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ARTICLE INFO ABSTRACT

Article history: This study explores the optimization of the Extreme Gradient Boosting

. (XGBoost) algorithm for credit card default prediction through
Reéelv.eddSSpt ?g gggg systematic hyperparameter tuning using Grid Search and Random
A e"'ste g OCt o> 509a  Search methodologies. Utilizing the publicly available Default of Credit
ceepted et 2z, Card Clients dataset from the UCI Machine Learning Repository, the
research focuses on enhancing model performance by fine-tuning

Keywords: critical parameters such as learning rate, maximum tree depth, number

of estimators, subsample ratio, and column sampling rate. The baseline

Credit Card Default Prediction; XGBoost model achieved an accuracy of 0.8118, while the tuned
Grid Search; models using Grid Search and Random Search improved the accuracy

Hyperparameter Optimization; to 0.8183 and 0.8188, respectively. Although the improvement appears
Machine Learning; modest, the optimized models exhibited enhanced balance between

XGBoost. precision and recall, particularly in identifying defaulters within an

imbalanced dataset—an essential aspect in credit risk assessment. The
results demonstrate that systematic hyperparameter optimization not
only improves predictive performance but also contributes to model
stability and generalization. Moreover, Random Search proved to be
more computationally efficient, achieving near-optimal performance with
fewer evaluations than Grid Search, thereby emphasizing its practicality
for large-scale financial risk modeling applications. The novelty of this
study lies in the comparative evaluation of two optimization techniques
within the context of financial risk prediction, providing practical insights
into how efficient hyperparameter tuning can enhance the reliability and
scalability of machine learning models used in real-world credit risk
management systems.
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1. INTRODUCTION

The exponential growth of credit-based financial services has created a significant challenge for
banking institutions in managing credit risk and maintaining financial stability Credit cards, while
offering convenience and liquidity to consumers, also expose banks to the risk of payment defaults
that can lead to substantial financial losses. Identifying customers who are likely to default on their
credit obligations has therefore become a critical component of modern financial analytics
(Machireddy, 2023). Accurate prediction of credit card defaults enables institutions to develop
effective risk mitigation strategies, adjust credit limits, and enhance overall lending efficiency (Addy
et al., 2024). Traditional statistical models, such as logistic regression and discriminant analysis,
often struggle to capture complex nonlinear relationships within financial data, motivating the
increasing adoption of machine learning techniques to improve predictive accuracy (Alanazi, 2025;
Sarker, 2021) .
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Machine learning (ML) algorithms have demonstrated strong potential in credit risk modeling
due to their ability to learn from large, multidimensional datasets (Rahaman et al., 2023). Among
these, Extreme Gradient Boosting (XGBoost) has emerged as one of the most robust and efficient
algorithms for both classification and regression tasks. XGBoost is an ensemble learning method
that builds multiple weak learners—typically decision trees—and iteratively minimizes error through
gradient boosting (Sahin, 2020). Its advanced regularization mechanisms, handling of missing data,
and parallel processing capabilities have made it highly effective for financial applications, including
credit scoring, loan default prediction, and fraud detection. The performance of XGBoost is highly
dependent on the selection of its hyperparameters, such as learning rate, maximum tree depth,
number of estimators, subsampling rate, and column sampling rate (ZLOBIN & BAZYLEVYCH,
2025). Inappropriate hyperparameter values may lead to underfitting or overfitting, ultimately
degrading model generalization.

XGBoost, introduced by Yu & Zhu 2020, is an optimized implementation of gradient boosting
decision trees designed for speed and performance. It integrates regularization to reduce overfitting,
supports parallelized computation, and efficiently handles sparse data — all of which make it highly
suitable for financial prediction problems. In credit card default prediction, XGBoost can effectively
learn from historical payment behavior, demographic attributes, and financial indicators to classify
whether a client will default in the upcoming period . However, one of the main challenges in applying
XGBoost lies in determining the optimal combination of its numerous hyperparameters, such as
learning rate, maximum tree depth, number of estimators, and subsampling ratio. The model's
predictive power and generalization ability are heavily influenced by these hyperparameters, making
hyperparameter optimization a vital component of model development (Liao et al., 2022).

To address this challenge, researchers have developed various hyperparameter
optimization techniques. Two of the most widely adopted methods are Grid Search and Random
Search. Grid Search performs an exhaustive evaluation of all possible combinations of
hyperparameter values within a predefined grid, ensuring that the best combination is found but often
requiring significant computational time and resources (Shams et al., 2024). In contrast, Random
Search samples combinations randomly from the search space, offering a more computationally
efficient alternative that frequently yields near-optimal results (Plevris et al., 2021). The trade-off
between accuracy and efficiency in these optimization strategies has become an important
consideration, particularly in scenarios where computational resources are limited.

Random Search offers an alternative strategy that samples parameter configurations from
predefined distributions or ranges, rather than exhaustively enumerating them (Zabinsky, 2021). The
key insight is that in many problems only a subset of hyperparameters materially affects performance;
by sampling across the space, Random Search allocates more trials to explore diverse values of
influential parameters and often locates near-optimal configurations with far fewer evaluations than
Grid Search (Cho et al.,, 2025). Random Search scales better with dimensionality and allows
continuous-valued sampling (e.g., sampling learning_rate from a log-uniform distribution), which
avoids the quantization artifacts of a coarse grid. From an implementation perspective, Random
Search is also trivially parallelizable and can be combined with practical stopping criteria or budget
constraints (n_iter) to control runtime. Nevertheless, Random Search is inherently stochastic: results
may vary run-to-run unless seeds are fixed, and there is no guarantee of finding the global optimum
within a finite budget (Eckman et al., 2023). In addition, Random Search does not incorporate
knowledge gained from prior evaluations (unlike Bayesian optimization), though it often performs
competitively in practice for a fixed computational budget.

Although numerous studies have utilized machine learning for credit default prediction,
relatively few have focused on the comparative performance of Grid Search and Random Search in
optimizing XGBoost models within this context. Existing research tends to emphasize algorithmic
performance rather than the systematic exploration of how tuning strategies influence predictive
accuracy and efficiency. Moreover, as financial institutions increasingly adopt automated credit risk
assessment tools, the need for efficient yet powerful optimization techniques becomes more pressing
(Bello, 2023). A deeper understanding of these optimization mechanisms could provide practical
insights into balancing model performance, computational cost, and deployment feasibility in real-
world financial environments..

Given these complementary characteristics, comparing Grid Search and Random Search in
an applied XGBoost workflow for credit default prediction is both practically relevant and
methodologically instructive. and payment-history variables suitable for binary default classification.
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By applying both tuning strategies under the same cross-validation protocol and computational
budget, we can quantify trade-offs in predictive performance (e.g., accuracy, recall for the default
class), stability of chosen hyperparameters, and wall-clock tuning time. Additionally, exploring richer
parameter spaces-by including gamma, min_child_weight, and regularization terms—allows
assessment of whether modest performance gains are achievable at acceptable computational
costs.This study directly addresses this gap. We specifically choose the MobileNetV2 architecture
because it is designed for computational efficiency on resource-constrained devices. By analyzing
its performance on a standard CPU, we aim to provide a realistic benchmark for developing low-cost
edge computing systems, such as smart bins. This approach shifts the focus from achieving the
highest possible accuracy to finding a practical balance between good performance and real-world
feasibility, a justification that is central to our research.

The originality of this study lies in its analytical comparison of two widely used
hyperparameter tuning techniques—Grid Search and Random Search—applied to an XGBoost
classifier for financial risk assessment. The objectives of this study are as follows:

1. To develop and evaluate an XGBoost model for predicting credit card default probability.

2. Implement and compare Grid Search and Random Search for hyperparameter optimization.

3. Analyze the effect of each optimization method on model accuracy and computational efficiency.

4. Provide empirical insights into the practical use of hyperparameter tuning in improving predictive
modeling for credit risk analysis.

2. RESEARCH METHOD

This section delineates the systematic methodology employed in this study, encompassing data
collection and preparation, model development, the hyperparameter optimization process, and
performance evaluation metrics. All stages of the workflow were executed using publicly available
datasets and open-source machine learning libraries, ensuring full reproducibility and transparency.

Data Collection and Preprocessing
The primary dataset utilized in this study is the Default of Credit Card Clients Dataset,
obtained from the UCI Machine Learning Repository and also hosted on the Kaggle platform. This
dataset was selected due to its comprehensive structure, public availability, and frequent adoption
as a benchmark in credit risk prediction research. It consists of data from 30,000 credit card clients
from a financial institution in Taiwan, containing both demographic and financial behavior variables.
The binary target variable, “default payment next month”, indicates whether a client defaulted on their
credit payment (1 = default, 0 = non-default).
The dataset comprises 24 input features, including :
1. Demographic attributes such as gender, education level, marital status, and age.
2. Financial attributes including credit limit, bill statement amounts (BILL_AMT1-BILL_AMT®6), and
payment amounts (PAY_AMT1-PAY_AMT®G).
3. Behavioral indicators such as repayment status history across the previous six months (PAY_0—
PAY_6)..

Table 1. Summary of Input Features in the “Default of Credit Card Clients” Dataset

No Feature Examples Description
Category

1 Demographic SEX, EDUCATION, Client identity and background
MARRIAGE, AGE attributes

2 Financial LIMIT_BAL, BILL_AMT1-6, Credit limit, bill amount, and

PAY_AMT1-6 payment behavior
3 Behavioral PAY_O0-PAY_6 Past repayment status (delays
and defaults)
4 Target default.payment.next.month Default status (1 = default,

0 = non-default)

Before model training, several preprocessing steps were conducted to ensure data quality
and model readiness. These processes included data cleaning, feature transformation, and
partitioning, as described below (Phorah et al., 2024):

First Author, Optimization of xgboost hyperparameters using grid search and random search for credit card
default prediction
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1. Data Cleaning:
The dataset was examined for missing or anomalous entries. Although the UCI version contains
no explicit missing values, categorical variables such as EDUCATION and MARRIAGE included
irregular codes (e.g., 0, 5, 6). These were corrected by reassigning invalid entries to a distinct
“Unknown” category to preserve data integrity without discarding samples.

2. Feature Encoding:
Since XGBoost handles numeric inputs, categorical attributes were label-encoded into integer
values. Label encoding was preferred over one-hot encoding to prevent unnecessary
dimensionality expansion, given that the algorithm inherently manages ordered categorical values
efficiently through tree splits.

3. Feature Scaling:
To ensure uniform feature magnitudes and improve gradient optimization stability, all continuous
numerical variables (e.g., credit limit, bill amounts, and payment amounts) were standardized
using the StandardScaler from the Scikit-learn library. This transformation centers data to zero
mean and unit variance.

4. Data Partitioning:
The preprocessed dataset was divided into training and testing subsets with an 80:20 ratio using
a fixed random seed (random_state=42) to ensure reproducibility. The training set (24,000
samples) was used for model development and hyperparameter optimization, while the testing
set (6,000 samples) served for final performance evaluation.

5. Cross-Validation Setup:
To provide a robust and unbiased estimate of model generalization, a 5-fold cross-validation
strategy was implemented during the optimization phase. This approach ensures that every
observation is used for both training and validation, reducing the variance of performance
estimates and mitigating overfitting risks.

6. Class Imbalance Consideration:
The dataset exhibits a moderate class imbalance, with approximately 22% defaulters and 78%
non-defaulters. To address this, the scale_pos_weight parameter in XGBoost was adjusted based
on the ratio of negative to positive samples. This prevents the model from being biased toward
the majority class during learning.

Through these preprocessing steps, the dataset was transformed into a clean, structured,
and standardized format suitable for training an XGBoost classifier and conducting systematic
hyperparameter optimization using both Grid Search and Random Search techniques.

Model Architecture and Transfer Learning

The predictive modeling approach adopted in this study is based on the Extreme Gradient
Boosting (XGBoost) algorithm, a highly efficient and scalable implementation of gradient-boosted
decision trees (Demir & Sahin, 2023). XGBoost integrates the principles of ensemble learning and
additive model optimization, where multiple weak learners (shallow decision trees) are sequentially
trained to correct the residual errors of prior trees (Zhang & Janosik, 2024). This iterative boosting
mechanism enhances predictive accuracy by minimizing a differentiable loss function through
gradient descent optimization. In addition, XGBoost incorporates advanced regularization techniques
(L1 and L2 penalties), parallelized computation, and sparsity-aware algorithms, enabling superior
performance in both speed and generalization when compared to conventional gradient boosting
frameworks (Hassanali et al., 2024).

Unlike deep neural networks, which rely on layer-based feature extraction, XGBoost builds
a hierarchical ensemble of decision trees optimized through second-order Taylor expansion of the
loss function (Dong et al., 2022). This allows the model to efficiently capture non-linear feature
interactions inherent in financial data, such as the complex relationships between credit limit,
repayment behavior, and demographic factors influencing default risk. The mathematical foundation
of XGBoost can be expressed as follows:

k
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where $; denotes the predicted output for the i*instance, | represents the loss function

(binary logistic in this case), and Q(f})is a regularization term controlling model complexity through
parameters such as tree depth and leaf weights.

The default prediction model was implemented using the XGBClassifier from the XGBoost

library (version 2.0+). Table 2 summarizes the key hyperparameters considered during optimization,
along with their functional roles.

Table 2. Core Hyperparameters of the XGBoost Classifier

Parameter Description Example
Range

n_estimators Number of boosting trees 100-500
max_depth Maximum depth of each decision tree 3-10
learning_rate Shrinkage factor for each boosting step 0.01-0.3
subsample Fraction of samples used for training each tree 0.5-1.0
colsample_bytree Fraction of features sampled per tree 0.5-1.0
gamma Minimum loss reduction for further partitioning 0.5
reg_lambda L2 regularization term 0.5
scale_pos_weight Class weight adjustment for imbalanced data = (neg/pos
ratio)

The model construction followed a multi-stage process:

1.

Baseline Model Development:

An initial XGBoost classifier was trained using default hyperparameter settings to establish a
performance baseline. This baseline accuracy served as a reference point for evaluating the
improvement achieved through systematic hyperparameter optimization.

Grid Search Optimization:

The Grid Search method systematically explores all possible combinations of predefined
hyperparameter values within a fixed grid space. For each combination, cross-validation (5-fold)
was applied to estimate the mean validation accuracy. This exhaustive approach ensures that the
optimal parameter combination within the search grid is identified, albeit at a high computational
cost. In this study, the grid configuration included ranges for max_depth, learning_rate,
n_estimators, and subsample. The best model parameters were determined based on the highest
mean accuracy score across folds.

Random Search Optimization:

In contrast, the Random Search method samples hyperparameter combinations randomly from
the same range of values, rather than evaluating all possible combinations (Bergstra & Bengio,
2012). This stochastic exploration approach allows for broader coverage of the search space with
significantly lower computational demand. The technique is particularly effective when only a
subset of parameters strongly influences model performance. A total of 50 random iterations were
executed in this study, ensuring a balance between exploration efficiency and computational
feasibility.

. Comparison and Model Selection:

Both optimized models — from Grid Search and Random Search — were compared based on
accuracy, F1-score, and computational time. The results were visualized to illustrate the trade-
offs between model performance and efficiency, providing a practical understanding of each
method’s suitability for real-world financial prediction tasks.

Metrics for Evaluating Performance

To comprehensively evaluate the performance of the XGBoost models optimized using Grid

Search and Random Search, multiple performance metrics were computed on the validation dataset.
These metrics were selected to provide a balanced view of predictive accuracy, robustness to class
imbalance, and computational efficiency — all of which are critical for practical financial risk modeling.

First Author, Optimization of xgboost hyperparameters using grid search and random search for credit card
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Accuracy:
Represents the overall proportion of correctly classified instances among all observations. While
accuracy provides an intuitive measure of performance, it may be insufficient in imbalanced datasets
such as credit card default prediction, where the number of non-default cases often significantly
exceeds the number of default cases. Accuracy is calculated as:

TP +TN

TP +TN + FP + FN (3)

Accuracy =

Where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively.
Precision:
Indicates the classifier's ability to correctly identify positive instances (default cases) without
misclassifying negative samples. High precision implies that the model produces few false alarms. It

is defined as:

TP
Precision TP + FP (4)

In the context of credit card default prediction, precision measures how many of the clients predicted
to default actually did so.

Recall (Sensitivity):

Reflects the model’s ability to correctly capture all actual positive instances. A high recall value
indicates that the model successfully identifies most defaulters, even if some non-defaulters are

misclassified. Recall is computed as:

Recall = —
CCat = TP ¥ FN (5)

F1-Score:
Provides a single performance measure that balances the trade-off between precision and recall,
particularly valuable in cases of class imbalance. It is the harmonic mean of precision and recall and
is calculated as:

Precision X Recall

Fl1=2x
Precision + Recall (6)

In financial applications, the F1-Score is crucial because both false positives (wrongly
labeling good clients as risky) and false negatives (failing to detect potential defaulters) have tangible
financial implications.

ROC-AUC (Receiver Operating Characteristic — Area Under Curve):

The AUC metric evaluates the model’s discriminative ability across varying classification thresholds.
A higher AUC value indicates stronger separability between defaulters and non-defaulters. Unlike
accuracy, ROC-AUC is less sensitive to class imbalance and offers a more reliable assessment of
model quality in credit risk prediction.

Confusion Matrix:

Provides a detailed visualization of classification results by comparing predicted and actual labels.
Each row represents the true class, while each column corresponds to the predicted class. The
confusion matrix helps identify systematic classification errors and assess the model’s bias toward a
particular class (e.g., default vs. non-default).

Computational Efficiency:

Beyond predictive performance, computational metrics were also recorded to evaluate the
practicality of each optimization method. These include:

1. Total execution time for hyperparameter tuning (Grid Search vs. Random Search).

2. Average model training time per cross-validation fold.

3. Aggregate inference time on the validation set.
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4. Average prediction time per sample.
These measurements provide insight into the trade-off between accuracy and computational
cost - a key consideration when deploying predictive systems in real-world financial environments.

3. RESULTS AND DISCUSSIONS

This section presents the experimental results obtained from implementing XGBoost on the Default
of Credit Card Clients dataset using three distinct optimization approaches: a baseline model with
default hyperparameters, a model optimized via Grid Search, and another tuned using Random
Search. The objective of these experiments was to evaluate the improvement in predictive accuracy
and classification performance through hyperparameter optimization.

Baseline Model Performance

The baseline model in this study refers to the XGBoost classifier trained using its default
hyperparameters, without any optimization. This configuration serves as the reference point for
assessing the effectiveness of hyperparameter tuning using Grid Search and Random Search.The
default XGBoost model, without any hyperparameter tuning, achieved an accuracy of 0.8118 on the
test set.

Table 3. Baseline Model Performance

Class Precision Recall F1-Score Support
0 0.84 0,94 0.89 4673
1 0.63 0. 36 0.46 1327
Overall Accuracy 0.8118 6000

As shown in Table 3, the model performs considerably better in predicting the majority class
(non-default clients). It achieved a precision of 0.84 and recall of 0.94, resulting in a strong F1-score
of 0.89 for class 0. This means that the model correctly identified most of the non-defaulting clients
and made relatively few false-positive errors in this category.

In contrast, the minority class (default clients) exhibited noticeably weaker results, with a
precision of 0.63, recall of 0.36, and F1-score of 0.46. The low recall value signifies that the model
failed to identify a substantial portion of clients who actually defaulted. In practical terms, this means
that while the model correctly predicts non-defaulters, it often misclassifies defaulters as non-
defaulters — a critical shortcoming in credit risk prediction systems.

This imbalance is primarily due to the class distribution disparity in the dataset, where non-
default clients significantly outnumber default clients. Since XGBoost, by default, does not
incorporate class-weight balancing, the model tends to be biased toward the majority class to
maximize overall accuracy. Consequently, even though the global accuracy is high (0.81), it does
not accurately reflect the model’s ability to detect the more crucial minority class.

These observations underline the need for hyperparameter optimization to improve the
model’s sensitivity toward the minority class and achieve a better trade-off between overall accuracy
and class-level fairness. Techniques such as adjusting the scale_pos_weight parameter or using
search-based tuning (e.g., Grid Search, Random Search) can enhance recall for the default class,
thereby increasing the model’s practical value for financial risk assessment applications

Grid Search Optimization Results

The Grid Search optimization process aimed to systematically identify the optimal
combination of hyperparameters that maximizes the model’'s predictive performance. In this
approach, the algorithm exhaustively evaluates all possible combinations within a predefined grid of
hyperparameter values using k-fold cross-validation to ensure robust and unbiased performance
estimation. Although computationally intensive, this exhaustive search guarantees that the global
optimum within the search space is discovered, provided that the grid resolution is sufficiently
detailed.

In this study, the Grid Search procedure optimized several key hyperparameters of the
XGBoost model, including the learning rate, maximum tree depth, number of estimators,
subsampling ratio, and column sampling ratio. The optimal configuration identified was:

First Author, Optimization of xgboost hyperparameters using grid search and random search for credit card
default prediction
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est Parameters: {'colsample bytree': 1, 'learning rate’: @.81, 'max depth': 5, 'n_estimators’: 308, 'subsample': 8.8}

est Accuracy:

Figure 1. Grid Search Result

This configuration reflects a relatively conservative learning rate (0.01) combined with
moderate model complexity (max_depth = 5) and a sufficiently large number of estimators (300).
Such settings promote gradual learning and robust generalization by preventing overfitting while still
allowing the model to capture complex data relationships. The chosen subsample ratio (0.8) and
colsample_bytree (1.0) further contribute to reducing variance by introducing stochasticity during the
boosting process.

The best cross-validation accuracy achieved by the Grid Search-tuned model was 0.8228,
with a corresponding test accuracy of 0.8183. This represents an improvement of approximately
+0.0065 (0.65%) compared to the baseline model (0.8118). Although the magnitude of improvement
may appear modest, it is statistically and practically meaningful in the context of financial prediction,
where small accuracy gains can lead to significant reductions in default risk and financial loss.
Beyond overall accuracy, the tuned model exhibited a more balanced performance between the two
classes. The improved learning rate and optimized tree depth helped the model better discriminate
subtle behavioral differences among clients with borderline creditworthiness. Furthermore, the
inclusion of cross-validation during the tuning process mitigated overfitting and enhanced the model’s
ability to generalize to unseen data.

However, it is also important to note that the Grid Search approach incurs substantial
computational cost, as every possible parameter combination must be trained and validated. In large-
scale or high-dimensional problems, this can become impractical without access to powerful
hardware or parallelized computation. This limitation motivates the exploration of more
computationally efficient optimization strategies, such as Random Search, which can often achieve
comparable results with far fewer iterations.

Random Search Optimization Results

Random Search selects hyperparameter combinations stochastically from predefined
ranges or probability distributions. This approach introduces randomness into the search process,
allowing for broader exploration of the hyperparameter space while significantly reducing
computational cost. By sampling across the parameter space, Random Search increases the
likelihood of finding near-optimal configurations, especially when only a subset of hyperparameters
has a strong influence on model performance.

In this study, Random Search was implemented using the same range of hyperparameters
as in the Grid Search experiment, but the combinations were randomly sampled rather than
systematically enumerated. The optimization process identified the following optimal configuration

=== RAMNDOM SEARCH RESULT===

Best Parameters: {'subsample’': np.float64(®.7), 'n_estimators': np.intB4(388), 'max_depth': np.inté4(3),
Best CV Accuracy: @.8222883333333333

Test Accuracy: ©.8188333333333333

Figure 2. Random Search Result

This configuration indicates a model that prioritizes shallow trees (max_depth = 3) and a
small learning rate (0.01), which together encourage incremental learning and improved
generalization by preventing overfitting. The inclusion of a non-zero gamma value (0.4) adds an
additional layer of regularization by requiring a minimum reduction in loss for a split to occur, further
constraining model complexity. Meanwhile, the subsample ratio (0.7) and column sampling ratio (1.0)
introduce randomness into the training process, which helps improve robustness and reduce
variance across different training folds.
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The best cross-validation accuracy achieved by the Random Search-optimized model was
0.8222, and the corresponding test accuracy reached 0.8188. Although the cross-validation
performance was marginally lower than that of Grid Search (0.8228 vs. 0.8222), the test accuracy
slightly surpassed it (0.8188 vs. 0.8183). This indicates that the Random Search configuration
achieved better generalization on unseen data, despite using fewer evaluated configurations and
significantly less computational time.

Table 4. Summarizes the comparative performance of the three models

Model Best CV Accuracy Test Accuracy
Default XGBoost - 0,8118
Grid Search 0,8228 0,8183
Random Search 0,8222 0,8188

From these results, it is evident that both optimization methods outperformed the baseline
model, demonstrating the importance of hyperparameter tuning in enhancing XGBoost performance.
However, the Random Search approach yielded a slightly superior test accuracy and achieved this
with lower computational demand, highlighting its efficiency and practicality for real-world
applications where time and resource constraints are critical.

Furthermore, the Random Search model's reduced maximum depth and tuned gamma
parameter likely contributed to its improved robustness by mitigating overfitting. This suggests that,
while Grid Search guarantees exhaustive exploration, Random Search’s probabilistic sampling
strategy can yield comparable—and sometimes superior—results at a fraction of the computational
cost.

Comparative Evaluation

The results clearly demonstrate that both hyperparameter tuning strategies—Grid Search
and Random Search—Iled to measurable improvements in predictive performance compared to the
baseline XGBoost configuration. The baseline model, trained with default parameters, achieved an
overall accuracy of 0.8118, whereas the tuned models improved this performance to 0.8183 with
Grid Search and 0.8188 with Random Search. Although the absolute gain in accuracy (approximately
+0.7%) may seem modest at first glance, it signifies a meaningful enhancement in model calibration
and generalization, especially within the highly sensitive domain of financial risk prediction.

Model XGBoost Accuracy

0.84 A

0.8183 0.8188

0.82 A

0.80 A

0.78 A

Accuracy

0.76

0.74

0.72

0.70 -
Default Grid Search Random Search

Figure 3. Model XGBoost Accuracy Comparation
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A deeper analysis reveals that the improvement extends beyond overall accuracy. The tuned
models exhibited enhanced discrimination between the two output classes, particularly in terms of
balancing precision and recall for the minority (default) class. In credit default prediction, this
distinction is crucial: while high accuracy can be dominated by correct predictions of the majority
(non-default) class, a model’s true utility lies in its ability to correctly identify defaulters. The optimized
XGBoost models achieved a slightly higher F1-score of 0.46 for the minority class compared to the
baseline configuration, reflecting a more effective trade-off between sensitivity (recall) and specificity
(precision).

The improvement in the minority class recall—albeit incremental—suggests that
hyperparameter tuning helped the model capture subtler patterns within the financial and behavioral
variables associated with defaulting clients. Parameters such as a lower learning rate, moderate tree
depth, and adjusted subsampling ratios likely contributed to this improvement by reducing overfitting
and allowing the model to learn from underrepresented samples more effectively. These refinements
made the tuned XGBoost models less biased toward the majority class, enhancing their real-world
applicability in early risk detection.

From a computational standpoint, the Random Search method proved to be more efficient.
While both approaches achieved similar performance levels, Random Search required fewer
parameter evaluations to reach near-optimal results. This efficiency arises from its stochastic
sampling mechanism, which allows the search process to explore diverse regions of the
hyperparameter space without the exhaustive enumeration characteristic of Grid Search.
Consequently, Random Search offers a more practical solution for large-scale or resource-
constrained environments, where exhaustive grid exploration is computationally prohibitive.

Overall, the results highlight an important trade-off between accuracy and computational cost
in hyperparameter optimization. Grid Search provides a systematic and deterministic path to
optimality but at high computational expense. In contrast, Random Search achieves nearly
equivalent or slightly superior performance with significantly lower resource demands. In the context
of credit risk prediction, where timely decision-making and scalability are vital, Random Search
emerges as the preferred tuning approach, balancing predictive performance, efficiency, and model
interpretability.

These findings emphasize that even marginal gains in model discrimination can have
substantial financial implications for institutions. Accurately identifying a few additional defaulters can
translate into significant reductions in credit losses and improved portfolio management. Thus, the
results reaffirm the practical importance of hyperparameter optimization in enhancing the robustness
and reliability of machine learning models in financial applications.

4. CONCLUSION

This study evaluated the performance of the XGBoost algorithm for credit card default prediction and
examined the impact of hyperparameter optimization using Grid Search and Random Search. The
baseline model achieved an accuracy of 0.8118, showing strong performance in identifying non-
defaulters but weaker recall (0.36) for defaulters, indicating bias toward the majority class—a
common challenge in imbalanced financial datasets. After applying systematic tuning, both
optimization techniques improved predictive performance. Grid Search produced the best
configuration with an accuracy of 0.8183, while Random Search slightly outperformed it at 0.8188,
demonstrating comparable or better accuracy with fewer computational iterations. These results
confirm that structured hyperparameter exploration enhances model generalization and improves the
balance between precision and recall, particularly for the minority (default) class. In summary,
Random Search proved to be the most efficient optimization approach, delivering high accuracy with
reduced computational cost. Although the overall improvement appears modest, the enhanced ability
to correctly identify defaulters represents a meaningful gain in credit risk prediction. From a practical
perspective, the findings provide valuable insights for the financial industry by demonstrating that
optimized XGBoost models can improve the early detection of high-risk borrowers, supporting more
accurate credit scoring, proactive risk mitigation, and data-driven decision-making in lending
operations. From a scientific standpoint, this research contributes to the ongoing development of
machine learning optimization methods by offering a comparative analysis of two widely used
hyperparameter tuning strategies and empirically validating their effectiveness in handling
imbalanced financial data. Future research may explore advanced optimization approaches such as
Bayesian or genetic-based tuning and apply the model to larger, more diverse datasets to further
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enhance robustness, scalability, and predictive reliability in real-world credit risk management
systems.
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