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Abstract
Information about imminent bankruptcy is crucial for financial institutions, decision-mak-
ing managers, and state agencies. Since bankruptcy prediction is a prevalent research 
topic, many new methods have been continuously proposed. Bankruptcy prediction is 
frequently approached as a binary classification task. Since bankruptcy datasets are in-
herently imbalanced, bankruptcy classification is usually performed using class imbal-
ance learning methods. The nature of these methods is very diverse, but they can usually 
be categorized as ensemble, cost-sensitive, sampling, and hybrid methods. In this paper, 
we provide a comprehensive experimental comparison of 45 methods. These methods 
were selected because they cover the approaches and algorithms frequently employed for 
bankruptcy prediction and imbalanced learning. Extensive experiments on 15 publicly 
available datasets with different imbalance ratios showed that the methods based on a 
combination of ensemble learning and undersampling are able to handle data imbalance 
and achieve the best results for bankruptcy classification.

Keywords  Bankruptcy prediction · Financial distress prediction · Machine learning · 
Ensemble learning · Data sampling · Imbalanced learning
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1  Introduction

Corporate bankruptcy can have a very negative impact on society, business, and the econ-
omy. If aggregated, company bankruptcy events also profoundly influence the global econ-
omy, as in the case of the financial crisis in 2008-2010. Therefore, knowing the risk of 
bankruptcy is very important not only for investors and creditors who can lose their funds 
but also for regulators and state agencies that monitor the financial health of individual 
companies and prevent systematic risks. The effect of business failure can be devastating to 
firm owners, partners, and creditors. This strongly motivates academics and practitioners to 
develop models and tools for bankruptcy prediction.

Statistically, bankruptcy prediction is a binary classification task, where a company is 
identified as either nonbankrupt or bankrupt based on available information captured from 
financial features. The most common financial features are financial ratios derived from 
information in balance sheets and income statements. The size and source of capital may 
affect the quality of this information. Larger companies or those traded on the stock market 
generally have an obligation to verify financial statements by external auditors and have 
to follow international accounting standards (such as the International Financial Report-
ing Standards (IFRS) or Generally Accepted Accounting Principles (GAAP)). On the other 
hand, small or micro companies may have more lenient reporting duties, which is usually 
due to simpler capital structure and/or business transactions.

Historically, the most common statistical tool is multiple discriminant analysis, which 
was first used by Altman (1968) to develop a prediction model known as the Z model. This 
model is based on Beaver’s (1966) methodology. Altman’s model is widely accepted and 
is currently used in some applications. However, with the rise of machine learning, more 
sophisticated algorithms and methodologies for bankruptcy prediction have been intro-
duced. Models based on decomposition and fusion methods Sun et al. (2021), threshold-
based models Veganzones (2022), and many others Kuizinienė et al. (2022) represent only a 
fraction of the vast range of machine learning approaches for bankruptcy prediction. Unfor-
tunately, most machine learning approaches consider bankruptcy prediction a conventional 
balanced learning problem. Usually, only a subset of nonbankrupt companies is considered 
to build a balanced dataset with an equal number of bankrupt and nonbankrupt companies. 
However, this is different from the real world. In practice, even in a financial crisis, only a 
fraction of all companies end up bankrupt. Considering only a subset of nonbankrupt com-
panies, a significant part of the data is not used to balance a dataset. Thus, the models are not 
properly validated. Hence, bankruptcy prediction should be approached as an imbalanced 
learning problem.

Imbalanced data are characterized by one class, denoted as the majority class, having 
a much greater number of samples than the others. The classes with limited numbers of 
samples are denoted as minority classes. The identification of minority samples is usually 
a challenge for standard classifiers such as logistic regression and support vector machines. 
They mostly provide suboptimal solutions. Even though the coverage of the majority class 
is good, the minority class may be treated as noise by a learning model. One of the issues is 
the usage of performance metrics such as accuracy score to guide the learning process. This 
leads to a strong bias toward the majority class, while the minority class remains unknown 
to the model.
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Many machine learning approaches have been proposed in recent years to solve imbal-
anced learning tasks. These approaches can be classified into several categories: sampling 
methods, ensemble methods, outlier detection methods, and cost-sensitive learning meth-
ods. However, the most recent approaches are mostly based on hybrid models that combine 
two or more categories to build an efficient imbalanced learning model. Authors Dasilas 
and Rigani (2024) reviewed 207 studies employing mainly hybrid methods for bankruptcy 
prediction, from which 28 studies addressed the issue of data imbalance in this area of 
research. Similarly Dovile and Tomas (2022) systematically reviews 232 research articles 
on the application of artificial intelligence methods for predicting financial distress, with a 
focus on issues like data imbalance, dimensionality reduction, and performance evaluation 
metrics. It highlights the importance of proper data preprocessing and finds the frequent 
use of logistic regression. Another more general, systematic literature review Nazareth and 
Ramana Reddy (2023) comprehensively analyzes the recent advancements in applying 
machine learning and deep learning across six financial domains: stock markets, portfolio 
management, cryptocurrency, forex markets, financial crises, and bankruptcy/insolvency. 
By examining 126 articles, the review highlights the effectiveness of methods like support 
vector machine (SVM), decision trees (DTs), and ensemble methods. While these stud-
ies serve as excellent references, none of them experimentally compare the performance 
of different bankruptcy prediction methods using the same or comparable datasets. The 
only study that provides some experimental analysis is Amirshahi and Lahmiri (2024). The 
authors offer an overview of recent bankruptcy prediction papers that employ ensemble 
methods on both balanced and imbalanced data. However, their experiments are limited to 
ensemble methods and are conducted on a single dataset.

This paper extensively evaluates multiple imbalanced learning methods for the bank-
ruptcy prediction task. Conventional reviews provide information about the models’ taxon-
omy, applications, and theoretical foundations but do not offer a fair comparison of different 
approaches based on experimental results. We aim to fill the gap between a theoretical 
review and a practitioner’s need to know which method is best for bankruptcy prediction 
problems. We selected 45 methods representing different sampling methodologies, cost-
sensitive learning, ensemble learning, outlier detection, and hybrid methods and evaluated 
their performance on 15 publicly available bankruptcy classification datasets. Our exten-
sive experiments show that the best performance is achieved using hybrid undersampling 
ensembles.

The remainder of this paper is organized as follows. The next section briefly reviews 
bankruptcy prediction and imbalanced learning methods. This is followed by a detailed 
description of the datasets used in the experiments. Section 4 describes the methods utilized 
in this study. The experimental settings are outlined in Sect. 5. Finally, the experimental 
results, followed by a statistical comparison of methods and discussion, are given in Sects. 6 
and 7, respectively. Conclusions are drawn in the last section of the paper.

2  Literature review

Bankruptcy prediction has been studied for a very long time. Its origins date back to the 
beginning of the 20th century. The authors applied conventional statistical methods based 
on financial ratios from the first models. With increasing computing power, many intelligent 
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machine learning methods have been proposed. In this section, we provide a brief review 
of bankruptcy prediction approaches. Additionally, the issue of imbalanced data, one of the 
most prevalent challenges in bankruptcy prediction, is discussed.

2.1  Bankruptcy prediction

One of the first studies dealing with bankruptcy prediction was Fitzpatrick’s (1932) study, 
where the author compared 13 ratios of failed and successful firms (19 of each firm type). 
He found that successful companies displayed favorable ratios in most cases, while failed 
firms had unfavorable ratios when compared with "standard" ratios and ratio trends.

The turning point in bankruptcy prediction research occurred in the second half of the 
20th century, when Beaver Beaver (1966) published his pioneering study. In this study, 
Beaver summarized the results of an empirical analysis by applying scientific methods to 
financial data to predict bankruptcy. The study showed some promising results, but it had 
drawbacks arising from its univariate approach.

Figini et al. (2017) proposed novel approaches to predict default for small and medium-
sized enterprises (SMEs). They used multivariate outlier detection techniques based on the 
local outlier factor to improve the out-of-sample performance of parametric and nonpara-
metric models for credit risk estimation. The models were tested on a real dataset provided 
by UniCredit Bank. They compared single and ensemble models and proved that the pro-
posed technique is a suitable competitor to logistic regression.

Another conventional technique used for bankruptcy prediction is k-nearest neighbors 
(KNN). Chen et al. (2011) proposed a novel modification of KNN based on an adaptive 
fuzzy KNN method, where the continuous particle swarm optimization approach adaptively 
specifies the parameters of the method.

Ouenniche et al. (2018) proposed an out-of-sample framework for bankruptcy prediction 
utilizing the technique for order performance by the similarity to ideal solution (TOPSIS) 
classifier combined with a KNN model. The authors used a dataset of United Kingdom firms 
listed on the London Stock Exchange from 2010 to 2014.

In the late 2000  s, conventional methods like SVM gained popularity in bankruptcy 
prediction (Lin et al. 2011). Compared to the prediction accuracy of SVM with other con-
ventional machine learning methods, the results of the following research papers (Wang and 
Ma 2012) and (Ding et al. 2008) suggest that SVM’s performance is superior.

Currently, ensemble learning is becoming popular in the area of bankruptcy predic-
tion. Chen et al. (2020) proposed two novel prediction methods, bagged-prediction SVM 
(pSVM) and boosted-pSVM, based on proportion support vector machines and ensemble 
strategies, including bagging and boosting.

Kim and Upneja (2021) proposed a variation of the ensemble method for bankruptcy 
prediction. They offered three models: an entire period, an economic downturn, and an 
economic expansion model. All three methods use a majority voting ensemble method with 
a DT as a base estimator.

Zelenkov and Volodarskiy (2021) also proposed an ensemble model for bankruptcy pre-
diction. To create an ensemble, they used a multiobjective classifier selection algorithm that 
only selects classifiers that belong to the Pareto-optimal set in the false-positive rate (FPR)/
false-negative rate (FNR) space. The main goal of this algorithm is to minimize the FPR and 
FNR parameters simultaneously.
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Authors Ainan et  al. (2024) proposed a novel hybrid approach that combines the 
strengths of ensemble learning and artificial neural networks called XGBoost+ANN. The 
XGBoost+ANN approach integrates a comprehensive feature set and optimizes parameters 
using genetic algorithms instead of feature selection methods.

Most of the research regarding bankruptcy prediction is focused on accounting data from 
financial statements or derived financial ratios as the primary source of information. The 
more comprehensive approach used by Jiang et al. (2023) utilized semantic features in the 
patent text on Chinese manufacturing companies operating between the years 2019 and 
2020. They also conducted a feature importance analysis based on the SHAP value, indicat-
ing that financial and patent features are essential.

Da Silva Mattos and Shasha addressed the problem of low-quality information in finan-
cial reports (Silva Mattos and Shasha 2024) by adding to 17 common financial ratios and 
9 dummy variables, such as whether the company has been audited, whether the company 
has reported all legally needed information, etc. An analysis was conducted on Brazilian 
companies from 2007 to 2020. They utilized the following intelligent methods: XGBoost, 
AdaBoost, random forest (RF), bagging, SVM, and logistic regression. The authors con-
cluded that including additional dummy variables led to better results, and RF reached the 
highest evaluated by area under the receiver operating characteristic curve (AUC) score.

Authors Shakeel et al. (2023) analyzed 36 bankruptcy prediction papers from 2015 to 
2021 from a feature importance point of view. They identified that the three main feature 
selection approaches are filter, wrapper, and embedded, while the filter approach is the most 
prevalent. Additionally, review analysis shows that researchers commonly use multiple fea-
ture selection methods to identify the most relevant economic attributes. According to the 
review study (El Madou et al. 2024), applying task-specific features in the bankruptcy pre-
diction process can enhance the accuracy and effectiveness of the predictive model.

The field of bankruptcy prediction is a dynamic and continually evolving area of research, 
resulting in a growing body of literature in the form of comprehensive review papers. These 
review papers offer a focused examination of the subject matter from various perspectives. 
In their work Alaka et al. (2018), Alaka et al. analyzed 49 journal papers, evaluating a range 
of machine learning methods using 13 criteria. The authors concluded that the significance 
of bankruptcy prediction extends beyond mere accuracy. It also considers the employed 
variable and model interpretability. The authors assert that choosing an appropriate bank-
ruptcy prediction method should be contingent upon the specific application requirements, 
and they furnish a robust framework for method selection.

The employment of machine learning methods focused on deep learning was analyzed 
by Zheng et al. (2023) and Qu et al. (2019). Moreover, Kuizinienė et al. (2022) presented a 
comprehensive survey scrutinizing 232 articles published between 2017 and February 2022. 
They concluded that commonly used datasets include the publicly available datasets from 
Poland, Spain, or Japan. Logistic regression is the most prevalent method and is mainly used 
as a benchmark; however, artificial neural networks, SVM, DT, RF, and boosting-based 
methods are also frequently adopted.

From the methodology perspective, Cheraghali et al. (2023) analyzed 145 SME bank-
ruptcy prediction studies. The time span of studies is over 40 years. They concluded that 
financial ratios are the most common source of information; however, manager-owner char-
acteristics, macroeconomic information, and credit information are also used. To tackle 
the imbalanced dataset problem, authors in analyzed studies use undersampling (random/
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stratified) and oversampling. The most prevalent method for oversampling is the synthetic 
minority oversampling technique (SMOTE). It is evident that the number of attributes used 
in models is increasing, and so is the increasing usage of intelligent methods. The top three 
performing methods, based on accuracy and AUC score, are the hybrid method combining 
gradient boosting decision tree, convolutional neural network, and LR, as well as Random 
Forest (RF) and Support Vector Machine (SVM).

Quite a different approach for bankruptcy prediction was proposed by Chen et al. (2023). 
The authors integrated text-based information from annual reports of United States enter-
prises that notably increased the prediction performance of four machine learning methods: 
RF, XGBoost, logistic regression, and SVM. Moreover, they observed that this approach 
notably decreased Type II errors regarding short-term bankruptcy forecasting.

A cutting-edge approach emerging in bankruptcy prediction involves leveraging gen-
erative large language models. Here, authors Loukas et  al. (2023) realized a bunch of 
experiments demonstrating that querying GPT−3.5 and GPT-4 can surpass fine-tuned, non-
generative models even with limited examples. Furthermore, they observed that genera-
tive models perform better when presented with representative samples chosen by human 
experts compared to randomly selected ones for the given task.

2.2  Imbalanced learning

Most problems associated with predicting bankruptcy are closely related to the strongly 
imbalanced datasets used in training the models. Currently, many methods enable the clas-
sification of imbalanced data. These methods can generally be divided into data-level, algo-
rithm-level, and hybrid methods.

Data-level methods primarily focus on changing the data distribution to balance indi-
vidual classes. These methods are based on oversampling of the minority class samples or 
undersampling of majority class samples. A popular method for oversampling the minority 
class is the SMOTE (Chawla et al. 2002) and its derivatives, such as reduced noise SMOTE 
(RN-SMOTE) (Arafa et al. 2022). RN-SMOTE first oversamples the training data using 
SMOTE, introducing noisy, non-sampled synthetic instances in the minority class. Next, 
density-based spatial clustering of applications with noise (DBSCAN) is applied to detect 
and remove noise. Then, the clean artificial instances are combined with the original data. 
Finally, RN-SMOTE applies SMOTE again to balance the dataset before introducing it to 
the underlying classifier. Another derivative of SMOTE is its parallel implementation dedi-
cated to big data named Approx-SMOTE (Juez-Gil et al. 2021). It uses an approximated 
version of the k-nearest neighbor, which makes it highly scalable.

On the other hand, algorithm-level methods are mainly based on new algorithms or modi-
fying existing techniques to improve the model accuracy. This category includes algorithms 
based on ensemble learning. Niu et al. (2023) proposed a novel anomaly detection approach 
based on ensemble semisupervised active learning. They proposed a balanced sampling 
strategy that combines margin sampling and democratic colearning techniques to construct 
a balanced training set that consists of manually labeled high-information samples and 
automatically labeled high-confidence samples to train the detection model effectively on 
a limited budget. Another example of ensemble learning for imbalanced data is the method 
proposed by Muslim et al. (2023). The proposed model consists of three optimization parts: 
SMOTE, feature selection, and stacking ensemble learning. The SMOTE method was used 
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to balance the data, and a feature selection light gradient boosting machine (LightGBM) and 
stacking ensemble learning with extreme gradient boosting (LGBFS-StackingXGBoost) 
were used to optimize the prediction performance.

The last group of algorithms combines multiple approaches to address imbalanced data. 
Shi et al. (2023) proposed a hybrid imbalanced classification model based on data density. 
They combined a data-level method with an algorithm-level method. At the data level, the 
density-based resampling method is presented. The data partition algorithm divides the data 
space into five regions based on the data density. The corresponding subsets are generated 
by sampling from the divided regions to improve the recognition of different class instances. 
At the algorithm level, corresponding ensemble models for different class instances are 
constructed. In the final stage, the model selection algorithm is presented. On this basis, 
an appropriate model is selected for each instance based on its distribution. Another exam-
ple of the combination of algorithms is RGAN-EL (Ding et al. 2023), which combines an 
improved generative adversarial network and ensemble learning to improve the classifica-
tion performance on imbalanced data. Authors Ding et  al. (2023) also utilize generative 
adversarial networks combined with transfer learning (RVGAN-TL) in tabular data, show-
ing superior classification performance on 20 real datasets from different domains. Review 
papers such as Kaur et al. (2019), Lin et al. (2023), Rezvani and Wang (2023), and Khan 
et al. (2023) provide a more comprehensive overview of recent approaches and applications 
for imbalanced learning.

The literature review reveals three main categories of scientific papers related to bank-
ruptcy prediction. The first category includes studies that propose novel methods, typically 
compared with classical statistical techniques such as LR or some form of discriminant 
analysis. The second category consists of review papers that compare various techniques, 
often utilizing different bankruptcy datasets. The third category comprises papers that focus 
primarily on addressing the issue of class imbalance in bankrupt/non-bankrupt predictions. 
Table 1 provides a concise overview of representative papers from each category.

In this study, we present a combination of various datasets with different levels of imbal-
ance and a broad spectrum of methods. The datasets differ in a number of attributes, geo-
graphically, and in the time span they cover. This allowed us to test the performance of each 
method in different conditions, which led to a more robust comparison of methods.

3  Data

In our paper, we employed several publicly available datasets from four countries, namely, 
the Slovak Republic (Drotár et  al. 2019), Bosnia and Herzegovina (Memic and Memic 
2020), Taiwan (Liang and Tsai 2020) and Poland (Zięba et al. 2016). The term bankruptcy 
is generally associated with a legal process defined by law for a specific country. In this 
process, the debt of the bankrupt entity may be partially or fully waived. Bankruptcy should 
not be confused with insolvency, which may be only a temporal inability to pay off debt. 
The datasets span from 1999 to 2016; the period for individual datasets is shown in Fig. 1.

The heterogeneity of the datasets is threefold. First, each dataset covers different countries 
with different economies and geographical dispositions. For example, Slovakia, Poland, and 
Bosnia and Herzegovina share some common history and are relatively in close proximity. 
On the other hand, Taiwan has its specifics within its region. Second, each dataset covers a 
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Table 1  Overview of scientific publications reviewed in this study
Paper reference Dataset Data source Category

Bankruptcy 
data

Ding et al. (2008) China
(2001-2004)

Stock exchange Conventional 
(SVM, ANN)

Chen et al. (2011) Poland
(1997-2001)
Australia

Financial statements
Credit card 
applications

Cost-sensitive

Wang and Ma 
(2012)

China
(2006-2007)

Financial statements Ensemble

Figini et al. (2017) Italy Financial statements Hybrid (ensem-
ble + outlier)

Ouenniche et al. 
(2018)

United Kingdom
(2010-2014)

Stock exchange Conven-
tional (kNN + 
TOPSIS)

Chen et al. (2020) Poland
(2007-2013)
Australia
Japan
Germany

Financial statements Ensemble

Kim and Upneja 
(2021)

USA
(1980-2017)

Stock exchange Ensemble

Zelenkov and Volo-
darskiy (2021)

Poland
(2007-2013)
Russia

Financial statements
Financial statements 
+ central bank

Ensemble

Jiang et al. (2023) China
(2019-2020)

Financial statements 
+ patents

Ensemble

Chen et al. (2023) USA
(1994-2018)

Financial reports Ensemble

Muslim et al. (2023) USA
(2007-2015)

Loans information Hybrid 
(ensemble + 
oversampling)

Amirshahi and 
Lahmiri (2024)

Poland
(2007-2013)

Financial statements Ensemble

Ainan et al. (2024) Poland
(2007-2013)

Financial statements Ensemble

Silva Mattos and 
Shasha (2024)

Brazil
(2007-2020)

Financial statements Ensemble

Other 
domains

Chawla et al. (2002) 9 imbalanced dataset Various online 
sources

Undersampling 
oversampling

Juez-Gil et al. 
(2021)

6 imbalanced datasets UCI Machine Learn-
ing Repository

Cversampling

Arafa et al. (2022) 9 imbalanced datasets UCI Machine Learn-
ing repository

Cversampling

Niu et al. (2023) NSL-KDD: network intru-
sion traffic dataset

– Sampling

Shi et al. (2023) 18 imbalanced datasets KEEL repository Hybrid (ensem-
ble + sampling)

Lin et al. (2023) 44 imbalanced datasets KEEL repository Combined 
sampling

Ding et al. (2023) 20 imbalanced datasets KEEL repository Oversampling
Ding et al. (2023) 21 imbalanced datasets KEEL repository Hybrid 

(sampling + 
ensemble)
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different time period. The Taiwan and Polish dataset covers the time of the financial crisis 
in 2008. Slovak and Bosnian and Herzegovina datasets cover the recovery period after the 
crisis. Third, each dataset consists of different attributes, which may offer different insights 
into the company’s inner workings.

The most common source of information for company performance and bankruptcy pre-
diction is financial ratios. Financial ratios are derived from financial statement data such as 
balance sheets, profit and loss statements, income, and cash flow statements. The advan-
tage of financial ratios is comparability across companies of various sizes. All attributes by 
dataset are listed in the Appendix A. There are five common categories of financial ratios: 
(a) liquidity ratios, (b) leverage ratios, (c) efficiency ratios, (d) profitability ratios, and (e) 
market value ratios. Market value ratios apply only to the companies listed on the stock mar-
ket, which, in our case, are only those listed in the Taiwanese dataset. As mentioned above, 
there are financial ratios from each category in every dataset; however, some datasets also 
include variations of some financial ratios. For example, in all datasets except the Bosnia 
and Herzegovina dataset, there are variations of return on assets, usually expressed as the 
profit divided by the total assets. However, gross profit, net profit, or profit after deprecia-
tion or interest may also be used. Such variations in the same financial ratio lead to a high 
correlation between attributes. In the Taiwanese dataset, in addition to common financial 
ratios, growth indicators are used to compare year-to-year changes in profits, assets, equity, 
and income. Additionally, financial ratios are available up to three years prior to bankruptcy 
in the Slovak dataset.

Dataset variability allows us to compare the robustness of results for various methods in 
different countries and timeframes. The method performance is also evaluated for various 
levels of imbalanced data and different numbers and types of attributes. A general overview 
of the datasets is presented in Table 2 and in the following subsections.

3.1  Slovak datasets

The two Slovak datasets each consist of 20 attributes and a binary target variable identifying 
bankrupt and nonbankrupt companies. They are composed of SMEs in the manufacturing 
and construction industries and cover four years, from 2013 to 2016. The number of data 
samples varies over the years, and the imbalance ratio is between 0.23% and 2.07%.

3.2  Polish dataset

The Polish dataset consists of 64 attributes and a binary target variable. Financial ratios 
cover all general categories: liquidity, profitability, and solvency. The dataset covers five 
years, from 2007 to 2013. In contrast with the Slovak dataset, the Polish dataset does not 

Fig. 1  Time span of the data captured in the datasets used in this paper

 

1 3

Page 9 of 57  104



P. Gnip et al.

include the identification of individual companies; thus, it is impossible to track the devel-
opment of a single company over the available years in the dataset. The number of samples 
varies over the years, and the imbalance ratio is between 3.85% and 6.93%.

3.3  Taiwanese dataset

The Taiwanese dataset consists of 95 attributes and a binary target variable. Compared to 
other datasets, the Taiwanese dataset includes financial ratios for standard categories (liquid-
ity, profitability, and solvency) and market value ratios since companies in this dataset are 
listed on the Taiwan Stock Exchange. There are several studies on the Taiwanese dataset, 
such as Wang and Liu (2021), where the authors used various undersampling methods in 
combination with some supervised machine learning algorithms. They achieved the highest 
F2 score with naive Bayes classification in combination with the edited nearest neighbors 
method. On the other hand, in Gurnani et al. (2021), authors used oversampling methods 
to handle data imbalance. They achieved the highest F1 score of 98% with RF. In Lin et al. 
(2019), authors used the Type I error rate as a metric. The best results (zero Type I error rate) 
were obtained with SVM optimized by the genetic algorithm.

3.4  Bosnia and Herzegovina dataset

The Bosnia and Herzegovina dataset consists of 38 attributes and a binary target variable. 
Attributes are divided into five categories: liquidity, activity, profitability, leverage, and 
others. It contains data from 150 companies, of which 100 are not bankrupt and 50 are 
bankrupt. This dataset has the lowest imbalance ratio. Because Bosnia and Herzegovina do 
not have a central database of all bankruptcy cases, all regional courts were contacted to 

Table 2  Overview of all utilized bankruptcy datasets
Country, references Dataset Year Samples Attributes Bank-

rupt 
class

Non-
bank-
rupt 
class

Imbal-
ance 
ratio

Slovakia, Drotár et al. (2019) SK_M_13 2013 5007 20 30 4077 1 : 135
SK_M_14 2014 4480 20 30 4450 1 : 148
SK_M_15 2015 5045 20 26 5019 1 : 193
SK_M_16 2016 5854 20 14 5840 1 : 417
SK_C_13 2013 1230 20 25 1205 1 : 48
SK_C_14 2014 1448 20 30 1418 1 : 47
SK_C_15 2015 1769 20 20 1749 1 : 87
SK_C_16 2016 2174 20 14 2174 1 : 155

Poland, Zięba et al. (2016) PL_01 2007 7027 64 271 6756 1 : 24
PL_02 2008 10173 64 400 9773 1 : 24
PL_03 2009 10503 64 495 10008 1 : 20
PL_04 2010 9742 64 515 9227 1 : 17
PL_05 2013 5910 64 410 5500 1 : 13

Taiwan, Liang and Tsai (2020) TW 1999–
2009

6819 96 220 6599 1 : 29

Bosnia and Herzegovina, 
Memic and Memic (2020)

B&H 2012–
2014

150 38 50 100 1 : 2
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understand the bankruptcy population better. Then, 50 bankruptcy cases were sampled to 
represent different regions, bankruptcy phases, and sizes.

4  Class imbalance learning methods

Imbalanced data refers to data in datasets where the target class has an uneven distribution 
of observations compared to other classes. Several approaches are used to learn patterns 
in imbalanced data. Here, we selected representative methods from different approaches 
based on various learning algorithms. We aimed to cover a broad range of frequently used 
methods. Since it is impossible to cover all existing methods, we aimed for comprehensive 
coverage, and sometimes, we selected similar methods.

We categorized these methods into five groups based on their characteristics. The first 
group contains methods specially developed for solving outlier detection problems. This 
group contains some novel algorithms, such as copula-based outlier detection (COPOD), 
but we also added some conventional approaches, such as the one-class support vector 
machine (OCSVM). The second group encompasses eight different methods of sampling. 
Three of these methods utilize oversampling techniques derived from the widely recognized 
SMOTE method, three employ undersampling strategies, and the remaining two combine 
both oversampling and undersampling approaches. The third group includes methods based 
on pure ensemble learning. Ensemble learning is a method of combining multiple different 
algorithms to obtain more robust results. The fourth group contains methods that apply a 
combination of multiple techniques. Most methods are based on ensemble learning with 
a combination of sampling methods. The last group contains only one method that uses a 
strategy where different misclassification costs are associated with different classes. The 
considered taxonomy of the class imbalance learning methods is depicted in Fig. 2.

4.1  Outlier detection methods

Outlier detection methods are designed to recognize rare, significant events. They are 
expected to perform well, especially on highly imbalanced datasets.

4.1.1  Copula-based outlier detector

COPOD Li et al. (2020) is a relatively new probabilistic algorithm for outlier detection. 
This method is based on copulas. Copulas describe the dependence structure between ran-
dom variables. They can be defined as cumulative distribution functions for which the mar-
ginal distribution of each variable is uniform on the interval [0, 1]. COPOD is a three-stage 
algorithm. In the first stage, the left-tail cumulative distribution function (CDF), right-tail 
CDF, and skewness coefficients are computed for each feature in the dataset. In the second 
stage, three copula values for each observation are computed using empirical CDFs. These 
three values can be interpreted as the left-tail CDF, right-tail CDF, and skewness-corrected 
probabilities. Anomaly scores are computed in the last stage using the copula values for 
each observation. This step relies on the fact that smaller tail probabilities result in larger 
negative-log values. For every observation, summing the negative log of the left and right 
tails and correcting the empirical cupola is essential. The anomaly score is the maximum 
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value of these three values. The outlier scores computed in the third stage do not indicate 
the probability of an observation being an outlier but rather the likelihood of observation 
relative to other points.

COPOD has some key advantages. It is deterministic and does not utilize hyperparam-
eters. This algorithm is based on empirical CDFs and requires no stochastic training. More-
over, COPOD is interpretable and accessible to visualize using a dimensional outlier graph, 
and it is efficient in the case of high-dimensional data.

4.1.2  Local outlier factor and cluster-based local outlier factor

The local outlier factor (LOF) is an unsupervised proximity-based anomaly detection algo-
rithm that measures how isolated a point concerning its surrounding neighborhood (Breunig 
et al. 2000). The LOF is measured by calculating the local density deviation. The local den-
sity is determined by estimating the distances between neighboring data points. Data points 
with less local density than their neighbors are considered outliers.

The cluster-based local outlier factor (CBLOF) is a modification of the LOF that uses 
K-means clustering (He et al. 2003). Clusters are categorized into small and large clusters. 
Outlier scores are calculated by using the distances of each sample to its cluster’s center 
multiplied by the number of objects belonging to the cluster. The distance to the closest 
large cluster is used if a sample belongs to a small cluster.

Fig. 2  Taxonomy of the class imbalance learning methods considered in this study
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4.1.3  Minimum covariance determinant

The minimum covariance determinant (MCD) is a linear outlier detection method. It 
assumes that standard samples are generated from a single Gaussian distribution (Hubert 
et al. 2018). The MCD uses an elliptic envelope around standard samples to evaluate the 
parameters of a Gaussian distribution. Next, it searches for the first h samples with the 
smallest scatter. As a measure of scatter, the determinant of the covariance matrix is used. 
Computing the MCD is combinatorially complex (Schreurs et al. 2021), so it is primarily 
feasible for smaller datasets.

4.1.4  One-class support vector machine

An OCSVM is an unsupervised, density-based model for anomaly and outlier detection. It 
is a derivative of the traditional SVM algorithm. There are two approaches to implementing 
the OCSVM. The first approach (Schölkopf et al. 1999) is based on separating the samples 
from the feature space and maximizing the distance from the hyperplane to the origin. This 
approach results in functions that focus on the space where the probability density is maxi-
mum so that the function can return +1 if the observation is in a dense region and -1 if the 
observation belongs to the low-density space.

The second approach (Tax and Duin 2004) is a spherical, instead of planar, approach. 
The algorithm creates a hypersphere of minimum volume to cover all the training data. Any 
sample that falls outside this hypersphere is considered an outlier.

4.1.5  Least-squares approach to anomaly detection

Least-squares anomaly detection (LSAD) (Quinn and Sugiyama 2014) is a probabilistic, 
nonparametric method for anomaly detection based on a squared-loss objective function. 
The method is similar to the OCSVM (Schölkopf et al. 1999). LSAD assumes that anoma-
lies occupy the low-density regions of the data space, and a kernel model can be used to 
characterize the high-density regions given training data.

4.1.6  Linear model deviation-based outlier detection

The linear method for deviation-based outlier detection (LMDD) (Arning et  al. 1996) 
measures the impact of outliers on the data variance, especially how much the variance is 
reduced when a particular sample is removed. It works with the assumption that outliers 
lie at the boundary of the data, and removing them significantly reduces the variance. The 
measure of how much the dissimilarity is reduced when a set of samples E is removed from 
dataset R is referred to as the smoothing factor. Outliers are defined as exception sets E such 
that their removal causes the maximum reduction in the data variance.

4.1.7  Principal component analysis

Principal component analysis (PCA) (Pearson 1901) is an unsupervised dimension reduc-
tion method where n correlated random variables are transformed into a smaller number 
of uncorrelated variables (Deepthi 2014). During anomaly detection, PCA measures the 
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distance of each observation from the center of the data. Samples that are far from the center 
are considered anomalies.

4.1.8  K-nearest neighbor detector

The K-nearest neighbor (KNN) proximity-based algorithm can be used as an unsupervised 
anomaly detector (Yang and Huang 2008). The KNN algorithm calculates the k-nearest 
neighbors from a current sample (data point). This algorithm can use three outlier score 
approaches: the most significant distance to the k-th neighbor, the average distance to all k 
neighbors, or the median distance to k neighbors. The final decision on whether the sample 
is an outlier depends on the chosen threshold, which must be determined experimentally.

4.2  Sampling methods

Sampling methods include machine learning approaches that utilize an oversampling, 
undersampling, or combined sampling strategy. This group consists of eight methods: three 
oversampling approaches, three undersampling approaches, and two methods combining 
previous approaches. In general, sampling methods are considered to be a data prepro-
cessing approach. Accordingly, the sampling techniques were consistently assessed along-
side SVM using a nonlinear radial basis function kernel and extreme gradient boosting 
(XGBoost) (Chen and Guestrin 2016).

4.2.1  SMOTE and related methods

SMOTE (Chawla et  al. 2002) is a minority class data augmentation approach. The idea 
behind this technique is to select examples close to the feature space, drawing a separating 
line (decision boundary) between the samples in the feature space and drawing a new sam-
ple at a point along that line. The first step is to choose a random sample from the minority 
class. Then, k of the nearest neighbors for that sample are found, and one of the neighbors is 
chosen. A synthetic sample is created at a randomly selected point between the two samples 
in the feature space.

Borderline-SMOTE (BLSMOTE) (Han et al. 2005) is a SMOTE variation where syn-
thetic samples are generated only along the decision boundary between the two classes.

Adaptive synthetic sampling (ADASYN) (He et al. 2008) is a SMOTE modification that 
generates more synthetic samples in regions of the feature space in which the density of 
minority samples is low. In contrast, only a few or no samples are generated in high-density 
regions.

SMOTETomek (Batista et al. 2003) is an extension of the SMOTE oversampling algo-
rithm. The basic idea involves combining both oversampling and undersampling techniques 
to generate representative synthetic samples. First, new minority class samples are syn-
thetically generated using the SMOTE algorithm to balance the original dataset. Then, the 
dataset is cleaned using the Tomek links (TomekL) undersampling algorithm (Tomek 1976) 
to reduce the class overlap and remove noisy samples.

SMOTE combined with an edited nearest neighbor (ENN) algorithm denoted as SMO-
TEENN (Le 2022) is another sampling approach that combines both oversampling and 
undersampling strategy. Here, after balancing the original dataset by the SMOTE algorithm, 
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the ENN approach is used to iteratively check each sample in the dataset to see if its k-near-
est neighbors correctly classify it. If a majority of its neighbors misclassify such a sample, 
then it is removed from the dataset.

4.2.2  Near miss

Near miss (NearMiss) (Mani and Zhang 2003) is a KNN-based undersampling algorithm. It 
uses the class distribution and random elimination of samples from the majority class. When 
samples in two different classes are very close to each other, the samples in the majority class 
are removed to increase the spaces between the two classes. NearMiss has three modifica-
tions. NearMiss-1 removes the majority class examples with a minimum average distance 
to the three closest minority class examples. In NearMiss-2, majority class examples with a 
minimum average distance to the three furthest minority class examples are removed. The 
last modification is named NearMiss-3, and in this approach, the majority class examples 
with the minimum distance to each minority class example are removed.

4.2.3  Tomek links

The TomekL algorithm (Tomek 1976) is an undersampling algorithm based on the con-
densed nearest neighbors rule. This algorithm finds pairs of samples from different classes 
with the smallest distance in the feature space. These pairs are referred to as Tomek links. 
The majority class sample is removed from each pair, which provides a better decision 
boundary for a classifier.

4.2.4  Cluster centroid-based majority undersampling technique

The cluster centroid-based majority undersampling technique (ClusterC) is a technique that 
removes the most unimportant samples or samples with less information from the majority 
class (Pamula et al. 2011). It uses the concept of finding the cluster centroid, where clusters 
are created by encircling the majority class. The cluster centroid is found by averaging fea-
ture vectors for all the features over the samples from the majority class in the feature space. 
The samples from the majority class farthest from the cluster centroid are considered the 
most unimportant and are thus removed.

4.3  Ensemble methods

The main idea of ensemble methods is to use multiple base estimators to build a robust clas-
sifier. They have achieved excellent results in many machine learning problems Lin et al. 
(2019), Liang et al. (2018), Liu et al. (2020). The experimental study utilized DT as a base 
learner in ensemble-based methods.

4.3.1  Random forest

RF (Ho 1995) is an extension of the bootstrap aggregation (bagging) of DTs. Each tree is 
created from a different bootstrap sample of the training dataset. The algorithm establishes 
the outcome based on the predictions of the DTs. It makes predictions by averaging the 
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outputs from various trees. Increasing the number of trees increases the precision of the 
outcome.

4.3.2  Adaptive boosting

Adaptive boosting (AdaBoost) was one of the first boosting algorithms proposed by Freund 
and Schapire (1995). It combines multiple base estimators into a single robust classifier. The 
base estimators are usually DTs with a single split, called decision stumps. AdaBoost itera-
tively builds an ensemble of base estimators by adjusting the weights of misclassified data 
during each iteration. For each subsequent base learner, the weights are recalculated such 
that higher weights are assigned to samples that the current base estimator misclassifies.

4.4  Hybrid methods

Hybrid methods exploit a combination of different approaches. In our case, it mainly com-
bines ensemble methods with sampling techniques. Almost all of the ensemble-based meth-
ods use DT as a base estimator.

4.4.1  Random forest-based hybrid techniques

Two modifications of the original RF are much more suitable for imbalanced data. The 
first is the balanced random forest (BRF) (Chen and Breiman 2004). In every iteration, a 
training set is created that consists of bootstrap samples from the minority class and the 
same number of samples, with replacements, from the majority class. Using a classification 
and regression tree algorithm (CART) (Breiman et al. 1984), a classification tree without 
pruning is created from the data and grows to its maximum size. A BRF approach can be 
considered a hybrid technique, but for the sake of consistency, we decided to group it with 
other RF techniques.

The second modification is the weighted random forest (WRF). This method mitigates 
the problem of traditional RF being biased toward the majority class. The idea behind 
the algorithm to mitigate this problem is the implementation of cost-sensitive learning. A 
heavier penalty is imposed for misclassifying samples from the minority class.

4.4.2  EasyEnsemble and BalanceCascade

EasyEnsemble (EasyE) (Liu et al. 2008) and BalanceCascade (BCascade) (Liu et al. 2008) 
are undersampling algorithms. Let S be the dataset to be classified, P be the minority train-
ing set, and N be the majority training set. The undersampling method randomly samples N ′ 
from N, where |N ′| < |N |. Selecting only one subset of the majority class has a drawback 
because many potentially useful data are discarded. Using the EasyE method, we can mini-
mize the risk of losing useful data by creating T subsets N1, N2, ..., NT  from N. For each 
subset Ni (expanded by minority subset P), the classifier Hi is trained. All of the classifiers 
are combined using AdaBoost.

BCascade is a modification of the EasyE algorithm. If the trained classifiers correctly 
classify the majority class instances, BCascade removes them from further consideration.
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4.4.3  Self-paced ensemble

The self-paced ensemble (SelfPE) (Liu et al. 2020) is based on combining self-paced learn-
ing with undersampling to generate a robust ensemble. In self-paced learning, machine 
learning models, usually DTs, learn at their own pace, considering samples with high hard-
ness first. The hardness of a sample can be interpreted as the probability that the sample is 
a noisy instance, an outlier, or both. Using the hardness value, the samples from the major-
ity class are split into k bins. Then, these instances are undersampled while retaining the 
total hardness contribution in each bin. By balancing the hardness contributions, the sample 
probabilities in the bins with larger populations will decrease (Ding et al. 2023). Initially, the 
algorithm tends to focus more on outlier samples to improve the model’s generalizability. 
In later iterations, the majority class samples will be more important to prevent overfitting.

4.4.4  Isolation forest

An isolation forest (IF) (Liu et al. 2008) model is an unsupervised anomaly detection tech-
nique using DTs similar to RF (Ho 1995). A random feature and a random split value are 
selected when DTs are constructed. The split value is between a selected feature’s minimum 
and maximum values. This creates sample partitions. Different partitions are separated at 
the tree’s root and deeper into the branches, and subtler distinctions are identified. Then, for 
prediction, a sample’s split value is compared against a node’s split value. The number of 
splits is referred to as the path length. Samples that require more splits have a small prob-
ability of being outliers. Samples found on shorter branches are more likely to be outliers 
since it is simpler to distinguish these samples from the other samples.

4.4.5  Feature bagging

Feature bagging (FBagg) (Lazarevic and Kumar 2005) is an anomaly detection ensemble-
based technique in which only a small subset of randomly selected features is used to detect 
outliers. Each outlier detection classifier in the ensemble assigns an outlier score to all 
samples. The sample score corresponds to the probability of it being an outlier. Thus, each 
outlier detection classifier identifies a different set of outliers. The scores from several clas-
sifiers are combined to obtain the final outlier score. Importantly, this model uses LOF as a 
base estimator.

4.4.6  Lightweight online detector of anomalies

The lightweight online detector of anomalies (LODA) approach (Pevný 2016) is an ensem-
ble of k one-dimensional histogram density estimators. Each estimator approximates the 
probability density of input data projected onto a single projection vector. For every estima-
tor, 

√
d random features are selected, where d is the total number of features. To compute 

the anomaly score for a particular sample, LODA computes its average log density. LODA 
is particularly useful when a large amount of data is processed in real time.
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4.4.7  Extreme gradient boosting outlier detection

Extreme gradient boosting outlier detection (XGBOD) (Zhao and Hryniewicki 2018) is 
a semisupervised anomaly detection algorithm. It is a three-phase algorithm. In the first 
phase, outlier scores are computed using unsupervised anomaly detection methods. These 
newly computed scores can be interpreted as new augmented features. These new features 
are used in the second phase, where they are combined with the original features. In this 
phase, the XGBoost classifier with DTs as base estimators is trained using new data. The 
output of the XGBoost classifier is considered a result of the entire method.

4.4.8  Balanced bagging and SMOTE bagging

Balanced bagging (BBagg) is a version of the bagging algorithm that uses a random unders-
ampling strategy on the majority class within a bootstrap sample to balance the two classes. 
BBagg can provide a platform for more specific balancing algorithms, including exact 
BBagg (Opitz and Maclin 1997), rough BBagg (Hido et al. 2009), overbagging (Opitz and 
Maclin 1997), and SMOTE bagging (SMOTEBagg) (Chawla et al. 2002).

SMOTEBagg is a supervised anomaly detection technique that is a combination of 
SMOTE (Chawla et al. 2002) and bagging (Breiman 1996). It uses SMOTE to generate 
synthetic minority samples until the number of minority samples is equivalent to the number 
of majority samples. Synthetic data are generated based on the characteristics of the object 
and k-nearest neighbor. The purpose of the bagging step in this algorithm is to reduce the 
variance of classifiers.

4.4.9  Boost-based outlier detection techniques

In this paper, we used three modifications of the previously mentioned AdaBoost, namely, 
SMOTEBoost (Chawla et al. 2003), random undersampling boosting (RUSBoost) (Seiffert 
et al. 2009) and AdaCost (Fan et al. 1999). SMOTEBoost is an oversampling method that 
uses the SMOTE algorithm to oversample minority classes at each boosting iteration. Con-
versely, RUSBoost employs a random undersampling method to balance the majority class 
samples.

Another algorithm similar to SMOTEBoost is OverBoost. The main difference between 
these two algorithms is the sampling technique they apply. OverBoost uses random overs-
ampling instead of SMOTE. Random oversampling duplicates examples from the minority 
class in the training dataset.

The last boost-based algorithm we used is the misclassification cost-sensitive boosting 
method named AdaCost. It uses the cost of misclassified samples to update the training 
distribution in successive boosting rounds. The goal is to reduce the cumulative misclas-
sification cost compared to AdaBoost.

4.4.10  AdaUBoost

The Leskovec and Shawe-Taylor (2003) algorithm is based on AdaBoost, with a modified 
unequal loss function and modified weight updating rule. The parameter β is introduced 
as Karakoulas and Shawe-Taylor (1998). It forces uneven misclassification costs for train-
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ing examples. Samples from the minority class are assigned β times higher initial weights 
than those of samples from the majority class. The parameter β is also used in the weight 
updating rule. The weights of false-negative samples are increased more than those of false-
positive samples, and the weights of true-positive samples are decreased more than those 
of true-negative samples. This leads to the fact that each base estimator tends to correctly 
classify more samples from the minority class because they maintain higher weights. The 
result of AdaUBoost is a linear combination of the base estimators.

4.4.11  Under bagging

An ensemble of DT classifiers creates the under bagging (UBagg) classifier (Opitz and 
Maclin 1997). When creating classifiers, the training subset for each classifier is constructed 
by undersampling the majority class. After construction, the majority vote principle is 
applied to a new instance. The final classification decision follows the most voted class.

4.5  Cost-sensitive methods

Generally, cost-sensitive learning involves reweighting during the model’s training, enabling 
the incorporation of misclassification costs directly into the learning process. The goal is to 
minimize the cost incurred by misclassifications rather than simply minimizing the error 
rate. In our specific case, this group includes just one method.

4.5.1  Weighted support vector machine

The weighted support vector machine classifier (WSVM) refers to a modification of the 
standard SVM where different weights are assigned to different classes or even specific 
instances (Yang et al. 2005). This is particularly useful in scenarios where there is an imbal-
ance in the class distribution or certain misclassifications are considered more costly than 
others.

5  Experimental settings

To evaluate the efficiency of the selected machine learning approaches, we utilized five 
real-world bankruptcy datasets originating from different countries (economies): the Slovak 
Republic, Bosnia and Herzegovina, Taiwan, and Poland. Before applying the imbalance 
learning algorithms, it was necessary to perform data cleaning operations to prepare all the 
datasets. First, the missing values were replaced with the average value of the particular 
economic attribute. Second, data were standardized per feature to have a zero mean and 
unit variance.

We used fivefold stratified cross-validation in the supervised machine learning approaches 
to validate the model performance. Semisupervised learning algorithms were trained only 
using the samples from the majority class (nonbankrupt) in a fivefold cross-validation man-
ner. All the samples from the minority class (bankrupt) were exclusively utilized in the 
testing phase.
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To tune the performance of the utilized machine learning approaches, we searched 
through the grid of hyperparameters. These are summarized in Appendix B. We integrated 
sampling approaches with SVM and XGBoost classifiers. In the case of SVM, we searched 
through a grid defined by kernel coefficient gamma = [0.001, 0.01, 0.1, 1, 10, 100] and 
regularization parameter C = [0.01, 0.1, 1, 5, 10, 100]. The grid of hyperparameters of 
XGBoost was defined by step size shrinkage parameter learning_rate = [0.001, 0.01, 0.1, 
0.3, 0.5, 0.7, 0.9], max_depth = [3, 5, 10, 50, 100, 150, 200, 250, 300, 350, 400, 450, 500], 
min_child_weight = [1, 3, 5, 10] and gamma = [0.001, 0.01, 0.1, 1, 10, 100]. For the remain-
ing hyperparameters, default values specific to each classifier were utilized.

Choosing the right evaluation metric to measure the performance of models derived from 
imbalanced data is one of the most important steps. Kuizinienė et al. (2022) analyzed the 
most commonly used evaluation metrics for bankruptcy prediction. The most common met-
rics were accuracy and area under the receiver operating characteristic curve. Here, the 
geometric mean (GM) was utilized to measure the model performance since it is considered 
one of the most reliable techniques when facing issues represented by imbalanced data 
Al Helal et al. (2016). It can be expressed as a square root of the product of sensitivity and 
specificity. Sensitivity expresses the proportion of correctly predicted positive cases. The 
proportion of correctly predicted negative cases is represented by specificity. The GM is 
defined as follows:

	
GM =

√
sensitivity × specificity =

√
TP

TP + FN
× TN

TN + FP
,� (1)

where TP (true positive) is the number of correctly predicted positive cases, FN (false nega-
tive) is the number of incorrectly predicted positive cases, TN (true negative) is the number 
of correctly predicted negative cases, and FP (false positive) expresses the number of incor-
rectly predicted negative cases. In addition to the GM, we reported the results measured 
by the AUC metric and the error of incorrectly classified bankrupt cases into non-bankrupt 
class measured by FNR. However, we provided these results for readability in Appendix C 
and Appendix D, respectively.

6  Experimental evaluation

In this section, we offer a concise evaluation of the results obtained from our experimental 
study, analyzing the outcomes from various perspectives, such as a diverse number of finan-
cial attributes, different data origins, various data distributions, and different dataset sizes. 
Through our experiments, we aimed to gain insights into the performance of various imbal-
anced learning approaches on the given datasets and identify the best-performing models 
for predicting bankruptcy. To evaluate the effectiveness of the selected machine learning 
approaches, we conducted experiments using five real-world bankruptcy datasets from dif-
ferent economies: the Slovak Republic, Bosnia and Herzegovina, Taiwan, and Poland. The 
datasets represent diverse business environments and economic conditions. This allowed 
us to evaluate the robustness of the analyzed imbalanced learning methods across different 
contexts.
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6.1  Effect of dataset origin

In Tables 3, 4, 5, 6, we provide results for the Slovak, Polish, Taiwan, and Bosnia and Herze-
govina datasets. We start by evaluating the results with single datasets. The Slovak manufac-
ture bankruptcy datasets (SK_M_13, SK_M_14, SK_M_15, SK_M_16) are characterized 
by extremely high imbalanced ratios, ranging from 1:135 to as high as 1:417 for the most 
imbalanced dataset. In this scenario, conventional classifiers that can not handle data imbal-
ance almost completely fail to predict the minority classes. On the other hand, as we can see 
from Table 3, most of the ensemble-based methods generate auspicious results. We want to 
highlight the best-performing methods: BCascade, SelfPE, and RUSBoost. These hybrid 
methods are combinations of ensemble and undersampling approaches. Their average GMs 
over the four considered years were the highest. Combined sampling approaches, namely 
SMOTEENN+XGBoost and SMOTETomek+XGBoost, also demonstrated very promising 
results. Furthermore, SMOTEENN+XGBoost slightly outperformed all other utilized meth-
ods on the SK_M_13 and SK_M_15 datasets, achieving GM scores of 89.9% and 92.2%, 
respectively.

Similar trends as in the Slovak manufacturing dataset were observed in the Slovak con-
struction bankruptcy datasets (SK_C_13, SK_C_14, SK_C_15, SK_C_16). On average, the 
best results in terms of the GM score were obtained by the BCascade classifier, followed 
by the SelfPE and BRF methods. Several other hybrid methods that combine ensemble 
and sampling techniques, such as BBagg, EasyE, UBagg, and RUSBoost, provided very 
competitive results that lagged only a few percentage points behind the best results of the 
BCascade approach. Similarly, XGBoost-based combined sampling approaches, specifi-
cally SMOTEENN+XGBoost and SMOTETomek+XGBoost, achieved comparable results. 
Moreover, the highest average GM score among all sampling algorithms was achieved by 
the ClusterC+XGBoost approach scoring over 87%. Other sampling scores were notably 
lower than those achieved by a combination of ensemble and undersampling methods such 
as BCascade, SelfPE, RUSBoost, UBagg, and OverBoost. The performance of the outlier 
detection approaches did not match that of the ensemble-based methods, even though the 
high imbalance ratio of these datasets made the problem very similar to the outlier detec-
tion problem. Here, the outlier detection methods include semisupervised and unsupervised 
methods. Since semisupervised learning is more challenging, we can expect some drop in 
performance when compared to supervised methods.

Ensemble methods (AdaBoost, RF) and the cost-sensitive learning method (WSVM) 
failed to identify bankrupt companies with GM scores not exceeding 47%.

Although it is not the most imbalanced dataset, the classification task for the Polish data-
set is the most challenging one. The results showed that the best-performing methods were 
hybrid methods utilizing ensemble and sampling approaches, specifically, the BRF and 
EasyE and combined sampling approach SMOTEENN applied with the XGBoost classifier. 
These methods’ results were substantially better than those of all other methods, reaching an 
average GM score of 82% and more.

The imbalance ratio, 1:29, of the Taiwanese dataset (TW) is significantly lower than that 
of the Slovak datasets and similar to that of the Polish datasets. The performance of the 
methods aligns with the results achieved on the Slovak datasets. In this case, superior results 
were obtained for both sampling methods and hybrid methods, which integrate ensembles 
with either sampling or a cost-sensitive approach. BRF obtained the highest GM score, fol-
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Category Method Data Avg.
SK_M_13 SK_M_14 SK_M_15 SK_M_16

Sampling ADASYN+SVM 73.111 74.910 81.28 83.711 78.210
ADASYN+XGBoost 81.95 81.28 90.57 59.631 78.313
BLSMOTE+SVM 64.320 68.317 71.916 53.328 64.417
BLSMOTE+XGBoost 73.510 74.615 72.712 57.033 69.417
SMOTE+SVM 73.111 73.810 81.18 83.811 77.910
SMOTE+XGBoost 81.95 80.98 90.47 63.735 79.314
SMOTETomek+SVC 73.211 73.910 81.28 83.711 77.910
SMOTETomek+XGBoost 82.75 84.93 90.77 67.437 81.513
SMOTEENN+SVC 74.512 82.57 85.56 85.411 81.89
SMOTEENN+XGBoost 83.95 85.37 92.25 73.910 83.97
ClusterC+SVM 63.28 53.910 58.25 74.415 62.49
ClusterC+XGBoost 78.26 83.64 88.25 89.39 84.922
NearMiss+SVM 69.311 59.716 60.820 85.48 68.814
NearMiss+XGBoost 77.77 78.44 82.76 82.412 80.37
TomekL+SVM 8.217 8.217 8.918 0.00 6.36
TomekL+XGBoost 27.924 39.421 43.92 25.732 34.220

Ensemble AdaBoost 27.924 32.717 21.628 23.129 26.324
RF 16.420 27.923 26.922 11.623 20.622

Outlier CBLOF 73.34 70.65 69.65 80.53 73.54
COPOD 79.61 79.52 72.91 86.72 79.72
KNN 74.13 74.63 69.72 84.03 75.63
LMDD 43.89 39.123 55.512 53.119 47.816
LOF 69.93 71.85 74.63 84.52 75.23
LSAD 73.33 73.94 71.02 86.92 76.23
MCD 68.01 78.52 71.98 75.63 73.54
OCSVM 37.66 34.84 37.64 33.95 35.94
PCA 64.16 70.64 67.34 80.53 70.64

Cost-sensitive WSVM 16.420 32.717 30.626 11.623 22.822
Hybrid (Ensemble, 
Sampling)

BBagg 81.55 84.810 87.68 85.716 84.910

BCascade 80.17 87.26 90.14 92.27 87.46
BRF 82.47 86.14 87.54 88.68 86.16
EasyE 81.15 88.75 84.88 87.18 85.46
RUSBoost 81.95 89.07 87.75 87.99 86.66
SelfPE 83.26 86.84 90.24 88.610 87.26
UBagg 81.55 84.810 87.68 85.716 84.910
OverBoost 78.94 86.57 89.55 81.317 84.08
SMOTEBoost 79.96 83.18 89.57 84.712 84.38
SMOTEBagg 16.420 16.420 9.018 11.623 13.318

Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 78.17 84.45 91.74 83.314 84.38

AdaUBoost 78.64 84.910 89.55 81.417 83.69
WRF 71.610 72.85 80.35 82.311 76.78

Hybrid (Ensemble, 
Outlier)

FBagg 74.42 81.01 75.53 87.02 79.42

IF 77.42 77.83 71.43 85.71 78.12

Table 3  Overview of the GM scores (%) achieved on the Slovak manufacture bankruptcy datasets in the 
form of GMstd
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lowed closely by the scores obtained by SMOTEENN+XGBoost and EasyE. Interestingly, 
on the Taiwanese dataset, oversampling and combined sampling approaches are competitive 
with the hybrid ensemble-based methods.

Contrary to the previously mentioned datasets, the dataset from Bosnia and Herzegovina 
(B&H) is the least imbalanced dataset, characterized by a proportional imbalance ratio of 
1:2. This makes the outlier detection-based methods unsuitable for the application, as con-
firmed by the results. Here, the best result in terms of GM score (over 96%) was achieved by 
WSVM, the pure cost-sensitive approach. Next, the AdaBoost and SMOTETomek+XGBoost 
methods scored over 95%. Other methods based on ensemble, cost-sensitive, and sampling 
techniques yielded GM scores above 90%.

The results for all datasets expressed by the AUC and FNR scores are provided in Appen-
dices C and D, respectively.

6.2  Effect of the dataset imbalance ratio

We also investigated how the dataset imbalance ratio influences the prediction performance 
of different methods. The imbalance ratio is defined as the ratio of the number of samples 
in the minority class to the number of samples in the majority class. We again used the 
datasets described in Sect. 3 for this evaluation. The imbalance ratio ranges from 1:417 to 
1:13 for the 14 datasets. The results for all 45 methods are depicted in Fig. 3. Many outlier 
detection methods showed a negative trend with an increasing imbalance ratio. This con-
firms our hypothesis that outlier detection methods are more suitable for highly imbalanced 
scenarios since they are more similar to outlier detection scenarios. In outlier detection, 
we usually assume that outliers rarely occur, similar to the occurrences of data points from 
minority classes in extremely imbalanced data. The best-performing methods, such as BRF, 
SMOTEENN+XGBoost, EasyE, RUSBoost, and UBagg, showed steady performance for 
different imbalance ratios. It should be noted that even though we present results as a func-
tion of the imbalance ratio, the imbalance ratio is not the sole factor affecting prediction 
outcomes. Other elements, such as the features considered, analyzed period, or country 
specifics, can significantly influence prediction performance.

6.3  Results summary

Figure  4 shows the aggregated prediction performance of all methods over all datasets. 
For the Slovak and Polish datasets, we reported the average performance across the years 
covered by the dataset. As shown in Fig.  4, the top 10 best-performing methods are all 
ensemble-based. Therefore, it appears that ensemble learning is a way to address imbal-
anced data. However, we should note that these are not pure ensemble methods but hybrid 
methods that combine ensemble techniques with other approaches for imbalanced learning, 
such as sampling and cost-sensitive learning. BRF, EasyE, SMOTEENN+XGBoost, RUS-

Category Method Data Avg.
SK_M_13 SK_M_14 SK_M_15 SK_M_16

LODA 60.26 50.88 57.96 62.412 57.88
XGBOD 51.618 73.06 80.54 75.68 70.29

Table 3  (continued) 
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Category Method Data Avg.
SK_C_13 SK_C_14 SK_C_15 SK_C_16

Sampling ADASYN+SVM 65.34 81.13 85.86 85.011 79.36
ADASYN+XGBoost 83.815 81.910 84.610 67.416 79.512
BLSMOTE+SVM 71.110 76.28 85.311 80.416 78.211
BLSMOTE+XGBoost 78.912 84.710 88.16 50.242 75.518
SMOTE+SVM 65.13 81.17 85.86 85.311 79.37
SMOTE+XGBoost 84.510 82.99 85.71 72.215 81.39
SMOTETomek+SVC 66.46 81.84 83.211 85.711 79.38
SMOTETomek+XGBoost 88.99 85.36 89.77 77.014 85.29
SMOTEENN+SVC 74.512 82.57 85.56 85.411 81.99
SMOTEENN+XGBoost 87.59 86.56 92.17 76.914 85.79
ClusterC+SVM 45.313 58.710 79.86 70.611 63.610
ClusterC+XGBoost 81.28 83.72 89.43 95.31 87.44
NearMiss+SVM 67.17 78.48 84.97 81.410 77.98
NearMiss+XGBoost 78.98 79.73 92.95 66.121 79.49
TomekL+SVM 9.018 32.517 8.011 34.728 21.516
TomekL+XGBoost 50.526 52.216 48.326 32.740 45.927

Ensemble AdaBoost 46.625 42.723 34.129 27.935 37.828
RF 30.526 36.032 24.231 23.129 28.429

Outlier CBLOF 65.75 70.92 83.02 80.23 74.93
COPOD 73.22 76.13 84.03 87.03 80.03
KNN 67.82 71.33 85.32 89.92 78.52
LMDD 38.215 26.917 64.17 36.531 41.418
LOF 66.64 73.24 80.22 89.22 77.33
LSAD 86.92 75.42 86.33 88.94 80.03
MCD 71.13 61.13 67.62 63.04 65.73
OCSVM 33.95 36.75 45.14 32.61 37.94
PCA 66.14 66.75 81.82 78.14 73.14

Cost-sensitive WSVM 48.48 54.918 34.229 27.935 41.322
Hybrid (Ensemble, 
Sampling)

BBagg 85.711 85.29 88.512 93.08 88.110

BCascade 87.08 86.26 95.71 95.32 91.04
BRF 85.89 85.15 90.97 92.77 88.67
EasyE 87.39 84.43 91.86 89.011 88.17
RUSBoost 84.410 85.64 89.97 90.511 87.68
SelfPE 87.29 87.35 92.36 96.41 90.75
UBagg 85.711 85.29 88.511 93.08 88.110
OverBoost 83.615 84.96 89.17 88.012 86.410
SMOTEBoost 85.610 84.18 89.47 88.112 86.89
SMOTEBagg 39.421 48.917 24.231 16.433 32.225

Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 83.913 81.76 88.06 85.511 84.89

AdaUBoost 84.310 84.85 88.87 88.112 86.48
WRF 70.26 82.76 85.711 84.911 80.89

Hybrid (Ensemble, 
Outlier)

FBagg 68.55 74.62 82.02 89.92 78.73

IF 73.93 71.32 85.03 81.55 77.93

Table 4  Overview of the GM scores (%) achieved on the Slovak construction bankruptcy datasets in the form 
of GMstd
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Boost, SMOTETomek+XGBoost, and UBagg achieved the highest overall GM scores. All 
these methods share two common approaches: ensemble learning and data undersampling. 
The next high-ranking method is OverBoost utilizing oversampling with ensemble learn-
ing. AdaUBoost, which also ranks within the top 10 best-performing methods, represents a 
combination of an ensemble model and cost-sensitive learning. On the other hand, outlier 
detection methods failed to deliver satisfactory results, even in highly imbalanced scenarios. 
We hypothesize that the outlier methods are very dataset-specific and may overfit a par-
ticular dataset. These findings align with the conclusions drawn in a recent paper Wu and 
Keogh (2023).

We employed a two-stage statistical evaluation process to assess the performance dif-
ferences and identify the most effective machine learning approaches. Initially, we utilized 
Friedman’s chi-square test (Friedman 1937), a non-parametric statistical test, to rank uti-
lized classifiers based on their performance metric (GM score) across all datasets. Fol-
lowing Friedman’s chi-squared test, to further investigate the specific differences between 
classifiers, we applied the concept of the critical difference (CDiff) (Demšar 2006). The 
CDiff is a post-hoc statistical analysis technique used to determine whether the performance 
differences between pairs of classifiers are statistically significant. By calculating the CDiff 
score, we can visually and numerically identify groups of classifiers whose performances do 
not differ significantly, providing a clearer understanding of which classifiers consistently 
outperform others and which exhibit similar levels of prediction performance.

Combining Friedman’s chi-square test with the calculation of the CDiff score, this com-
prehensive statistical approach allowed us to systematically compare and rank the effective-
ness of a wide range of classifiers, considering the variability and complexities inherent 
in multiple datasets. Through this methodical evaluation, we aimed to offer insights into 
the performance characteristics of various classifier classes, highlighting the strengths and 
limitations of each in the context of diverse data challenges. It is crucial to emphasize that 
a lower CDiff score reflects the robustness and effectiveness of the measured method. The 
calculated p-value of the chi-square test was 0.05. Comparative analysis of multiple classi-
fiers across various datasets is depicted in Table 7.

Overall, the top 10 best CDiff scores highlight the potential of hybrid methods to build 
effective and robust models across various datasets. Here, the best results were achieved by 
combining ensemble learning with sampling or cost-sensitive approaches with CDiff scores 
ranging from 5.26 to 12. The most consistent and significantly best-performing method in 
terms of CDiff score across various datasets among the utilized classifiers was achieved with 
the BRF method with a CDiff score of 5.26, followed by EasyE and SMOTEENN+XGBoost 
with equal CDiff scores of 6.5. A very promising CDiff score was also achieved by the RUS-
Boost method with a score of 7. In contrast, integrating pure cost-sensitive learning or pure 
ensemble methods resulted in CDiff scores ranging from 20.1 to 35.9, demonstrating varied 
success. These approaches emphasize the complexity of achieving consistent performance 
across different datasets and the need for meticulous model selection and tuning. Further-

Category Method Data Avg.
SK_C_13 SK_C_14 SK_C_15 SK_C_16

LODA 53.58 57.78 67.64 65.512 61.08
XGBOD 82.74 72.47 73.29 76.44 76.16

Table 4  (continued) 
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Table 5  Overview of the GM scores (%) achieved on the polish bankruptcy datasets in the form of GMstd

Category Method Data Avg.

PL_01 PL_02 PL_03 PL_04 PL_05

Sampling ADASYN+SVM 78.26 72.13 73.42 70.12 75.82 73.93
ADASYN+XGBoost 81.63 75.43 77.34 77.93 84.62 79.43
BLSMOTE+SVM 75.05 69.14 69.63 68.32 75.34 71.43
BLSMOTE+XGBoost 81.63 74.83 74.93 76.13 83.53 78.23
SMOTE+SVM 78.15 71.83 72.53 70.02 76.23 73.73
SMOTE+XGBoost 81.94 75.35 77.12 77.33 84.92 79.33
SMOTETomek+SVC 78.35 71.43 72.93 69.82 75.53 73.43
SMOTETomek+XGBoost 81.56 75.45 78.02 77.43 85.22 79.54
SMOTEENN+SVC 78.24 70.53 73.22 70.92 75.82 73.73
SMOTEENN+XGBoost 83.64 80.15 80.52 80.23 86.93 82.23
ClusterC+SVM 65.13 60.15 63.74 60.23 63.44 62.54
ClusterC+XGBoost 67.85 56.47 54.911 65.96 78.34 64.77
NearMiss+SVM 49.83 48.73 59.63 62.54 69.72 58.03
NearMiss+XGBoost 74.54 60.76 62.45 57.03 66.91 64.34
TomekL+SVM 59.38 44.55 45.53 42.16 51.44 48.55
TomekL+XGBoost 77.36 70.03 68.13 71.84 78.53 73.24

Ensemble AdaBoost 68.57 50.03 53.94 57.76 73.45 60.75
RF 69.86 59.65 54.93 54.04 72.56 62.15

Outlier CBLOF 45.71 41.21 44.33 52.41 64.41 49.51
COPOD 46.41 44.81 46.81 54.61 63.91 51.31
KNN 45.41 45.21 45.51 54.11 67.12 51.41
LMDD 13.84 18.17 23.910 34.612 23.68 22.88
LOF 50.82 46.22 47.31 49.71 61.02 50.92
LSAD 53.52 48.04 53.74 57.82 68.52 56.23
MCD 65.211 47.04 44.51 51.73 65.01 54.64
OCSVM 47.81 49.71 46.71 41.71 32.51 43.61
PCA 45.71 41.11 43.71 51.61 63.91 49.21

Cost-sensitive WSVM 71.66 59.85 56.35 55.74 76.24 63.95
Hybrid (Ensemble, Sampling) BBagg 75.96 75.53 76.52 76.12 80.93 76.93

BCascade 72.19 64.04 68.84 68.53 80.12 70.64
BRF 83.12 81.04 80.82 80.42 86.42 82.32
EasyE 83.82 79.23 80.91 81.61 84.92 82.02
RUSBoost 80.43 77.94 79.32 78.82 84.13 80.03
SelfPE 78.23 67.35 68.22 69.55 80.23 72.73
UBagg 75.96 75.53 76.52 76.12 80.93 76.93
OverBoost 81.64 77.63 78.32 80.61 84.63 80.52
SMOTEBoost 78.74 67.84 73.83 71.73 83.03 74.93
SMOTEBagg 38.15 35.75 36.93 40.64 64.14 43.04

Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 79.74 72.74 76.21 74.14 81.43 76.83

AdaUBoost 83.34 77.44 78.43 80.32 84.33 80.73
WRF 79.25 71.42 74.12 70.23 75.63 74.13

Hybrid (Ensemble, Outlier) FBagg 52.11 46.91 48.51 48.71 63.82 51.91
IF 48.91 46.32 51.12 55.51 67.41 53.81
LODA 35.53 29.13 30.69 34.15 48.49 35.56
XGBOD 0.00 0.00 0.00 0.00 0.00 0.00
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Table 6  Overview of the GM scores (%) achieved on the Taiwan and Bosnia and Herzegovina bankruptcy 
datasets in the form of GMstd

Category Method Data
TW B&H

Sampling ADASYN+SVM 84.43 92.95
ADASYN+XGBoost 85.53 94.05
BLSMOTE+SVM 85.63 91.96
BLSMOTE+XGBoost 83.94 92.46
SMOTE+SVM 86.52 91.98
SMOTE+XGBoost 85.43 92.58
SMOTETomek+SVC 86.42 92.96
SMOTETomek+XGBoost 85.83 95.06
SMOTEENN+SVC 85.92 91.46
SMOTEENN+XGBoost 86.93 94.55
ClusterC+SVM 82.32 91.55
ClusterC+XGBoost 84.32 95.05
NearMiss+SVM 78.74 88.19
NearMiss+XGBoost 84.14 91.97
TomekL+SVM 49.46 90.38
TomekL+XGBoost 58.65 91.77

Ensemble AdaBoost 54.65 95.56
RF 44.54 94.57

Outlier CBLOF 63.41 45.38
COPOD 72.31 31.95
KNN 57.32 40.55
LMDD 23.513 37.95
LOF 52.82 42.85
LSAD 53.82 46.77
MCD 62.32 50.52
OCSVM 73.72 61.511
PCA 61.51 40.16

Cost-sensitive WSVM 48.84 96.55
Hybrid (Ensemble, Sampling) BBagg 86.43 89.311

BCascade 85.72 91.58
BRF 87.22 94.07
EasyE 86.03 94.07
RUSBoost 86.53 93.07
SelfPE 85.94 91.58
UBagg 86.43 94.77
OverBoost 85.84 94.07
SMOTEBoost 84.83 93.06
SMOTEBagg 61.85 94.07

Hybrid (Ensemble, Cost-sensitive) AdaCost 83.64 93.05
AdaUBoost 85.64 94.07
WRF 86.33 91.47

Hybrid (Ensemble, Outlier) FBagg 54.41 42.23
IF 71.72 45.24
LODA 52.811 40.77
XGBOD 64.03 94.44
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more, outlier detection-based approaches yielded CDiff scores up to 41.6, which indicates 
their specific application.

These numerical insights highlight that while hybrid classifiers often provide robust solu-
tions across different datasets, the effectiveness of any given approach can vary signifi-
cantly. The substantial range in CDiff scores across all classifiers reinforces the message that 
machine learning model selection is highly context-dependent. The practical application of 
these models requires a deep understanding of both the algorithms and the specific charac-
teristics of the data to which they are applied.

Fig. 3  GM score as a function of the dataset imbalance ratio for different methods
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Table 7  Overview of the CDiff scores for all utilized machine learning approaches
Category Method CDiff Category Method CDiff
Sampling ADASYN+SVM 20.5 Sampling ADASYN+XGBoost 14.5

BLSMOTE+SVM 25.1 BLSMOTE+XGBoost 19.3
SMOTE+SVM 20.3 SMOTE+XGBoost 14.1
SMOTETomek+SVC 20.2 SMOTETomek+XGBoost 9.3
SMOTEENN+SVC 19.5 SMOTEENN+XGBoost 6.5
ClusterC+SVM 31.6 ClusterC+XGBoost 15.9
NearMiss+SVM 28.1 NearMiss+XGBoost 22.2
TomekL+SVM 41.0 TomekL+XGBoost 30.9

Ensemble AdaBoost 34.0 Cost-sensitive WSVM 20.1
RF 35.9

Hybrid (Ensem-
ble, Sampling)

BBagg 11.0 Outlier CBLOF 32.9

BCascade 12.0 COPOD 27.4
BRF 5.26 KNN 29.5
EasyE 6.5 LMDD 41.6
RUSBoost 7.0 LOF 30.9
SelfPE 10.6 LSAD 26.5
UBagg 10.0 MCD 31.8
OverBoost 10.3 OCSVM 38.1
SMOTEBoost 13.6 PCA 35.0
SMOTEBagg 39.4

Hybrid (En-
semble, Outlier)

FBagg 27.8 Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 14.7

IF 27.5 AdaUBoost 10.6
LODA 39.0 WRF 33.3
XGBOD 32.7

A lower CDiff score indicates greater robustness and effectiveness across various datasets

Fig. 4  Averaged AUC and GM scores for all utilized datasets per method

 

1 3

Page 29 of 57  104



P. Gnip et al.

Moreover, the observed variability stresses the importance of rigorous validation and 
testing in diverse scenarios to ensure the selected model’s generalizability and effectiveness 
in real-world applications. This approach not only aids in achieving optimal performance 
but also in understanding the limitations and strengths of different classifiers in various 
contexts.

7  Discussion

The results indicate that a group of methods based on undersampling and different ensemble 
strategies are able to learn patterns in data with various imbalance ratios. Several limita-
tions must be considered when generalizing the results. We attempted to collect all pub-
licly available datasets used in recent years for bankruptcy classification. These datasets are 
heterogeneous and cover different types of economies and various geographical locations. 
Using different datasets may lead to a shift in the generalized results. However, the best-
performing methods yielded very satisfying results across all evaluated datasets.

Real-world financial data may contain inaccuracies, and their application may involve 
practical challenges. The issue of financial reporting quality is of interest to many studies 
from various points of view Baik et al. (2022), Vander Bauwhede et al. (2015), and Park 
(2018). Accounting data, sources for financial ratios used in our analysis, may not accu-
rately represent a company. In general, there are two kinds of errors. The first type of error is 
unintentional clerical errors, which may or may not be immediately obvious and significant. 
The second type of error occurs from the intentional tampering of accounting data, where 
shareholders attempt to misrepresent companies’ situations based on their personal goals. 
However, these types of errors should not significantly influence our research.

As mentioned, the selected datasets were from different sources and contained different 
features. Some of the features overlap across the datasets, but some are unique. Therefore, 
for all results, as datasets are composed of different features that strongly influence the clas-
sification results, the dataset imbalance ratio should not be considered the only main factor 
impacting the results.

We did not use any feature selection techniques from the methodology perspective since 
there were no high-dimensional dataset problems. Modern classifiers can handle high-
dimensional datasets such as those used in this paper. Applying a feature selection method 
would increase the chances of overfitting.

We have provided a detailed list of the tuned hyperparameter values in Appendix B. In 
most cases, we selected two hyperparameters for each method and adjusted them within a 
reasonable range. We conjecture that more extensive tuning could potentially enhance the 
prediction performance of specific methods. However, it is important to consider the risk of 
overfitting that comes with excessive tuning. Generally, there is a preference for methods 
that exhibit robustness to variations in hyperparameter settings, as these methods tend to 
achieve higher scores in our experiments. Conversely, algorithms overly sensitive to hyper-
parameter adjustments often succumb to overfitting and are rarely employed in practical 
applications.

The comparison presented in our paper focuses primarily on performance. However, it 
is crucial to consider other factors when selecting the most suitable approach. A key aspect 
is the interpretability of classification models. It is essential to acknowledge that although 
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some models provide high predictive accuracy, their black box nature can significantly affect 
their trustworthiness and practical applicability, especially in sensitive fields like finance. 
If interpretability is a major concern, one should favor tree-based models, which offer high 
interpretability when combined with Shapley values. Notably, the best-performing methods 
in our study are tree-based ensembles, which underscores their high applicability for bank-
ruptcy prediction tasks due to their enhanced interpretability.

8  Conclusion

This paper has provided an in-depth experimental comparison of class imbalance learning 
methods applied to the task of bankruptcy prediction. Our investigation covered a wide 
array of 45 distinct methods, evaluated across 15 publicly accessible datasets spanning four 
diverse countries: the Slovak Republic, Bosnia and Herzegovina, Taiwan, and Poland. The 
results of these extensive experiments have led us to several key insights and contributions 
to the field of imbalanced learning for financial distress prediction.

First, among the array of methods tested, the BRF, SMOTEENN+XGBoost, EasyE, and 
RUSBoost classifiers emerged as the top performers. This superior performance under-
scores the effectiveness of integrating ensemble learning with undersampling strategies and 
combined sampling integrated with the XGBoost classifier, showcasing their robustness 
across a variety of imbalanced datasets.

Secondly, these leading methods consistently achieved high GM and AUC scores across 
all datasets, demonstrating their adaptability and efficacy regardless of the varying degrees 
of class imbalance present in the data. This highlights the critical role of methodological 
flexibility in effectively addressing diverse imbalance ratios.

Thirdly, our findings reveal a distinct advantage of hybrid approaches that blend ensem-
ble learning with sampling techniques over their pure sampling, cost-sensitive learning, and 
standalone ensemble counterparts. This synergy between ensemble strategies and sampling 
techniques contributes to a more nuanced handling of imbalanced data, leading to improved 
predictive performance.

Fourthly, despite the intuitive appeal of outlier detection methods for highly imbalanced 
scenarios, our analysis indicated that these methods fell short compared to hybrid ensem-
ble-based approaches. Even in situations with very high levels of imbalance, much like 
those typically handled by outlier detection, the hybrid methods always did better. This 
indicates that outlier detection might not fully address the complex challenges of predicting 
bankruptcy.

In addition to these findings, our research has revealed the multifaceted nature of bank-
ruptcy prediction across different economic contexts. The varying performance across 
datasets from different countries highlights the importance of considering local economic 
factors and dataset-specific characteristics in developing and applying predictive models.

Furthermore, our study contributes to the methodological discourse on imbalanced learn-
ing by demonstrating the utility of combining multiple strategies to tackle class imbalance, 
a common challenge in many predictive modeling tasks beyond bankruptcy prediction. 
The insights gained from this comprehensive comparison inform best practices for predict-
ing financial distress and offer valuable guidance for addressing class imbalance in other 
domains.
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In conclusion, this paper identifies effective strategies for bankruptcy prediction in the 
presence of class imbalance and sets a foundation for future research to explore the nuanced 
interactions between methodological choices and dataset characteristics. Future work 
could extend our findings by investigating the impact of feature engineering, deep learning 
approaches, and the integration of macroeconomic factors, providing a more holistic view 
of bankruptcy prediction models’ performance across varying economic landscapes.

Future research stemming from this paper could explore several key directions to enhance 
the field of bankruptcy prediction. One promising area is the integration of macroeconomic 
variables and external factors, such as market trends, industry performance, or geopolitical 
events, into predictive models. This could improve the accuracy of models, especially in 
dynamic economic environments where individual financial ratios may not fully capture the 
risk of bankruptcy. However, the availability of such a diverse dataset is very limited, even 
though building one could be highly beneficial.

Another avenue for future research is the application of deep learning techniques, such 
as transformer-based models, which may capture complex temporal patterns in financial 
data that traditional machine learning models may miss. Neural networks have historically 
been less favored for imbalanced datasets because they require large amounts of data to per-
form well, and financial distress datasets are often small and imbalanced. However, recent 
advancements in techniques such as transfer learning and data augmentation are opening 
new possibilities.

In our study, hybrid methods consistently achieved high GM scores, even in datasets 
with extreme imbalance ratios. This suggests that these models can handle significant class 
imbalances without losing predictive power. Hybrid models combine the strengths of dif-
ferent methodologies, and by utilizing neural networks for deep feature extraction, they 
could potentially further boost performance. For example, integrating ensemble techniques 
like XGBoost or RF with a neural network could address class imbalance and improve the 
prediction of minority class cases, such as bankruptcies.

Appendix A: Comparison of economic attributes in analyzed datasets

All attributes by datasets are listed in Table 8. There are five common categories of financial 
ratios: (a) liquidity ratios, (b) leverage ratios, (c) efficiency ratios, (d) profitability ratios, and 
(e) market value ratios.
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Appendix B: Hyperparameters

Table 9 summarizes the grid of utilized hyperparameters we searched.
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Appendix C: AUC score results

In addition to the GM score that was reported in the main paper, we also calculated the 
AUC score for all experiments. In Tables 10, 11, 12, 13, we provide the AUC values for all 
datasets.
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Category Method Data Avg.

SK_M_13 SK_M_14 SK_M_15 SK_M_16

Sampling ADASYN+SVM 73.811 75.310 81.68 84.910 78.910
ADASYN+XGBoost 82.54 82.16 90.97 71.814 82.78
BLSMOTE+SVM 71.813 72.312 75.612 67.911 71.912
BLSMOTE+XGBoost 76.77 78.411 76.89 71.417 75.811
SMOTE+SVM 73.811 74.69 81.58 84.910 78.710
SMOTE+XGBoost 82.64 81.86 90.97 75.917 85.29
SMOTETomek+SVC 74.111 74.79 81.39 83.711 78.810
SMOTETomek+XGBoost 83.15 85.23 91.27 79.220 84.69
SMOTEENN+SVC 74.49 75.010 81.28 84.810 78.89
SMOTEENN+XGBoost 84.44 85.77 92.45 77.35 84.96
ClusterC+SVM 63.58 55.89 59.35 76.213 63.79
ClusterC+XGBoost 78.96 84.34 88.45 89.99 85.46
NearMiss+SVM 70.710 63.713 63.720 85.98 71.013
NearMiss+XGBoost 78.07 78.74 83.06 83.112 80.68
TomekL+SVM 51.74 51.64 52.04 50.00 51.33
TomekL+XGBoost 56.77 607 59.61 58.311 58.66

Ensemble AdaBoost 56.67 56.64 55.98 56.69 56.47
RF 53.34 56.67 56.05 53.47 54.86

Outlier CBLOF 73.63 71.35 70.44 80.53 74.04
COPOD 79.61 79.52 73.41 86.92 79.82
KNN 74.33 74.83 70.42 84.13 75.93
LMDD 58.13 58.77 62.95 64.610 61.16
LOF 70.72 72.44 74.93 84.73 75.63
LSAD 73.83 75.13 71.52 86.92 76.83
MCD 68.91 78.52 72.67 75.73 73.93
OCSVM 38.16 35.33 39.25 33.95 36.65
PCA 65.95 71.24 68.44 80.53 71.54

Cost-sensitive WSVM 53.35 56.64 58.08 53.47 55.36
Hybrid (Ensemble, 
Sampling)

BBagg 82.24 85.59 88.18 87.713 85.89

BCascade 81.17 87.56 90.34 92.57 87.86
BRF 82.77 86.14 87.74 89.18 86.46
EasyE 81.35 88.95 85.27 87.68 85.76
RUSBoost 82.25 89.37 87.95 88.59 87.06
SelfPE 83.66 86.94 90.44 88.810 87.46
UBagg 82.14 85.59 88.18 87.613 85.89
OverBoost 79.53 86.77 89.65 84.114 85.07
SMOTEBoost 80.36 83.87 89.97 86.010 85.08
SMOTEBagg 53.35 53.34 52.04 53.47 53.05

Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 78.68 84.65 91.94 85.311 85.17

AdaUBoost 79.24 85.68 89.65 84.214 84.68
WRF 72.610 74.44 80.55 83.310 77.77

Hybrid (Ensemble, Outlier) FBagg 74.52 81.02 75.63 87.42 79.62
IF 77.51 77.93 71.92 85.82 78.32
LODA 63.84 60.94 61.84 67.08 63.45
XGBOD 64.87 76.74 82.53 78.96 75.75

Table 10  Overview of the AUC scores (%) achieved on the Slovak manufacture bankruptcy datasets in the 
form of AUCstd
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Category Method Data Avg.

SK_C_13 SK_C_14 SK_C_15 SK_C_16

Sampling ADASYN+SVM 70.34 81.43 86.16 85.711 80.96
ADASYN+XGBoost 85.213 83.19 85.88 73.113 81.811
BLSMOTE+SVM 72.29 76.48 8511 83.014 79.410
BLSMOTE+XGBoost 80.811 85.89 88.76 71.220 81.611
SMOTE+SVM 70.14 81.67 86.16 86.011 80.97
SMOTE+XGBoost 85.210 83.98 86.51 76.512 83.08
SMOTETomek+SVC 71.15 82.23 83.910 86.411 80.97
SMOTETomek+XGBoost 89.39 85.76 90.17 80.011 86.38
SMOTEENN+SVC 76.011 82.87 85.86 86.111 82.79
SMOTEENN+XGBoost 87.98 86.96 92.47 79.811 86.78
ClusterC+SVM 48.114 59.810 80.36 71.512 64.910
ClusterC+XGBoost 82.18 84.52 90.03 95.41 88.013
NearMiss+SVM 67.78 78.89 85.27 82.410 78.58
NearMiss+XGBoost 80.08 80.84 93.25 68.120 80.59
TomekL+SVM 52.04 56.04 52.45 59.99 55.16
TomekL+XGBoost 65.78 64.610 64.910 63.317 64.611

Ensemble AdaBoost 63.78 61.27 59.810 60.014 61.210
RF 57.88 61.513 57.310 56.79 58.310

Outlier CBLOF 67.24 71.62 83.12 80.24 75.53
COPOD 74.12 76.72 83.93 87.23 80.53
KNN 68.92 72.03 85.42 90.42 79.22
LMDD 56.86 53.54 69.45 60.511 60.06
LOF 68.04 73.64 80.23 89.72 77.83
LSAD 70.13 76.12 86.33 89.53 80.43
MCD 71.73 63.53 68.72 64.84 67.23
OCSVM 40.25 40.75 45.84 33.82 40.14
PCA 67.44 68.14 81.82 78.24 73.83

Cost-sensitive WSVM 61.94 66.511 59.910 60.014 62.110
Hybrid (Ensemble, Sampling) BBagg 86.410 86.05 89.37 93.28 88.79

BCascade 87.58 86.55 95.71 95.42 91.24
BRF 86.28 85.45 91.17 93.06 88.97
EasyE 87.88 84.53 91.96 89.810 88.57
RUSBoost 85.19 85.64 90.46 91.310 88.07
SelfPE 87.59 87.85 92.56 96.42 91.15
UBagg 86.410 86.08 89.310 93.28 88.79
OverBoost 84.913 85.26 89.47 89.011 87.19
SMOTEBoost 86.310 84.97 89.77 89.111 87.59
SMOTEBagg 59.87 63.011 57.411 56.614 59.210

Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 85.112 82.16 88.36 86.410 85.59

AdaUBoost 84.99 85.45 89.17 89.111 87.18
WRF 72.67 82.96 86.510 86.210 82.08

Hybrid (Ensemble, Outlier) FBagg 69.54 74.92 82.12 90.42 79.22
IF 74.43 71.91 85.13 81.75 78.33
LODA 60.35 62.66 68.94 68.78 65.16
XGBOD 84.14 76.35 77.17 79.23 79.25

Table 11  Overview of the AUC scores (%) achieved on the Slovak construction bankruptcy datasets in the 
form of AUCstd
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Table 12  Overview of the AUC scores (%) achieved on the Polish bankruptcy datasets in the form of AUCstd

Category Method Data Avg.
PL_01 PL_02 PL_03 PL_04 PL_05

Sampling ADASYN+SVM 79.35 72.73 74.42 71.81 75.93 74.83
ADASYN+XGBoost 82.93 77.93 78.93 79.23 85.12 82.63
BLSMOTE+SVM 76.74 71.03 69.73 69.62 75.73 72.53
BLSMOTE+XGBoost 82.33 77.43 76.12 78.03 84.33 79.63
SMOTE+SVM 79.14 72.53 73.73 70.12 76.23 74.33
SMOTE+XGBoost 83.23 78.14 78.62 79.13 85.42 80.93
SMOTETomek+SVC 79.44 72.13 74.13 70.02 75.63 74.23
SMOTETomek+XGBoost 82.95 77.94 78.72 78.63 85.72 80.83
SMOTEENN+SVC 78.74 70.73 73.52 71.52 75.92 74.12
SMOTEENN+XGBoost 84.34 80.74 80.92 80.52 87.12 82.73
ClusterC+SVM 66.03 60.84 63.94 60.43 64.43 63.13
ClusterC+XGBoost 70.14 62.45 62.86 69.45 78.94 62.75
NearMiss+SVM 50.63 50.14 59.73 62.54 70.02 58.63
NearMiss+XGBoost 75.14 61.96 64.24 64.13 71.51 67.34
TomekL+SVM 67.45 59.52 59.42 57.83 62.12 61.23
TomekL+XGBoost 79.94 74.42 73.03 75.73 80.72 76.83

Ensemble AdaBoost 73.55 62.32 64.22 66.54 76.74 68.63
RF 74.54 67.83 65.12 64.62 76.24 69.63

Outlier CBLOF 53.11 52.42 52.42 57.11 65.91 56.21
COPOD 53.91 52.91 54.31 59.81 67.51 57.71
KNN 52.91 52.81 53.01 58.41 68.22 57.01
LMDD 50.41 50.51 50.61 53.54 52.52 51.52
LOF 56.01 53.11 53.91 55.41 63.32 56.31
LSAD 53.92 52.22 55.41 58.91 68.62 57.82
MCD 67.49 53.93 52.41 56.72 66.41 59.33
OCSVM 47.81 49.71 47.21 42.41 32.51 43.91
PCA 53.11 50.51 52.01 56.71 65.61 55.51

Cost-sensitive WSVM 75.64 67.93 65.73 65.32 78.73 70.73
Hybrid (Ensemble, 
Sampling)

BBagg 77.15 76.63 77.02 76.72 81.33 77.73

BCascade 75.36 66.24 69.34 68.63 80.32 71.94
BRF 83.12 81.14 80.82 80.42 86.42 82.32
EasyE 83.92 79.23 80.91 81.51 84.92 82.12
RUSBoost 80.73 78.24 79.51 79.12 84.43 80.33
SelfPE 78.53 68.24 68.62 70.25 80.73 73.23
UBagg 77.15 76.63 77.02 76.72 81.33 77.73
OverBoost 81.83 78.12 78.72 80.71 84.72 80.82
SMOTEBoost 79.93 71.63 75.03 72.23 83.42 76.43
SMOTEBagg 57.32 56.42 56.61 57.92 69.93 59.62

Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 79.84 72.84 76.81 74.23 81.62 77.03

AdaUBoost 83.74 78.03 79.02 80.72 84.53 81.13
WRF 80.04 72.42 74.92 71.72 75.83 74.93

Hybrid (Ensemble, Outlier) FBagg 57.01 53.71 54.71 54.81 65.42 57.11
IF 55.01 53.41 56.32 59.21 68.41 58.41
LODA 51.82 51.01 50.82 52.52 58.45 52.92
XGBOD 50.00 50.00 50.00 50.00 50.00 50.00
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Table 13  Overview of the AUC scores (%) achieved on the Taiwan and Bosnia and Herzegovina bankruptcy 
datasets in the form of AUCstd

Category Method Data
TW B&H

Sampling ADASYN+SVM 84.53 93.05
ADASYN+XGBoost 85.63 94.06
BLSMOTE+SVM 85.63 92.06
BLSMOTE+XGBoost 84.34 92.57
SMOTE+SVM 86.62 92.08
SMOTE+XGBoost 85.63 92.58
SMOTETomek+SVC 86.42 93.06
SMOTETomek+XGBoost 85.93 95.06
SMOTEENN+SVC 85.92 91.56
SMOTEENN+XGBoost 87.03 94.55
ClusterC+SVM 82.42 91.55
ClusterC+XGBoost 84.82 95.05
NearMiss+SVM 79.64 88.59
NearMiss+XGBoost 84.24 92.07
TomekL+SVM 61.73 90.58
TomekL+XGBoost 66.83 92.07

Ensemble AdaBoost 64.53 95.56
RF 59.82 94.57

Outlier CBLOF 65.31 53.011
COPOD 73.71 43.47
KNN 60.71 49.16
LMDD 53.13 53.15
LOF 57.52 53.26
LSAD 59.61 47.47
MCD 64.41 56.82
OCSVM 77.22 69.46
PCA 63.81 48.96

Cost-sensitive WSVM 61.72 96.55
Hybrid (Ensemble, Sampling) BBagg 86.53 89.511

BCascade 86.02 91.58
BRF 87.22 94.07
EasyE 86.13 94.07
RUSBoost 86.52 93.07
SelfPE 86.13 91.58
UBagg 86.53 94.57
OverBoost 85.84 94.07
SMOTEBoost 84.93 93.06
SMOTEBagg 68.83 94.07

Hybrid (Ensemble, Cost-sensitive) AdaCost 83.74 93.05
AdaUBoost 85.74 94.07
WRF 86.33 91.57

Hybrid (Ensemble, Outlier) FBagg 58.61 51.96
IF 72.32 56.35
LODA 58.28 55.25
XGBOD 70.42 94.54
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Appendix D: FNR score results

In addition to the GM and AUC score, we also provide a FNR score, representing the error 
of incorrectly classifying bankrupt cases into non-bankrupt class. In Tables 14, 15, 16, 17, 
we provide the FNR values for all datasets.
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Category Method Data Avg.

SK_M_13 SK_M_14 SK_M_15 SK_M_16

Sampling ADASYN+SVM 26.720 23.317 18.717 23.320 23.018
ADASYN+XGBoost 26.78 26.713 14.713 53.327 30.315
BLSMOTE+SVM 53.324 43.325 4222 63.322 50.523
BLSMOTE+XGBoost 43.313 40.023 45.317 56.733 46.321
SMOTE+SVM 26.720 33.315 18.717 23.320 25.518
SMOTE+XGBoost 26.78 26.713 14.713 46.734 28.717
SMOTETomek+SVC 26.720 33.315 18.717 23.320 25.518
SMOTETomek+XGBoost 23.38 20.07 14.713 40.039 24.517
SMOTEENN+SVC 23.317 23.317 18.717 23.320 22.218
SMOTEENN+XGBoost 23.38 20.012 11.39 43.313 24.511
ClusterC+SVM 33.311 50.021 50.09 30.027 40.817
ClusterC+XGBoost 13.312 6.78 7.39 13.316 10.212
NearMiss+SVM 40.017 40.017 49.317 13.38 35.717
NearMiss+XGBoost 23.313 20.07 11.39 16.721 17.813
TomekL+SVM 96.77 96.77 96.08 100.00 97.35
TomekL+XGBoost 86.712 80.012 80.71 83.321 82.712

Ensemble AdaBoost 86.712 86.77 88.016 86.716 87.013
RF 93.38 86.712 88.010 93.313 90.311

Outlier CBLOF 32.76 37.88 39.28 19.35 32.77
COPOD 23.32 23.34 34.72 7.23 22.12
KNN 31.74 31.15 39.14 12.14 28.54
LMDD 78.69 77.419 61.417 64.725 70.618
LOF 39.04 36.08 30.15 10.74 28.95
LSAD 32.78 37.85 37.22 9.63 29.35
MCD 42.22 23.43 34.413 28.64 32.15
OCSVM 63.511 69.46 50.810 65.44 62.38
PCA 48.39 37.86 43.07 19.35 37.17

Cost-sensitive WSVM 20.019 40.08 23.38 23.320 26.714
Hybrid (Ensemble, 
Sampling)

BBagg 26.78 20.016 15.315 20.027 20.517

BCascade 10.013 6.78 7.39 6.713 7.711
BRF 20.012 13.37 11.39 13.316 14.511
EasyE 16.711 6.78 15.315 13.316 13.012
RUSBoost 23.38 10.013 7.39 13.316 13.512
SelfPE 13.312 10.08 7.39 13.316 11.012
UBagg 26.78 20.016 15.315 20.027 20.517
OverBoost 30.07 13.312 11.39 30.027 21.214
SMOTEBoost 23.313 23.313 14.713 23.320 21.215
SMOTEBagg 93.38 93.38 96.08 93.313 94.09

Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 26.713 16.711 7.39 13.314 16.015

AdaUBoost 30.07 20.016 11.39 30.027 22.815
WRF 93.38 86.77 84.015 93.313 89.311

Hybrid (Ensemble, Outlier) FBagg 31.13 18.41 28.85 4.72 20.73
IF 76.76 63.57 65.118 84.39 72.410
LODA 55.610 71.79 59.28 53.517 60.011
XGBOD 70.414 46.58 35.06 42.212 48.510

Table 14  Overview of the FNR scores (%) achieved on the Slovak manufacture bankruptcy datasets in the 
form of F NRstd
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Category Method Data Avg.

SK_C_13 SK_C_14 SK_C_15 SK_C_16

Sampling ADASYN+SVM 4.08 23.38 10.012 10.020 11.812
ADASYN+XGBoost 20.025 26.717 25.016 50.026 30.421
BLSMOTE+SVM 28.020 23.313 15.020 30.027 24.120
BLSMOTE+XGBoost 32.020 23.317 20.010 56.739 33.022
SMOTE+SVM 4.08 23.317 10.012 10.020 11.813
SMOTE+XGBoost 20.018 23.313 25.00 43.325 27.915
SMOTETomek+SVC 4.08 23.38 15.020 10.020 13.114
SMOTETomek+XGBoost 12.016 20.012 15.012 36.722 20.916
SMOTEENN+SVC 16.023 20.012 10.012 10.020 14.017
SMOTEENN+XGBoost 12.016 13.312 10.012 36.722 18.016
ClusterC+SVM 40.022 46.716 15.012 23.320 31.210
ClusterC+XGBoost 12.016 6.78 0.00 0.00 4.76
NearMiss+SVM 28.016 13.312 10.012 10.020 15.315
NearMiss+XGBoost 12.016 6.78 5.010 36.731 15.116
TomekL+SVM 96.08 86.77 95.010 18.016 89.410
TomekL+XGBoost 68.016 70.019 70.019 73.333 70.322

Ensemble AdaBoost 72.016 76.713 80.019 80.027 77.219
RF 84.015 76.725 85.020 86.79 83.119

Outlier CBLOF 46.56 37.83 13.43 19.35 29.24
COPOD 37.43 32.74 16.55 8.55 23.84
KNN 43.24 37.84 10.02 0.00 22.83
LMDD 81.615 89.110 55.811 74.525 75.315
LOF 45.45 33.07 20.24 1.12 24.95
LSAD 27.36 18.78 11.73 1.22 14.75
MCD 37.93 53.84 43.24 50.16 46.34
OCSVM 48.013 42.910 51.912 66.49 52.311
PCA 45.86 44.68 16.62 23.95 32.75

Cost-sensitive WSVM 12.016 16.711 20.019 23.320 18.016
Hybrid (Ensemble, Sampling) BBagg 16.020 16.718 15.020 6.713 13.618

BCascade 12.016 16.711 15.020 6.713 13.618
BRF 12.016 13.312 10.012 6.713 10.514
EasyE 8.016 13.37 5.010 10.020 9.113
RUSBoost 20.018 13.37 15.012 10.020 14.614
SelfPE 12.016 10.013 10.012 0.00 8.010
UBagg 16.020 16.718 15.020 6.713 13.618
OverBoost 20.025 13.312 15.012 16.721 16.318
SMOTEBoost 16.020 20.016 15.012 16.721 16.917
SMOTEBagg 80.013 73.320 85.020 86.727 81.220

Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 16.023 20.012 15.012 16.721 16.917

AdaUBoost 20.018 10.013 15.012 16.721 15.416
WRF 76.08 66.721 80.019 80.027 75.719

Hybrid (Ensemble, Outlier) FBagg 42.36 31.83 16.84 0.00 22.73
IF 75.610 63.811 80.311 61.88 70.410
LODA 66.69 60.89 44.26 47.817 54.810
XGBOD 31.26 47.09 45.612 41.55 41.48

Table 15  Overview of FNR scores (%) achieved on the Slovak construction bankruptcy datasets in the form 
of F NRstd
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Table 16  Overview of FNR scores (%) achieved on the Polish bankruptcy datasets in the form of F NRstd

Category Method Data Avg.
PL_01 PL_02 PL_03 PL_04 PL_05

Sampling ADASYN+XGBoost 31.45 41.54 36.66 36.54 23.73 33.94
BLSMOTE+SVM 38.88 45.06 34.75 43.73 31.06 38.65
BLSMOTE+XGBoost 28.05 42.35 37.25 39.04 26.65 34.65
SMOTE+SVM 32.89 37.03 39.45 33.83 25.96 33.85
SMOTE+XGBoost 31.06 42.27 37.03 37.35 23.43 34.25
SMOTETomek+SVC 32.59 37.83 38.65 34.23 26.67 33.95
SMOTETomek+XGBoost 31.39 41.07 31.53 35.15 23.43 32.56
SMOTEENN+SVC 28.48 31.06 32.54 36.54 28.03 31.35
SMOTEENN+XGBoost 26.56 28.77 26.93 27.24 19.83 25.85
ClusterC+SVM 24.07 43.811 35.48 40.48 45.97 37.98
ClusterC+XGBoost 13.34 12.06 9.75 9.92 13.77 11.75
NearMiss+SVM 41.32 39.59 42.05 38.16 24.14 37.05
NearMiss+XGBoost 18.84 26.06 21.23 6.64 3.41 15.24
TomekL+SVM 63.89 79.84 78.82 81.64 72.73 75.35
TomekL+XGBoost 39.98 50.84 53.14 48.05 37.84 45.95

Ensemble AdaBoost 52.49 74.83 70.54 66.07 45.17 61.86
RF 50.98 64.25 69.73 70.74 46.88 60.56

Outlier CBLOF 73.91 78.81 75.53 65.71 48.32 68.51
COPOD 73.51 75.31 73.21 64.71 54.51 68.21
KNN 74.21 74.61 74.13 63.71 43.94 66.12
LMDD 97.91 96.23 92.75 85.112 93.83 93.15
LOF 67.51 73.12 72.01 69.21 53.53 67.02
LSAD 51.64 56.817 43.213 47.510 30.44 45.910
MCD 45.217 72.25 75.21 66.44 47.21 61.36
OCSVM 54.30 50.71 45.81 65.41 65.31 56.31
PCA 73.91 79.01 76.11 66.81 49.01 69.01

Cost-sensitive WSVM 30.68 39.24 35.84 41.95 28.86 35.35
Hybrid (Ensemble, 
Sampling)

BBagg 34.310 36.05 31.72 32.82 27.15 32.45

BCascade 37.921 18.28 23.27 30.15 22.27 26.310
BRF 17.34 18.27 16.63 17.93 12.93 16.64
EasyE 15.14 19.06 18.41 17.32 15.94 17.13
RUSBoost 26.65 28.57 26.12 27.23 21.55 26.05
SelfPE 21.08 29.212 30.98 27.413 27.85 27.39
UBagg 34.310 36.05 31.72 32.82 27.15 32.45
OverBoost 22.97 30.54 28.94 25.02 20.04 25.54
SMOTEBoost 33.66 51.26 38.25 35.56 24.14 36.55
SMOTEBagg 85.34 87.04 86.32 83.33 57.85 79.93

Hybrid (Ensemble, 
Cost-sensitive)

AdaCost 18.46 24.76 14.33 28.54 23.75 21.95

AdaUBoost 23.97 31.06 30.54 27.43 21.24 26.85
WRF 48.38 64.06 67.95 68.74 41.05 58.06

Hybrid (Ensemble, 
Outlier)

FBagg 66.21 72.51 70.61 70.41 49.14 65.82

IF 48.07 50.43 50.65 49.312 66.412 52.98
LODA 85.73 90.82 88.76 87.14 72.113 84.95
XGBOD 100.00 100.00 100.00 100.00 100.00 100.00
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Table 17  Overview of FNR scores (%) achieved on the Taiwan and Bosnia and Herzegovina bankruptcy datasets in the form 
of F NRstd

Category Method Data
TW B&H

Sampling ADASYN+SVM 12.35 6.08
ADASYN+XGBoost 15.56 6.05
BLSMOTE+SVM 15.05 8.07
BLSMOTE+XGBoost 22.77 10.09
SMOTE+SVM 11.44 10.011
SMOTE+XGBoost 18.27 8.010
SMOTETomek+SVC 11.84 8.07
SMOTETomek+XGBoost 15.97 4.05
SMOTEENN+SVC 10.04 8.07
SMOTEENN+XGBoost 11.86 4.05
ClusterC+SVM 15.03 6.05
ClusterC+XGBoost 7.74 4.05
NearMiss+SVM 31.47 18.013
NearMiss+XGBoost 18.67 10.09
TomekL+SVM 75.05 14.012
TomekL+XGBoost 65.05 12.012

Ensemble AdaBoost 69.55 4.05
RF 80.03 6.08

Outlier CBLOF 50.41 71.97
COPOD 40.71 86.02
KNN 59.51 77.95
LMDD 92.86 84.03
LOF 65.32 78.04
LSAD 66.02 52.96
MCD 51.72 69.03
OCSVM 45.73 61.211
PCA 53.31 78.35

Cost-sensitive WSVM 12.75 12.010
Hybrid (Ensemble, Sampling) BBagg 16.46 14.015

BCascade 11.88 10.09
BRF 10.94 6.08
EasyE 12.35 6.08
RUSBoost 14.55 6.08
SelfPE 17.37 10.09
UBagg 16.46 6.08
OverBoost 13.27 6.08
SMOTEBoost 14.16 8.07
SMOTEBagg 60.96 6.08

Hybrid (Ensemble, Cost-sensitive) AdaCost 14.15 4.05
AdaUBoost 14.57 6.08
WRF 75.94 4.05

Hybrid (Ensemble, Outlier) FBagg 63.30 77.35
IF 66.06 45.77
LODA 64.414 81.65
XGBOD 58.83 2.74
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