions to the total actual positives
for each class, assessing the model’s ability to
detect card defaults.

TP

R LI
ecall = 75—7N

(4)
F1-Score: Represents the harmonic mean of
precision and recall, providing a balanced
measure for imbalanced datasets.

Precision . Recal
F1 = 2. —
TPrecision + Recal

(5)
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The G-Mean balances the accuracy of a model
on both the majority and minority classes. It is
calculated as the geometric mean of sensitivity
(recall) and specificity

G — Mean = \/Sensitivity X Specificity (6)

Specificity: accuracy of negative examples

TN

Sp@CifiCity = m

(7)

Confusion matrix: the visualization of true
positives, true negatives, false positives, and

false negatives.

Area Under the Curve (AUC): performance
metric, particularly, Receiver = Operating
Characteristic (ROC) was used to evaluate
binary classification models such as predicting
whether a person will default on a loan (yes/no).
These metrics ensured that the evaluation
captured both class-level performance and
overall predictive ability, which is particularly
important given the class imbalance present in
the dataset.

2.6. Pseudocode: Credit Card Default
Prediction Using MLP with Z-Score Outlier
Handling

Input

Dataset D = (X,y)

(a) X: Feature matrix

(b) y: Binary target variable (0 = non-default, 1
= default)

(c) Z-score threshold zth=3.0

(d) Train—test split ratio r=0.7

(e) Number of epochs E=60

(f) Batch size B=32

Output

(a) Trained MLP model

(b) Performance metrics: Accuracy, Precision,
Recall, F1-score, G-mean, Specificity, AUC

(c) Confusion matrix

Procedure
1: Load dataset (X, y)
2: for each class ¢ € y do
3: Compute Z-scores for X ¢

4: Retain samples where |Z| < zth
5: end for
6: Obtain cleaned dataset (X clean,
y_clean)
7: Standardize X clean — X scaled
8: Split X scaled, y_clean into training
(70%) and test (30%)
9: Define MLP with ReLU hidden layers
(32, 16) and Sigmoid output
10: Compile model using RMSprop
(learning rate: 0.0001, rho: 0.8,
momentum: 0.1) and binary cross-
entropy
11: Train model for E epochs with batch
size B (20% validation)
12: Evaluate on test set using Accuracy,
Precision, Recall,
(d) F1-score, G-mean, Specificity,
AUC, and confusion matrix

2.7 Ethical Considerations

This study adhered to ethical guidelines to
ensure the integrity and fairness of the research
process. The dataset was utilized solely for
academic purposes and proper attribution was
given to the original dataset providers where
applicable. Also, the dataset was not altered in a
way that could misrepresent the nature of the
default, ensuring that the study remained truthful
and reliable

3.0 Results

3.1. Descriptive Analysis of the Dataset

The dataset used in this study, the UCI “Default
of Credit Card Clients,” consisted of 30,000
instances with 24 predictor variables. After
applying Z-score outlier removal, a reduced but
cleaner dataset was obtained (26, 215), ensuring
that extreme and potentially misleading values
were excluded from further modeling. The
processed dataset was then standardized and
partitioned into training and test sets using a
70:30 split.

3.2 Visualization of Training Process
The training of the MLP model was monitored
through plots of accuracy and loss across 60
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epochs as shown in Figure 3. The training and
validation accuracy curves demonstrated a
upward trend, stabilizing at
approximately 83% accuracy with minimal
divergence, suggesting that the model achieved

consistent

Model Accuracy

0.83 1
0.82 1 o
y,
0.81
0.80
)
~
< 0791
o
2 0.78 1
0.77 A
0.76 1 .
— Train Accuracy
0.75 Validation Accuracy
T T T T T T T
0 10 20 30 40 50 60

Epoch

good generalization without overfitting.
Similarly, the training and validation loss curves
showed a smooth decline and convergence,

further confirming stable learning behavior.

Model Loss

— Train Loss
Validation Loss

Loss

0.46
0.44

0.42 1

\

T
0 10 20 30 40 50 60
Epoch

Fig 3: Training and Validation Accuracy and Loss of the MLP Model

3.3 Results of the MLP Model

The performance of the MLP model on the test
dataset is summarized in Table 1. The model
achieved an overall accuracy of 83%, with a
precision of 0.78, recall of 0.67, and F1-score of
0.70. The relatively high specificity of 0.96
indicates that the model performed very well in
identifying non-defaulters. The recall, however,

at 0.67, suggests that while the model was
effective at capturing defaulters, a proportion of
true default cases were still misclassified. The
G-mean score of 0.61 reflects this imbalance in
sensitivity and specificity. The Area Under the
ROC Curve (AUC) was 0.79, indicating good
overall discriminatory ability between default
and non-default cases.

Table 1: Performance Metrics of the MLP Model

Metric Value
Accuracy 0.83
Precision 0.78
Recall 0.67
F1-score 0.70
G-mean 0.61
Specificity 0.96
AUC 0.79

3.4 Confusion Matrix Analysis

The confusion matrix is shown in Figure 4,
including both counts and percentages presented
in Table 2 illustrates the classification outcomes

@ REJOST 2025

of the MLP model. Out of 6,759 non-defaulters
in the test set, 5,805 were correctly classified,
while 262 were misclassified as defaulters (false
positives). For the 1,798 defaulters, 692 were
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1,106 were
misclassified as non-defaulters (false negatives).

The confusion matrix confirms the high
specificity of the model, as the majority of non-
defaulters were correctly identified. However,
the relatively large number of false negatives
highlights the challenge of capturing all default
cases, which is a common issue in imbalanced
datasets.

correctly classified, whereas

3.5 Receiver Operating Characteristic (ROC)
Curve
The ROC curve illustrates the trade-off between

true positive rate and false positive rate
presented in Figure 5. The ROC curve of the
MLP model demonstrates strong discrimination
between default and non-default cases, with an
AUC of 0.79, indicating reliable classification
performance across decision thresholds

Confusion Matrix

True label

14 1106

5000

262

4000

- 3000

- 2000

692

- 1000

v}

1

Predicted label

Fig. 4: Confusion Matrix of the MLP Model

Table 2: Confusion Matrix Counts and Percentages

3.6 Comparative Analysis

Actual \ Predicted Non-Default Default
Non-Default (6,067) 5,805 (95.68%) 262 (4.32%)
Default (1,798) 1,106 (61.51%) 692 (38.49%)
MLP ROC Curve
1.0+
0.8 1
% 0.6 -
§ 0.4+
0.2+
0.0+ —— MLP (AUC = 0.7853)
0:0 0.‘2 0.‘4 0.‘6 O.IB l.IO
False Positive Rate
Fig. 5: ROC curve of the MLP Model
Ghosh, 2025). Table 3 summarizes the
The results of the proposed MLP model with z- comparative performance across multiple

score outlier handling were compared against
the DNN model from prior study (Bhandary &

evaluation metrics.
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Table 3: Comparative Performance of DNN vs Proposed MLP Model

Metric DNN (Bhandary & Ghosh, 2025) Proposed MLP Model
Accuracy 0.8180 0.8300
Precision 0.6390 0.7800
Recall 0.3869 0.6700
F1-score 0.4820 0.7000
G-mean 0.6027 0.6100
Specificity 0.9388 0.9600
AUC 0.7700 0.7900

The comparative analysis shows that the MLP
outperformed the DNN across all metrics. The
most substantial gains were observed in recall
(0.67 vs. 0.39) and Fl-score (0.70 vs. 0.48),
suggesting that the proposed approach was
considerably more effective in identifying
default cases while maintaining strong precision.
Improvements were also evident in accuracy
(0.83 vs. 0.82), precision (0.78 vs. 0.64),
specificity (0.96 vs. 0.94), and AUC (0.79 vs.
0.77). Although the G-mean improvement was
marginal (0.61 vs. 0.60), the higher balance
between sensitivity and specificity demonstrates
robustness in handling the class imbalance
characteristic of the dataset.

4.0 Discussion

The findings of this study provide insights into
the effectiveness of the proposed MLP model for
credit card default prediction, particularly
compared with a benchmark DNN. A key
contribution lies in the preprocessing strategy,
where Z-score-based outlier handling was
applied per class. This reduced the influence of
extreme observations that could disproportionately
affect gradient-based learning, stabilize optimization
and contribute to smoother convergence. The
consistency between training and validation

@ REJOST 2025

curves suggests the model benefited from
reduced variance rather than increased bias,
supporting evidence that careful preprocessing
enhances learning stability in financial datasets
(Talaat et al., 2023; Dash et al., 2023; Marques
et al., 2023).

Outlier removal in credit risk modeling presents
an inherent trade-off. While extreme values may
represent noise or data entry errors, they may
also correspond to genuinely high-risk
customers (Gupta, 2024; Shetabi, 2024). The Z-
score method assumes approximate normality
and may remove informative tail observations.
The per-class implementation mitigated this risk
by preserving class-specific distributions, but
rare default patterns may still be excluded. This
highlights the need for cautious interpretation of
performance gains and suggests future work
should explore alternative robust techniques,
such as model-based outlier detection.

From a modeling perspective illustrated in
Figure 2, the MLP model demonstrated stable
learning dynamics, with accuracy and loss
converging after approximately 20 epochs. The
absence of significant divergence between
training and validation performance indicates
effective generalization, despite the relatively
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This the
assumption that deeper networks are inherently
superior for credit default prediction, suggesting
that architectural simplicity combined with
appropriate  preprocessing sufficiently
capture dominant decision patterns in structured
financial data.

shallow architecture. challenges

can

In terms of predictive performance, the MLP
achieved 83% accuracy, with high specificity
(0.96) and moderate recall (0.67). The high
specificity the effectively
identifies non-defaulters, which minimizes
unnecessary credit rejections. The moderate
recall highlights the persistent difficulty in
detecting default cases within an imbalanced
dataset, consistent with prior literature (Yu,
2020; Jiang et al., 2022). The confusion matrix
indicates errors are concentrated in false

shows model

negatives rather than false positives, showing
the model is conservative in flagging default
risk.

Compared with the benchmark DNN, the MLP
outperformed  across metrics,
including recall, Fl-score, G-mean, and AUC.
Improvements in recall and Fl-score are
particularly meaningful for

evaluation

minority-class
performance and practical credit risk
assessment. These gains were achieved without
increasing model complexity, reinforcing that
preprocessing and data representation can be as
influential as network depth.

Limitations include the use of a single dataset
from the Taiwanese credit market, which may
constrain generalizability. Although Z-score—
based outlier handling improved performance,
alternative preprocessing or feature
transformation strategies may further enhance
predictive capability or preserve rare but
informative observations. Future research
should validate the approach on multiple
datasets, explore cost-sensitive or threshold-
adjusted learning to address false negatives, and
investigate ensemble or hybrid models to

improve sensitivity without compromising

specificity.

Overall, this study demonstrates that a carefully
designed MLP, supported by robust preprocessing,
can serve as a competitive and computationally
efficient alternative to deeper neural networks
for credit card default prediction. The findings
highlight that predictive improvements are
strongly influenced by data preparation and
interpretation, not solely by model complexity.

5.0 Conclusion

This study addressed a critical gap in credit risk
prediction: whether
specifically Z-score-based outlier removal,
enables simpler neural architectures such as
MLPs to achieve performance comparable to or
exceeding deeper models. The proposed MLP,
combined with per-class outlier treatment,

robust preprocessing,

demonstrated superior performance
multiple evaluation metrics including accuracy,
precision, recall, F1-score, and AUC, compared
with a benchmark DNN. These results highlight
that careful data preprocessing can be as
influential as model complexity in achieving
reliable predictions in imbalanced financial

datasets.

across

Importantly, the study emphasizes the
interpretability and practical applicability of the
MLP model. Its relatively simple architecture, lower
computational  requirements, and  consistent
generalization performance make it well-suited
for deployment in real-world credit risk systems,
where transparency and efficiency are critical.
By showing that a simpler, well-preprocessed
model can rival deeper architectures, the study
provides both methodological insights for
academic research and practical guidance for
financial institutions.

Future research should explore:
e Cross-validation and hyperparameter
optimization to further improve model
performance

REJ£3ST



28 R. Yakubu, A. A Abubakar, D.G. Lazarus, A. A. Babajo

e Alternative outlier detection and
handling strategies to preserve rare but
informative observations

e Enhanced model interpretability
techniques to facilitate adoption in
operational credit risk decision-making

o Statistical significance testing, such as
McNemar’s or paired t-tests, to formally
assess model
benchmarks. This is noted as future work
because the original benchmark DNN

data lacked distribution-level access

improvements  over

required for such tests.

Overall, the study reinforces the value of
methodological rigor, preprocessing strategies,
and interpretable model design in credit risk
prediction, paving the way for both theoretical
advancements and practical implementation in
financial applications.

5.1 Contribution of the Study

The study contributes to credit risk prediction in
the financial sector, showing that preprocessing
techniques like Z-score—based outlier removal
can enhance the performance of simpler
machine learning models. This approach is
particularly relevant for banks and lending
institutions seeking efficient, interpretable, and
reliable methods for predicting credit card
defaults, managing risk, and improving
decision-making processes in environments with
imbalanced financial datasets.
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