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This research explores optimized variable selection in credit scoring models,
comparing wrapper, embedded, none, and hybrid approaches. Logistic
regression is applied to model the dependence of explanatory variables on
the target variable while mitigating underfitting, overfitting, and
computational challenges. Feature selection methods help mitigate these
issues by reducing dimensionality and improving model generalization. The
Hybrid model achieved the best overall performance with accuracy = 0.9840
on the test set and accuracy = 0.9839 on the training set (test-train difference
= -0.0001), as well as the best recall = 0.9993, F1-score = 0.9842, and the
least number of false positives (FP = 47) and false negatives (FN = 1), which
suggests good predictive ability and stability with the fewest
misclassifications. The wrapper and embedded models have lower
accuracies of 0.9793 and 0.9830, respectively, and mild overfitting. The
baseline model with no feature selection performed the worst in terms of

both accuracy and Fl1-score (accuracy = 0.5000, F1-score = 0.6667). In
conclusion, the results indicate that the combination of wrapper and
embedded approaches is the most accurate, stable, and generalisable model
for credit scoring tasks.
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1. INTRODUCTION

In today's data-driven world, eligibility scoring models play a crucial role in supporting individuals
and organizations in making well-informed decisions [1]. Eligibility scoring is a foundational process for
evaluating objects based on pertinent variables, allowing for the prediction of specific characteristics [2].
This capability enables businesses and individuals to assess risks and make well informed choices [3].
It has applications across various sectors, including finance, healthcare, marketing, and insurance [4].

This method assigns numerical scores to objects for comparison, classification, and
decision-making, making it essential in fields requiring objective analysis. In credit scoring, predictive
techniques such as logistic regression, random forest and decision trees analyze data to assess credit risk,
producing scores that indicate levels of risk, quality or probability [2].

A key challenge in credit scoring is overfitting, which occurs when a model becomes too tailored to
the training data, reducing its ability to generalize to new data, leading to poor real-world performance.
Conversely, underfitting occurs when the model is too simplistic to recognize meaningful data patterns,
resulting in weak predictive performance on both training and testing sets [5]. To address these issues, feature
selection methods are essential for effectively reducing feature dimensionality [6].
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Feature selection models are valuable for data analysts in selecting the most significant variables [7].
By systematically selecting only the most relevant features, feature selection enhances model efficiency,
simplifies computations, and reduces overfitting risk, leading to more interpretable and computationally
efficient credit scoring models [8].

The wrapper method follows an iterative process which is initializing a feature subset, training the
model, evaluating its performance, updating the subset, and repeating the cycle until a stopping condition is
met [9]. The embedded method integrates feature selection within the model training process, allowing the
algorithm to learn and assign higher importance to the most relevant features while minimizing the influence
of less significant ones [8]. Hence, we proposed a new hybrid approach, which combines multiple selection
techniques to leverage their respective strengths, enhancing model interpretability, performance, and
mitigating overfitting [10].

While hybrid feature selection methods such as Lasso combined with sequential feature selection
have been previously explored, this study does not aim to propose a fundamentally new algorithm.
Instead, the contribution of this research lies in the contextual adaptation and empirical validation of a hybrid
feature selection strategy on a large-scale, real-world banking dataset [10]. Unlike prior studies that focus on
methodological novelty, this study emphasizes how the integration of embedded and wrapper methods can be
effectively applied to high-dimensional and imbalanced financial data. The results demonstrate that such
adaptation leads to a stable, interpretable, and generalizable model, which is critical for practical credit
scoring applications.

Logistic Regression is retained in this study due to its strong interpretability and alignment with
regulatory requirements commonly found in financial institutions [11]. In credit scoring applications,
models must not only achieve high predictive performance but also provide transparent and explainable
decision-making processes. Logistic Regression enables practitioners to clearly understand the relationship
between input variables and credit risk, making it suitable for audit and compliance purposes [12].

Furthermore, feature selection is not only important for improving model performance but also
provides significant business value [5]. By reducing the number of input variables, it simplifies model
interpretation for stakeholders and supports regulatory transparency. In addition, fewer variables reduce data
collection, storage, and processing costs, making the model more efficient and practical for real-world
implementation in banking environments.

This study aims to optimize feature selection in credit scoring models using data from Bank XYZ,
focusing on improving model accuracy and efficiency. The research method includes data collection, setting
objective, cleansing data, feature selection, data splitting, inputting preprocessed data into the model,
evaluation and validation [11]. This study will contribute to advancing feature selection and emphasize their
importance.

2. RESEARCH METHOD

The research process begins with data collection, followed by defining the model’s objective.
Next, data cleaning is performed to ensure the quality and consistency of the dataset. Feature selection is then
applied to identify the most significant variables. In this study, four feature selection strategies are employed:
Wrapper, Embedded, Hybrid, and a baseline with no feature selection, chosen to represent a range of
computational complexity and generalization ability. To minimize potential bias and enhance reproducibility,
the dataset was randomly divided into training and testing subsets. The logistic regression model was fitted
using the training data and subsequently evaluated on the test set to assess its predictive performance.
Each feature selection approach is assessed using standard classification metrics, including accuracy,
precision, recall, and F1-score [13]. The results obtained from these evaluations are analyzed and compared
to determine the relative effectiveness of each feature selection method. A central hypothesis of this study is
that the Hybrid method will yield superior results by combining statistical relevance and model-specific
refinement. The final step involves validating the model's performance on new data [14]. Figure 1 illustrates
the entire process.

2.1. Data collection

The first step involves obtaining the dataset for the eligibility scoring model. In addition to data
acquisition, this phase also involves identifying the dependent variable (y) and independent variables (x) in
the predictive model. It is essential to ensure that the dataset contains relevant features necessary for
predicting the desired outcomes [1]. In this study, data is obtained from Bank XYZ and pertains to credit
approvals, making it a credit scoring model [15]. In this model, the target variable (y) is credit approval
decision and the other columns become the independent variables (x).
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Figure 1. Research method

2.2. Setting objective

In this step, the classification criteria for creditworthiness are defined. Specifically, credit scores of
3, 4, and 5 are categorized as "Bad," while scores of 1 and 2 are considered "Good". These Good/Bad
classifications serve as the target variable for training the model. The definitions of good and bad is flexible
and can be adjusted based on specific needs and contexts [16].

2.3. Data cleaning

Data cleaning is performed to ensure of high quality and reliable input for the models.
This step involves the handling of missing data, outliers, data errors and data types [10]. Additionally,
filtering is applied to remove constant variables, which provide no useful information and duplicate variables,
which introduce redundancy. Proper data cleaning, including these filtering steps, is necessary for the model
to learn from accurate and representative data [1].

2.4. Feature selection
Feature selection is a critical process in machine learning. It involves selecting a relevant subset of
input variables from a larger dataset [17]. The primary objective of feature selection is to identify the most
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informative and significant features that contribute the most to the predictive ability of a machine learning
model [18]. Several feature selection methods exist, including filter, wrapper, and embedded methods [19].
The filter method evaluates each feature individually using statistical techniques to determine its relevance
level to the target variable. The filter method helps identify and remove constant, duplicate or highly
correlated features in the dataset [10].

The wrapper method is an iterative approach that selects an optimal subset of variables for a
predictive model [15]. In each iteration, a model is built using the selected variables and evaluated using
metrics like accuracy or Fl-score [20]. The process continues until stopping criteria are met. This method
accounts for variable interactions and is effective for handling correlated or less impactful variables, ensuring
more accurate and optimal feature selection [21]. In addition, it is good at removing redundant or weakly
correlated features. This happens because, by testing the effects on a model's performance, this method can
cut out all the variables which do not add anything to the model's predictive capability. However, it is
time-consuming for large-scale data due to its computational inefficiency. Wrapper is greedy and could
easily get stuck in a local optimum. The feature selection process would then be too dependent on validation
performance, discard useful features too aggressively, and may cause underfitting. In contrast, the other
shortcoming of the wrapper is it might cause overfitting. By repeatedly optimizing for validation
performance, it can fit too closely to the training data, capturing noise and unnecessary features,
which diminishes the model’s ability to generalize to unseen data.

The embedded method integrates feature selection into the training process, allowing the algorithm
to automatically select the most important features [22]. Significant features are given higher weights, while
less important ones are disregarded [23]. However, this method may struggle with highly correlated features
and may not always provide precise importance rankings [7]. A major weakness is over-penalization through
Lasso regularization: it forces too many features to be zero, despite potentially having complementary value
to other features. This may lead to underfitting as Lasso discards important features. In addition, its emphasis
on evaluating features individually means that feature interactions or combined effects of features are
overlooked, despite their potential to improve predictive accuracy. This limitation becomes more pronounced
when features are highly correlated, since it typically retains only a single variable from the group and
removes features that still carry informative signals, leading to underfitting. Furthermore, Lasso struggles to
capture non-linear relationships between features and the target variable, limiting its capability to model
complex patterns and increasing the risk of underfitting in such scenarios.

The hybrid method in this study combines embedded and wrapper feature selection technigues to
improve both model performance and generalization. While embedded methods such as Lasso are effective
in reducing dimensionality through regularization, wrapper methods such as Sequential Forward Selection
(SFS) are capable of capturing interactions between features. By integrating these approaches, the hybrid
method aims to balance statistical relevance and predictive performance [10].

In this implementation, the hybrid approach is conducted in two stages. First, L1-based Lasso
regularization is applied to the dataset to eliminate less relevant features by shrinking their coefficients
toward zero. The regularization strength is controlled to balance between feature sparsity and information
retention. Second, Sequential Forward Selection (SFS) is applied to the reduced feature set. In this stage,
features are added iteratively based on their contribution to model performance, using Logistic Regression as
the base estimator. The selection process continues until no significant improvement in evaluation metrics is
observed. This two-stage process ensures that the selected features are both statistically meaningful and
empirically effective for prediction [23].

This study applies four feature selection methods: wrapper, embedded, hybrid, and no feature
selection. The wrapper method uses SFS to iteratively select optimal features, while the embedded method
applies Lasso (L1) regularization to eliminate less important features. The hybrid method, as the proposed
approach, is compared against these conventional methods to assess performance. Each selected feature
subset is tested using logistic regression, and the results are evaluated using a confusion matrix, accuracy,
precision, recall, and F1-score.

2.5. Data splitting

The cleaned dataset is split into training and testing subsets using a Holdout validation approach
with a 70:30 ratio. To ensure that the class distribution remains consistent across both subsets, stratified
sampling is applied during the splitting process. This approach preserves the proportion of “good” and “bad”
credit classes, thereby reducing sampling bias and ensuring a fair evaluation of model performance on unseen
data. The training subset is used to build and optimize the model, while the testing subset evaluates its
performance on unseen data, assessing how well the model generalizes to real-world situations.
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2.6. Model creation

The logistic regression model is built using the training data to predict a binary outcome [20].
Logistic regression models the relationship between input variables (x) and the probability of an event (y)
occurring, producing binary outputs (0 or 1) [15]. This is achieved through the sigmoid function, which maps
a linear combination of the inputs and their respective weights to a probability value) [15]. The resulting
probability is then subjected to a threshold to determine the classification output, with adjustments made to
balance between accuracy and minimizing false negatives [16].

Training and testing phases are both involved in the logistic regression process. The model is trained
on labeled data, adjusting its weights to increase the accuracy of its predicted outcomes. Testing, on the other
hand, is performed by applying the learned coefficients to new data. This allows the researcher to generate
accurate and interpretable predictions that can be used in a wide range of applications by estimating the
probability of a specific outcome.

During model creation, it is crucial to balance overfitting and underfitting [24]. Overfitting occurs
when a model is too complex and "memorizes" the training data, capturing noise and outliers instead of
general patterns, leading to low training error but high testing error. Addressing overfitting may involve
adding data, regularization or reducing model complexity [7].

In contrast, underfitting occurs when the model is not sophisticated enough to identify underlying
patterns, leading to high training and testing error [5]. Possible approaches to addressing underfitting include
increasing model complexity or incorporating additional relevant features. Maintaining a balance between
underfitting and overfitting is essential for reliable model performance. Common strategies used to achieve
this balance include regularization and feature selection.

After the logistic regression model is built using the training data and passed the satisfactory
evaluation, we can use it to make predictions on new data. By inputting the values of the input variables into
the model, we can obtain the predicted values of the output variable or the probabilities.

To ensure reliable model performance, several implementation considerations are applied.
Regularization is used in Logistic Regression to prevent overfitting. Class imbalance is handled through
stratified sampling during data splitting to preserve class distribution. In addition, preprocessing steps include
the removal of constant and highly correlated features to reduce noise and redundancy in the dataset.

2.7. Model evaluation

The evaluation method involves using a confusion matrix to test model performance and accuracy
on the test data [19]. This matrix is a summary table that captures the model's correct and incorrect
predictions by comparing predicted class labels with actual class labels. The confusion matrix has four
essential components: true positive (TP), true negative (TN), false positive (FP) and false negative (FN) [25].
True positives represent the positive cases that are correctly classified and True Negatives is the cases
correctly identified as negative. False Positives represent instances incorrectly classified as positive, even
though they are negative and False Negatives denote cases incorrectly classified as negative despite being
positive [24]. This approach constitutes the primary evaluation method used in this study, providing a
standardized framework for assessing classification performance. Using these components of the confusion
matrix, we derive key metrics that provide insights into the model’s performance such as:

Accuracy is the overall correctness rate, calculated by (1).

TP+TN
TP+TN+FP+FN

1)

Accuracy =

Precision is the proportion of true positive predictions among positive predictions, calculated by (2).

TP
TP+FP

Precision =

O]

Recall or Sensitivity is the proportion of true positive predictions among actual positive instances,
calculated by (3).

TP

Recall = = 3)
F1-score represents the balance between precision and recall, calculated by (4).
F1 — score = 2 * precisionxrecall (4)

precision+recall
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Comparing the metric values from the selected feature-selection method with those from the
conventional models will help clarify their relative performance. This evaluation supports consistent
comparison across different model configurations and assists in identifying the most suitable model for the
task. It also helps indicate areas that may require further improvement or closer attention.

2.8. Model validation

After building the model and selecting the best subset, it can be validated on new data to confirm
it’s optimal. Model validation assesses the model’s generalization ability and accuracy with new instances,
comparing predictions to actual outcomes [13]. Key evaluation metrics like accuracy, precision, recall and
F1-score help determine the model’s reliability. If the model performs satisfactorily, it is deemed suitable for
real world applications [24].

In addition to the Holdout validation approach, 5-fold cross-validation is conducted to further
evaluate model robustness. The dataset is divided into five subsets, and the model is trained and evaluated
iteratively across different folds. The average accuracy across folds is used to provide a more reliable
estimate of model performance and to reduce sensitivity to data partitioning.

2.9. Result analysis

After the evaluation phase, this study performs an analysis in a structured comparison of the
outcomes from the applied feature selection methods. Accuracy, precision, recall and F1-score in the training
and testing sets are analyzed, in order to evaluate the predictive quality. Test-train differences are further
calculated and compared in order to get a sense for generalization, including over- and underfitting.
Misclassification counts are further compared to aid the interpretation of reliability under class imbalance.
Finally, selected features are briefly reviewed for relevance and diversity. The model with the best
performing generalization is identified as most suitable based on this analysis.

3. RESULTS AND DISCUSSION

In this paper we are evaluating and comparing three of feature selection methods, wrappers,
embedded and hybrid methods under one logistic regression model, to apply in credit scoring. The project
aims to create a template for performing the feature selection effectively, for numerical data, to build
consistent predictive models with no or very little overfitting [17]. The dataset is a credit scoring dataset from
a banking information which consists of 66 columns and 153,588 rows, 40 of the features are constant and 11
are highly correlated features removed in the preprocessing phase. The target variable “Kualitas” is converted
to two-class classification with "good" (1, 2) and "bad" (3, 4, 5) as approval and denial respectively.

The research employs three feature selection model wrappers, embedded and hybrid to identify key
variables for accurate outcome prediction [18]. The wrapper method tests various feature subsets based on
performance metrics, optimizing for the best combination [25]. The embedded method integrates feature
selection directly into the model training, enhancing efficiency, though its effectiveness can vary across
algorithms [21]. The hybrid approach combines filter, wrapper and embedded methods, leveraging their
strengths to create a comprehensive and balanced selection process that optimizes model performance [26].
Each approach plays a role in controlling overfitting, with wrapper methods fine-tuning performance through
evaluation-based selection, and embedded methods applying regularization to reduce variance. The hybrid
model integrates these strengths to enhance both prediction accuracy and generalization.

The original dataset is split into a training dataset and a testing dataset, with the former used for
learning the model parameters and the latter used for evaluating predictive accuracy. In this study, we use a
70/30 ratio of train data to test data is used. This allows the model to learn from a large enough sample of the
data and to test its performance on unseen data. The choice of a logistic regression model was for the ease of
use and its readabilities of interpretation which are two key features in a credit scoring model. Logistic
regression is a linear model that uses the logistic function to model the probability of an event, making it a
natural choice for binary classification tasks such as credit scoring, where the outcome is either "default" or
"non-default”. The accuracy of the model is measured by the percentage of correct predictions [25].

The results in Table 1 present a comparative evaluation of three feature selection approaches: the
Wrapper method, the Embedded method, and the Hybrid method. The Evaluation was conducted to
determine which technique offers the best generalization performance when applied to imbalanced, high-
dimensional financial data. In the context of credit risk modeling, selected features must support both high
model fidelity during training and sustained predictive reliability when applied to previously unseen data.

Although all three methods demonstrate strong performance across the evaluation metrics, the
hybrid approach demonstrates the strongest generalization among all methods, with a minimal performance
gap between training and testing sets and the fewest misclassifications, making it the most dependable choice
for deployment in practical settings.

Exploring effective feature selection methods in logistic regression for credit ... (Brigitta Permadhi)
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The Wrapper has a recall of 1.0000 for both the train and test set. Despite this, the small test-train
precision gap (0.0018) indicates some slight overfitting. The Wrapper method assesses the effect of feature
subsets on prediction performance directly. For this reason, it selected only one feature for portfolio
classification.

Table 1. Comparative results of feature selection methods

Wrapper Embedded Hybrid None

Metric Train Test Difference  Train Test Differenc  Train Test  Difference Train Test Difference

Accuary 0,9803 0,9793 0,0010 0,9840 09830 0,0010 0,9839  0,9840 0,0001 0,5004  0,5000 0,0004
Precision  0,9621 0,9603 0,0018 09700 09689 0,0011 09700 0,9696 0,0004 0,5002  0,5000 0,0002

Recall 1,0000 1,0000 - 09989 10,9980 0,0009 0,9986  0,9993 0,0007 1,0000  1,0000 -
F1Score  0,9807 0,9798 0,0009 09842 09833 0,0009 09842 0,9842 - 0,6667  0,6667

We obtain a high classification accuracy but at the expense of an overfitted model with a test-train
difference of 0.0174 in accuracy, 0.0069 in precision, and 0.0041 in F1-score. This result is limited by the
intrinsic characteristic of the wrapper method that tends to overfit on the training data when performing
feature selection, leading to narrow but non-generalisable feature subsets. More specifically, as the evaluation
of the features is based on the out-of-sample predictive performance, the information potentially retained by
selected features is solely based on the dataset at hand, thus creating oversimplified models that do not
account for new or different inputs.

The Embedded method has an accuracy of 0.9830 and small test-train differences of 0.0009 in recall
and F1-score, suggesting only a slightly overfitted model. The feature selection is performed directly in the
training process of the classifier using regularization, and it selects 5 features that inform about the type of
credit, estimated interest income, recency of the loan assessment, the type of region, and provisioning
information. This results in a less narrow but still more focused set of features compared to the baseline
model. However, being optimized towards the same training objectives, the selection may still encode
non-perceivable biases present in the data at hand, thus slightly affecting the model’s generalization
performance. This result has shown a limitation of the embedded feature selection method as implemented in
this study: despite improving efficiency by learning and selecting features simultaneously, its strong
dependence on model-specific objectives limits its adaptability when faced with different or unseen data
distributions.

The Hybrid method has the best performance with a test accuracy of 0.9840 and a training accuracy
of 0.9839, and a small test-train difference of -0.0001. The recall is very high with a value of 0.9993 and the
F1-score is the same for both sets at 0.9842. This method also shows the lowest number of misclassifications
on the test set. These results can be explained by the two-stage feature selection process that combines a
filtering approach in the form of Lasso regularization, an embedded method that penalizes multicollinearity
and noise in the data, and Sequential Forward Selection, the wrapper method that ranks features according to
their contribution to the predictive objective. The selected features are diverse and informative, covering
different aspects of the financial and behavioral characteristics of the loans, such as interest income, credit
amount, installment values, duration, and risk assessment. As a result, the model is comprehensive and less
prone to overfitting or underfitting, meaning that it is both accurate and generalizable. The results obtained
with the Hybrid approach indicate that it is not only well-balanced in terms of model complexity and
relevance, but that it is also able to combine different strategies of selection in a synergistic manner, in order
to further improve the model’s generalization performance, especially when working with high-dimensional
and imbalanced financial data.

The model with no feature selection has the worst performance overall on all evaluation metrics.
The test-train differences are the lowest among all the methods but the absolute values in accuracy, precision,
and F1-score are also the lowest, and there is a very high number of misclassifications on the confusion
matrix. This poor performance can be explained by the lack of feature selection that leaves the model with all
the available features, including irrelevant, redundant, or noisy ones. In other words, this results in a lot of
noise that increases the model’s variance and decreases the clarity of the predictions. These results highlight
the importance of feature selection when working with complex and imbalanced data.

To further validate model performance, 5-fold cross-validation was conducted on the Logistic
Regression model using the selected features. The results show relatively consistent accuracy scores across
folds, with the mean performance comparable to the Holdout test results. This suggests that the model
performance is not strongly affected by data partitioning, indicating reduced risk of optimistic bias in the
evaluation.

Although the model achieves very high recall and minimal differences between training and testing
performance, these results are interpreted with caution. The near-perfect recall may be influenced by the
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dataset characteristics and class distribution. Therefore, model performance is evaluated not only through
accuracy metrics but also through misclassification analysis and feature diversity to ensure that the model
remains generalizable and reliable.

4. CONCLUSION

The purpose of this paper is to improve the credit evaluation and verification system used in the
banking industry to determine the eligibility criteria for credit card approval. For this purpose, it is essential
to select the most relevant features to ensure reliable and successful decisions. The four metrics of accuracy,
precision, recall, and F1-score are used as the primary performance indicators for the ML models, and the
results indicate that the Hybrid model was the most generalizable to unseen data.

The results for the model that did not perform feature selection were mainly intended to highlight
the risks of using all available variables. This algorithm had the lowest performance and highest numbers of
false positives and negatives, which can be directly attributed to the data’s dimensionality, imbalance, and the
presence of noise, redundant, and unrelated information. This clearly indicates that targeted feature selection
is a useful technique for removing ambiguity from the data.

It is visible that the three methods have significant advantages and disadvantages: the high recall of
the Wrapper method directly impacts the low performance and generalization of the results. Since this
algorithm only had one feature in the final selection, the training results were subject to a single important
influence and had a low level of bias. The embedded method has a greater number of features, and while
some bias is also visible from the training data, the predictive and related features improve the final balance
of the two metrics. Both of these drawbacks and advantages are present in the hybrid method, as it uses the
Embedded technique for a quick initial selection and the Wrapper method for a secondary and thorough
sequential elimination of the least predictive variables. Thus, the obtained model has a sufficient number of
features that are diverse and contextually unique, making this algorithm the most successful and the most
deployable in real-world credit scoring.

In addition to its strong predictive performance, the proposed Hybrid model demonstrates practical
applicability in real-world banking environments. By leveraging logistic regression, the model remains
highly interpretable and aligned with regulatory expectations, enabling transparent decision-making.
Furthermore, the reduced number of selected features contributes to computational efficiency and lowers data
collection costs. Therefore, this model is not only accurate but also implementable, making it a viable
decision-support tool for credit approval processes in financial institutions.

This study focuses primarily on the predictive modeling aspect of credit scoring and does not
explicitly incorporate regulatory frameworks such as weight of evidence (WOE), information value (1V),
or fairness constraints. However, the use of Logistic Regression supports interpretability and aligns with
common regulatory expectations in financial institutions. Future research may extend this work by
integrating explainability techniques and fairness considerations.
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