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Abstract 

Credit card use is rapidly increasing as a result of the widespread availability of these cards, the ease 

of making electronic transfers, and the ubiquity of online shopping. But credit card debt poses a 

serious risk to businesses and governments alike, not to mention individual savers and investors. 

Consequently, the need for efficient, timely, and reliable ways to anticipate credit card risk has grown. 

In this study, we offer a framework that combines three classifiers, namely, support vector machines, 

multilayer perceptron and decision trees, to improve the network's accuracy. The proposed strategy is 

shown to be very competitive with others through simulation. 

Keywords: Credit scoring; Credit card; Machine learning; Classification; Metaheuristic 

optimization; K-Nearest neighbor; Random Forest; Support vector machines 

 

1. Introduction 

Banks and customers alike face serious difficulties with cash flow and credit card debt. The banks 

may give too many credit cards to those who don't deserve them in an effort to expand their customer 

base, which can lead to excessive card use and mounting debt. As a result, accurate risk assessment 

is fundamental to maintaining a secure financial infrastructure and mitigating the losses and 

unpredictability that might result from unexpected events. Predicting the likelihood of a client 

defaulting on a payment is more beneficial in risk control than classifying them as either "risky" or 

"non-risky" [1]. In this research, we improve performance by combining an ANN strategy with a 

metaheuristics-based feature selection technique. Algorithms like the support vector machine (SVM), 

logistic regression (LGR), and the random forest classifier are used to compare the final outcome to 

industry standards (RDC). 

Due to their ability to investigate the connection between input data and their respective labels, neural 

networks are well-suited to difficult machine learning challenges. However, other types of machine 

learning models, such linear regression and Support Vector Machine (SVM), are more suited to 

solving the smaller issues. As a result, it is important to examine individual issues and determine 

whether or not a neural network is truly required. In addition, "neural network" is a broad term that 

encompasses a variety of models. When calculating neurons in the next layer, a feedforward neural 

network employs all of the neurons in the current layer simultaneously. Neurons are "parallel" in this 

process, despite the fact that their weights make them distinct from one another. However, sequential 

datasets benefit greatly from the Recurrent Neural Network paradigm. It enables inputs from the past 

to shape how inputs in the future are handled. Comparing the accuracy of these two networks is 

important. 
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2. Literature Review 

Credit scoring has benefited from the widespread use of several data mining tools. Decision-making 

tools such as decision trees, discriminant analysis, and dynamic programming are discussed in [2]. 

Complex high-dimensional datasets were successfully analysed using Bayesian techniques and 

Markov chain in [3]. The authors aimed to improve the model's adaptability and computing efficiency 

by reducing the need for global specifications through the use of conditional graphs. As an 

improvement over both logistic regression and classic discriminant analysis, the authors of [4] 

developed a hybrid method in which neural networks are used in conjunction with discriminant 

analysis. Analysing texts for similarities is the plan of attack. 

 

To simplify further analysis based on redundancy and relevance, we choose a subset of features in FS 

and exclude the irrelevant, noisy features. According to these two criteria, Yu and Liu [5] divide the 

feature subset into four groups: noisy and irrelevant; redundant and weakly relevant; weakly relevant 

and nonredundant; and very relevant. We say that a feature is irrelevant if it does not contribute to the 

model's ability to make accurate predictions. Models, search methods, feature quality metrics, and 

feature assessment are just some of the many methods that may be put into practice with the use of 

filter and wrapper techniques. When developing hypotheses for predictive models, a comprehensive 

set of characteristics is essential. There is a one-to-one relationship between the number of features 

and the size of the hypothesis space; in other words, if you increase the number of features, you also 

increase the size of the search space. In one scenario, the search space for a dataset includes numerous 

permutations if it has M features labelled with a binary class. Based on their relationship to the 

underlying learning model, FS approaches can be classified as either filter, wrapper, or embedding. 

Selecting statistical characteristics is at the heart of the filter approach. This method reduces 

processing effort since it is not reliant on the learning algorithm. The significance of the characteristics 

may be gauged by the application of statistical tools as information gain, chi-square test [6], Fisher 

score, correlation coefficient, and variance threshold. But the wrapper approach is rather classifier 

dependent in terms of performance. Based on the classification outcome, the optimal collection of 

characteristics is chosen. Since the wrapper technique must frequently operate in parallel with the 

classifier, it incurs significantly higher computational costs than filter approaches. While the filter 

approach is the most common, these alternatives are more reliable. Feature elimination using 

recursion [7], sequential feature selection algorithms [8], and evolutionary algorithms [9] are only a 

few examples of algorithms used as wrappings. The third strategy is an embedded technique that uses 

hybrid learning and ensemble learning to pick features. Due to the inclusion of a group consensus 

process, the results of this strategy are superior than those of its predecessor. When compared to 

wrapper approaches, for instance, random forest requires significantly less processing power. The 

embedded approach has the issue of being model-dependent. 

 

In addition, a plethora of evolutionary metaheuristics-based feature selection methods are offered, 

with many of these being wrapper types due to the shown superior performance of wrappers [10]. 

Based on the grey wolf optimizer (GWO) presented by Mirjalili et al. [12], Too et al. [11] suggested 

a competitive binary grey wolf optimizer (CBGWO) for the feature selection issue in EMG signal 

categorization. Based on the data collected, CBGWO was shown to be the most effective algorithm 

for this particular use case. Binary grey wolf optimization (BGWO) [13], binary particle swarm 

optimization (BPSO) [14], ant colony optimization (ACO) [15], and binary differential evolution 

(BDE) [16] are just some examples of wrapper-based feature selection algorithms that have been 

introduced in many works to select a subset of features. 

 

3. Proposed Methodology 

This study, which investigates the causes of customer default payments in Taiwan, makes use of data 

culled from the credit card clients' default dataset. There is a copy of the data set in the UCI repository. 

The data came from a Taiwanese financial institution that issues credit cards and cash, and the 

intended recipients were credit cardholders of that institution. There are just two possible answers in 

a binary classification, and they both include the category variable "default payment" (Yes = 1; No = 

0). In this case, the predictor characteristic is "default payment," which is a binary classification issue 

because it can take on just two possible values. There are 30,000 records in the collection, along with 

24 characteristics. All of these characteristics are physiological indicators. There are 23 potential 

explanatory factors listed in Table 1. 
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A. The Proposed Ensemble Model 

We start by showing you the data we used to boat-train our classifiers after we let go, then we walk 

you through the processes we propose doing, and lastly we show you the results. Three distinct 

classification strategies were employed in the uploading of this image: Different kinds of classifiers 

include decision trees (DT), multilayer perceptrons (MLP), and support vector machines (SVM). We 

employ stochastic fractal search (SFS) in conjunction with the whale optimization technique to boost 

the weight of these classifiers' votes inside an ensemble model (WOA). 

 

 

 
 

Since the gradient descent works best with normalized (scaled) values, we standardize this dataset 

before using it for training. If we don't normalize the data, we might end up with numbers on a wide 

range of scales. It would require additional time for our model to train on this data in order to make 

the necessary weight adjustments. If we use normalization techniques to get all of our numbers to be 

on the same scale, our model will train considerably more quickly, and gradient descent will work 

well. 

 

B. Support Vector Machines (SVM) 

Authors in [17-20] mark the debut of the SVM. One of the more recent developments in the realm of 

supervised machine learning is the support vector machine (SVM). It works well for a small dataset 

with few outliers. The concept is to identify a hyper segmentation lanes to divide information. The 

area is segmented along this hyperplane, with each sector holding a certain kind of information (Fig. 

1). Multiple hyperplanes can be selected to differentiate between the two types of information. The 

aircraft with the largest margin is what we're looking for. To calculate the margin, find the two data 

points closest to the hyperplane that correspond to the two categories. In order to improve the method, 
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support vector machines (SVMs) look for the super planar with the largest margin value, splitting the 

data into two equally-sized halves. The closest data points to the hyperplane are referred to as the 

"support vectors" (Fig. 2). Linear surface that cuts space in half, like a hyperplane does. If you want 

to divide up your space into two categories, then you need a hyperplane, which is a one-dimensional 

subspace. 

 
Figure 1: Structure of support vector machines. 

 

 

 
 

Figure 2: Support vector 

 

C. Multilayer Perceptron (MLP) 

It's been pointed out that you can use a multilayer perceptron neural network. For those situations 

when the variables cannot be separated in a straightforward manner. In order to address this issue, a 

multilayer perceptron is constructed by adding additional layers to a single-layer perceptron. As can 

be seen in Figure 3, the MLP network is a kind of feed-forward neural network that may have 

anywhere from one-to-many hidden layers. n neutrons are input to the network, which also includes 

n hidden neurons, and n neutrons are output.  
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Figure 3: Structure of a multilayer neural network. 

 

Because we'll be using a single hidden layer, our input matrix will have the form (batch size, number 

of attributes), and our weight matrices will contain one weight each for connections to and from the 

hidden layer and the output layer. So, the input layer is a matrix with the form of (number of features, 

number of hidden neurons), the hidden layer is a matrix with the form of (number of neurons, number 

of classes), and the output layer is a matrix with the form of (number of features, number of hidden 

neurons, number of classes) (batch size, number of classes). 

 

D. Decision Trees (DT) 

DT first appeared in [21, 22]. Each node in the tree represents a property, and each branch represents 

a possible value for that property. The decision tree's predictive value may be derived from it by 

tracing the tree's nodes in accordance with their associated property values. To begin, you need a tree 

algorithm to accurately anticipate the final result. Our data, its characteristics, and the categorical 

(dummy) values inside it require scrutiny. In addition, we can use the following formulae to deal with 

entropies and discriminative powers to determine the optimal characteristics for our tree. Presented 

below is a condensed version of the decision tree in Figure 4. 

 

 
 

Figure 4: Structure of a decision tree. 

 

For example, we find that the median age is the perfect divider between two groups of people in our 

data. This method was also applied to additional characteristics. After that, we've reached a point 

where we've located the most promising opportunities to split, ultimately determining whether certain 

nodes in our tree would be on the left or the right. To divide our data in half, we use a certain column 
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and value to identify the ideal splits while we are developing our tree with nodes (left child and right 

child of a node in a tree). In the recursive section, we apply the same strategies used in the previous 

sections to each successive level of the tree. There is no need to change the current node to a leaf node 

unless there is a question to be asked. 

 

E. Metaheuristic Optimization 

In computer science and mathematical optimization, metaheuristics are used to locate, build, or 

choose a heuristic (partial search algorithm) that may provide a viable solution to an optimization 

issue despite a lack of complete knowledge or computing resources. It would be difficult to collect an 

accurate cross-section of the space of feasible answers without the help of metaheuristics. 

Metaheuristics are often more flexible than other optimization methods since they may be used in a 

variety of settings with little in the way of preparation or in-depth understanding of the optimization 

issue at hand. In place of traditional optimization methods and iterative procedures, metaheuristics 

are increasingly being adopted; nevertheless, using a metaheuristic does not guarantee that the best 

possible solution will be discovered for a given class of problems. The final solution obtained by 

several prominent metaheuristics, stochastic optimization included, might vary depending on the 

values of the random variables used. In combinatorial optimization, hypotheses regarding the ideal 

solution are generated using metaheuristics, which can be more efficient than optimization algorithms, 

iterative techniques, and even simple heuristics. For this reason, they may stand for alternative ways 

of addressing optimization issues. There are a lot of articles on this. The bulk of published 

metaheuristics publications are inherently experimental since they relate the author's own experiences 

implementing the algorithm in the real world. However, there are also some formal theoretical results 

that provide light on issues like convergence and the possibility of achieving a global optimum. 

Multiple metaheuristic methodologies have been presented in recent research, and they may all have 

useful implications for the area as a whole. Imprecise terminology, a failure to effectively address 

critical topics, poor methodology, and a lack of acceptable citations have all hindered previous 

research on this topic. 

 

4. Results 

The study creates three different classifiers—the DT, the KNN, and the SVM. The dataset is split 

70:30, with the former utilized for model training and the latter for checking the models' performance 

in a simulated environment. Furthermore, we use two distinct datasets—outlier data and removal 

outlier data—in our investigation. Table 2 displays the comparison of the classifier methods based 

on the accuracy, recall, precision, and F1 score obtained from the outlier data. The suggested 

ensemble model achieves the best accuracy in the findings. 

 

Table 2: Classification results using the proposed method compared to other methods 

  
Accuracy Sensitivity Specificity Pvalue Nvalue F-score 

NN 0.8945 0.9967 0.6667 0.8696 0.9890 0.9288 

SVM 0.8844 0.9967 0.6429 0.8571 0.9890 0.9217 

DT 0.8369 0.9967 0.5455 0.8000 0.9890 0.8876 

Guided WOA +PSO 0.9420 0.9967 0.7965 0.9288 0.9890 0.9615 

 

Statistical evidence supporting the voting ensemble classifier's superiority is presented in Table 3. 

With the optimum voting ensemble that was presented, we get markedly better results. 

 

Table 3: Statistical analysis of the results recorded by the proposed method 

  
NN SVM DT Guided WOA +PSO 

Number of values 10 10 10 10 

Minimum 0.8745 0.8844 0.8369 0.942 

25% Percentile 0.892 0.8844 0.8369 0.942 

Median 0.8945 0.8844 0.8369 0.942 

75% Percentile 0.8945 0.8844 0.8394 0.942 
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Maximum 0.8945 0.8944 0.8569 0.942 

Range 0.02 0.01 0.02 0 

10% Percentile 0.8755 0.8844 0.8369 0.942 

90% Percentile 0.8945 0.8934 0.8559 0.942 

95% CI of median 
    

Actual confidence level 97.85% 97.85% 97.85% 97.85% 

Lower confidence limit 0.8845 0.8844 0.8369 0.942 

Upper confidence limit 0.8945 0.8844 0.8469 0.942 

Mean 0.8915 0.8854 0.8399 0.942 

Std. Deviation 0.006749 0.003162 0.006749 0 

Std. Error of Mean 0.002134 0.001 0.002134 0 

Lower 95% CI of mean 0.8867 0.8831 0.8351 0.942 

Upper 95% CI of mean 0.8963 0.8876 0.8447 0.942 

Coefficient of variation 0.7571% 0.3572% 0.8036% 0.000% 

Geometric mean 0.8915 0.8853 0.8399 0.942 

Geometric SD factor 1.008 1.004 1.008 1 

Lower 95% CI of geo. mean 0.8866 0.8831 0.8351 0.942 

Upper 95% CI of geo. mean 0.8963 0.8876 0.8447 0.942 

Harmonic mean 0.8914 0.8853 0.8399 0.942 

Lower 95% CI of harm. mean 0.8866 0.8831 0.8351 0.942 

Upper 95% CI of harm. mean 0.8964 0.8876 0.8446 0.942 

Quadratic mean 0.8915 0.8854 0.8399 0.942 

Lower 95% CI of quad. mean 0.8867 0.8831 0.8351 0.942 

Upper 95% CI of quad. mean 0.8963 0.8876 0.8448 0.942 

Skewness -2.277 3.162 2.277 
 

Kurtosis 4.765 10 4.765 
 

Sum 8.915 8.854 8.399 9.42 

 

A comparison of the suggested technique to the alternatives is made using the Wilcoxon signed-rank 

test. Table 4 displays the data gathered throughout this study. The p-value listed in the table is the 

supporting evidence. 

 

Table 4: Wilcoxon signed rank test of the recorded results of the proposed method 

  
NN SVM DT Guided WOA +PSO 

Theoretical median 0 0 0 0 

Actual median 0.8945 0.8844 0.8369 0.942 

Number of values 10 10 10 10 

Wilcoxon Signed Rank Test 
    

Sum of signed ranks (W) 55 55 55 55 

Sum of positive ranks 55 55 55 55 

Sum of negative ranks 0 0 0 0 

P value (two tailed) 0.002 0.002 0.002 0.002 

Exact or estimate? Exact Exact Exact Exact 

P value summary ** ** ** ** 

Significant (alpha=0.05)? Yes Yes Yes Yes 
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How big is the discrepancy? 
    

Discrepancy 0.8945 0.8844 0.8369 0.942 

 

The Figure 7 graph shows how the optimal voting ensemble classifier performs in comparison to the 

reference models. An illustration of the improved efficiency of the suggested approach is shown 

below. 

 

 

Figure 7: The accuracy of the proposed method compared to other methods. 

 

5. Conclusion 

A feature selection approach is provided with a basic neural network architecture in this research. 

Only the top 17 features from the original set were chosen. Results from a sensitivity analysis that 

varied the number of neurons and training epochs showed that the MLP consistently produced 

accurate predictions. The optimal setup, which beat the other algorithms considered here, included 

45 neurons in a single layer and 100 epochs. The result was an accuracy of 85.24 percent. We want 

to further improve the network architecture and the feature selection method in our future research. 

In place of the standard stochastic gradient descent, hybrid metaheuristics that retain the best features 

of their parent algorithms might be implemented to expedite the training process. In [23], an adaptive 

particle swarm—grey wolf optimization technique is presented as a viable solution. 
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