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| 1. Introduction

Credit, as defined by financial institutions such as banks and lending companies a represents a vital loan certificate
issued to individuals or businesses. This certification mechanism plays a pivotal role in ensuring the smooth functioning of
the financial sector, contingent upon comprehensive evaluations of creditworthiness. The evaluation process inherently
gives rise to concerns regarding credit risk, encompassing the potential default risk associated with borrowers. Assessing
credit risk entails the utilization of credit scoring, a method aimed at distinguishing between “good” and “bad” customers
(2 This process is often referred to as credit risk prediction in numerous studies BIEIRIEI presently, the predominant
approaches to classifying credit risk involve traditional statistical models and machine learning models, typically
addressing binary or multiple classification problems.

Credit data often exhibit a high number of negative samples and a scarcity of positive samples (default samples), a
phenomenon known as the class imbalance (CI) problem [&. Failure to address this issue may result in significant
classifier bias [, diminished accuracy and recall 19 and weak predictive capabilities, ultimately leading to financial
institutions experiencing losses due to customer defaults 11, For instance, in a dataset comprising 1000 observations
labeled as normal customers and only 10 labeled as default customers, a classifier could achieve 99% accuracy without
correctly identifying any defaults. Clearly, such a classifier lacks the robustness required. To mitigate the Cl problem,
various balancing techniques are employed, either at the dataset level or algorithmically. Dataset-level approaches
include random oversampling (ROS), random undersampling (RUS), and the synthetic minority oversampling technique
(SMOTE) 2 while algorithmic methods mainly involve cost-sensitive algorithms. Additionally, ensemble algorithms 3]
and deep learning techniques, such as generative adversarial networks (GANs) 4l are gradually gaining traction for
addressing Cl issues.

Indeed, there is no one-size-fits-all solution to the CI problem that universally applies to all credit risk prediction models 15
(18117 On the one hand, the efficacy of approaches is constrained by various dataset characteristics such as size, feature
dimensions, user profiles, and imbalance ratio (IR). Notably, higher IR and feature dimensions often correlate with poorer
classification performance 18!, On the other hand, existing balancing techniques exhibit their own limitations. For instance,
the widely used oversampling technique, SMOTE, has faced criticism for its failure to consider data distribution
comprehensively. It solely generates new minority samples along the path from the nearest minority class to the boundary.
Conversely, some undersampling methods are deemed outdated as they discard a substantial number of majority class
samples, potentially leading to inadequately trained models due to small datasets. Additionally, cost-sensitive learning
hinges on class weight adjustment, which lacks interpretability and scalability L4,

| 2. Class Imbalance Problem in Credit Risk Prediction

In the domain of credit risk prediction, accurately identifying potential defaulting users holds paramount importance 19,
Banks meticulously gather user characteristics and devise scoring systems to scrutinize customers and allocate loan
amounts judiciously. Upon identifying potential risks, they may either reduce the loan quota or decline lending altogether.
This dynamic is evident in the data, where positive samples (minority class) bear greater significance than negative
samples (majority class). This poses a dilemma, as the classifier requires substantial information about the minority class
to effectively identify positive samples, yet it inevitably tends to be more influenced by the majority class 29,
Consequently, oversampling and cost-sensitive algorithms have been favored in addressing credit risk prediction



scenarios. The former directly enhances the proportion of samples in the minority class, while the latter factors in that
misclassifying negatives is less detrimental than misclassifying positives (211,

To mitigate the risk of underfitting arising from the potential omission of vital information by undersampling techniques,
algorithms such as EasyEnsemble and BalanceCascade 22 have been developed. These algorithms aim to minimize the
probability of discarding crucial information during the undersampling process. EasyEnsemble combines the anti-
underfitting capacity of boosting with the anti-overfitting capability of bagging. Conversely, to alleviate the risk of overfitting
associated with oversampling, distance-based k-neighborhood methods for resampling are considered more effective.
Notably, the synthetic minority oversampling techniqgue (SMOTE) has garnered attention in recent years, particularly in
credit scenarios characterized by an imbalance between “good and bad customers”.

In the realm of loan default prediction, researchers have utilized the SMOTE algorithm in various ways, emphasizing the
criticality of information within the minority class. Studies suggest that SMOTE, or more boundary-point-oriented adaptive
oversampling techniques like adaptive integrated oversampling, can yield superior results when modeling with such data
(23] Moreover, combining oversampling techniques with integrated learning has been proposed to mitigate overfitting
risks. For instance, sampling combined with boosting methods and support vector machines, as well as a combination of
adaptive integrated oversampling with support vector machines and boosting, have demonstrated promising results in
empirical analyses [24],

Nonetheless, subsequent studies caution against excessively tightening criteria due to potential default risks, as rejecting
numerous creditworthy users can significantly diminish bank earnings, sometimes surpassing losses incurred from a
single defaulting user 1. Over-reliance on oversampling techniques could exacerbate this inverse risk. However, this
does not imply superiority of undersampling techniques, which exhibit distinct drawbacks, notably information loss from
the majority class, particularly with clustering-based undersampling methods 221281, To harness the full potential of
minority class samples while retaining information from majority class samples, comprehensive techniques combining
oversampling and undersampling have emerged. Examples include SMOTE with Tomek links and SMOTE with edited
nearest neighbors (ENNs), both of which have demonstrated enhancements in dataset quality and classifier performance
(251 |n a comprehensive study conducted as early as 2012, ref. [27 designed a detailed examination of RTs. The study
evaluated four undersampling, three oversampling, and one composite resampling technique across five datasets to
ascertain the potential benefits for intelligent classifiers such as the multilayer perceptron (MLP) when using these
techniques. The comparative analysis revealed that there is no one-size-fits-all solution with respect to the effectiveness
of sampling techniques across all classifiers. However, it was observed that undersampling methods like neighborhood
clean rule (NCL) and oversampling techniques like SMOTE and SMOTE + ENN consistently demonstrated stable
performance. Notably, oversampling imparted a significant performance enhancement, particularly benefiting higher-
performing intelligent classifiers.

On the other hand, prevailing class balancing experiments often strive to equalize the proportions of majority and minority
classes, yet few studies have delved into addressing datasets exhibiting extreme imbalances. The IR, denoting the ratio of
majority to minority samples, serves as a gauge for assessing the extent of class imbalance. Commonly used benchmark
credit datasets typically exhibit IRs ranging from 2 to 10, such as the German credit dataset (IR: 2.33) and the Australia
credit dataset (IR: 1.24), while certain private datasets may escalate to IRs of 10 to 30 28, Typically, larger sample sizes
correlate with higher IRs. However, there exists no standardized criterion for defining extreme imbalance. An IR above 5
implies that merely 16.6% of positive samples are available, posing a considerable challenge for classifiers. Ref. 22
advocated for the use of gradient boosting and random forest algorithms to effectively handle datasets with extreme
imbalance. Through experimentation with oversampling techniques, it was observed that an optimal class distribution
should encompass 50% to 90% of the minority classes. In other words, it suffices to moderate the extreme imbalances to
achieve a mild imbalance without necessitating an IR of 1. Conversely, ref. 18] employed simulation datasets to simulate
varying IRs and found that higher IRs do not consistently lead to poorer classifier performance; rather, performance is
significantly influenced by the feature dimensions of the dataset. Indeed, IR serves as one of the statistical features of the
dataset, alongside feature dimension, dataset size, feature type, and resampling method, collectively impacting the final
prediction outcome [28, However, high IR alone does not inherently account for prediction difficulty; rather, it is the
indistinct decision boundary stemming from too few minority class samples, overlapping due to resampling, and excessive
noise that pose the primary challenges 131, Thus, the primary objective of balancing techniques should focus on clarifying
classification boundaries rather than merely striving for dataset balance. Ref. 3] echoes the sentiments of the
aforementioned study, emphasizing the collective influence of IR on the efficacy of various RTs. Following a comparative
analysis involving methods such as Tomek-link removal (Tomek), ENN, BorderlineSMOTE, adaptive integrated
oversampling (ADASYN), and SMOTE + ENN, it was concluded that the complexity of RTs does not necessarily correlate



with their ability to address datasets with higher IR. Importantly, it was observed that no single RT emerged as universally
effective across all classification and CI problems.

RTs proactively address the Cl problem during the data preprocessing stage. While numerous studies propose resolving
the CI problem through adjustments within machine learning classifiers or by integrating balancing strategies directly into
ensemble models, recent advancements in algorithms such as eXtreme Gradient Boosting (XGBoost) Y, LightGBM, and
CatBoost offer hyperparameters capable of fine-tuning the weights of positive samples. Even amidst imbalanced datasets,
these algorithms enable the objective function to prioritize information gleaned from minority class samples. Furthermore,
incorporating resampling techniques within ensemble learning to balance each training subset yields models with
heightened robustness compared with classifiers solely adjusting sample weights. For instance, bagging classifiers and
random forests can be augmented with balancing techniques to ensure a portion of minority class samples in each
training subset Bl To compare the effectivenesses of various classifiers, ref. 22 conducted experiments across five
datasets, incorporating various IRs. The study evaluated the performances of classifiers such as logistic regression,
decision tree (C4.5), neural network, gradient boosting, k-nearest neighbors, support vector machines, and random forest,
considering positive sample proportions ranging from 1% to 30%. Results from the experiments revealed that gradient
boosting and random forest exhibited exceptional performance, particularly when handling datasets with extreme IR.
Conversely, support vector machines, k-nearest neighbors, and decision tree (C4.5) struggled to effectively manage the
Cl problem. In conclusion, the study suggests that ensemble learning methods, specifically boosting and bagging,
outperform individual classifiers when addressing imbalanced credit datasets, highlighting their efficacy in handling CI
challenges.

However, the effectiveness of solely relying on model weights to address the Cl problem diminishes if RTs are not applied
to the dataset beforehand [22. Moreover, the embedding of resampling techniques within ensemble models significantly
escalates computational costs, rendering it less efficient and more constrained when handling large datasets 4. To
address this issue, ref. [28 conducted a comprehensive comparison between various pairs of classifiers and RTs. Their
objective was to identify dependable combinations of advanced RTs and classifiers capable of handling datasets with
differing IR levels effectively. By conducting paired experiments involving nine RTs and nine classifiers, their findings
revealed that the combination of RUS and random subspace consistently achieved satisfactory performance across most
cases. Following closely behind was the combination of SMOTE + ENN and logistic regression. Interestingly, these results
deviate from previous studies that tended to favor ensemble classifiers. Ref. 28 argue that even simple classifiers can
achieve commendable performance, provided that suitable RTs are employed.
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