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Abstract: Classifying imbalanced data is a well-known challenge in machine learning. One
of the fields inherently affected by imbalanced data is credit datasets in finance. In this
study, to address this challenge, we employed one of the most recent methods developed
for classifying imbalanced data, CorrOV-CSEn. In addition to the original CorrOV-CSEn
approach, which uses AdaBoost as its base learning method, we also applied Multi-Layer
Perceptron (MLP), random forest, gradient boosted trees, XGBoost, and CatBoost. Our
dataset, sourced from the Iran capital market from 2015 to 2022, utilizes the more general
and accurate term business failure instead of default. Model performance was evaluated
using sensitivity, precision, and F1 score, while their overall performance was compared
using the Friedman–Nemenyi test. The results indicate the high effectiveness of all models
in identifying failing businesses (sensitivity), with CatBoost achieving a sensitivity of 0.909
on the test data. However, all models exhibited relatively low precision.

Keywords: business failure forecasting; imbalanced data; cost-sensitive learning; machine
learning; Multi-Layer Perceptron (MLP); random forest; gradient boosted trees; XGBoost;
CatBoost; AdaBoost
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1. Introduction
In recent decades, with advancements in ML algorithms and computational tools, their

application has garnered significant attention among financial experts and
researchers [1–11]. One of the most critical fields in which they have been applied is
risk management, particularly credit risk management. Many studies have used ML mod-
els to identify firms or customers likely to default compared to others. Machine learning
(ML)-based models offer specific advantages. They require fewer assumptions compared
to traditional models and can process a wider range of data. Unlike traditional models,
which typically rely on accounting or market data [12], ML models incorporate a broader
set of factors, such as cash flow, national governance, and capital structure, making them
more effective in credit assessment [13–16].

While their performance often surpasses that of traditional human-based or structural
models, they encounter some challenges [17–19]. One of these challenges is the structure of
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datasets [20]. ML models work with data and are regularly developed to handle balanced
data [21], while in many credit datasets, inherent imbalances exist.

This is logical because defaults are rare occurrences. As it is often stated, machine
learning models are typically designed for balanced datasets. However, in credit risk
management, it is crucial to predict defaulters as accurately as possible due to the high
cost of missing a defaulter in a credit system. This is similar to other challenges, such as
disease detection, where misclassifying a member of the minority class is costlier than
misclassifying a member of the majority class [22,23].

In some studies, to address the performance challenges of ML models, the dataset is
balanced by selecting an equal number of defaulters and non-defaulters. However, this
approach is unrealistic and often results in models with high bias due to the artificially
balanced dataset. In other cases, this imbalance has simply been ignored, resulting in
models that achieve high accuracy but exhibit low sensitivity.

Imbalanced data have an impact on the performance of models, although it may
not be visible initially. For instance, in a hypothetical credit dataset, an ML model might
predict both good and bad payers with the same number of incorrect classifications. In
this case, because of the low number of defaulters, the whole number of payers that their
label predicts correctly is high, and, as a result, the machine learning model reached high
accuracy or even a high AUC score.

However, this undermines the model’s ability to identify defaulters effectively because
even a very small portion of non-defaulter firms, which we defined as the number of falsely
labeled firms in ML model performance, can be a vast majority of defaulter firms, and, as a
result, the model exhibits a poor function in finding the defaulter firms.

This issue is particularly evident in metrics like sensitivity, which are based on defining
defaulted borrowers as positive or negative and measure the rate of identifying each data
label category.

As a result, it is important to note that due to the high number of good payers and
their better identification rate, general metrics like accuracy and AUC may appear high
while sensitivity remains low. This discrepancy can lead to credit disasters, especially
considering the high correlation of defaults.

In response to this challenge, several solutions have been proposed. Some solutions
focus on modifying the data distribution by creating artificial instances or reducing certain
instances. The second brunch emphasizes developing new algorithms that are experts on
learning imbalance data. The third category aims to allocate different weights to different
classes. The last category is referred to as cost-sensitive approaches.

Cost-sensitive approaches are constructed based on real-world outcomes. As a matter
of fact, it is inevitable that when a default occurs after credit risk management predicts that
the firm will not default (false positive), it is more expensive than preventing allocating
capital to a firm that is predicted to default although it will not (false negative).

Many cost-sensitive approaches have been introduced in recent years; however, few
of them have been studied to detect defaulter firms. In this essay, we first review research
on imbalanced datasets and the performance of notable studies in credit prediction using
cost-sensitive ML models. Then, we explore the performance of notable papers in credit
prediction using cost-sensitive machine learning models. Finally, we evaluate the perfor-
mance of one of the most recent cost-sensitive models for imbalanced datasets, as proposed
in work by Devi et al. [24], which combines several decision tree-based models for the
first time.

In this paper, for the first time, Devi et al.’s [24] (CorrOV-CSEn) method is used in
business failure prediction. Additionally, we employ one of the state-of-the-art algorithms
introduced in recent years, CatBoost, in conjunction with a cost-sensitive approach. We
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believe that CatBoost’s ability to prevent overfitting is expected to enhance our model’s
performance. Our third contribution is the use of Iranian capital market firms as our dataset.
The Iranian capital market is one of the oldest in the Middle East and recently was described
by Bloomberg as one of the most “unfamiliar” large capital markets in the world [25].

The remainder of this paper is organized as follows: Section 2 provides a brief review
of methods developed to address imbalanced dataset problems and their applications in
credit risk management. Section 3 details the methodology employed in this study. In
Section 4, the case study—focused on business failure in the Iranian capital market—is
analyzed. Section 5 presents the experimental results, discussing the performance of each
machine learning model. Finally, Section 6 concludes the paper with recommendations for
future research.

2. Literature Review
Our literature review is divided into two parts. The first part addresses previous

work on imbalanced datasets, primarily that developed by computer science scholars. The
second part explores the application of these models in finance, with a focus on credit
risk management.

2.1. Imbalance Datasets Solution

Numerous methods have been proposed to address the issue of imbalanced datasets.
These approaches are generally categorized into three types [26]: (A) data-level (or resam-
pling) methods, (B) algorithm-level methods, and C) cost-sensitive learning, respectively.

Data-level (or resampling) methods address imbalanced datasets by modifying the
structure of the data. This can be achieved through under-sampling, oversampling, or
hybrid resampling methods. In under-sampling, only a subset of the majority class is used
of the majority class are trained. Methods such as Tomek links [27], Kubat and Matwin [28],
Japkowicz [29], Neighborhood Cleaning Rule (NCL) [30], Relevant Information-based
Under Sampling (RIUS) [31], Lee & Seo [32], and EUStack [33] are examples of under-
sampling approaches.

Oversampling methods, on the other hand, involve creating additional copies of the
minority class to balance the training set. Solberg and Solberg [34], WK-SMOTE [35],
MAHAKIL [36], GSMOTE-NFM [37], SMOTEFUN [38], SMOTE-tBPSO-SVM [39], and
Approx—SMOTE [40] are examples of such methods.

Hybrid resampling methods usually combine oversampling and under-sampling. The
Synthetic Minority Oversampling Technique (SMOTE), introduced in 2002 by Chawla
et al. [41], is a widely used hybrid resampling approach. Other hybrid resampling methods
include Ling and Li [42], RFMSE [43], RK-SVM [26], SA-CGAN [44], SMOTified-GAN [45],
and Puri & Gupta [46].

Algorithm-level methods focus on developing algorithms specifically designed to
classify imbalanced data. The RUSBoost algorithm [47], Weighted Ensemble with One-Class
Classification with Over sampling and Instance Selection (WECOI) [48], and Lasso-Logistic
Regression Ensemble [49] are examples of these methods.

Cost-Sensitive Learning addresses misclassification by assigning different costs to
errors. In traditional ML models, misclassifications—such as false negatives (FN) and
false positives (FP)—are often treated equally. However, in reality, the consequences
of these errors can vary significantly, especially in domains like credit classification. In
this context, there is a loss function that considers four possible outcomes in a binary
classification problem, such as distinguishing between defaulters and non-defaulters (or
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1 and 0). The matrix below illustrates the cost matrix used in a regular ML algorithm for
credit classification. [

C(1¸1) = 0 C(1¸0) = 1
C(0¸1) = 1 C(0¸0) = 0

]
(1)

In the cost matrix, C(i j̧) represents the cost of labeling an instance X, with an actual
value of j as i. When the instance is correctly labeled, there is no cost. However, for both
types of mislabeling (false positives and false negatives), the cost is typically set to 1.

Cost-Sensitive Learning incorporates the loss function through two main approaches:
direct and indirect. In the direct approach, the loss function influences the training process
itself by adjusting the model based on misclassification costs. In the indirect approach, the
loss function is applied after training, either by modifying decision thresholds or using a
Bayesian decision framework to minimize expected costs [50].

In Cost-Sensitive Learning, different misclassification costs are taken into account. In
real-world scenarios, the cost of a false positive (e.g., incorrectly classifying an unhealthy
firm as healthy) can be significantly different from the cost of a false negative. Misclassifica-
tion costs can be assigned using various approaches. As a result, while traditional machine
learning methods focus on minimizing overall misclassification and maximizing accuracy,
Cost-Sensitive Learning methods aim to minimize the total costs associated with different
types of misclassification errors.

One of the most pioneering cost-sensitive methods was ICET, introduced by Turney in
1995 [51]. It was built on genetic algorithms. Other cost-sensitive models based on decision
trees were introduced by Ling et al. [52] and Drummond and Holte [53].

Some cost-sensitive methods use a threshold probability for algorithms, which pro-
duces probabilities for each instance classification, such as MetaCost [54], CostSensitive-
Classifier [55], Cost-sensitive naïve Bayes [56], and Empirical Thresholding [57].

Khan et al. [58] proposed a cost-sensitive method based on the deep Convolutional
Neural Network that focuses on feature selection. They did not alter data distribution.
Unlike previous models, they set class dependent costs automatically during the learning
procedure. The efficiency of their model has been demonstrated in subsequent works [59].
The Cost-sensitive General Vector Machine (CFGVM) was proposed by Feng et al., which
combines feature selection and GVM [60]. Devi et al. [24], combined AdaBoost ensemble
learning with correlation-based oversampling in their proposed model.

2.2. Imbalanced Learning in Finance

Using machine learning methods in credit risk assessment has already been extensively
explored in the literature. However, the vast majority of these studies have not considered
the imbalanced nature of datasets [22]. Among the notable works in utilizing machine
learning tools for predicting defaults, Khandani et al. [61] evaluated machine learning-based
models for predicting credit card default risk. They employed four classifier thresholds
to classify the data, achieving sensitivity values of 65%, 78%, 83%, and 88% for each
threshold, respectively.

Barboza et al. [62] conducted a comprehensive study examining the credit risk of
North American companies from 1985 to 2013. The dataset included 10,000 companies and
aimed to predict defaults one year in advance. They employed various models, including
support vector machines, bagging, boosting, and random forests and compared these to
statistical models such as discriminant analysis, logistic regression, and neural networks.
Their findings indicated that machine learning models outperformed traditional ones in
predicting corporate defaults by up to 10%, as measured by the ROC score. Notably, the
random forest model demonstrated exceptional accuracy, achieving 87%, which surpassed
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other models. However, the sensitivity of the random forest remained in the range of 0.76
to 0.83.

Yildrim [63] conducted a study to develop two models for predicting corporate de-
faults using a sample of 1 million Turkish companies from 2010 to 2018. The study evaluated
logistic regression, decision tree, random forest, and gradient boosted tree models. The
average AUC scores for these models were 0.76, 0.80, 0.82, and 0.82, respectively. How-
ever, the sensitivity of the three tree-based models was notably low, at 0.15, 0.17, and
0.30, respectively.

In a similar study using the same dataset, Peykani et al. [64] employed two machine
learning models—random forest and gradient boosted trees—to predict business failure
in the Iranian capital market. Both models achieved exceptionally high ROC scores of
0.97. However, their sensitivity for defaulted firms was 0.66 for random forest and 0.77 for
gradient boosted trees.

Chen & Ribeiro [65] combined multiple classifiers, including KNN, support vector
machines, and decision trees, using a consensus approach for bankruptcy prediction.
The dataset consisted of 37 French firms, and the ensemble method aimed to improve
the robustness and accuracy of predictions by integrating results from several machine
learning techniques.

Bahnsen et al. [66] presented a cost-sensitive decision tree algorithm designed to ac-
count for the varying costs associated with different instances by incorporating a cost-based
impurity measure. They introduced a new performance metric called “Saving” to evaluate
model performance. This algorithm is tested on various real-world datasets, including
credit card fraud detection and credit scoring. The results indicate that it outperforms other
methods across all datasets, achieving significant cost savings of up to 71 percent compared
to 32 percent for the benchmark while constructing smaller trees that are faster to build,
requiring only one-fifth of the time needed for traditional decision trees.

Zakaryazad and Duman [67] addressed the challenge of imbalanced data by develop-
ing an Artificial Neural Network (ANN) model optimized to maximize profit rather than
traditional accuracy. Their profit-oriented ANN incorporates a customized penalty func-
tion that assigns variable penalties based on the financial impact of correctly or incorrectly
classifying each instance, modifying the typical sum of squared errors (SSE) function to
weigh misclassifications according to each instance’s profit significance. The findings from
datasets in fraud detection and bank marketing indicate that the ANN and Naïve Bayes
classifier outperform other models.

Xia et al. [68] explored peer-to-peer lending datasets using a cost-sensitive weighted
XGBoost approach. Their study examined both financial and non-financial factors, with the
primary evaluation metric being the annualized rate of return (ARR). The model aimed to
enhance loan evaluation by balancing risks and returns for lenders.

Fiore et al. [69] demonstrated that generative adversarial networks (GANs) can be
employed as an alternative resampling technique to enhance credit card fraud modeling.
Notably, early default has received less attention in the literature.

Papouskova and Hajek [70] proposed a two-stage ensemble learning model to evaluate
default risk in consumer credit, particularly in P2P lending. In the first stage, they employed
heterogeneous classification ensemble models to predict whether a P2P loan would default.
In the second stage, they applied heterogeneous regression ensemble models to estimate
the exposure at default for loans that had defaulted. Their findings demonstrated that
the two-stage method outperformed single-stage approaches, with the ensemble method
achieving greater predictive accuracy compared to traditional credit scoring models. They
employed a diverse range of algorithms, including Decision Tree (C4.5), Logistic Regression,
SVM, random forest, and AdaBoost.
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De Bock et al. [71] addressed uncertainty in misclassification costs for business failure
prediction through a heterogeneous ensemble framework. The model incorporated bag-
ging, random forests, and multi-objective optimization and was evaluated on 21 datasets
spanning various industries. The results highlighted the model’s adaptability to scenarios
involving unknown or dynamic misclassification costs.

Hou et al. [72] proposed an innovative approach to addressing imbalanced data in
credit scoring. Recognizing the limitations of traditional static ensemble methods, they
introduced a dynamic ensemble selection (DES) model specifically designed for imbalanced
classification tasks. The model first applied SMOTE (Synthetic Minority Over-Sampling
Technique) to balance the dataset, thereby creating a more effective candidate classifier pool.
Additionally, they integrated DES-MI, a weighting mechanism that prioritizes minority in-
stances during the evaluation of classifier competence. For further refinement, they applied
META-DES for a comprehensive multi-criteria assessment and used DES-KNN to balance
classifier competence with diversity. Testing on 15 imbalanced datasets demonstrated that
the proposed model outperformed other DES approaches in terms of AUC performance.
Moreover, when evaluated on real P2P loan data, it achieved a lower Type I error rate
compared to XGBoost and LightGBM, highlighting its potential for more accurate credit
risk predictions. This model is particularly valuable for applications where false positives
carry significant financial consequences.

Li et al. [73] applied credit scoring tools to identify high-risk borrowers, including
online loan fraudsters. Using ML-LightGBM, they aimed to more effectively identify early
stage defaulters. To enhance prediction accuracy, the authors incorporated a cost-sensitive
framework into the loss function of the classification model. Tested on a dataset of 1.6
million online loans, their method demonstrated that the cost-sensitive ML-LightGBM
approach outperformed previous models in predictive performance, underscoring its
effectiveness for fraud detection and credit scoring.

Barbaglia et al. [74] investigated default behavior in European residential mortgages
leveraging a dataset of 12 million loans across multiple countries. They modeled loan de-
fault as a function of variables such as borrower profiles, loan characteristics, and regional
economic conditions. By comparing cost-sensitive machine learning algorithms with tradi-
tional logistic regression, they demonstrated that machine learning methods significantly
enhanced prediction accuracy. Their models included gradient boosted trees, XGBoost, and
Logistic Regression. They employed both under-sampling and over-sampling techniques.
Gramegna and Giudici [75] evaluated their model on real-world data from Italian small
and medium enterprises, employing XGBoost with an under-sampling approach. Zou
et al. [76] applied XGBoost with a cost matrix to predict business failures in the Chinese
capital market. They utilized a diverse set of 47 financial ratios as features in their dataset.
The model was compared to various other statistical and machine learning models, and the
results indicated that XGBoost with a cost matrix excelled in minimizing Type II errors.

Chi et al. [77] introduced a novel instance-dependent, misclassification cost-sensitive
algorithm for default prediction. The study proposed two classifiers—misclassification
cost-sensitive Logistic Regression (MCSLR) and misclassification cost-sensitive Neural
Network (MCSNN)—and evaluated their performance by minimizing Type I and Type
II errors, thus improving prediction accuracy in financial decision making. Wang and
Chi [78] utilized a cost-sensitive stacking ensemble learning method to predict financial
distress among 3425 Chinese companies from 2000 to 2020. The study employed statistical
tests, including T-tests and Wilcoxon non-parametric tests, to validate the significance of
differences in financial distress predictions, underscoring the effectiveness of the ensemble
method. Table 1. provides a summary of the discussion in this section.
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Table 1. A summary of the studies conducted.

Year Research Method of
Imbalanced Data Machine Learning Model Dataset

2013 Chen & Ribeiro [65] Cost-sensitive
KNN

Support Vector Machines
Decision Trees

37 French firms

2015 Bahnsen [79] Cost-sensitive Decision Trees Credit card transactions and
customer data

2016 Zakaryazad and
Duman [67] Cost-sensitive ANN Credit card fraud detection

2017 Xia et al. [68] Cost-sensitive XGBoost Two real-world P2P lending
datasets

2017 Fiore et al. [69] Resampling GAN credit card fraud

2019 Papouskova and
Hajek [70] Cost-sensitive

Decision Tree (C4.5) Logistic
regression

SVM
Random forest AdaBoost

P2P lending
consumer loans

2020 De Bock et al. [71] Cost-sensitive Bagging
Random forests

21 datasets across various
industries

2020 Hou et al. [72] Resampling XGBoost
LightGBM P2P loan

2021 Li et al. [73] Cost-sensitive LightGBM 1.6 million online loans

2021 Barbaglia et al. [74] Cost-sensitive
XGBoost

Gradient Boosted tree
Logistic Regression

12 million loans

2021 Gramegna and
Giudici [75] Resampling XGBoost Italian small and medium

enterprises
2022 Zou et al. [76] Cost-sensitive XGBoost Chinese capital market

2022 Chi et al. [77] Cost-sensitive Logistic Regression
Neural Network

2024 Wang and Chi [78] Cost-sensitive Ensemble learning method 3425 Chinese companies from
2000 to 2020

2024 Our Research
Cost-sensitive and

Resampling
(CorrOV-CSEn)

Random forest
Gradient Boosted tree

AdaBoost
XGBoost
CatBoost

Iranian capital market firms

3. Methods
3.1. CorrOV-CSEn

In this study, we employed recently introduced Correlation-based Oversampling
Aided Cost-Sensitive Ensemble learning (CorrOV-CSEn) technique. CorrOV-CSEn inte-
grates two complementary approaches for handling imbalanced datasets. First, it applies
correlation-based oversampling to better prepare the dataset. Then, the prepared data are
used in a cost-sensitive ensemble algorithm, specifically Adaboost in some cases, but also
in combination with other ensemble learning methods. The primary goals of CorrOV-CSEn
are to reduce redundant data generation, prevent overfitting, and improve the classification
accuracy of the minority class. Generally, CorrOV-CSEn follows a two-step process, as
detailed below. Figure 1 describes an overview of the CorrOV-CSEn process.
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3.1.1. Correlation-Based Oversampling

This step enhances the performance of traditional oversampling methods like SMOTE
by incorporating correlation information into the process. Specifically, we employ a Linear
Covariance Matrix (LCM) [80] to determine the optimal level of oversampling. The LCM is
calculated using the following equation:

∑ A =
1

|NN(Xa)| ∑X∈NN(Xa)

(
Y − Y

)(
Y − Y

)T (2)

where

• ∑ A represents the Linear Covariance Matrix (LCM);
• Xa is a minority class instance;
• NN(Xa) denotes the k-nearest neighbors (K-NN) of Xa;
• Y is the matrix of K-NN instances of Xa;
• Y is the centroid of the Y matrix.

The Linear Covariance Matrix (LCM) is utilized in two critical ways:

• Oversampling rate determination: Higher LCM values, particularly among the K-
NN of the same minority class, indicate stronger correlation and guide a higher
oversampling rate. This strategy reduces variance and generates synthetic instances in
regions with higher minority class correlations, especially near borderline instances.

• Oversampling region optimization: For each minority instance, oversampling is per-
formed only if its LCM with respect to the K-NN of the same class label is greater
than its LCM with instances from other classes. This ensures that synthetic data are
generated in the most relevant regions, enhancing both model robustness and the
quality of the generated samples.

3.1.2. Cost-Sensitive Ensemble Learning

After applying correlation-based oversampling, the prepared data are fed into an
ensemble learning framework. While previous studies, such as those by Devi et al. [24],
used AdaBoost [81], this study, in addition to AdaBoost, explores a broader range of ensem-
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ble methods to assess their performance. These methods include Multi-Layer Perceptron
(MLP), random forest [82], gradient boosted trees [83], XGBoost [84], and CatBoost [85].
Each of these ensemble models is adapted to be cost-sensitive, focusing on minimizing
the misclassification costs associated with the minority class, which is crucial for handling
imbalanced datasets. We describe these methods in detail.

Multi-Layer Perceptron (MLP)

The Multi-Layer Perceptron (MLP) [86], a type of feedforward artificial neural network,
is widely used for both classification and regression tasks due to its flexibility and ability to
model complex, non-linear relationships. The MLP consists of multiple layers of neurons,
where each neuron is connected to the neurons in the subsequent layer through weighted
connections. The learning process involves adjusting these weights to minimize prediction
error. The algorithm’s process can be summarized as follows [87]:

1. An MLP consists of an input layer, one or more hidden layers, and an output layer.
Each layer is composed of several neurons (nodes). If the dataset contains M features,
the input layer will have M neurons. The number of neurons in the hidden layers
can be chosen based on the complexity of the task. Each neuron applies a weighted
sum of inputs followed by a non-linear activation function such as ReLU or sigmoid.
Mathematically, the output of a neuron can be expressed as

z =
M

∑
i=1

wixi + b

where wi are the weights of the connections, xi are the input features, and b is the bias
term. The neuron output after applying the activation function f is

a = f (z)

2. During forward propagation, inputs pass through the network from the input layer to
the output layer. Each hidden layer neuron processes the weighted sum of inputs and
applies the activation function. The final output layer provides predictions, which
can be either Classification or Regression.

3. The loss function quantifies the error between the predicted output and the actual
target. For regression, the Mean Squared Error (MSE) is often used.

4. Backpropagation and Weight Update: The gradient of the loss function is calculated
using the chain rule, and weights are updated using gradient descent.

3.2. Random Forest

The random forest algorithm, introduced by Leo Breiman in 2001 [82], is among the
most widely used and accurate machine learning techniques, including applications in
credit risk management [88–91]. It constructs an ensemble of decision trees by drawing
random subsets from the dataset and combines predictions from multiple “weak” models
to create a robust “strong” model. Based on CART (Classification and Regression Trees),
each tree is independently trained on a bootstrapped sample—a random subset chosen
with replacement. The algorithm’s process can be summarized as follows [92]:

1. Bootstrap Sampling: For each of the T trees in the forest, a random subset of the data
is drawn with replacement. If there are N total samples, then each tree is built from
a subset Dt of N samples drawn randomly with replacement, resulting in different
training sets for each tree:

Dt = {xi, yi} where i ∈ {1, 2, . . . , N} (3)
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2. Feature Selection: At each node of the decision tree, a random subset of features
is chosen, typically equal to the square root of the total number of features M in
classification tasks (i.e.,

√
M). This helps reduce the correlation between trees and

improve model variance. For regression, the number of selected features is often M/3.
This features minimizes correlations among the trees [60].

3. Splitting Criterion: From the selected subset of features at each node, the feature that
best splits the data is chosen using a splitting criterion, often the Gini index or entropy.
For example, the Gini index G for a split can be calculated as

G = 1 − ∑C
i=1 p2

i (4)

4. Building the Forest: Each tree is grown to its full depth without pruning, resulting
in a collection of deep, unpruned trees. By default, 500 trees are built, though this
number can be adjusted for specific applications.

5. Prediction Aggregation: For classification tasks, the final prediction for each data point
is determined by majority voting across all trees. Let ht(x) represent the prediction of
the t − th tree for a data point x. Then, the final prediction H(x) is given by

H(x) = mode{h1(x), h2(x), . . . , hT(x) } (5)

For regression tasks, the final prediction is the average of all tree outputs:

H(x) =
1
T ∑T

t=1 ht(x) (6)

Random sampling and feature selection in random forest reduce the variance of
individual trees while minimizing correlations among them, producing an ensemble with
lower variance and higher accuracy. Each tree in the forest is uncorrelated with the others,
enhancing the model’s robustness.

3.3. Gradient Boosted Trees

Gradient boosted trees (GBT), introduced by Friedman in 2000 [83], extend the boosting
concept to decision trees by building a sequence of models that iteratively minimize errors.
Each model focuses on correcting the errors of its predecessor, creating a strong learner
from a series of weak learners. Unlike bagging, which trains independent models on
random subsets of data (as used in random forest), boosting involves sequential training
where each model improves upon the previous one [93].

Boosting operates on the principle that a robust learning model can be constructed
by combining multiple complementary weak models. Unlike bagging [94], boosting does
not divide the dataset into random subsets. Instead, it assigns higher weights to samples
that were misclassified in previous iterations, refining the model step-by-step. This process
continues until the model achieves a desired level of accuracy or the error is minimized [95].

In GBT, the first decision tree T1(x) is trained on the original target values y. Subse-
quent trees are trained on the residuals (errors) of the preceding models to progressively
reduce the remaining error. For example, if y is the target value, the residuals for the first
tree are calculated as

r(1)i = yi − T1(xi) (7)

In each successive step m, a new tree Tm(x) is trained to predict the residuals from the
prior model. The model update process can be summarized as follows:
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1. Initialize the model: Start with an initial estimate, often taken as the mean value of
the target variable for regression tasks or a single weak classifier for classification.

F0(x) = argminγ ∑N
i=1 L(yi, γ) (8)

where L is the loss function, such as squared error for regression or log-loss for
classification.

2. Iterative Model Updates: For each iteration m = 1, 2, . . . , M:

• Compute the Residuals: Calculate the residuals r(m)
i for each sample based on

the current model Fm−1(x):

r(m)
i = −∂L(yi, Fm−1(xi))

∂Fm−1(xi)
(9)

• Fit a New Tree: Train a new decision tree Tm(x) to predict the residuals r(m)
i .

• Update the Model: Add the new tree to the model with a learning rate η (to
control the contribution of each tree), yielding an updated model:

Fm(x) = Fm−1(x) + ηTm(x) (10)

3. Final Prediction: After M iterations, the final model FM(x) is an ensemble of the
trees, each adjusted to reduce the error from prior steps. For regression, the final
prediction is

Ŷ = FM(x) = F0(x) + ∑M
m=1 ηTm(x) (11)

The sequential nature of boosting, combined with gradient descent optimization,
allows gradient boosted trees to achieve high accuracy and performance on various datasets.
This algorithm is well-known in credit risk prediction [89].

3.4. XGBoost

XGBoost, introduced by Tianqi Chen in 2016 [84], is an optimized implementation of
gradient boosted trees (GBT) designed to be both efficient and scalable. XGBoost enhances
traditional gradient boosting by adding regularization techniques, tree pruning, and ad-
vanced handling of missing data, making it well-suited for high-dimensional datasets [96].
These improvements help XGBoost achieve high predictive accuracy and robustness while
avoiding overfitting [97].

One of the key differentiators of XGBoost from other GBT methods is its use of both L1
(Lasso) and L2 (Ridge) regularization. These regularization terms penalize the complexity
of the model, ensuring that the final model generalizes well even with large datasets:

1. Objective Function: The objective of XGBoost is to minimize a regularized loss function
that combines the traditional loss function with regularization terms for complexity
control. For T trees, the objective function Obj is defined as

Obj = ∑N
i=1 L(yi, ŷi) + ∑T

t=1 Ω( ft) (12)

where

• L(yi, ŷi) is the loss function, such as mean squared error for regression or log-loss
for classification;

• Ω( ft) = YT + 1
2 λ ∑T

j=1 w2
j is the regularization term with parameters γ and λ,

controlling the complexity of each tree.
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2. Tree Structure and Growth: Each tree in XGBoost is built to minimize the residuals
from the previous trees, following the same general structure as GBT. However,
XGBoost introduces a tree-pruning technique, where trees are pruned based on their
impact on the objective function rather than growing to full depth. The max_depth
parameter controls the maximum depth of each tree, preventing the model from
overfitting by limiting tree complexity.

3. Update Process: In each iteration, the algorithm calculates the best tree structure to
minimize the residuals of the previous ensemble. The updates are computed using
second-order gradients (Hessian) of the loss function, making it more efficient. The
model update at each step t is given by

ŷ(t)i = ŷ(t−1)
i + η ft(xi) (13)

where η is the learning rate and ft(xi) is the output of the t − th tree.
4. Handling Missing Data: XGBoost automatically manages missing data by learning

optimal paths for instances with missing values during training. It assigns missing
values to the most suitable branch, improving model accuracy when dealing with
incomplete datasets.

5. Final Prediction: The final prediction is an aggregation of all trees, represented as

ŷ = F(xi) = ∑T
t=1 ft(xi) (14)

where xi represents the input features, and ft(xi) is the output from the t − th tree.
For classification, the final output is often determined by applying a softmax function
to convert the aggregated score to class probabilities.

By integrating these innovations, XGBoost achieves a high degree of accuracy and
efficiency, making it particularly effective for complex tasks such as handling imbalanced
datasets and financial failure prediction [88,89,98,99].

3.5. AdaBoost

Adaboost, short for Adaptive Boosting, is an ensemble learning method designed
to create a strong classifier by combining multiple weak classifiers. The core idea behind
Adaboost, like Boosting, is to iteratively adjust the weights of the training samples, placing
greater emphasis on those that were misclassified in previous rounds. This approach
enhances the overall model’s accuracy by forcing each weak classifier to focus more on
challenging cases.

Initially, Adaboost assigns equal weights to all training sample. In each iteration, it
selects the weak classifier that performs best on the current weighted dataset and updates
the sample weights based on its classification results. Misclassified samples receive higher
weights in the next round, while correctly classified samples are assigned lower weights.
This ensures that previously misclassified samples receive more attention in subsequent
rounds, improving the model’s overall accuracy.

The Adaboost process can be formalized as follows [81]:

1. Initialize sample weights: Each sample i in the training set receives an initial weight:

w(1)
i =

1
N

(15)

where N is the number of training samples.



Mathematics 2025, 13, 368 13 of 29

2. Train a weak classifier: In each round t, a weak classifier ht(x) is trained on the
weighted samples, and its error rate ϵt is calculated as

ϵt = ∑N
i=1 w(t)

i .1(ht(xi) ̸= yi) (16)

3. Calculate the classifier’s weight: The weight of the weak classifier is determined based
on its accuracy:

at = ln
(

1 − ϵt

ϵt

)
(17)

4. Update sample weights: Sample weights are updated to reflect the classifier’s perfor-
mance, giving more weight to misclassified samples:

w(t+1)
i = w(t)

i . exp(at.1(ht(xt) ̸= yi)) (18)

5. Combine weak classifiers: The final strong classifier H(x) is a weighted sum of all
weak classifiers:

H(x) = sign
(
∑T

i=1 at.ht(x)
)

(19)

Through these iterations, Adaboost creates a robust ensemble model capable of general-
izing well across various datasets, improving classification accuracy significantly, especially
for imbalanced datasets.

3.6. CatBoost

CatBoost, introduced by Prokhorenkova et al. in 2018 [100], is a powerful and efficient
implementation of gradient boosted trees (GBT) designed to reduce overfitting and im-
prove predictive accuracy, especially with categorical features. The primary innovation in
CatBoost is the use of ordered boosting, a technique developed by Dorogush et al. [101], to
address the target leakage problem that often arises in standard boosting algorithms. This
feature makes CatBoost particularly effective on small- to medium-sized datasets, where
target leakage can significantly impact model performance.

CatBoost offers several unique improvements over traditional GBT methods [85]:

1. Ordered Boosting to Avoid Target Leakage: In standard GBT, future data points
might unintentionally influence earlier predictions, leading to target leakage. Ordered
boosting solves this by using a permutation-based scheme, ensuring that only past
information influences each iteration. This ordered approach is particularly useful in
datasets where feature-target relationships are complex and dynamic, and it enhances
CatBoost’s accuracy.

2. Handling of Categorical Variables: CatBoost automatically handles categorical fea-
tures without requiring extensive preprocessing. It converts categorical features into
numeric representations through a series of random permutations, using them to
guide the splitting criteria for each decision tree.

3. Objective Function: CatBoost minimizes a regularized loss function similar to other
boosting methods, but with an emphasis on ordered boosting:

Obj = ∑N
i=1 L(yi.ŷi) + ∑J

j=1 Ω
(

f j
)
) (20)

where

• L(yi, ŷi) is the loss function (e.g., cross-entropy or log-loss for classification
tasks);

• Ω
(

f j
)

is the regularization term for tree complexity, helping to control overfitting.
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4. Tree Structure and Decision Rule: CatBoost uses binary decision trees as base learners.
For each input xi, the decision tree assigns it to one of the leaf regions Rj based on a
series of splits. The function for each tree can be represented as

H(Xi) = ∑J
j=1 Cj.1x∈Rj (21)

where

• H(Xi) represents the decision function for each sample Xi;
• Rj is the disjoint region corresponding to each leaf in the tree;
• Cj is the predicted output value for region Rj.

5. Final Prediction: The final prediction is the aggregation of all the trees in the ensemble.
For a dataset with T trees, the final output Z is given by

Z = F(Xi) = ∑T
t=1 ft(Xi) (22)

where ft(Xi) is the output of the t − th tree for a given input Xi. For classification, the
model often applies a sigmoid or softmax transformation to convert the output into
class probabilities.

6. Regularization and Overfitting Prevention: CatBoost uses random permutations when
selecting tree splits, which reduces overfitting and enhances model generalization.
This, combined with ordered boosting, allows CatBoost to outperform traditional GBT
methods on many complex tasks.

CatBoost have been applied in several papers in order to financial failure predic-
tion [102,103], in this article, we applied a dost-sensitive approach toward them for the
first time.

By combining correlation-based oversampling with cost-sensitive ensemble learn-
ing, the CorrOV-CSEn approach minimizes overfitting and significantly enhances the
classification accuracy of the minority class compared to traditional methods.

3.7. Business Failure

In our study, we emphasize the concept of business failure rather than terms like
default or bankruptcy. Business failure refers to a situation where a firm faces signif-
icant challenges in continuing its operations. It is a broader concept than default and
bankruptcy. A firm experiencing business failure is likely to default, which may eventually
lead to bankruptcy if it reaches specific legal thresholds and undergoes the legal process
of resolution.

In countries like Iran, where the government plays a significant role in the econ-
omy [104,105] and the operation of major companies, firms are often prevented from
defaulting and declaring bankruptcy in the capital and debt markets. However, the concept
of business failure provides a valuable perspective for assessing credit risk. Business failure
has been examined in other studies, particularly in relation to macroeconomic conditions.

In Iran’s capital market, business failure is closely associated with “Article 141 of the
Amended Commercial Code.” This regulation requires companies that fall under Article
141 to present a detailed recovery plan. The correlation between Article 141 and business
failure is evident in its focus on both financial losses and the proportion of those losses
relative to the company’s capital. A company falling under Article 141 has accumulated
losses that exceed its equity, meaning its assets have dropped below its liabilities, which
signals potential insolvency.

Figure 2 illustrates the percentage of firms in each year that failed under Article 141 as
a proportion of the total number of firms in that year.
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Figure 2. Percentage of firms failing under Article 141 each year from 2015 to 2022.

3.8. Evaluating Methods

In our research, we utilized ratios derived from the elements of the confusion matrix,
which offers valuable insights into the overall performance of the model. The confusion
matrix is commonly used to assess the performance of binary classification models, where
the aim is to differentiate between failed companies (positive class) and healthy companies
(negative class). [

TP FN
FP TN

]
(23)

In the confusion matrix, TP or true positive refers to instances that are actually positive
and were correctly identified by the model. TN or true negative indicates instances that
are actually negative and correctly classified. FP or false positive represents instances that
were predicted as positive but are actually negative, while FN or false negative refers to
positive instances incorrectly classified as negative.

Based on the confusion matrix elements, various ratios are introduced to evaluate the
performance of binary classification models. In this research, we used three key ratios:
recall, precision, and F1 score, which will be explained in order of their significance.

Recall or sensitivity, calculated using Formula (3), measures the model’s success in
identifying failed companies. This metric is considered the most important, as a good credit
model should be able to identify all failing companies and prevent misclassifying them
as healthy.

Sensitivity =
TP

TP + FN
(24)

Precision, calculated using Formula 4, evaluates the accuracy of the model in identify-
ing failing companies. In other words, it indicates the likelihood that a company identified
as failing by the model is indeed failing.

Precision =
TP

TP + FP
(25)

F1 score is a metric used to evaluate binary classification models, especially in cases
where there is an imbalance between the positive and negative classes. The F1 score is the
harmonic mean of precision and recall, calculated using the following formula:

F1 Score =
2 ∗ Precision ∗ Sensitivity

Precision + Sensitivity
(26)
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It balances the two metrics, offering a comprehensive measure of a model’s perfor-
mance by considering both how well the model identifies failed companies (recall) and the
accuracy of those predictions (precision). This score is particularly important when both
false positives and false negatives carry significant costs.

3.9. Statistical Significance Test

We use the Friedman–Nemenyi test to detect significant differences among the models.
This approach is commonly employed in research involving machine learning models,
particularly those related to business failure. The Friedman test is suitable for comparing
three or more groups, especially when the assumption of normality is violated. It extends
the Wilcoxon signed-rank test by incorporating an additional assumption of sphericity [106].
The Friedman statistic is calculated as described by Friedman (1937) [107,108]:

X2
F =

12
nk(k + 1) ∑ R2

i − 3n(k + 1) (27)

where

• n is the number of data sets (blocks);
• k is the number of models (groups);
• R2

i is the sum of ranks for each model.

H0 is that there is no significance difference between the two models that have been
compared, and if X2

F crosses the critical value, then H0 is rejected. When H0 is rejected, then
the Nemenyi test is used.

4. Case Study
The statistical population of the research comprises all companies in the Iranian capital

market from 2015 to 2022. Each instance represents a firm’s annual information, with
instances labeled as either “defaulted” or “healthy.” In Iran’s economy, the government
prohibits large companies from declaring bankruptcy or default. Consequently, similar to
most credit risk research in Iran, default and bankruptcy are defined based on Article 141
of the proposed amendment to a section of the Commercial Code. According to this article,
if a company loses at least half of its capital due to incurred losses, the board of directors
must promptly convene an extraordinary general meeting of shareholders to decide on the
company’s dissolution or survival. Article 141 effectively identifies conditions indicative of
financial distress, and due to the accessibility of this information, it is used by researchers in
the Iranian capital market. The following section reviews the models employed, detailing
the parameters and calculation methods for each model.

We divided our sample into training and test datasets based on the years. Instances
from 2015 to 2021 were considered as training datasets, and instances from 2021 to 2022
were also considered as training datasets.

In this research, as the focus of our investigation involves companies whose shares
are traded in the capital market, we have made efforts to categorize variables into two
main groups: financial statement-based variables and variables related to the company’s
stock price. These variables are considered the most fundamental information available for
companies in the capital market [109].

Barboza et al. [62] conducted one of the most comprehensive studies investigating
the default risk of companies in the North American capital market from 1985 to 2013.
They employed two research approaches to determine their dataset variables. Firstly, they
utilized the variables of the Altman model [110], a fundamental model designed to estimate
the default risk of companies. Secondly, they also incorporated the variables used by
Carton & Hofer [111], which are based on the growth rate of some fundamental company
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variables [62]. Our features are derived from the balance sheet, which is essential in credit
studies [112].

It is essential to mention that the criterion used in this research for default is not the
actual default but the inclusion in Article 141, which is measured based on the ratio of the
retained earnings to the registered capital of the company. One of the variables used by
Altman (variable X2), representing the ratio of retained earnings to registered capital, is
excluded from the dataset variables list. The reason for excluding Altman’s X2 is that the
default criterion in this study already relies on the same ratio, thus avoiding redundancy
and overlapping metrics. Additionally, one of the Carton & Hofer variables, GE, which
measures the growth in the company employee count, was removed due to the lack of
complete and reliable data.

The variables of the training and test datasets are as follows, as shown in Table 2,
considering the aforementioned points.

Table 2. Features of the dataset and their respective formulas.

Variable Formula

X1 Net Working Capital /Total assets

X3 Earnings be f ore interest and taxes /Total assets

X4 Market value o f share ∗ number o f shares /Total debt

X5 Sales /Total assets

OM Earnings be f ore intrest and taxes /Sales

GA Total assetst − Total assetst−1/Total assetst

GS Salest−Salest−1/Salest−1

CROE ROEt−ROEt−1
CPB Price − to − Bookt−Price − to − Bookt−1

Table 3 shows the statistical description of our training and test data. The table
provides a statistical summary of the training and test datasets, detailing key variables (e.g.,
X1, X3, and X4). Metrics such as the mean, standard deviation, minimum, maximum, and
quartiles offer insights into the distribution of each variable. X4 and GS exhibit considerable
variability, with large standard deviations and extreme maximum values. The training set
shows more stability, while the test set includes outliers, particularly for X4 and GS. These
variations could impact the model’s predictive performance and generalizability.

Table 3. Statistical description of our training and test data.

Training Set X1 X3 X4 X5 OM GA GS CROE CPB

count 2987 2987 2987 2987 2987 2987 2987 2987 2987

mean 0.083 0.129 19.821 0.724 −2.688 0.374 349.054 0.698 0.057

std 0.682 0.182 104.381 0.720 129.034 1.536 19,013.508 8.601 3.794

min −16.681 −2.109 0.002 −0.192 −6824.769 −0.786 −203.866 −181.728 −112.889

25% −0.046 0.026 1.339 0.219 0.061 0.038 −0.014 −0.266 −0.077

50% 0.145 0.106 4.532 0.577 0.192 0.176 0.257 0.143 0.013

75% 0.341 0.222 13.310 1.001 0.463 0.429 0.671 1.505 0.124

max 0.982 0.842 4133.761 7.780 230.176 68.611 1,039,154.000 190.281 125.772

Test set X1 X3 X4 X5 OM GA GS CROE CPB

count 1240 1240 1240 1240 1240 1240 1240 1240 1240

mean 0.224 0.192 1407.757 0.805 0.463 0.581 0.970 −0.771 −0.111

std 0.365 0.187 18,561.378 0.787 4.646 1.882 11.161 4.969 4.079

min −3.494 −0.781 0.001 −0.579 −18.486 −0.637 −27.413 −99.452 −129.227
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Table 3. Cont.

Training Set X1 X3 X4 X5 OM GA GS CROE CPB

25% 0.057 0.061 3.283 0.271 0.123 0.174 0.162 −1.218 −0.143

50% 0.232 0.179 7.290 0.633 0.286 0.366 0.479 −0.173 −0.013

75% 0.402 0.313 16.479 1.132 0.622 0.612 0.828 0.425 0.083

max 1.000 0.838 387,142.019 7.467 159.588 44.695 385.756 32.016 47.076

Table 4 presents skewness and kurtosis values for variables in both the training
and test sets. Skewness measures asymmetry, with values near zero indicating symmetric
distributions. Many variables, especially in the training set (e.g., X1: −10.814, OM: −50.328),
show high positive or negative skewness, indicating significant asymmetry.

Table 4. Skewness and Kurtosis values for variables in total datasets.

Skewness Kurtosis

Training Set Test Set Training Set Test Set

X1 −10.814 −2.181 199.295 17.969
X3 −1.193 −0.008 15.695 0.939
X4 25.938 17.379 897.031 319.686
X5 2.584 2.417 12.077 10.372

OM −50.328 32.369 2629.754 1113.145
GA 32.133 19.269 1337.749 426.320
GS 54.653 33.171 2986.988 1142.797

CROE 1.569 −7.078 172.100 136.141
CPB 5.855 −24.427 725.704 826.716

Kurtosis measures the “tailedness” of the distribution. High values, such as GS
(2986.988 in the training set), suggest extreme outliers. The test set generally shows lower
kurtosis, indicating more moderate outliers compared to the training set.

Table 5 shows the correlation matrix among features for both the training and test sets.

Table 5. Correlation matrix among features in the training and test datasets.

Training Set X1 X3 X4 X5 OM GA GS CROE CPB

X1 1.000 0.529 0.103 0.097 0.255 0.040 −0.004 −0.173 0.008

X3 0.529 1.000 0.130 0.281 0.173 0.075 −0.015 −0.139 0.016

X4 0.103 0.130 1.000 −0.032 0.005 0.025 −0.003 0.201 0.002

X5 0.097 0.281 −0.032 1.000 0.022 −0.018 −0.016 0.003 0.008

OM 0.255 0.173 0.005 0.022 1.000 0.013 0.000 −0.013 0.001

GA 0.040 0.075 0.025 −0.018 0.013 1.000 0.003 −0.242 0.005

GS −0.004 −0.015 −0.003 −0.016 0.000 0.003 1.000 −0.001 −0.003

CROE −0.173 −0.139 0.201 0.003 −0.013 −0.242 −0.001 1.000 0.001

CPB 0.008 0.016 0.002 0.008 0.001 0.005 −0.003 0.001 1.000

Test set X1 X3 X4 X5 OM GA GS CROE CPB

X1 1.000 0.445 0.127 0.017 −0.001 −0.046 −0.025 −0.029 0.024

X3 0.445 1.000 −0.115 0.321 0.026 −0.003 0.112 −0.045 0.042

X4 0.127 −0.115 1.000 −0.086 0.009 −0.028 −0.016 0.012 −0.001

X5 0.017 0.321 −0.086 1.000 −0.049 −0.027 0.009 0.054 0.035

OM −0.001 0.026 0.009 −0.049 1.000 −0.007 −0.001 0.004 −0.008

GA −0.046 −0.003 −0.028 −0.027 −0.007 1.000 −0.001 −0.606 −0.023

GS −0.025 0.112 −0.016 0.009 −0.001 −0.001 1.000 −0.007 0.037

CROE −0.029 −0.045 0.012 0.054 0.004 −0.606 −0.007 1.000 0.005

CPB 0.024 0.042 −0.001 0.035 −0.008 −0.023 0.037 0.005 1.000
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5. Experimental Discussion
5.1. Evaluation Among Models

Table 6 shows the results of applying SMOTE and CorrOV-CSEn across different
machine learning methods. We summarize all the results here and highlight the best result
for each aspect among the models in bold.

Table 6. Performance metrics for different machine learning models.

Model Sensitivity Precision F1 Score

CorrOV-CSEn

Multi-Layer Perceptron (MLP) 0.841 0.327 0.471
Random Forest 0.886 0.375 0.527

Gradient Boosting 0.795 0.443 0.569
XGBoost 0.795 0.393 0.526
AdaBoost 0.750 0.478 0.584
CatBoost 0.909 0.201 0.329

SMOTE

Multi-Layer Perceptron (MLP) 0.841 0.327 0.471
Random Forest 0.795 0.603 0.686

Gradient Boosting 0.727 0.603 0.660
XGBoost 0.772 0.554 0.645
AdaBoost 0.568 0.555 0.561
CatBoost 0.750 0.717 0.733

The performance evaluation of the Multi-Layer Perceptron (MLP), random forest,
gradient boosting, XGBoost, AdaBoost, and CatBoost models reveals significant differences
in their classification accuracy.classification accuracy. 
 CorrOV-CSEn Results: 

 
CorrOV-CSEn Results:

• Multi-Layer Perceptron (MLP) shows good sensitivity (0.84). However, it struggles
with precision (0.33), meaning a relatively small proportion of the predicted failure
cases are actual failures. This imbalance results in a moderate F1 score of 0.47.

• Random forest demonstrates strong sensitivity (0.89), meaning it effectively detects
failure cases. However, it struggles with precision (0.38), indicating that only a
relatively small portion of the firms predicted as failures are actually failures. This
results in a moderate F1 score of (0.53). On the other hand, when using SMOTE, it
records (0.80) for sensitivity and loses much of its success rate for identifying default
firms. However, precision got better ((0.60) and (0.69)).

• Gradient boosting offers balanced performance, with a sensitivity of (0.80) and higher
precision (0.44), resulting in an F1 score of (0.57). This indicates better overall handling
of both false positives and false negatives.

• XGBoost performs similarly to gradient boosting, with the same sensitivity (0.80) but
slightly lower precision (0.39), resulting in an F1 score of (0.53). While still robust, it is
slightly outperformed by gradient boosting in terms of precision.

• AdaBoost has the lowest sensitivity (0.75) but the highest precision (0.48), resulting in
a competitive F1 score of (0.58). This indicates that while its failure predictions are
more accurate, it misses some failure cases.

• CatBoost exhibits the highest sensitivity (0.91) but struggles the most with precision
(0.20), leading to the weakest F1 score (0.33). This suggests that while CatBoost is
highly effective at detecting failures, which is our primary objective, it produces more
false positives.classification accuracy. 

 CorrOV-CSEn Results: 
 

SMOTE Results:
• Multi-Layer Perceptron (MLP) maintains a similar performance pattern. Sensitivity

remains high at 0.84, effectively capturing failure cases, while precision stays relatively
low at 0.33, indicating that many predicted failure cases were not actual failures.
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• Random forest sensitivity drops to 0.80 while precision improves to 0.60, leading
to an F1 score of 0.69. However, the sensitivity reduction indicates some missed
failure cases.

• Gradient boosting shows lower sensitivity (0.73) with a slight precision increase (0.60),
resulting in an F1 score of 0.66, suggesting a modest trade-off.

• XGBoost sees a minor decrease in sensitivity (0.77) and an increase in precision (0.55),
with an F1 score of 0.65.

• AdaBoost under SMOTE shows a significant drop in sensitivity (0.57) with minimal
gain in precision (0.56), reducing its F1 score to 0.56.

• CatBoost improves precision (0.72) but its sensitivity remains lower than CorrOV-CSEn,
with an F1 score of 0.73, showing more balanced results but still lower sensitivity.

These findings reveal that CatBoost reached the highest sensitivity, which is followed
by random forest, Multi-Layer Perceptron (MLP), gradient boosting, XGBoost, and Ad-
aBoost. On the other hand, CatBoost and random forest, despite their high sensitivity,
achieve relatively poor precision and overall effectiveness.

When the SMOTE method is used, XGBoost records the highest sensitivity, followed
by random forest, gradient boosting, CatBoost, and AdaBoost. Meanwhile, CatBoost has
the best precision and F1 score.

CatBoost emerges as the strongest model in terms of sensitivity when combined with
CorrOV-CSEn. This is primarily due to the features of CorrOV-CSEn, where the augmented
data are generated based on correlations, leading to less noisy data being fed into the model.
Additionally, the minority class receives more weight automatically, which is essential in
imbalanced datasets. CatBoost, being highly adaptable to weighted data, can effectively
handle the imbalance and emphasize the minority class.

Furthermore, CatBoost uses a gradient boosting framework with decision trees, lever-
aging the powerful combination of categorical feature processing and boosting to handle
the weight distributions more efficiently. For recall specifically, CorrOV-CSEn generates
data that clarifies the boundary between classes, reducing overlap and thus improving
recall. This characteristic is particularly beneficial for models like CatBoost, which are
well-equipped to learn from complex relationships in the data, including those between
features that are more strongly correlated with default cases.

5.2. Significance Differences

For a more detailed comparison of our models, we divided the dataset into four
subsets. The performance across these subsets reveals notable variations, highlighting the
models’ differing strengths and weaknesses in handling imbalanced data. Table 7 describes
the performance of machine learning models across four datasets.

CatBoost achieves high sensitivity, particularly in Dataset-I (1.00) and Dataset-IV (1.00).
It also performs reasonably well in Dataset-II (0.86) and Dataset-III (0.89), indicating its
effectiveness in identifying positive cases. Gradient boosting and XGBoost demonstrate the
highest and most consistent sensitivity across all datasets, both achieving perfect sensitivity
(1.00) in Dataset-I and Dataset-IV. However, they experience moderate drops in Dataset-II
(0.57 and 0.71, respectively) and Dataset-III (0.56 and 0.67, respectively). Random forest
shows varied sensitivity, excelling in Dataset-I (0.95) and Dataset-IV (0.88) but dropping
significantly in Dataset-II (0.71) and Dataset-III (0.67). The performance of Multi-Layer
Perceptron (MLP), similar to random forest, varies significantly, ranging from 0.84 in
Dataset-II to 0.67 in Dataset-IV. AdaBoost struggles more with sensitivity, particularly
in Dataset-II (0.43) and Dataset-III (0.56), though it performs well in Dataset-I (0.80) and
Dataset-IV (0.88).
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Table 7. Performance comparison of machine learning models across four datasets.

Dataset-I Dataset-II

Model Sensitivity Precision F1 Score Sensitivity Precision F1 Score

Multi-Layer Perceptron (MLP) 0.693 0.455 0.550 0.844 0.371 0.516

Random Forest 0.950 0.593 0.731 0.714 0.192 0.303

Gradient Boosting 1.000 0.666 0.800 0.571 0.500 0.533

XGBoost 1.000 0.606 0.755 0.714 0.385 0.500

AdaBoost 0.800 0.640 0.711 0.429 0.429 0.429

CatBoost 1.000 0.339 0.506 0.857 0.188 0.308

Dataset-III Dataset-IV

Model Sensitivity Precision F1 Score Sensitivity Precision F1 Score

Multi-Layer Perceptron (MLP) 0.773 0.370 0.500 0.670 0.451 0.540

Random Forest 0.666 0.240 0.353 0.875 0.368 0.519

Gradient
Boosting 0.556 0.227 0.323 1.000 0.444 0.615

XGBoost 0.667 0.300 0.414 1.000 0.333 0.500

AdaBoost 0.556 0.313 0.4 0.875 0.389 0.538

CatBoost 0.889 0.138 0.239 1.000 0.116 0.208

Gradient boosting delivers solid precision across all datasets, particularly in Dataset-I
(0.67) and Dataset-IV (0.44). XGBoost also performs well in terms of precision, especially in
Dataset-I (0.61), but suffers slightly in Dataset-II (0.38) and Dataset-IV (0.33), indicating a
higher number of false positives in these datasets. Multi-Layer Perceptron (MLP) achieves
a more stable performance, with scores ranging from (0.37) to (0.45) across the four datasets.
Random forest shows a wide range of precision, performing strongly in Dataset-I (0.59) but
struggling significantly in Dataset-II (0.19), Dataset-III (0.24), and Dataset-IV (0.37). This
suggests that while random forest captures positive cases well, it is prone to misclassifying
negative cases as positive. CatBoost exhibits the weakest precision across all datasets, with
values of (0.34) in Dataset-I, (0.19) in Dataset-II, (0.14) in Dataset-III, and (0.12) in Dataset-IV,
indicating consistent difficulty in accurately classifying failure cases and a higher rate
of false positives. AdaBoost generally maintains moderate precision, performing best
in Dataset-I (0.64) but falling to (0.43) in Dataset-II, with consistent but lower results in
Dataset-III and Dataset-IV.

Gradient boosting achieves the highest and most consistent F1 scores, particularly in
Dataset-I (0.80) and Dataset-IV (0.62). XGBoost also performs well, especially in Dataset-I
(0.75), with solid F1 scores in Dataset-III (0.41) and Dataset-IV (0.50). However, its F1
score drops slightly in Dataset-II (0.50). Random forest delivers strong performance in
Dataset-I (0.73) and Dataset-IV (0.52), but its lower F1 scores in Dataset-II (0.30) and Dataset-
III (0.35) highlight its susceptibility to imbalanced class distributions, especially where
precision is low. The Multi-Layer Perceptron (MLP) achieves stable performance, with
scores consistently around (0.50). AdaBoost performs moderately well, with peak F1 scores
in Dataset-I (0.71) and Dataset-IV (0.54), but faces challenges in Dataset-II (0.43) and Dataset-
III (0.40). Despite its high sensitivity, CatBoost suffers the most in terms of F1 score due to
poor precision, which may need tuning for scenarios where precision is more critical. Its F1
scores are (0.51) in Dataset-I, (0.31) in Dataset-II, and (0.21) in Dataset-IV.

We also used the Friedman–Nemenyi test to detect significant differences among
the models. Table 8 shows the results of the Friedman–Nemenyi test for each of the
three scores.
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Table 8. Friedman test results for comparisons among machine learning models.

Precision

Friedman Test Statistic 12.00

p-value 0.03479

Random Forest Multi-Layer
Perceptron (MLP) Gradient Boosting XGBoost AdaBoost CatBoost

Random Forest - 0.854075 0.635776 0.900000 0.635776 0.744925

Multi-Layer Perceptron (MLP) 0.854075 - 0.900000 0.900000 0.900000 0.136905

Gradient Boosting 0.635776 0.900000 - 0.900000 0.900000 0.052161

XGBoost 0.900000 0.900000 0.900000 - 0.900000 0.410222

AdaBoost 0.635776 0.900000 0.900000 0.900000 - 0.052161

CatBoost 0.744925 0.136905 0.052161 0.410222 0.052161 -

Sensitivity

Friedman Test Statistic 10.04

p-value 1 0.07413

No significant difference was found by the Friedman test because the p-value is greater than the significance level of 0.05.

F1 Score

Friedman Test Statistic 10.43

p-value 2 0.06396

1,2 No significant difference was found by the Friedman test because the p-value is greater than the significance
level of 0.05.

Since the p-value is less than 0.05, the Friedman test indicates a significant difference
in sensitivity and precision across the models:

• AdaBoost vs. CatBoost: This is the only comparison with a significant difference
(p-value = 0.030), showing that CatBoost performs significantly better than AdaBoost
in terms of sensitivity.

• Gradient boosting vs. CatBoost, AdaBoost vs. CatBoost, and MLP vs. CatBoost:
All comparisons show significant differences with p-values of 0.030, indicating that
CatBoost has significantly lower precision compared to gradient boosting, AdaBoost,
and MLP.

All other comparisons have p-values above 0.05, indicating no significant differences
in sensitivity and precision between these models.

5.3. Feature Importance

In the final stage, we present the importance of our feature set across the models used.
Figure 3 illustrates the feature importance in our models. It is clear that X1 has the highest
importance in all models expect MLP. This contrasts with other credit risk studies using the
same feature set in the Iranian capital market [64].
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6. Conclusions
In this study, we employed recently introduced cost-sensitive methods to predict

business failures in the Iranian capital market using five decision tree-based algorithms in
addition to MPL. Our findings demonstrate that all models achieved improved sensitivity
scores through this approach, with CatBoost outperforming the others.

While CatBoost showed clear superiority, there remains a tradeoff between extending
credit to a broader range of customers to maximize revenue and minimizing the risk
of default. Future research could focus on developing models that optimize creditor
profits by balancing revenue generation with risk management rather than solely assessing
default risk.

Additionally, other decision tree-based methods, such as Mondrian Forest, could be
explored in this context. In addition to the models evaluated in this study, it is important
to consider the role of hyperparameter optimization in improving model performance.
While our current work focuses on assessing the effectiveness of various decision tree-
based models, incorporating optimization techniques such as grid search or Bayesian
optimization could lead to even better-performing models.

From a data perspective, incorporating new types of data, including sentiment analysis,
textual data, and political indices, could significantly enhance model performance. This is
especially relevant in countries like Iran, where political and economic conditions play a
crucial role in credit risk management.

Our research focused on the Iran capital market, and due to the unique economic and
political challenges facing the Iranian capital market, these findings might not exactly apply
to other industries or nations, although many developing countries face similar challenges,
like extensive governmental administration, challenges related to market efficiency, and
regulatory frameworks and political instability. It is recommended to consider actual
default instead of failure under Article 141 of the Amended Commercial Code.

Further, it is important to notice that the data analysis results may be affected by the
global economic meltdown caused by the pandemic during the window period. Therefore,
in the upcoming research, it is potential to conduct a sensitivity analysis to compare the
results with the exclusion of the COVID-19 period.

Lastly, there is considerable potential in applying these methods to emerging fields,
such as peer-to-peer (P2P) lending platforms, which have been growing rapidly in Iran in
recent years.
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