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1. INTRODUCTION

Bankruptcy has risen significantly worldwide, including in more developed countries like the U.S.
and European regions such as Germany, Ireland, and Luxembourg. This issue is driven by various factors such
as personal loans, credit card debt, housing loans, and, more critically, corporate bankruptcy. According to
2024 data from Eurostat, corporate bankruptcies increased by 2.7% in the third quarter, while new business
registrations also rose by 2.2% [1]. Corporate bankruptcy is driven by severe financial losses stemming from
unclear financial strategies and government policies. The macroeconomic impacts of government policies, such
as tariffs or increases in government taxes, can also cause disruptions in supply and demand chains. These
issues may lead to price inflation that reduces society’s purchasing power [2] and decreases consumer
willingness to spend, ultimately impacting corporate businesses. These trends highlight the complex and
multifaceted causes behind corporate failures in today’s business landscape. It can lead to widespread financial
distress, including job losses and a significant financial burden on business owners and society.

While bankruptcy has emerged as a critical financial concern, financial analysts have taken greater
notice of the situation, prompting many corporations to adopt advanced business strategies aimed at improving
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financial planning and resilience. As technology evolves, artificial intelligence (Al) is being utilized to assist
financial analysts in making strategic business plans. One key area of Al is machine learning (ML), which
focuses on algorithms and analyzing patterns in data. Nowadays, ML is applied in all kinds of fields, including
healthcare, engineering, and finance. The growing reliance on ML-based decision-making has opened new
opportunities in the financial field, particularly in more critical areas like risk management and bankruptcy
prediction. ML methods are helpful as they can assist in detecting early warning signs of financial distress.
Hence, giving business owners a valuable head start in adjusting strategies and avoiding potential losses.

Various renowned single-model ML methods have been utilized for the classification of financial
data, such as support vector machines (SVM), neural networks (NN), Naive Bayes (NB), and decision tree
(DT) [3]-[5]. However, these techniques have not consistently shown a great performance in classification
tasks, and their results often vary significantly depending on the type of financial data [6], [7]. Hence, after
reviewing various studies, this research identified that the ensemble method architecture that combines multiple
models may enhance model performance. Ensemble methods have already shown promising results in other
fields, including healthcare [8], [9]. Furthermore, existing research has proven that ensemble methods perform
relatively well in financial classification tasks such as fraud detection and credit scoring [10], [11]. Thus,
making them a potentially suitable approach for bankruptcy prediction.

However, most existing bankruptcy prediction research focuses on datasets from a single country,
which limits the generalizability and accuracy of their findings across different economic environments.
Differences in regulatory frameworks and market structures across countries suggest that models validated in
one country may not perform consistently in another [12], [13]. Therefore, a clear research gap exists in the
comparative evaluation of ensemble ML methods. This paper contributes a comparative evaluation of ensemble
methods for corporate bankruptcy prediction using datasets from both Taiwan and the U.S. By conducting a
cross-country analysis, this research enhances the practicality and effectiveness of bankruptcy prediction
methods and supports the development of more reliable early warning systems for financial risk management.
The aim of this research is to identify the most effective method for corporate bankruptcy prediction and
determine whether the ensemble methods are indeed more effective for bankruptcy classifications than single
classifiers. In order to achieve this aim, the following objectives are briefly outlined:

— To study the behaviors and processes of ML methods, including ensemble methods.

— Toreview existing literature about ensemble methods for classification in bankruptcy prediction.

— To compare the results of the studied ensemble methods using various evaluation metrics such as accuracy,
precision, recall, F1 score, relative absolute error (RAE), and also the time taken to build the model.

— To verify whether the best-performing ensemble method is a state-of-the-art technique by comparing it with
many other existing methods, including single-model approaches.

The objectives of this research are divided into four vital components, which start with an in-depth
study of ML methods, including single classifiers and ensemble methods. Secondly, various existing studies
on the bankruptcy classification task will be thoroughly reviewed to understand the nature and expected
outcomes. Based on the review, prominent ensemble methods, such as random forest (RF), stacking, and
adaptive boosting M1 (AdaBoost M1), have been selected for the classification-based study of corporate
bankruptcy prediction [11], [14], [15]. Then, a comparative analysis of the studied ensemble methods’ results
classification using the Taiwan and U.S. financial datasets will be conducted using several evaluation metrics
to identify the best-performing method. Finally, the best-performing method will be compared with other
approaches, including single classifiers, to verify and validate whether it is a state-of-the-art technique. To
enhance clarity, this paper is structured as follows: related works, method, results, discussion, and conclusion.

2. METHOD

Classification is widely recognized by computer scientists as a fundamental technique to achieve
accurate prediction and forecasting, as it involves an extraction of information from the data [16], [17]. VVarious
ML methods can be applied to solve classification problems. However, this research identified that ensemble
methods display superior capability in financial classification tasks, which is supported by multiple findings
from existing literature. For instance, the stacking ensemble incorporated with convolutional neural network-
long short-term memory (CNN-LSTM) as base classifiers had achieved a classification accuracy of 52.13%
using a real-world Bitcoin price dataset collected from January 1, 2018, to August 31, 2019 [18]. This result is
considered reasonable given the volatile nature of cryptocurrency markets and the challenging task of Bitcoin
time-series data classification. Then, AdaBoost managed to achieve an accuracy of 86.96%, while RF and extra
trees classifier both scored 88.41% using the Australian Credit dataset acquired from the UCI ML repository
[19]. These results greatly outperformed traditional single classifiers such as logistic regression (LR) (83.33%),
DT (82.61%), and K-Nearest Neighbors (71.74) [19]. Additionally, both bootstrap aggregation (bagging)
methods that utilized DT and multilayer perceptron (MLP) as base classifiers achieved a perfect classification
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accuracy of 100% when classifying the dataset obtained from the New York Stock Exchange (NYSE) [20].
Based on this same research, MLP with Boosting attained a high-performing accuracy score of 96.32% for
stock market prediction [20]. Given the strong performance of various ensemble methods in the existing studies
related to finance prediction, this research decided to adopt ensemble methods for corporate bankruptcy
classification, despite the limited comparison and evaluation of results across different bankruptcy datasets.

2.1. Ensemble method

Ensemble methods are regarded as more advanced ML techniques because they involve more intricate
processes compared to single classifiers. Technically, their operations and processes can differ significantly
depending on the ensemble type. Nonetheless, the fundamental idea behind every ensemble method is to
aggregate predictions from multiple models and leverage diverse perspectives before making a final decision
output [21]. This approach assists in increasing the generalization capability and stability while simultaneously
reducing the risk of overfitting [22]. By combining multiple models, ensemble methods are better able to
capture complex patterns in data, which leads to better performance [23]. Various types of ensemble methods
are available to improve classification performance, including bagging, stacking, and boosting. Some ensemble
methods, such as bagging, RF, and AdaBoost are composed of homogeneous base classifiers, while others are
heterogeneous, combining different types of base classifiers. In this context, base classifiers serve as individual
models, whereas the ensemble acts as the overarching architecture. Based on the existing theoretical
explanations, the effectiveness of ensemble methods is partly due to the reduction of bias [24]. This research
focuses on ensemble methods for corporate bankruptcy prediction to evaluate and verify their potential in
financial risk classification. The analysis and review in this research concentrate on the three most prevalent
ensemble methods, which are stacking, RF, and AdaBoost M1, consecutively.

2.1.1. Stacking

Stacking is a classic ensemble method that has seen a gain in interest in recent years, largely due to
advances in modern computing power. It employs a two-stage ensemble architecture. In the first stage, referred
to as level 0, base classifiers are trained on the training set while predictions are made for the validation set, as
the training data is split into training and validation sets. Then, for the second stage, known as level 1, a
meta-classifier would be used for another round of classification. However, rather than learning from the
original training data, the meta-classifier conducts classification using prediction outputs of the base classifiers
to determine the test data prediction. This approach is designed to improve generalization and discover more
complex data patterns. The existing research by Watono et al. [25] that implemented stacking using six diverse
base classifiers acquired the classification accuracy and F1 score of 92.29% and 91.87%, respectively, when
using the Bank Term Deposit dataset. These results are based on SVM as a meta-classifier and classification
of the original non-resampled dataset. Overall, this result outperforms extreme gradient boost (XGBoost),
which obtained an accuracy of 91.62%, and RF with an accuracy of 91.36%. Then, Muslim proposed a
sophisticated method that combines a genetic algorithm and SVM for feature selection, with stacking as the
classification method. The research reported that this novel stacking approach achieved an outstanding
accuracy of 99.58% when classifying the Taiwanese Bankruptcy prediction dataset [26]. This result shows the
high potential of stacking in bankruptcy prediction. However, despite its good performance, stacking may
impose a high computational burden, particularly when it involves a combination of high complexity
classifiers. In this research, stacking is implemented as a heterogeneous ensemble, where the base classifiers
are of different types to ensure diversity in level 0 outputs. The base classifiers used are NB, LR, random tree
(RT), and DT with C4.5 (J48) as the learning algorithm, while the meta-classifier, LR, is selected following
the rule of thumb.

2.1.2. Random forest

Bagging is an ensemble method that uses bootstrapped and resampled data to train multiple models
[8]. Each model was trained independently using different bootstrapped samples of training data. However,
there are slight differences between bagging and RF that significantly affect the outcomes, particularly the
introduction of feature randomness, in which at each split in the tree, it selects only a random subset of features.
The feature randomness helps to decorrelate the trees and reduces the likelihood of constructing similar trees.
Hence, this further reduces variance and solves the overfitting issues. RF is also suitable for both classification
and regression problems, where it predicts the output using the mode for classification and the mean for
regression. RF builds multiple DTs during the training phase, which reduces the impact of variance from
individual trees, thereby increasing model stability and making it more robust to outliers. However, the
implementation of multiple DTs also reduces the overall interpretability compared to a single DT. Based on
existing research by Zhang [27], RF had a lower standard deviation of mean square error (MSE), which ranged
only from 0.01 to 0.05, compared to DT, ranging between 0.03 to 0.07, indicating RF is less overfitting and
has better generalization than DT when classifying COMPUSTAT financial data. It also had a better anomaly
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detection accuracy compared with DT, ranging between 0.94 to 0.98 versus DT, with only between 0.9 to 0.96.
Then, an existing research by Patel et al. [28] demonstrated that RF with an accuracy of 81.45% outperformed
several methods, including other ensemble approaches such as bagging (74.16%), LogitBoost (78.65%), and
Voting (53.25%) when classifying the Bombay Stock Exchange dataset. Nevertheless, a notable weakness of
RF is its large model size, resulting from the use of unpruned trees and the typical requirement of around 100
base classifiers [29]. In this research, RF is implemented using RT as the base classifier, following the WEKA
default setting.

2.1.3 Adaptive boosting M1

AdaBoost M1, which is commonly referred to as AdaBoost, was developed by Freund and Schapire
[30] and has lower complexity than the later AdaBoost M2 variant. This method applies the boosting algorithm
and utilizes base classifiers that are widely known as weak learners. The process of AdaBoost begins by
assigning equal weights to all instances in the dataset, which forms a uniform weights distribution. In the first
round, a weak learner is trained using these initial weights. The process then proceeds iteratively and
sequentially [31], where in each round, the instance weights are adjusted to emphasize the misclassified
instances. Specifically, misclassified instances would receive higher weights so that they would become more
prominent for the next weak learner classification. Simultaneously, each trained weak learner is also assigned
a weight based on its accuracy. More accurate models would receive higher weights and have a greater impact
on the final prediction. This iterative training of weak learners is repeated for a set number of iterations. Lastly,
all the weak learners are combined, and the final prediction is made using a weighted majority vote [32]. Based
on research by Chang et al. [33] shows that AdaBoost obtained an accuracy of 84.7% for test data prediction
of the Chinese stock market dataset, even with a 3% tolerance for uncertainties. Aside from achieving a strong
accuracy performance, the same research revealed that AdaBoost achieved a remarkable precision score of
89.2% and a recall of 94.3%. Moreover, research by Tsai and Hung [34] revealed that traditional AdaBoost
managed to acquire outstanding accuracies of 86.12%, 87.64%, 86.02%, and 86.84% for the Enterprise
Performance datasets of China, Japan, Korea, and Taiwan, respectively. Based on the analysis, AdaBoost got
a favorable average accuracy of 86.66% for two-class classification, which is just slightly lower than modified
AdaBoost with 88.04% but relatively better than back propagation neural network with 84.64%. Despite the
superior performance in existing financial studies, AdaBoost has a drawback involving high sensitivity to noise
and outliers, and can be detrimental with class noise [35]. C4.5 (J48) is selected as the base classifier for
AdaBoost M1 in our research because it is a stronger classifier than the decision stump that is typically applied
for AdaBoost studies.

3. RESULTS

The evaluation metrics applied to assess the methods’ performance are accuracy, precision, recall, and
F1 score, which are computed using the confusion matrix. Accuracy is defined as the count of correctly
predicted instances divided by the total instances. Precision is basically the ratio of true positives to the sum of
true positives and false positives. Meanwhile, recall is the ratio of true positives to the sum of true positives
and false negatives. The F1 score is the harmonic mean of both precision and recall, providing a balanced
evaluation of both metrics. Additionally, the time taken to build models (measured in seconds) was used as a
time-based performance evaluation while RAE was used to measure how well a model performs relative to a
simple mean-based predictor, which is lower values of RAE indicate higher predictive accuracy. For the
experimentation, stratified k-fold cross-validation with k set to ten. This approach was more reliable as each
split fold of data has approximately the same percentage of samples as the full dataset, thereby reducing the
risk of bias in results. The experiment was carried out thoroughly using the WEKA tool on a MacBook M1.
Preprocessing was limited to WEKA’s standard handling of missing values. All studied ensemble methods
used WEKA'’s default hyperparameters, as no manual tuning was performed.

3.1. Results of the U.S. Bankruptcy dataset and Taiwan Bankruptcy dataset classification

In this research, two corporate bankruptcy datasets were utilized to evaluate the classification
performance and predictive capability of the methods in the context of financial risk prediction. The first dataset
is the U.S. Bankruptcy dataset, which was obtained from Kaggle and is publicly available. This novel dataset
consists of 8,262 American public companies listed on the NYSE and NASDAQ, spanning the years 1999 to
2018. It originally comprised 21 attributes (including the target variable), but the company name feature was
removed during preprocessing as it did not contribute to classification, resulting in a total of 20 attributes. The
dataset includes 78,682 instances, with all features represented as numerical continuous values. The target
variable, referred to as "class," indicates the status of a company, whether the company is still alive (sustained)
or failed (bankrupt). This dependent variable is predicted based on a set of independent variables, which
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represent the key financial indicators of a company’s operational performance and fiscal stability. These
include current assets (X1), cost of goods sold (X2), depreciation and amortization (X3), EBITDA (X4),
inventory (X5), net income (X6), and total receivables (X7). Additional variables such as market value (X8),
net sales (X9), total assets (X10), and long-term debt (X11) provide insights into the company’s valuation and
capital structure. Other vital features include EBIT (X12), gross profit (X13), current liabilities (X14), retained
earnings (X15), total revenue (X16), total liabilities (X17), year (X19), and total operating expenses (X20),
which collectively span a comprehensive range of financial performance.

Then, the second dataset used in this research is the Taiwan Bankruptcy dataset, which was collected
from the publicly accessible UCI ML Repository. This dataset originates from the Taiwan Economic Journal
and covers corporate records between 1999 and 2009, while the companies’ bankruptcy status was determined
following the criteria set by the Taiwan Stock Exchange. It consists of 6819 instances with 96 attributes related
to a company’s operational performance and solvency status. The solvency status acts as a target variable with
the class label of O representing bankruptcy, and a label of 1 signifies non-bankruptcy. The 95 independent
variables used as input features for the classification task are represented with various financial ratios and
accounting figures that provide insights into the companies’ financial health. These features consists of debt
performance indicators like cost of interest-bearing debt (X1), interest expenses to total revenue (X5), and total
liability to equity ratio (X6), as well as liquidity and leverage indicators such as the current ratio (X3), quick
assets to current liability (X16), and degree of financial leverage (X36). Profitability and efficiency ratios are
also included, such as operating income to capital (X10), gross profit to net sales (X54), and return on total
assets (X52). Moreover, the dataset contains detailed cash flow and per-share metrics, such as cash flow per
share (X44), earnings per share (EPS-Net Income) (X61), and cash flow to total assets (X84). Features consist
of growth measures like net income growth (X90) and total asset growth (X93), incorporated in this dataset to
capture dynamic financial trends. All the features are in numerical format with no missing data. Then, due to
class imbalance in both datasets, the weighted average technique is used to compute evaluation metrics,
including precision, recall, and F1 score. This technique is advantageous as it assigns greater importance to
certain classes based on their significance and frequency. Tables 1 and 2 display the performance comparison
of the ensemble methods for the U.S. and Taiwan Bankruptcy datasets, respectively.

Table 1. Performance comparison of ensemble methods on the U.S. bankruptcy dataset using accuracy,
precision, recall, F1 score, RAE, and computation time

Method Accuracy  Precision  Recall  Fl-score RAE Time (s)
RF 93.9338 93.9 93.9 915 81.6658  43.72
AdaBoost M1 94.0075 92.7 94.0 929 48.2407  222.96
Stacking 93.5907 92.2 93.6 91.0 91.7633  102.01

Table 2. Performance comparison of ensemble methods on the Taiwan bankruptcy dataset using accuracy,
precision, recall, F1 score, RAE, and computation time

Method Accuracy  Precision  Recall  F1 score RAE Time (s)
RF 97.067 96.4 97.1 96.1 75.276 2.12
AdaBoost M1 96.7737 96.0 96.8 96.2 50.3425 12.59
Stacking 96.8177 95.7 96.8 95.8 92.6746 18.11

The classification results of the three ensemble methods differed marginally, only within 1% in terms
of accuracy, precision, and recall for both datasets. However, a stark difference was observed in the time taken
to build the classification models for the U.S. Bankruptcy dataset. Specifically, RF required only 43.72 seconds,
while AdaBoost M1 and Stacking took 222.96 seconds and 102.01 seconds, respectively. A higher time taken
to build the AdaBoost M1 and Stacking models reflects a greater computational cost and complexity. Despite
the substantial difference in runtime, AdaBoost M1 achieved the best classification performance for the U.S.
Bankruptcy dataset, with an accuracy of 94.0075%, a recall of 94%, and an F1 score of 92.9%, outperforming
both RF and stacking. Furthermore, it recorded the lowest RAE at 48.2407%, compared to RF's 81.6658% and
stacking's 91.7633%, demonstrating stronger generalization performance, as both RF and stacking exceeded
81%. Figure 1 illustrates the classification performance comparison of ensemble methods on the U.S.
Bankruptcy dataset. For the Taiwan Bankruptcy dataset, RF achieved the highest accuracy at 97.067%, the
highest precision at 96.4%, and the highest recall at 97.1%. It also had the shortest training time with only 2.12
seconds, compared to AdaBoost M1’s 12.59 seconds and stacking’s 18.11 seconds. The differences in accuracy
performance on both datasets indicate that model performance is influenced by dataset characteristics such as
feature structure, heterogeneity, and class imbalance. A detailed discussion of these effects is presented in the
Discussion section. However, in terms of the F1 score, which is the harmonic mean of precision and recall,
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AdaBoost M1 yielded a better result at 96.2%, outperforming RF. Additionally, AdaBoost M1 also achieved
the lowest RAE with this dataset, with only 50.3425%, highlighting its stronger predictive capability. Figure 2
shows the classification performance comparison of ensemble methods on the Taiwan Bankruptcy dataset.
These findings indicate that even though AdaBoost M1 did not always achieve the highest accuracy, it

demonstrated the greatest potential for financial forecasting.

U.S Bankruptcy Dataset Performance Comparison
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Figure 1. Classification performance comparison of ensemble methods (RF, AdaBoost M1, and stacking) on
the U.S. bankruptcy dataset using accuracy, precision, recall, and F1 score

Taiwan Bankruptcy Dataset Performance Comparison
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Figure 2. Performance comparison of ensemble methods (RF, AdaBoost M1, and stacking) on the Taiwan
bankruptcy dataset using accuracy, precision, recall, and F1 score

3.2. Comparative analysis of the ensemble method

As this research identified that ensemble methods achieved superior classification performance, all
exceeding 90% accuracy, a comparative analysis was conducted on the results of AdaBoost M1, which was
found to have the highest potential for financial forecasting and prediction. The purpose of this comparative
analysis is to validate whether AdaBoost M1 is comparable to other existing methods, including single-model
approaches. Therefore, this research compares AdaBoost M 1’s results with other methods, such as C4.5 or J48,
in the context of WEKA, Bayes network, MLP, and NB, all of which are renowned single classification
techniques. Additionally, LogitBoost, another boosting method, was also selected for the comparative analysis
for further validation. The classification results were derived from a preliminary study conducted using the
WEKA tool, given that neither dataset is commonly utilized in benchmark research. For LogitBoost, REPTree
was selected instead of the C4.5 base classifier, which had been used for AdaBoost M1, as it is not supported
due to the production of multi-branch trees, which may destabilize boosting in the U.S. Bankruptcy dataset.
Accuracy is selected as the evaluation metric in this analysis, as it reflects the overall correctness of
classification. The performance analysis of the methods was conducted using both the U.S. and Taiwan
bankruptcy datasets. Tables 3 and 4 present the comparative performance analyses of classification methods
for the U.S. and Taiwan bankruptcy datasets, respectively.

Bulletin of Electr Eng & Inf, Vol. 15, No. 3, June 2026: 2747-2757



Bulletin of Electr Eng & Inf ISSN: 2302-9285 g 2753

Table 3. Comparative performance analysis of classification methods on the U.S. bankruptcy dataset

Method Accuracy (%)
C45 93.1369
Bayes network 88.6861
MLP 93.3657
NB 14.1722
LogitBoost (REPTree base classifier) 93.2157
AdaBoost M1 94.0075

Table 4. Comparative performance analysis of classification methods on the Taiwan bankruptcy dataset

Method Accuracy (%)
C45 95.9965
Bayes network 86.2736
MLP 96.1725
NB 69.805
LogitBoost (REPTree base classifier) 96.6124
AdaBoost M1 96.7737

Among the methods of C4.5, Bayes network, MLP, NB, LogitBoost, and AdaBoost M1, the latter
managed to score the best classification accuracy with 94.0075%, while MLP ranked as the second-best with
93.3657% when classifying the U.S. Bankruptcy dataset. NB showed the lowest classification performance,
with only 14.1722%, indicating its lack of predictive power, as real-world financial datasets often contain
numerical features that are skewed and correlated, causing conflict with the method’s assumption of a normal
(Gaussian) distribution for continuous features. Moreover, the Bayes network also underperformed, achieving
an accuracy of only 88.6861%. Despite having greater flexibility than NB, Bayes network still heavily relies
on probabilistic assumptions and often requires discretization of features for better classification performance.
Additionally, it requires extensive parameter tuning to effectively manage complex, continuous, and correlated
data. Meanwhile, for the Taiwan Bankruptcy dataset, AdaBoost M1 also achieved the highest classification
accuracy at 96.7737%, followed by the LogitBoost ensemble with 96.6124%. In contrast, Naive Bayes
(69.805%) and Bayes network (86.2736%) showed comparatively weaker performance on this dataset,
suggesting lower potential for financial prediction and a possible need for further parameter tuning.
Figures 3 and 4 show the accuracy comparison of the classification methods for the U.S. and Taiwan
Bankruptcy datasets, respectively. Based on the in-depth analysis, AdaBoost M1 outperforms those methods
on both datasets.

Comparison of the Methods' Results for
the U.S Bankruptcy Dataset

Comparison of the Methods' Results for the
Taiwan Bankruptcy Dataset

Classification (%)

: : 94.0075
100 931369 oo oo, 93.3857 93.2157
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Cc45 Bayes Network MLP Naive Bayes LogitBoost AdaBoost M1
Method
Naive LogitBoost  AdaBoost Method

Bayes M1

Accuracy (%) Accuracy (%)

Figure 3. Accuracy comparison of classification Figure 4. Accuracy comparison of classification
methods on the U.S. bankruptcy dataset methods on the Taiwan bankruptcy dataset

4. DISCUSSION

This research explores various ML methods, with a particular focus on ensemble methods for
corporate bankruptcy classification. The collected datasets utilized for this research are the U.S. and Taiwan
Bankruptcy datasets. The main limitation of these datasets is that they are heavily imbalanced. In the Taiwan
Bankruptcy dataset about 6599 negative classes with a value of 0 (non-bankrupt) and only 220 positive classes
with a value of 1 (bankrupt). Similarly, with the U.S Bankruptcy dataset, 73462 with alive as the class, while
only 5220 with the failed class. The number of instances in both datasets is substantial for classification
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purposes. The performance of RF, AdaBoost M1, and stacking was thoroughly analyzed using those datasets.
The overall findings of the experiment indicate that the AdaBoost M1 achieved the highest classification
accuracy for the U.S. bankruptcy classification, while RF obtained the highest accuracy result for the Taiwan
dataset. This contrast in performance among ensemble methods across the two datasets can be largely attributed
to differences in dataset characteristics, such as feature distributions and data size, as well as how each model
responds to these variations. The Taiwanese dataset consists contains well-structured patterns and relatively
low noise, despite a high degree of class imbalance. In this context, RF performs particularly well in terms of
overall accuracy by aggregating multiple decision trees trained on bootstrapped samples, which effectively
reduces variance and captures dominant patterns in the majority class. This leads to RF having better accuracy
performance on the Taiwanese dataset with 97.067%. The result outperforms other existing studies like LR-
Kendal Tau with 86.36% [36], SVM-Domain adaptation learning with 82%, and XGBoost with 94.5% [37].
The Taiwan Bankruptcy dataset consists of 6819 instances, which is slightly smaller and potentially cleaner.

In contrast, the U.S. bankruptcy dataset is larger, noisier and more heterogeneous, reflecting greater
variability in the dataset. This increased complexity, combined with class imbalance, makes AdaBoost M1
more effective for the U.S. bankruptcy dataset. In terms of accuracy, it achieved 94.0075%, outperforming
methods like artificial neural network, which acquired 78% and LR with 57% [38]. This is due to its iteratively
emphasizes misclassified instances, which normally belong to the minority bankruptcy class. Overall, these
distinctions in dataset size, quality, and complexity contribute to the observed differences in model
performance, reinforcing the importance of aligning model choice with data characteristics. To determine
which method offers overall greater predictive performance, this research also utilized the F1 score as the
primary evaluation metric for ensemble methods comparison, as it balances both precision and recall. The
selection of both accuracy and F1 score as the main evaluation metrics is common in ML studies, as they allow
for a more accurate and balanced comparison of results across methods. In terms of F1 score, AdaBoost M1
recorded the highest values for both datasets, making it the best-performing ensemble method in this study.
AdaBoost’s superior F1 score performances on both datasets can be attributed to its ability to focus on
misclassified instances, which improves recall for minority classes. While RF yields higher overall
classification accuracy for the U.S Bankruptcy dataset by correctly classifying the majority class, it can
sometimes underperform on the minority class, which leads to lower precision or recall. In contrast, AdaBoost
iteratively reweights misclassified samples, giving it an edge in balancing both precision and recall, which is
particularly reflected in a higher F1 score.

Then, the primary advantage of utilizing AdaBoost M1 is its robustness to overfitting. Overfitting
happens when a model performs well on training data but fails to generalize to unseen test data. In contrast,
AdaBoost M1 recorded the lowest RAE among the studied ensemble methods. For instance, in the
classification of the U.S. Bankruptcy dataset, it had only 48.2407% RAE, and for the Taiwan Bankruptcy
dataset classification, it had 50.3425% RAE, indicating that overfitting was not a major issue. The overfitting
issue normally emerges when a model becomes too complex, leading the model to capture noise instead of
meaningful data patterns. The excellent performance of AdaBoost in corporate bankruptcy prediction is heavily
attributed to its boosting mechanism, which iteratively adjusts the weights of misclassified instances. This
process allows the model to focus more on the minority class samples that are harder to classify. The
reweighting strategy improves prediction for minority classes, making AdaBoost a strong candidate for
imbalanced classification problems like bankruptcy prediction.

In this research, a comparative analysis is being carried out between AdaBoost M1 with several
renowned single-model approaches, including MLP, NB, Bayes network, and C4.5, and another boosting
method known as LogitBoost, using corporate bankruptcy datasets of two countries, was conducted to evaluate
AdaBoost M1°’s effectiveness. Based on the analysis, the comparison based on classification accuracy revealed
that AdaBoost M1 consistently delivered superior performance across both datasets. Aside from identifying
AdaBoost M1 as the top-performing ensemble method, the findings also emphasized the overall strength of
ensemble methods that outperformed single classifiers. An exception was observed with the U.S. Bankruptcy
dataset, where the MLP slightly surpassed LogitBoost by obtaining a higher accuracy score of 93.3657%.
However, ensemble methods clearly manage to outperform all the single classifiers for the Taiwan Bankruptcy
dataset. These results act as evidence that further reinforces the advantage of ensemble methods, especially
AdaBoost M1, in bankruptcy prediction tasks.

Despite its remarkable performance, AdaBoost has a critical limitation involving the training time.
For instance, AdaBoost M1 took 12.59 seconds for the classification of the Taiwan Bankruptcy dataset. This
duration is significantly longer compared to RF, which completed the training time in just 2.12 seconds. Aside
from that, AdaBoost required 222.96 seconds to build the model for the U.S. Bankruptcy dataset. This duration
is noticeably greater than both RF and stacking. All these results indicate that AdaBoost tends to be more time-
consuming, reflecting its higher computational cost and complexity. The trade-off between performance and
computation time is particularly relevant for large-scale financial datasets, where training time could increase
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extensively. Hence, it impacts the practical deployment despite the method’s superior F1 score and ability to
handle class imbalance effectively. Worst case in scenarios, where fast training time is essential, such as real-
time applications, this delay may cause a challenge. The long training time of AdaBoost stems from its iterative
reweighting process, which proceeds until it fine-tunes the decision boundary for optimal results. Nevertheless,
the need for split-second decisions is less critical in corporate bankruptcy prediction compared to fields like
emergency healthcare or cybersecurity of malware intrusion. Thus, longer training time is not necessarily a
major drawback for AdaBoost. It can be practical for financial monitoring and risk assessment. Banks can use
it to identify firms at risk of bankruptcy. Thus, enabling early intervention and informed lending decisions. Not
only that, but corporations can also leverage the cross-country predictions to manage international portfolio
risk, while regulators may integrate the method into monitoring systems to detect emerging bankruptcy risks.

5. CONCLUSION

The main contribution of this research lies in its cross-country comparison of ensemble ML methods
for corporate bankruptcy prediction. Specifically, this study evaluated the performance of well-known
ensemble ML methods, including RF, AdaBoost M1, and stacking, for corporate bankruptcy prediction using
datasets from Taiwan and the U.S. The ensemble methods managed to consistently outperform single
classifiers, as they combine multiple models to reduce prediction errors and improve generalization. The results
show that RF achieved the highest accuracy for the Taiwan dataset, while AdaBoost M1 had the highest
classification accuracy for the U.S. dataset. In order to further evaluate the robustness of the method, other
metrics such as precision, recall, F1 score, RAE, and time taken were used during the experiment. This led to
the identification that AdaBoost M1 scored best in both datasets through the highest F1 score among the
ensemble methods. Hence, highlighting the robustness of AdaBoost M1 in cross-national bankruptcy
prediction. However, to further validate the generalization capability of AdaBoost M1 in financial risk
classification tasks beyond bankruptcy prediction, the method should be tested using a broader range of
financial datasets. Future research may explore more complex and larger datasets, such as cryptocurrency
markets, real-time bankruptcy prediction and GDP growth indicators. In addition, future research should also
focus on enhancing AdaBoost M1 by curating the selection of base classifiers, exploring deep learning—based
ensembles and conducting more extensive data preprocessing, including techniques such as feature selection
and fuzzification of data.
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