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Financial distress prediction is a critical area of study within financial risk management,
influencing decision-making for various stakeholders, including financial institutions, regulators,
investors, and corporate managers. Traditional models, such as logistic regression, have been
widely used to assess financial distress, but recent advancements in machine learning offer
promising improvements in predictive accuracy and model efficiency.

The research conducted evaluates multiple models, including logistic regression, K-nearest
neighbors, decision trees, support vector machines, and neural networks. The results indicate that
these models exhibit strong predictive capabilities, with all models achieving an accuracy
exceeding 67%. Among the evaluated models, traditional logistic regression performed the
weakest, highlighting the limitations of conventional statistical methods in handling complex
financial data. KNN, while effective, exhibited marginally lower performance than the decision
tree model. Neural networks emerged as the most effective model, achieving the highest accuracy
and AUC. This underscores their superior predictive performance in financial distress forecasting.
These findings reinforce the practical utility of machine learning in financial risk assessment.
While neural networks demonstrate the highest predictive accuracy, their limited explainability
raises concerns regarding the transparency of the model's decision-making process. In contrast,
decision trees provide clearer reasoning behind predictions, making them valuable for stakeholders
requiring transparent decision-making frameworks.
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Taloudellisen ahdingon ennustaminen on keskeinen tutkimusalue rahoitusriskien hallinnassa, ja se
vaikuttaa monien sidosryhmien paiatoksentekoon, kuten rahoituslaitosten, sdéntelyviranomaisten,
sijoittajien ja yritysjohtajien. Perinteisid malleja, kuten logistista regressiota, on kdytetty laajasti
taloudellisen ahdingon arvioinnissa, mutta viimeaikaiset koneoppimisen edistysaskeleet tarjoavat
lupaavia parannuksia ennustetarkkuudessa ja mallien tehokkuudessa.

Téassd tutkimuksessa arvioitiin useita malleja, mukaan lukien logistinen regressio, KNN,
paitospuut, SVM ja NN. Tulokset osoittavat, ettd ndilld malleilla on vahva ennustekyky, ja kaikki
mallit saavuttivat yli 67 %:n tarkkuuden. Arvioiduista malleista perinteinen logistinen regressio
suoriutui  heikoimmin, mikd korostaa perinteisten tilastollisten menetelmien rajoituksia
monimutkaisen taloudellisen datan kasittelyssd. KNN malli oli tehokas, mutta sen suorituskyky jéi
hieman paitospuiden alapuolelle. NN osoittautui tehokkaimmiksi, saavuttaen parhaan tarkkuuden
ja AUC:n, mikd korostaa niiden ylivoimaista ennustesuorituskykyé taloudellisen ahdingon
ennustamisessa. Ndma havainnot vahvistavat koneoppimisen kdytinnon hyddyn rahoitusriskien
arvioinnissa. Vaikka NN saavuttaa korkeimman ennustetarkkuuden, niiden rajallinen selitettavyys
heréttdd huolta mallin pidtdksenteon ldpindkyvyydestd. Sen sijaan padtospuut tarjoavat selkeit
perustelut ennusteilleen, mika tekee niisté arvokkaita sidosryhmille, jotka tarvitsevat ldpindkyvid
paitoksenteon vélineita.
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1 Introduction

Credit risk measurements have developed in the last 20 years. Factors such as the global structural
increase in the number of bankruptcies, increase in the competitive loan margins, decrease in the
value of real assets and hence collaterals and increase in off-balance sheet instruments have
influenced the importance of financial distress assessment. 20 years ago, financial institutions used
mostly subjective analysis to assess corporate loans credit risk. Information like reputation,
leverage, volatility of earnings, and collaterals were main subjective factors which influenced the

financial distress assessment. (Altman & Saunders, 1997)

First multivariate models were already introduced by Altman in 1968. Altman introduced
discriminant analysis in assessing the financial distress of insolvent companies. The developed Z-
score used multiple financial ratios and applied multivariate analysis techniques to assess the
financial health of firms (Altman 1968). However, logistic regression analysis is a popular way to
assess bankruptcy predictions (Ptak-Chmielewska, 2016). Machine learning is a subset of artificial
intelligence focused on developing algorithms that enable computers to learn patterns, make
decisions and generate predictions from data (Zhou, 2021). Also, machine learning algorithms are
widely used in corporate decision making and in context of business and finance. Machine learning
models can be used to process large amounts of structured or unstructured data more efficiently

allowing efficient decision making and prediction. (Gao et al. 2024)

Recent research focusing on financial distress prediction has demonstrated the machine learning
models often surpass traditional statistical approaches. Boughaci & Alkhawaldehm (2020)
compared multiple models on bankruptcy datasets, including logistic regression, random forest,
support vector machines, neural networks and ensemble methods. Machine learning on Polish
dataset. Also, a broad comparative study looking at North American firms from 1985-2013 further
support these findings (Barboza et al., 2017). Barboza et al. (2017) highlight that machine learning

models show improved bankruptcy prediction accuracy over traditional models such as logistic



regression and discriminant analysis. Rajka and Polldk (2024) research also highlights the
performance of machine learning models. Artificial Neural Networks model outperformed logistic

regression in terms of classification efficiency (Rajka & Pollak 2024).

According to Kim, et al. (2020) machine learning methods have shown higher predictive accuracy
in corporates default risk assessment compared to traditional models. Also, the article by Berrada,
et al. (2024) concludes that machine learning models offer a promising approach for improving
the accuracy of corporate loan default predictions. However, the focus of prior research has been
more in bankruptcy prediction, whereas the focus of this research is on overall financial distress
assessment. The Social Development Bank for Europe (2025) defines credit risk “the potential loss
arising from a bank borrower or counterparty failing to meet its obligations in accordance with the
agreed terms”. Insolvency risk is closely associated with credit risk, specifically in the context of
corporations and financial institutions. Nasdaq (2025) defines insolvency risk as “the risk that a
firm will be unable to satisfy its debts”. However, according to Sun et al. (2014) “financial distress
is the situation that an enterprise has certain kind of financial difficulties. It is commonly
characterized by an inability to meet its financial obligations, and these challenges may include
failing to pay debts or preferred dividends, exhausting available bank deposits through overdraft,
facing liquidation due to creditors’ claims or even undergoing bankruptcy proceedings (Beaver,

1966; Altman, 1968).

Based on these definitions, financial unhealthiness in companies can be understood as a broad
spectrum of financial difficulties. Overall, definitions illustrate a continuum of financial challenges
where credit risk is a precursor, insolvency risk is a more acute condition, and financial distress
represents broader symptoms of financial instability. Effective financial management is essential

to mitigate these risks and ensure business stability.

1.1 Background and motivation

Accurate financial distress assessment is a critical component of financial stability, as it directly
affects lending practices, reduces default risk and supports regulatory compliance (Altman &

Saunders, 1997). Statistical models have been widely utilized in financial distress analysis. These
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models are favored for their interpretability and ease of application, allowing financial institutions

to assess risk with enhanced transparency. (Ravi et al., 2007)

In recent years, machine learning has transformed the capabilities of predictive modeling in
various fields, including finance (Lessmann et al., 2015). Machine learning algorithms have gained
significant popularity. Specifically, neural networks have shown promise in dealing with non-
linear relationships in financial data. Due to their capacity to learn complex patterns, neural
networks are recognized for their potential to enhance predictability in the financial distress

context. (Altman & Saunders, 1997)

The primary motivation for this thesis is to explore the comparative effectiveness of machine
learning models in the context of financial distress risk assessment. By evaluating these models’
prediction accuracy and prediction power, the research aims to provide valuable insights into their
application in financial analytics and evaluate the practical implications of these findings in

relation to existing literature.

1.2 Research objectives and research questions

Shi and Li (2019) identify logistic regression and neural networks as two of the most popular
models used in bankruptcy prediction, demonstrating a long-term dependence on statistical
methods while noting the recent shift towards machine learning approaches. However, Kim et al.
(2020) divides models as statistical approaches and machine learning techniques for corporate
default predictions. This thesis focuses on corporate financial distress assessment, examining the
effectiveness of various machine learning algorithms in providing accurate predictions.
Furthermore, it explores practical strategies for deploying these models in financial institutions to
enable real-time financial distress evaluation. While research question 1 focuses on evaluating and
comparing the performance of different algorithms using real financial data, research question 2

examines their applicability in real-world business contexts. The research questions are as follows:
1. How do different machine learning algorithms compare in assessing financial distress risk?

a. How does the traditional model logistic regression perform in comparison to other

machine learning models?
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b. When applied to the given dataset, how do logistic regression, decision tree, support
vector machine, K-nearest neighbour, and neural network models compare in terms

of accuracy, F1-score, and AUC?

2. Which machine learning models are most suitable for practical deployment in financial

distress assessment for stakeholders?

Traditional banks rely on financial distress models to assess corporate borrowers before
granting loans. Machine learning models can significantly enhance the accuracy and timeliness
of credit ratings. Traditional credit ratings are often updated infrequently, whereas machine
learning models can continuously learn and update in real time. Machine learning can
complement traditional credit rating models by providing more precise assessments, especially
for small and medium-sized enterprises that lack formal credit ratings. Also, digital lenders
and alternative financing platforms often operate with limited historical credit data, making
artificial intelligence-driven risk analysis crucial for assessing new or underbanked corporate

clients in real time. (Nayak, 2023)

Additionally, the financial stability of a company plays a crucial role for a wide range of
stakeholders, including investors, creditors, shareholders, insurance policyholders and
suppliers. Maintaining solvency ensures trust and confidence in the firm's ability to meet its
financial obligations and sustain long-term operations. Investors are always eager to
understand the financial landscape before committing their resources. Knowing where their
money is going and assessing their financial standing allows them to make informed, strategic

decisions that minimize risk and maximize returns. (Abdullah, 2021)

Company managers can leverage machine learning models to assess financial distress,
enabling data-driven decision making. These models serve as early warning systems,
identifying potential risk before they escalate and allowing for proactive measures to mitigate
financial instability. By analyzing key financial distress indicators, managers can optimize cash
flow management and improve overall financial health, which helps to strengthen the

company’s credit rating, and secure loans and investments.
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1.3 Research structure

This thesis consists of a literature review that provides a comprehensive analysis of the existing
research and methodologies on the application of machine learning techniques in financial distress
assessment. The literature review examines modern machine learning approaches used in financial
distress assessment. It discusses the growing role of machine learning models, which have
demonstrated enhanced predictive capabilities. A detailed analysis of various models, including
logistic regression, decision trees, support vector machines, k-nearest neighbor, and artificial
neural networks, is provided to compare their performance and effectiveness in assessing financial

distress.

The methodology section outlines the data processing techniques applied in this research. Data
pre-processing ensures the quality and suitability for model training including selection of
variables, which is crucial step in identifying the most relevant variables that influence financial
distress assessment. The results and analysis section presents the findings of the study, offering a
comparative evaluation of the performance of different statistical and machine learning models in
financial distress assessment. The accuracy and efficiency of the models are analyzed to assess the
predictive capabilities of each model. The conclusions section summarizes the key insights gained
from the research and presents limitations of the study is presented. Also, that chapter discusses

possible future research.
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2 Literature review

Corporate credit risk refers to the likelihood that a corporate borrower will default on its financial
obligations, which can result in losses for lenders or investors (Altman & Saunders, 1997).
Similarly, the Bank for International Settlements (2004) defines credit risk as the possibility that a
counterparty will default on obligations agreed upon the terms of a financial contract. The report

outlines various factors that contribute to credit risk.

Default risk refers to the probability that a counterparty will fail to fulfil its payment obligations.
Loss given default represents the portion of exposure that is lost in the event of default, after
accounting for any recoveries. Probability of default assesses the likelihood of a default occurring
over a specified time horizon. However, according to Altman and Saunders (1997) a company

goes bankrupt when the market value of its assets falls below its debt obligation.

According to Sun et al. (2014) “financial distress is the situation that an enterprise has certain kind
of financial difficulties”. Financial challenges, as discussed in classical literature, often encompass
difficulties such as the inability to meet debt obligations or distribute preferred dividends. These
difficulties can lead to further actions, such as overdrawing bank deposits, liquidating assets to
satisfy creditors, and, in extreme cases, the opening of formal bankruptcy proceedings (Beaver,
1966; Altman, 1968). The terms credit rating, credit scoring, bankruptcy forecasting, credit risk,
and corporate financial distress forecasting are used synonymously and collectively referred to as

financial distress assessment (Chen et al. 2016).

Financial distress assessment typically involves credit scoring, corporate credit analysis, portfolio
credit risk modeling, and bankruptcy prediction. Credit scoring is usually performed with
statistical models to estimate the likelihood that individual borrower will default, and it is
commonly applied in consumer lending. Corporate credit analysis utilities ratio analysis, cash flow
projections, and market indicators to assess the financial health of companies. However,
bankruptcy prediction is specific modeling to predict whether a corporate will fail, using financial
statement data. While bankruptcy constitutes a form of extreme credit event, financial distress

assessment also considers less severe forms of default. (Altman & Saunders, 1997)
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2.1 Previous Literature

The foundation of financial distress assessment classification models traces back to Beaver (1966)
and Altman (1968). Altman’s (1968) model predicts bankruptcy by employing multiple
discriminant analysis, and it establishes a precedent for financial distress evaluation (Altman and
Saunders, 1997). Blum (1974) introduced the failing company discriminant analysis focusing on
assessing the probability of business failure, and his research aimed to improve the accuracy of
identifying failing companies. However, Ohlson (1980) introduced a significant advancement in
bankruptcy prediction models by employing logistic regression to estimate the probability of

corporate failure.

Further developments in the field included Zmijewski’s (1984) research which employed probit
regression for bankruptcy prediction. These models are fundamentally linked to bankruptcy
forecasting, which represents a more extreme form of financial distress. However, Varetto (1998)
employed linear discriminant analysis to assess insolvency risk, which is a broader concept than
bankruptcy prediction models. The model’s evolution underscores the increasing sophistication of

statistical techniques in financial distress assessment.

Shin et al. (2005) employed support vector machines in bankruptcy prediction and examined how
different support vector machine parameter values affect prediction performance. Their research
concluded that support vector machines outperformed neural networks in bankruptcy prediction
particularly when applied to small datasets (Shin et al., 2005). Olson, et al. (2012) employed
decision trees, support vector machines, and neural networks in a bankruptcy prediction model.
Support vector machines and neural networks showed higher predictive accuracy than decision
trees. Shin et al., (2005) applied k-nearest neighbors to bankruptcy prediction and explored how
KNN can be used to classify bankrupt and healthy companies.

Rajka and Pollak (2024) examined the performance of artificial intelligence in financial distress
assessment compared to traditional statistical models. In Rajka’s and Pollédk’s (2024) research,
logistic regression is referred to as a traditional statistical model, and neural networks as artificial
intelligence. Chen (2011) compared traditional models, such as discriminant analysis, with more
advanced evolutionary computational approaches, including decision trees and support vector

machines. Also, Gepp et al., (2010) found that decision trees have superior predictive power
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compared to other techniques. However, Iparraguirre-Villanueva and Cabanillas-Carbonell (2024)
compared machines learning models, including different classifiers. A stacking classifier achieved
the highest accuracy and support vector machines, k-nearest neighbors, and logistic regression also
performed competitively in predicting bankruptcy. Neural networks have been observed to
outperform logistic regression in financial distress assessment, and decision trees and support
vector machines have shown superior performance compared to traditional discriminant analysis.

(Chen, 2011; Rajka and Pollak, 2024)

2.2 Application of Machine Learning models in Financial Distress Classification

Practical implementation of machine learning models often begins with the selection and
processing of high-quality data. Public financial disclosures, credit ratings, macroeconomic
indicators, and transactional behavior are commonly used inputs. Feature engineering plays a
critical role in ML performance. Techniques such as principal component analysis (PCA) and

autoencoders help in reducing dimensionality and eliminate redundancy. (Zhang et al., 1999)

Maté et al. (2023) conducted a comparative analysis of machine learning models for bankruptcy
prediction in Pakistani companies, highlighting the potential of such models to significantly
enhance financial risk management practices. By leveraging financial ratios, machine learning
techniques can improve risk assessment and serve as early warning systems. These capabilities not
only support more informed decision-making by financial analysts, investors, and regulatory
authorities but also contribute to systemic risk reduction and innovation in financial practices. The
study emphasizes the effectiveness of models such as decision trees, AdaBoost, and gradient
boosting, which demonstrated strong performance in accurately identifying firms at risk of

bankruptcy. (Méaté et al., 2023)

Furthermore, the research underlines the importance of utilizing financial indicators to predict
financial distress, which helps regulators set thresholds to monitor the financial health of
businesses. This approach can strengthen the resilience of the financial system by enabling
institutions to proactively manage their exposure to high-risk borrowers. It offers businesses a
mechanism to track their financial standing and implement preventive measures against potential

insolvency. (Maté et al., 2023)
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In a broader review, Sun et al. (2014) examined financial distress prediction methods, emphasizing
a structured early warning system framework. They noted that while algorithmic advancements
have been extensive, the lack of integrated frameworks limits the practical application of financial
distress methods. The authors advocate for a logical system of early warning mechanisms that
incorporates group decision-making methods to complement quantitative models. These systems
can help identify the underlying causes of financial distress and guide appropriate managerial

responses. (Sun et al., 2014)

Sun et al. (2014) also addressed the necessity of developing dynamic and imbalanced predictive
models for real-world applications. They pointed out that many financial distress prediction
models fail to account for evolving data patterns over time, limiting their effectiveness as new
distress events emerge. Kim et al. (2020) raised the interpretability challenges posed by complex
algorithms. Many machine learning models operate as “black boxes”, making it difficult for
stakeholders to understand the rationale behind predictions. Although these models are useful for
estimating risk, they do not inherently offer strategic guidance for mitigating such risks. Therefore,
a thoughtful selection of algorithms, which provide predictive power and clarity, is necessary for

effective implementation. (Kim et al., 2020)

2.3 Financial Ratio Analysis in Financial Distress Classification

Financial ratio analysis helps interpret relationships between financial statement items to assess a
company’s performance and financial health. It simplifies accounting data, making it clear and
easy to understand. However, financial distress analysis assesses a company’s ability to meet its
financial obligations, known as creditworthiness. It focuses on downside risks, analyzing liquidity
(the ability to meet short-term debts) and solvency, long-term financial stability based on

profitability and capital structure. (Babalola & Abiola, 2013)

Traditional methods to assess financial distress include financial statement analysis, ratio analysis,
and expert judgment (Blum, 1974). Common variables used to assess financial distress of
companies are profitability ratios and liquidity ratios and leverage (Poston et al. 1994). Poston et

al., (1994) found that certain financial ratios can be significant predictors of whether a financial
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distress company is likely to turn around or fail. Ratios of profitability, liquidity, and solvency

showed mixed forecasting accuracy (Poston et al. 1994).

However, Beaver (1966) demonstrated the predictive power of financial ratios for corporate failure
through univariate statistical analysis. The study showed that low profitability, weak liquidity, and
high leverage were significant predictors of corporate distress (Beaver, 1966). These findings laid
the foundation for further research and development of more advanced prediction models
including multivariate models like Altman’s Z-score (Altman, 1968). More advanced methods,
such as statistical modeling and machine learning, are employed to enhance predictive power and

minimize the potential for subjectivity (Lessmann et al., 2015).

The financial ratios utilized in previous studies can be categorized into five key groups:
profitability ratios, efficiency ratios, liquidity ratios, solvency ratios and market-based ratios (Goel,
2016). Beaver (1966) concluded that the cash flow-to-debt ratio is the most effective single ratio
for predicting financial outcomes. However, Altman’s (1968) results surpassed those achieved by
Beaver (1966), although Altman (1968) did not employ cashflow to debt ratio in his research. Also,

Ohlson’s (1980) O-score implemented ratios with these categories.

Profitability ratios are useful for evaluating how efficiently a company manages its expenses.
Efficiency ratios, also known as turnover ratios, measure how effectively a company utilizes its
assets. Liquidity ratios evaluate a company’s capacity to fulfill its short-term financial obligations.
Commonly used liquidity ratios are the current ratio, working capital ratio, which is used in
Altman’s (1968) study, and quick ratio. However, Ohlson (1980) utilized both working capital
ratio and current ratio. Zmijewski (1984) influential research incorporated profitability ratios
alongside solvency and liquidity models to assess the financial health of companies. The primary
aim of liquidity ratios is to determine whether a company possesses sufficient liquid assets to cover
its current obligations. Solvency ratios, also known as financial leverage ratios, evaluate a
company's capacity to meet long-term financial commitments and maintain overall stability.
Market ratios offer insights into a company’s market performance and future growth potential.
Two widely used market ratios are price-to-book and price-to-earnings. Existing literature
highlights the application of these ratio categories in prior studies, demonstrating their relevance

in financial analysis and valuation (see Table 1). (Goel, 2016)



18

Table 1. The use of categorized ratios in previous literature.

Profitability Efficiency Liquidity
Research Ratios Ratios Ratios

Solvency Market
Ratios Ratios

Beaver (1966) X X X X
Altman (1968) X X X X X
Ohlson (1980) X X X X
Zmijevski (1984) X X X

The current ratio measures a company’s short-term financial strength by assessing how its current
assets compare to its current liabilities. Current assets typically consist of cash, cash equivalents,
and other resources expected to be converted into cash within twelve months. Current liabilities,
on the other hand, include financial obligations due within the same time frame. A higher current
ratio suggests stronger liquidity and an improved ability to cover immediate debts, while a lower
ratio may point to potential cash flow concerns. The formula involves dividing total current assets

by total current liabilities. (Babalola & Abiola, 2013; Fernando, 2025)

Total assets to debt ratio measures a company’s ability to cover its long-term debts using its total
assets. Total assets include both fixed and current assets but exclude fictitious assets like
preliminary expenses, underwriting commissions, and share issue discounts. Long-terms debts are
obligations that mature after a year, such as debentures, bonds, and loans from financial
institutions. A higher ratio indicates stronger financial stability and a greater ability to meet long-

term obligations. (Babalola & Abiola, 2013)

Net income to total assets is a financial metric that measures a company’s profitability relative to
its total assets. It serves as an indicator of how efficiently a business utilizes its resources to
generate earnings. Asset turnover is a financial ratio that measures how efficiently a company uses
its total assets to generate revenue. A higher asset turnover indicates that the company is using its
assets effectively to produce sales, while a lower ratio may suggest inefficiency or underutilization
of assets. The calculation is performed by dividing sales by total assets. (Goel, 2016; Brealey et
al., 2022)
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2.4 Models in Financial Distress Classification

A typical machine learning pipeline for prediction begins with data preparation, where data is
divided into a training set, a validation set, and a test set. Preparation can also include feature
selection and dimensionality reduction. Training the model involves optimizing its parameters
using training data. However, after training, validation assesses model performance on unseen
data. Cross-validation is a common method for model selection and helps prevent overfitting. After
training and validation, the model is evaluated on test data to assess its final accuracy or other
relevant metrics, ensuring it meets the desired performance. This structured process ensures that
machine learning models for bankruptcy prediction are reliable, making them valuable tools for

risk assessment. (Braga-Neto, 2024;Hastie et al., 2009)

Machine learning encompasses a wide range of methods designed to analyze and interpret data.
These methods are generally divided into supervised and unsupervised learning. Supervised
learning focuses on developing statistical models that can predict or estimate an outcome based on
one or more input variables. In contrast, unsupervised learning deals with datasets that lack a

defined output variable. (Press & Wilson, 1978)

A statistical model is a mathematical framework that represents complex real-world phenomena
using random variables and probability distributions. Essentially a statistical model simplifies
reality by making assumptions about the data-generating process and tries to capture patterns or
relationships between variables. The purpose of a statistical model is to make predictions,
understand relationships, test hypotheses, or estimate unknown parameters. Commonly used
statistical models for binary classification are logistic regression, probit regression, and linear

discriminant analysis. (Altman & Saunders, 1997; Freedman, 2009; Hastie et al., 2009)

Kim et al. (2020) categorized statistical models into discriminant analysis models, such as those
proposed by Altman (1968), and binary response models, including those by Ohlson (1980) and
Zmijewski (1984), and hazard models. Hazard models, such as survival analysis, are designed to
estimate the probability of default over time, conditioned on the entity’s survival up to a specific

point (Kim et al. 2020).
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Edward Altman was the first to use multiple discriminant analysis to predict bankruptcy by
combining financial ratios into a single Z-score (Altman, 1968). This model laid the foundation
for later financial distress assessment models, and it has been widely adopted (Altman & Saunders
1997). Ohlson (1980) used logistic regression to estimate the probability of default using
forecasting variables in financial statements. His model has proven effective in capturing nonlinear
relationships and provides solid predictive accuracy (Ohlson, 1980). Subsequent studies have
expanded on Ohlson’s work by incorporating more sophisticated predictor variables and larger
datasets. For instance, Schreiner (2000) highlighted the applicability of logistic regression for
assessing microfinance financial distress. However, Zmijewski (1984) utilized the probit model to
analyze corporate default risk, providing an alternative to logistic regression for predicting

bankruptcy.

Machine learning is a branch of artificial intelligence that focuses on building systems that learn
and make decisions based on data, without being explicitly programmed for specific tasks.
Machine learning is focused on enhancing system performance through experience, using
computational techniques. When a learning algorithm is trained on historical data, it produces a
model that can make predictions on unseen data. Machine learning models are generally
categorized into supervised and unsupervised learning. In supervised learning, the model learns
from labeled data, and in unsupervised learning, the model identifies patterns in unlabeled data.

(Altman and Saunders, 1997; Hastie et al. 2009)

Within these paradigms, a wide range of techniques can be employed, including statistical
methods, intelligent systems, and data mining strategies. However, the boundaries between these
are blurred, and the classification of models may differ depending on the article. According to
West (2000), neural networks are classified as intelligent systems and machine learning methods.
Most data-driven methods are simply considered as machine learning methods due to their
common goal of predictive modelling and data-driven decision making. This principle is likewise

incorporated into the framework of this thesis. (Lessmann et al., 2015)

The popularity of machine learning techniques has opened new dimensions to financial distress
modelling (Baesens et al., 2003). Techniques such as decision trees, random forest, and support
vector machines began to be used to capture complex, nonlinear patterns in data without requiring

extensive assumptions about the underlying relationships (Baesens et al., 2003). Kim, et al., (2020)
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categorize machine learning techniques for corporate default predictions into three classes, which

are support vector machines, decision trees, and artificial neural networks.

2.4.1 Logistic Regression

Logit models are a class of regression models used when the dependent variable is categorical, and
they are based on the logistic function. Logistic regression is a statistical method used to model
the probability of a categorical outcome. Unlike linear regression, which predicts continuous
values, logistic regression predicts the probability that an observation belongs to a particular

category. (Hosmer & Lemeshow, 2013)

Consider a dataset with multiple independent observations, where each observation includes an
input factor and a corresponding outcome. The outcome is a binary variable coded as 1 or 0,
representing the presence of a characteristic or its absence. To apply a logistic regression model,
we need to estimate the unknown parameters [3; and [, that describe the relationship between the

input factor and the outcome. (Hosmer & Lemeshow, 2013)

The method used for estimation in linear regression, known as least squares, comes from a broader
approach called maximum likelihood, which is especially useful when errors follow a normal
distribution. This method forms the basis for estimating parameters in logistic regression. In
general, maximum likelihood finds the values of unknown parameters that make the observed data
most probable. To use this approach, a function called the likelihood function is created, which
represents the probability of the observed data based on the unknown parameters. The best
estimates for these parameters are the ones that maximize the function, meaning they align most

closely with the observed data. (Hosmer & Lemeshow, 2013)

The key qualities of the model are that it directly models label probabilities without needing
assumptions about the data distribution, which helps avoid issues with incorrect distribution
assumptions. Additionally, it provides both label predictions and their probabilities, making it
valuable for decision-making tasks. Also, its objective function is convex, meaning it has well-
behaved mathematical properties and can be efficiently solved using numerical optimization

methods. (Zhou, 2021)
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In H =wlx + b (D
Where:
X Feature factor (input variables)
y Target variable
y Weight vector
b Bias term
X+ @
p(y = 1]x) = 11 owixid
Where:

p(y = 1] x) The probability that the target variable belongs to the positive class

1 (3)
PO =01%) =

Where:

p(y = 0] x) The probability that the target variable belongs to the negative class

To find the best values for w and b, we can use the maximum likelihood method to maximize the
posterior probability (Zhou, 2021). The Figure 1 illustrates the shape of logistic regression

function.



23

Logistic Regression Curve
T T T T

Probability

-0.2
-10 -8 -6 -4 -2 0 2 4 6 8 10

Figure 1. The shape of logistic function

2.4.2 Decision Tree

Decision trees are a simple but effective method for prediction (Krzywinski & Altman, 2017). A
decision tree features a binary structure and straightforward decision-making logic, making it easy
to interpret (Alpaydin, 2014). As a supervised machine learning algorithm, it is categorized as
nonparametric (Alpaydin, 2014). Although thresholds at each node are learned as parameters, the
tree size can dynamically expand to match the complexity of the classification task (Alpaydin,
2014). Its nonparametric technique can serve purposes in both classification and regression tasks
(Alpaydin, 2014). In this method, data is divided along the axes of predictors into subsets with
homogeneous values of the dependent variable, represented as a decision tree used for predictions

(Krzywinski & Altman, 2017).

The process begins with a single node containing all the training data, which is then split into nodes
based on an if-else question. Following this split, the class labels in both nodes should become

more homogeneous. However, in certain cases, the reduction of impurity metrics like entropy or
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information gain does not occur immediately with the current decision but rather requires several
subsequent splits. The branching process can stop once the purity at the leaf nodes reaches a
satisfactory level, based on metrics like the Gini index or cross-entropy. To determine whether to
continue splitting, we can evaluate a combination of factors like the minimum number of points in
a node, purity, or the error threshold of a node or maximum depth of the tree. (Krzywinski &

Altman, 2017)

Decision trees, organized hierarchically, enable quick identification of the region corresponding
to a given input. Also, decision trees are referred to be interpretable. Partially since the decision
tree can be transformed into a set of straightforward if-then rules. Figure 2 presents a simplified
example of a decision tree. Oval nodes are the decision nodes, and rectangles are leaf nodes.

(Krzywinski & Altman, 2017)

Figure 2. Example of simplified decision tree

2.4.3 Support Vector Machines

Support Vector Machines (SVM) is a robust algorithm for classification and regression. They work
by identifying an optimal hyperplane that separates data points from different classes in a high-
dimensional space. The algorithm iteratively adjusts parameters to improve its performance on

training data. (Braga-Neto, 2024)
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Figure 3. Simpler illustration of Support Vector Machines

The algorithm adjusts the linear boundary to maximize the margin, the distance between the
separating hyperplane and the nearest data-points, also known as support vectors. The separating
hyperplane is known as the maximum-margin hyperplane. Figure 3 presents a simple illustration.
When the data is not linearly separable, SVM employs the kernel trick to project data into a higher-
dimensional space, where a linear hyperplane can separate the classes. (Braga-Neto, 2024) The
optimization problem behind the SVM for given training set of instance-label pairs (x;,y;),i =

1,...,1 where x; € R"™and y € {1, —1} according to Cortes (1995):

!
1
minEWT + Cz ¢ (4)
i=1

Subject to
yiwTd(x)+b) 21-¢,

$i =0 (5)
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Training vectors x; are mapped into a higher-dimensional space using the function ¢. In this space,
SVM identifies a linear separating hyperplane that maximizes the margin. C > 0 acts as a penalty
for the error term. Additionally, K (x;, xj) = (p(x), @(x;)) is referred to as the kernel function.
(Hsu, 2003)

2.4.4 K-Nearest Neighbor

The k-Nearest Neighbor (KNN) method is a widely used supervised learning approach that works
by finding the closest training samples to a given test sample using a distance measure. For
classification tasks, it predicts the test sample’s label based on the most common label among its
nearest neighbors. It is also used for regression problems. A distinctive characteristic of the KNN
algorithm is the absence of a dedicated training phase. Instead, it retains the training data and
generates predictions only when a new test sample is introduced. This approach classifies KNN as

a lazy learning method. (Zhou, 2021)

KNN classifies a test point by assigning it the most common label among its k nearest neighbors
from the training data (Zhou, 2021). In KNN classification, only the & closest points to the test
sample influence the probability estimate and final classification, with each contributing equally.
This study applies the classical KNN approach, where all neighbors have equal weight. While
weighted KNN methods exist giving more influence on closer neighbors. However, this was not
used in the current analysis. Euclidean distance was adopted as the distance measure, although

other metrics can also be applied.

The parameter £ is crucial since different values can lead to very different classification results
When k= 1, the classifier assigns the test point the same label as its closest neighbor (Braga-Neto,
2024). While this one-nearest neighbor approach can work well with large datasets, it is prone to
overfitting when the sample size is limited or when class boundaries are unclear (Braga-Neto,
2024). Additionally, the method used to calculate distance affects which samples are considered

neighbors, and this can also influence the final classification. (Zhou, 2021).
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2.4.5 Artificial Neural Networks

A Neural Network is useful for regression and classification tasks. For classification, there are
multiple output units, each representing the probability of a specific class (Hastie, et al., 2009).
The networks transform inputs into derived features, which are then used to predict the target
values (Hastie et al. 2009). Neural networks integrate linear function and univariate nonlinearities
to create complex discriminants, allowing them to approximate functions with great versatility.
Neural networks consist of units called neurons, which are arranged in layers. The way these
neurons are linked defines the network’s structure. Deep neural networks have more layers,

making them capable of handling complex tasks. (Braga-Neto, 2024)

A two-layer neural network is often represented as a diagram where nodes stand for input, hidden,
and output variables, while links represent weight parameters (Figure 4). Lines indicate how
information moves through the network during forward propagation. The middle unit in the
network, hidden units, compute derived features Z,,, which are not directly observed. There can
be multiple hidden layers. The Z,, values act as transformed versions of the original inputs X,
allowing the neural network to function like a standard linear model or multilogit model using
these transformations. However, unlike traditional basis expansion methods, the parameters of

these transformations are learned automatically from the data. (Bishop & Bishop, 2024)

Input Layer Hidden Layer Output Layer

Figure 4. Structure of three-layer artificial neural network



28

The activation function is essential for artificial neural networks by enhancing their ability to
process relevant inputs while filtering out unnecessary data (Somani, et al. 2023). The mechanism
ensures efficient learning by preventing the network from being influenced by irrelevant
information. The activation function is commonly a sigmoid function, also known as the logistic
function (Figure 1). In some cases, a Gaussian radial basis function is used instead, creating a

radial basis function network. (Bishop & Bishop, 2024)
2.5 Evaluations of the models

A confusion matrix is a common tool in machine learning for evaluating classification models. It
is a square matrix where rows represent actual classes and columns represent predicted classes. In
binary classification, the confusion matrix is a 2 x 2 table that records true positives (TP) that are
correctly predicted positive cases, true negatives (TN) that are correctly predicted negative cases,
false positives (FP) that are incorrectly predicted positive cases and false negatives (FN) that are
incorrectly predicted negative cases. The confusion matrix provides detailed insights into a
model’s performance beyond just accuracy. From it, various performance metrics can be
calculated. (Caelen, 2017)

TN FP]

FN TP @

In this matrix, the rows correspond to the actual class labels of the test examples, while the columns
represent the predicted labels assigned by the classifier. This structured approach allows for an
effective evaluation of a classifiers accuracy and errors, making the confusion matrix a crucial tool

in performance assessment. (Japkowicz, 2011)

Table 2 presents common performance indicators. Typically, F score is most commonly used with
B = 1, which gives the Fl-score. Fl-score is also used in this study to evaluate the model
performance. Precision measures the accuracy of a systems returned result by evaluating the
proportion of correct items among those retrieved. A high precision score indicates that the system
carefully selects results while avoiding unnecessary or incorrect ones. Conversely, an excess of
false positives, the incorrectly identified entities, lowers precision. However, recall assesses how

many of the relevant items were successfully retrieved. A system with high recall includes as many
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correct results as possible, even at the risk of including uncertain ones. Missing relevant entities,
false negatives, reduces recall. Together, these metrics can be balanced. To create a balance
between these two measures, they are often combined using the F-score, a weighted harmonic
mean of precision and recall. The parameter B controls the trade-off between precision and recall,

with higher values placing greater emphasis on recall. (Derczynski, 2016)

Table 2. Performance indicators and calculation formulas.

Performance
s Formula
indicator
Accuracy TP+TN
TP+ FP+FN+TN

Precision T_P

TP + FP

Recall L

TP+ FN

precision X recall
Fg - score 1+ 8% —

B? X precision + recall

In many practical classification tasks, especially when the positive class appears infrequently, the
F1-score offers more insightful evaluation than accuracy. Unlike accuracy, which can give a false
sense of model effectiveness in imbalanced datasets, the F1 score emphasizes the accuracy of
correctly identifying positive instances, offering a more balanced view of performance. (Goutte &

Gaussier, 2005; Powers, 2020)

The Receiver Operating Characteristic curve, known as ROC curve, illustrates the trade-off
between two types of errors. The curve tracks the relationship between the true positive rate, also
known as sensitivity, and false positive rate. An ideal ROC curve closely follows the top-left
corner, indicating high sensitivity and a low false positive rate. A classifier’s overall performance
across all threshold values is summarized by the area under the curve AUC. The closer the AUC
is to 1, the better the classifier. ROC curves are particularly useful for evaluating and comparing
classifiers because they consider all possible threshold values. Overall, ROC curves offer a
valuable method for analyzing and comparing the effectiveness of different classification models

with visualization. (Fawcett, 2006)
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3 Methodology

This section provides an overview of the methodology employed in the research. It outlines the
comprehensive process of model development and evaluation, beginning with data preprocessing
and feature selection to ensure the quality and relevance of the input variables. The discussion then
progresses to the selection of appropriate modeling techniques and culminates in the evaluation of
the model’s performance. This structured approach ensures the robustness and generalizability of

the research findings, offering a solid foundation for deriving meaningful insights.

The data for this research is secondary data collected from Orbis, a comprehensive global database
provided by Bureau van Dijk (2025). Lantto’s & Sahlstrom’s (2009) research indicates that the
adoption of accounting practice affects the key accounting ratios of companies. To ensure the
comparability of these key accounting ratios, the research utilizes data from companies that have
implemented the International Financial Reporting Standards (IFRS). The most recently available
accounting information is considered. The data contains listed and unlisted companies mostly from
Western Europe. Additionally, all the financial data is expressed in Euros. The latest year of
accounting data ranges the years 2015-2024. Figure 5 demonstrates the methodology employed

for model construction and evaluation.

Training

Cleaning & Pre-
processing
* Training set * K-fold cross-
validatoin

Model selection Testing and Predictor Features
evaluating considered

* Testing set

Figure 5. The methodology for model development and evaluation

The dataset encompasses companies from 29 distinct industries. Appendix 1 contains more

detailed information on the industry categories contained in the data. The largest representation is
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in the business services sector, comprising 20% of the total companies with an industry label. The
second most prevalent industry is construction, followed by travel, personal, and leisure. The
information services and computer hardware industries are minimally represented, collectively
accounting for only 0.09% of all industry-labelled companies. However, industry classification

data was missing for 2,527 companies in the dataset, representing 14.6% of the total.

3.1 Data Pre-Processing

The data cleaning involved the removal of missing values. Additionally, financial ratios employed
in the research were calculated, and the binary variable for classification was created. After
cleaning and preprocessing the number of companies in the dataset contained 20,294 companies.
The data consists of companies with the following status labels which are: active, bankruptcy, in

liquidation, active with default of payment, dissolved (liquidation), dissolved (bankruptcy).

Active companies are classified as low risk in terms of financial distress exposure, while the
companies with a status of bankruptcy, liquidation, active with default of payment, or dissolved
are categorized as high-risk companies. Varetto (1998) also employs this classification in his
research. The category includes not only firms that have officially declared bankruptcy but also
those deemed insolvent. This approach provides a clearer assessment of a company’s actual
financial distress. Overall, the data contains 10,147 high risk companies after cleaning. To
maintain class balance, an equal number of low-risk companies were randomly selected, resulting

in a final dataset with a 50—-50 distribution between the two classes.

3.2 Key variables

The variable representing the company’s financial distress level is a binary variable, where a value
of 0 signifies low risk, while a value of 1 designates the company as high risk. This is the target
variable in the financial distress assessment model and represents the outcome that the machine

learning algorithm aims to predict. The remaining variables are selected based on insights from
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previous studies and the availability of data from data providers. This study builds upon prior

research by incorporating variables that have demonstrated significance in previous studies.

Liquidity has been incorporated into predictive models using various financial ratios. Beaver
(1966) and Ohlson (1980) utilized ratios calculated from current assets and current liabilities. Both
studies significantly contributed to the field of bankruptcy prediction by highlighting the critical
importance of liquidity and financial health measures. The quick ratio was also considered a
liquidity ratio in this study. However, the research by Altman (1968) and Beaver (1966) examined
liquidity metrics, and the current ratio was found to be easier to apply across different sectors.
Current ratio gives a broader view of liquidity than the quick ratio. It provides a more

comprehensive assessment of liquidity compared to the quick ratio (Goel, 2016).

There is a wide range of profitability metrics to consider in financial analysis. Beaver (1966)
included four net income-based profitability ratios, identifying net income to total assets as
particularly significant. Similarly, Ohlson (1980) employed net income to total assets in his
research, and Zmijewski’s (1984) research identified return on assets as a statistically significant
variable, among current ratio and leverage ratio. In addition to net income to total assets, return on
equity was also considered as a measure of profitability. More recent research has also identified
return on equity to be associated with lower probability of bankruptcy (Vukovi¢ et al., 2020).
However, return on equity can be influenced by high leverage or share buybacks, and can be

misleading.

Altman (1968) incorporates the asset turnover ratio, more specifically the sales-to-total-assets,
ratio as a key metric in his research. This evaluates a company’s operational efficiency by
measuring the ability to generate sales relative to its total assets. Leverage ratios like debt to assets
are used in Zmijewski’s (1984) research to predict financial distress. Zmijewski (1984) findings
highlighted the significance of leverage in bankruptcy prediction. The asset turnover ratio is a

comprehensive efficiency measure which minimizes distortions between different industries.

The interest coverage ratio is used to assess a company’s ability to meet its interest obligations on
outstanding debt. It is calculated as earnings before interest and taxes divided by interest expense
(Bureau van Dijk, 2025). Kumar et al., (2021) research developed a corporate financial distress

prediction model based on financial ratios, including interest coverage, using binary logistic
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regression. Findings of the study indicate that interest coverage is a significant predictor of

corporate insolvency (Kumar et al., 2021).

Table 3. Ratio Categories

Category Ratio

Liquidity Current ratio
Profitability | Return on Equity
Efficiency | Asset Turnover
Solvency Debt to Assets
Solvency Interest Coverage

As Kung & Shimerda (1981) emphasize the importance of selecting the most relevant ratios for
specific tasks, including too many ratios can lead to inefficiencies and confusion. The variables
were chosen and grouped into the following categories: liquidity, profitability, efficiency, and
solvency, to ensure a comprehensive analysis aligned with established methodologies. Wu, et al.
(2010) conclude that key accounting information of liquidity, profitability, and leverage is related

to bankruptcy prediction of companies. Table 3 highlights the selected ratios within categories.

Table 4 provides a detailed comparison of financial metrics between high-risk and low-risk firms,
revealing distinct patterns in their financial health. Low-risk companies exhibit stronger liquidity,
with a higher mean current ratio of 2.67 compared to 2.20 in high-risk companies. They also
demonstrate more stable profitability, as indicated by a positive mean net income to assets of 0.02,
in contrast to the negative average of —0.16 in high-risk companies. Additionally, low-risk firms
maintain lower leverage, with a mean debt-to-assets ratio of 0.24 versus 0.32 in high-risk
companies, suggesting greater solvency and a stronger capacity to meet financial obligations. In
contrast, high-risk firms show a higher asset turnover of 14.01, while low-risk companies have a
mean asset turnover of 4.90. Together, these metrics suggest that low-risk firms are more
financially resilient and better positioned to withstand economic stress than their high-risk

counterparts.
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Table 4. Descriptive statistics

Statistics for the whole dataset (N = 20 294)

X1 X2 X3 X4 X5
CurrentRatio NetAssets Netlncome DebtTo Interest
Turnover ToAssets Assets Coverage
Min 0.0000 0.0000 -166.64 -0.43478 -100
Max 99.5000 980.2100 42.25 537.22 959.0000
Mean 2.433 9.4539 -0.0682 0.2812 10.7950
Median 1.2810 2.7940 0.0052 0.1369 1.2000
Std 5.3355 33.6210 1.4372 3.8229 62.9550
Statistics for High Risk (N =10 147)
X1 X2 X3 X4 X5
CurrentRatio NetAssets Netlncome DebtTo Interest
Turnover ToAssets Assets Coverage
Min 0.0000 0.0000 -166.64 -0.0023 -100.0000
Max 97.0000 980.2100 42.2500 537.22 959.0000
Mean 2.1977 14.0130 -0.1564 0.3214 8.2021
Median 1.2210 4.8800 -0.0272 0.1361 -0.1820
Std 4.8892 42.1800 2.0059 5.3799 68.0530
Statistics for Low Risk (N =10 147)
X1 X2 X3 X4 X5
CurrentRatio NetAssets Netlncome DebtTo Interest
Turnover ToAssets Assets Coverage
Min 0.0000 0.0000 -7.2000 -0.4348 -99.0000
Max 99.5000 735.0000 14.6320 39.0000 930.6700
Mean 2.6684 4.8950 0.0201 0.2409 13.3890
Median 1.3640 1.6440 0.0242 0.1377 2.2390
Std 5.7378 20.9780 0.3039 0.5327 57.2920

Table 5 and Figure 6 present a deeper view of the correlations. The correlation matrix provided
offers insights into the relationships between variables within the dataset. The first correlation
matrix presents the entire dataset. Second correlation matrix present insights into the high-risk
dataset and third into the low-risk dataset. Most correlation coefficients are close to zero,
suggesting a weak linear relationship between the variables overall. However, the correlation

between variables X3 and X4 shows a strong negative correlation in the entire dataset and among
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high-risk companies. Thus, net income to total assets ratio has a strong negative impact on the debt

to assets ratio.

A high degree of correlation between explanatory variables may lead to multicollinearity, which
can distort coefficient estimates. To mitigate these issues and avoid redundancy in solvency
measures, the interest coverage ratio was retained as the primary solvency indicator, while the
debt-to-assets ratio was excluded from further analysis. This choice ensures that the model
captures solvency effects without overweighting highly correlated variables, thereby improving

the robustness and clarity of the results. (Gareth et al., 2021)
Table 5. Correlations of the dataset

Correlation Matrix Entire Dataset

X1 X2 X3 X4 X5
X1| 1.0000 -0.0649 -0.0234 0.0300 0.0425
X2 | -0.0649 -0.0011 -0.0337 -0.0011 -0.0238
X3 | -0.0234 -0.0238 1.0000 -0.8217  0.0887
X4 | 0.0300 -0.0011 -0.8217 1.0000 -0.0173
X5 | 0.0425 -0.0238 -0.0887  -0.0173  1.0000
Correlation Matrix for High-Risk Dataset

X1 X2 X3 X4 X5
X1| 1.0000 -0.0709 -0.0480  0.0510 0.0264
X2 | -0.0709 1.0000 -0.0247 -0.0020 -0.0201
X3 | -0.0480 -0.0247 1.0000  -0.8343 0.0877
X4 | 0.0510 -0.0020 -0.8343 1.0000 -0.0149
X5 | 0.0264 -0.0201 0.0877 -0.0149  1.0000
Correlation Matrix for Low-Risk Dataset

X1 X2 X3 X4 X5
X1| 1.0000 -0.0541 0.0406 -0.0325 0.0564
X2 | -0.0541 1.0000 -0.0575 -0.0158 -0.0161
X3 | 0.0406 -0.0575 1.0000 -0.1191  0.2083
X4 | -0.0325 -0.0158 -0.1191 1.0000 -0.0884
X5 | 0.0564 -0.0161 0.2083 -0.0884 1.0000
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Figure 6: Correlation Matrix

3.3 Model selection and development

Models in the research are selected based on the findings and methodologies discussed in chapter
2 , which provided a comprehensive review of previous studies. The selection process was guided
by evidence from prior research, ensuring that the chosen models align with the best practices and
demonstrated success in the field. The models utilized in this research are logistic regression,

decision tree, support vector machines, k-nearest neighbor and neural networks.

According to Altman and Saunders (1997) “By far the dominant methodologies, in terms of JBF
publications, have been discriminant analysis followed by logit analysis”. Also, Zmijewski (1984)
employed probit regression in research. The probit model is generally more sensitive to outliers
because the normal distribution has lighter tails than the logistic distribution used in the logit model
(Greene, 2008). Therefore, logistic regression is more suitable for comparative analysis. Early
research in this field employed discriminant analysis (Altman and Saunders, 1997). However,
according to Press & Wilson (1978) discriminat analysis may produce unreliable estimates when
the explanatory variables do not adhere to a normal distribution or exhibit consistent variability

across classes. Even with a substantial dataset, prediction can remain inaccurate, particularly when
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certain explanatory variables are binary. Moreover, logistic regression outperformed discriminant

analysis in relation to classification accuracy (Press & Wilson, 1978).

The aim was to select machine learning models that are fundamentally different from each other
and employ diverse mechanisms to process data and make predictions. This diversity in model
selection helps mitigate biases and enhances the reliability of analysis. Kim et al. (2020) present
traditional models, including logistic regression, while also incorporating machine learning
techniques such as support vector machines, decision trees and artificial neural networks.
According to Kim et al. (2020) “The DT algorithm has the advantage that the model is intuitive
and easy to interpret”. Lessmann et al. (2015) confirmed that support vector machines and neural
networks predicted consumer financial distress accurately. According to Shin, et al., (2005) “Our
experimentation results demonstrate that SVM has the highest level of accuracies and better
generalization performance”. However, simpler models like logistic regression demonstrated
strong results (Lessmann et al., 2015). Notably, K-nearest neighbor models are particularly utilized
in financial distress assessment by Henley (1997) and Yu et al., (2009) achieved favorable results

after careful parameter tuning.

Resampling techniques play a crucial role in modern statistical analysis. These methods involve
drawing multiple samples from a dataset and refitting the chosen model to each sample to gain
deeper insights into the model’s behavior. This repeated sampling approach allows for a more
comprehensive understanding of the model. Cross-validation is a widely used resampling method
and is commonly employed to estimate test error and assess a model’s performance or determine

the optimal level of model flexibility. (Gareth et al., 2021)

Cross-validation helps determine how well a model can generalize to unseen data and serves as a
safeguard against overfitting. Cross-validation plays a key role in supervised learning, where
classifiers assign labels to new inputs based on patterns derived from training data. One of the
biggest challenges in this process is managing the balance between overfitting and underfitting.
Overfitting happens when the model becomes too tailored to the training data, including its noise,
while underfitting occurs when the model is overly simplistic and fails to grasp underlying trends.
Both scenarios reduce a model’s effectiveness on new data. Techniques like cross-validation offer
a practical way to estimate a model’s predictive accuracy before using external validation data.

(Berrar, 2019)
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K-fold cross-validation is a method for evaluating models by systematically partitioning the
dataset. The dataset is divided into k equal-sized, non-overlapping subsets, also known as folds.
The model is trained on k-1 folds and tested on the remaining fold. This process repeats k times,
with each fold serving as the validation set once. The final performance score is the average across
all folds. In stratified k-fold cross-validation, the class distribution in each fold matches the original
dataset, preventing imbalanced test sets. This ensures a fair evaluation, especially for datasets with

uneven class distributions. (Goutte & Gaussier, 2005; Powers, 2020)

The models undergo 5-fold cross-validation during the model development phase to determine
hyperparameters and mitigate the risk of overfitting. During hyperparameter tuning, 5-fold cross-
validation is employed to determine the minimum leaf size in decision trees, the optimal kernel
function in support vector machines, the number of neighbors and the distance metric in the K-
nearest neighbors’ model, and the number of hidden layers in artificial neural networks model.
The models are developed using MATLAB software. As roughly shown in Figure 5, the data is
divided into a training dataset and a testing dataset. Many studies including examples by Gareth et
al., (2021) commonly employ a 70% split for the training dataset and 30% for the test dataset. This
approach effectively balances the need for a comprehensive training set while maintaining a
sufficiently large test set to assess potential overfitting. The 70/30 split yields 14,206 observations
for training and 6,088 for testing. To enhance the reliability of model evaluation and to mitigate
potential overfitting, the training subset was further assessed using a 5-fold cross-validation

procedure. (Gareth et al., 2021; Bishop & Bishop, 2024)
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4 Results and Analysis

The performance of all models is evaluated using accuracy and F-score metrics, ensuring a robust
assessment of their predictive capabilities. Additionally, the ROC curve and the area under the
curve (AUC) are employed to provide insights into the model’s classification performance. To
evaluate the efficiency of the models, their fitting times are analyzed and compared, offering a

comprehensive view of computational performance alongside predictive effectiveness.

The logistic regression model is trained using Matlab’s “fitgml” function. During cross-validation,
the model demonstrated consistent and stable performance. The model maintained stable accuracy
with an average accuracy of 67.16% and a standard deviation of 0.99%. All cross-validation
metrics indicate consistent predictive behavior across different data splits, with minimal variation.

The results of logistic regression cross-validation Table 6.

Table 6: Cross-validation results for logistic regression

Average Std. Min Max
Accuracy 0.67204 | 0.0099244 0.65963 0.68638
F1score 0.60437 | 0.016247 0.59008 0.63014
AUC 0.71881 | 0.012946 0.7064 0.73773

The final logistic regression model refers to the version evaluated on the held-out test dataset,
which was not used during training or validation. This model was selected after evaluating multiple
configurations using cross-validation on the training set. Although no extensive hyperparameter
tuning was performed, standard regularization parameters were applied to prevent overfitting. The
reported accuracy of 67.76% and AUC of 72.75 were obtained from the test set, indicating
moderate predictive performance and satisfactory discrimination between the binary outcome

categories. The final logistic regression model insights are presented in Appendix 2.

These results aligned closely with the cross-validation results. The Fl-score for the logistic

regression model was 60.81%, balancing recall and precision in the model’s classification
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performance. The model performed well in terms of precision, reaching 77.51%, which suggests
it makes relatively few false positive predictions. However, recall was lower at 50.03%, indicating
that it missed a substantial number of actual positive cases. Figure 7 presents the confusion matrix
and the ROC curve for the logistic regression model. The model indicates 2602 true positives and
1523 true negatives but shows misclassifications of 1521 false negatives and 442 false positives.
The model demonstrates a moderate level of effectiveness but there remains significant potential

for enhancement.

Logistic Regression ROC Curve (AUC = 0.72753)
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Figure 7. Confusion matrix and ROC curve for logistic regression

The minimum leaf size for the decision tree model was selected through cross-validation over a
range of values from 1 to 500, resulting in an optimal value of 131. The model was trained using
Matlab’s “fitctree” function. The decision tree model exhibited strong and consistent performance
across cross-validation folds. It achieved an average accuracy of 70.56% with a standard deviation
of 0.72%. The average F1-score was 70.70% with a standard deviation of 0.86% and an average
AUC of 75.23% with a standard deviation of 0.82%. Table 7 presents the metrics of cross-
validation. These results indicate that the model maintains a reliable predictive capability across
different data splits. The relatively tight spread between the minimum and maximum scores of
AUC from 74.36 to 76.04, reflects the model’s stability, as indicated by the low standard deviation

values.



Table 7: Cross-validation statistics for decision tree

Average Std. Min Max
Accuracy 0.70555 | 0.0072116 0.69553 0.71278
F1score 0.70697 | 0.0086375 0.69794 0.71784
AUC 0.75228 | 0.008163 0.74362 0.76039
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The final decision tree model on the test set achieves an accuracy of 71.22% and an AUC of
76.68%. It effectively identifies true cases, with 2 112 true positives and 2 114 true negatives.
However, the model also exhibits misclassification, with 820 false positives and 932 false
negatives. The precision of 70.47% and recall 73.06% were closely aligned, indicating a balanced
ability to minimize both false positives and false negatives. This is supported by a solid F1-score
of 71.74%. Figure 8 presents the confusion matrix and ROC curve for the decision tree model, and
Appendix 3 presents the diagram of the created decision tree model. Overall, the decision tree

model offers a good balance between performance metrics.

ROC Curve (Decision Tree, AUC = 0.7668)
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Figure 8. The Confusion matrix and the ROC curve for decision tree model

The support vector machine model was constructed using the Gaussian kernel function, which
demonstrated the best performance during cross-validation. Other kernel functions tested included
the linear kernel, polynomial kernel, and radial basis function kernel. The choice of kernel was
determined through cross-validation to identify the most suitable configuration for the dataset. The

model is trained using Matlab’s “fitcsvm” function.
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The SVM model presented moderate performance during cross-validation, with an average
accuracy of 67.44% with a standard deviation of 0.73% and average an AUC of 71% with a
standard deviation of 0.78%. Detailed figures on cross-validation are presented in Table 8. These
metrics suggest that the model performs well across different folds, with relatively small variation.
The range between minimum and maximum accuracy was from 66.43% to 68.15%. Overall, the

model appears to be consistent without significant overfitting or underfitting across folds.

Table 8: Cross-validation statistics for support vector machines

Average Std. Min Max
Accuracy 0.67443 | 0.0073215 0.66432 0.68145
F1score 0.69484 | 0.0077583 0.68598 0.70512
AUC 0.70995 | 0.0077683 0.69989 0.71914

The final support vector machine model correctly classifies around 68.43% of instances overall,
and the AUC of 71.88% confirms good separation between classes. However, the confusion
matrix reveals class imbalances. The model correctly identifies 1 847 true positives and 2 319 true
negatives. It also misclassifies 1 197 false positives and 725 false negatives. As the confusion
matrix reflects, recall 76.18% is higher than precision 65.96%. The F1-score for the SVM model
is 70.70% balancing precision and recall. Figure 9 presents the confusion matrix and ROC curve

for the model.
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ROC Curve (SVM, AUC = 0.7188)
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Figure 9. Confusion matrix and ROC curve for SVM model

The k-nearest neighbor model was trained using Matlab’s “fitcknn” function. K-fold cross-
validation was used to evaluate the performance of the K-nearest neighbor (KNN) algorithm across
values of k, representing the number of nearest neighbors considered during classification. The
analysis confirms that selecting k = 71 for this dataset effectively balances bias and variance,
leading to optimal predictive performance and achieving maximum cross-validated accuracy. This
conclusion is based on evaluating k values in the range of 1 to 100. In addition, a comparative
analysis of distance metrics was conducted, including Euclidean, Cityblock, Cosine, and
Minkowski distances. Among these, the cosine distance metric achieved the highest cross-

validated accuracy, establishing it as the optimal choice for this dataset.

The KNN model demonstrated solid predictive ability during cross-validation. It achieved an
average accuracy of 69.79% with a standard deviation of 1%, an Fl-score of 69.10% with a
standard deviation of 0.98%, and an AUC of 75.55% with a standard deviation of 0.93%. These
results reflect a stable model with light variation across different data folds. The F1-score, ranging
from 68.07% to 70.50%, indicates that the model consistently maintained good classification

balance. See Table 9 for detailed cross-validation statistics.



Table 9: Cross-validation statistics for K-nearest neighbors

Average Std. Min Max
Accuracy 0.69787 0.010212 0.68497 0.70574
F1score 0.68683 | 0.0097839 0.6807 0.70501
AUC 0.75549 | 0.0092614 0.74509 0.76701
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The KNN model attained an accuracy of 70.75% and an AUC of 76.66%. The model identifies 2
223 true positive cases and 2 084 true negative cases. However, misclassifications were observed,
with the model producing 821 false positives and 960 false negatives. Precision was 71.74% and
recall was 68.46% resulting in an Fl-score of 70.06%. The confusion matrix and ROC curve
presented in Figure 10. Confusion matrix and ROC curve for KNN model support these metrics,
showing relatively even performance across both classes. Overall, this KNN model is reliable
when both precision and recall are important, and its consistency across validations and test sets

makes it a robust candidate for deployment.

ROC Curve (KNN, AUC = 0.7666)
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Figure 10. Confusion matrix and ROC curve for KNN model

The neural network was trained using MATLAB’s “fitcnet” function, which implements a pattern-
recognition network based on a feedforward architecture. The model consists of an input layer
whose size is determined by the number of predictor variables, a single hidden layer employing a
sigmoid activation function, and an output layer that uses the softmax activation function for

classification. A 5-fold cross-validation procedure was conducted to optimize the number of nodes
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in the hidden layer, resulting in the selection of 13 hidden nodes as the optimal configuration.
Accordingly, the final network structure consisted of an input layer with 4 nodes, one hidden layer

with 13 nodes and sigmoid activations, and an output layer with 2 nodes using softmax activation.

The neural network model achieved the highest overall cross-validation performance among the
tested models. It reached an average accuracy of 70.70% with a standard deviation of 0.85% and
an AUC of 76.66%, and an F1-score of 70.61% with a standard deviation of 0.70%, and 0.93% for
F1-score. Table 10 presents cross-validation statistics for the neural network model. These results
demonstrate consistency across different folds and the narrow variation across folds indicates that

the model maintains strong performance while minimizing the risk of overfitting.

Table 10: Cross-validation for neural network

Average Std. Min Max
Accuracy 0.70696 | 0.0084693 0.69659 0.71454
F1score 0.7061 | 0.0093111 0.69648 0.72006
AUC 0.7666 | 0.0070149 0.75844 0.77429

The neural network (NN) model has an accuracy of 71.73% on test data. The model correctly
classified 2 209 instances as true positives and 2 158 as true negatives. However, it also exhibited
misclassification, with 835 false positives and 886 false negatives. The precision was 72.10%, and
recall was 70.89%, which were well balanced, resulting in an F1-score of 71.49%. The confusion
matrix supports this balance, and Figure 11 presents the confusion matrix and ROC curve for the
model. The evaluation results indicate that the neural network exhibits strong predictive

performance, offering consistent classification capability across both training and test data.
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ROC Curve (NN, AUC = 0.7789)
T T T T T

09 -
08

0.7 -

o
o

True Class

True Positive Rate
o o o o
N w S (&
T

o

o

I I | I | I | I |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Predicted Class False Positive Rate

Figure 11. Confusion matrix and ROC curve for NN model

Neural networks achieved the highest accuracy among all models evaluated in the research. A
summary of the models’ metrics provides further insight into their performance and can be seen in
Table 11. The F1- score and AUC suggest that the best predictive capability is reached with neural
networks. However, logistic regression demonstrates the highest precision, highlighting its
effectiveness in accurately identifying true positive values. Thus, logistic regression has a good
ability to predict true positive values among all true positive and false positive values.
Additionally, the model has the lowest false positive values, which also reflects the strong

precision.

Logistic regression has a better ability to determine low-risk companies due to its relatively high
number of true negatives, compared to true positives and the high number of false negatives.
However, many high-risk cases are misclassified as low risk. This can be seen through the low
recall of logistic regression model because of the high false negative predictions. Low recall
indicates that the model misses a significant portion of true high-risk companies during

classification.

The support vector machines has fewer false negatives than the rest of the models, and this leads
to the best recall among models. The SVM model is better at detecting high-risk companies.

However, the precision of the support vector machine model is the lowest among all models and
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it incorrectly classifies low-risk companies as high-risk. The SVM model faces challenges in

accurately distinguishing low-risk cases, leading to a high number of false positives.

The remaining models demonstrate more balanced predictions in terms of recall and precision.
However, due to these imbalances, the logistic regression model achieves the lowest F1-score
among all models. Nevertheless, the support vector machine attains the third-highest F1-score,
largely because its recall is superior to that of other models, despite exhibiting an imbalance
between these two performance metrics. In terms of AUC, the SVM model has the lowest AUC

among all the models.

The decision tree model demonstrated strong overall performance, achieving the highest F1-score
of 0.7174, slightly outperforming the neural network. In terms of AUC, the decision tree reached
0.7668, while K-nearest neighbor showed a nearly identical value of 0.7666. Notably, the decision
tree also recorded the highest recall among all models at 0.7306. Both the decision tree and KNN
models exhibited a more balanced trade-off between precision and recall compared to the other
support vector machines and logistic regression. Overall, the decision tree and KNN models
delivered moderate effectiveness in distinguishing between low- and high-risk companies. While
the KNN model proved to be a reliable performer, the decision tree and neural network emerged

as the most robust models in this evaluation.

Table 11: Summary of the metrics among models

Models Accuracy | Precision | Recall Fl1-score | AUC

Logistic Regression 0.6776 0.7751 0.5003 0.6081 0.7275
Decision Tree 0.7122 0.7047 0.7306 0.7174 0.7668
Support Vector Machines 0.6843 0.6596 0.7618 0.7070 0.7188
K-nearest neighbor 0.7075 0.7174 0.6846 0.7006 0.7666
Neural network 0.7173 0.7210 0.7089 0.7149 0.7789

The training and prediction time for the decision tree model was 0.16 seconds, making it the most
efficient overall in terms of computational performance. It is important to note that these times
reflect baseline model training and prediction without additional hyperparameter optimization.
Since parameter tuning varies significantly across models, this step was intentionally excluded to

maintain comparability. Therefore, the reported times should be interpreted as relative measures
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of baseline efficiency rather than final optimized runtimes. The efficiency and consistency of the
decision tree model make it suitable for real-time deployment in practical applications. Since the
model maintains a balanced precision and recall, it can produce predictions without being overly
biased toward false positives or false negatives. Logistic regression is efficient with a processing
time of 0.24 seconds. This allows for seamless real-time implementation and adaptability in
financial distress assessment. However, concerns remain regarding the model’s accuracy, which
impacts its reliability in practical applications. The KNN model also demonstrates notable
efficiency, achieving a training and prediction time of 0.65 seconds. Consequently, it offers a
balanced and efficient option for real-time deployment. In contrast, the SVM model proves to be
inefficient with a calculation time of 88.24 seconds. The neural network model is competitive, and

training and testing required 4.81 seconds.

To address research question 1, the models were evaluated and ranked on their relative
performance against the average values of each performance metric. The comparison is based on
the average performance of the models. Precision and recall are not separately considered in this
analysis, as the Fl-score already encapsulates both metrics. This approach ensures a

comprehensive assessment and facilitates meaningful comparisons across different models.

When comparing the performance of the traditional logistic regression model, the decision tree,
SVM, KNN and neural network models consistently outperformed logistic regression in terms of
accuracy, F1-score and AUC. The machine learning models used in this study demonstrated better
performance in predicting financial distress than logistic regression. These findings align with
previous research, including Rajka’s and Pollak’s (2024), which similarly concluded that neural

networks outperformed logistic regression in bankruptcy prediction.

When considering performance metrics accuracy, F1-score and AUC, the models ranked in order
of performance are neural networks, decision tree, k-nearest neighbors, support vector machines,
and logistic regression. When comparing the predictive power of k-fold cross-validation with the
performance of models on test sets, the differences are minimal, indicating that overfitting is not
present. This suggests that models generalize well across different data sets and are not excessively

tailored to the training data.

The explainability of machine learning is a crucial factor in successful implementation in real-

world applications (Hassija, et al., 2024). Some machine learning models lack transparency,
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making their decision-making process difficult to interpret. Decision trees, however, provide a
clear and transparent prediction framework, allowing even individuals without expertise in
machine learning to understand the reasoning behind outcomes. This accessibility enhances

stakeholder trust and facilitates practical implementation.

Similarly, the decision tree and k- nearest neighbor models offer a balance between transparency
and predictive performance, making them well-suited for real-world applications where
interpretability is a priority. Logistic regression is a transparent model, making it advantageous for
interpretability. However, its predictive accuracy remains a concern in practical implementation.
Despite this, the differences in performance among the models were not substantial, and all models
exhibited some degree of imperfection, indicating that no single approach is flawless in financial

distress prediction.

However, model selection for practical deployment extends beyond accuracy metrics.
Interpretability and transparency remain crucial for regulators, investors, and managers who must
understand the drivers of financial distress to make informed decisions. While neural networks
and support vector machines provide strong predictive performance, their “black box” nature limits
interpretability (Kim et al., 2020) In contrast, decision trees, logistic regression and KNN offers
clearer explanations of risk factors, sometimes at the cost of predictive power. Practical
implementations therefore often favor models that balance predictive accuracy with

interpretability.

The resolution to the second research question is addressed through the findings presented herein.
Methods augmented by interpretable models and strong data preprocessing appear to be the most
suitable for practical deployment in financial distress assessment, as they enhance predictive
reliability while preserving the explanatory power necessary for stakeholder decision-making.
Models like decision trees and logistic regressions are well-suited for stakeholders like regulatory
bodies and financial institutions, given their ability to deliver robust predictive outcomes alongside
model transparency. Conversely, investors and market analysts, who may place greater emphasis
on predictive precision than on interpretability, are likely to benefit more from sophisticated

approaches such as neural networks.
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5 Conclusions

This chapter concludes with the implications of the results, limitations and presents the direction
for future research. The main objective of the study was to compare machine learning methods for
financial distress prediction. The machine learning models were selected based on previous
literature and included logistic regression, decision trees, support vector machines, k-nearest
neighbor, and neural networks. The empirical results revealed unexpectedly minor differences in
predictive performance compared to previous research on financial distress or default prediction.
The literature reveals many challenges in adopting financial distress models. The primary
challenges involve imbalanced datasets and selection of key financial indicators, both of which

significantly impact predictive accuracy and model performance.

5.1 Analysis of results

The results indicate that machine learning models are effective in predicting financial distress, with
all models achieving an accuracy exceeding 67%. While there is room for improvement, these
findings support the practical application of machine learning in financial distress prediction.
Among the evaluated models, traditional logistic regression exhibited the weakest performance.
The decision tree model ranked second in predictive capability, followed by k-nearest neighbors.
Support vector machines (SVM) secured the fourth-best position despite previous research
demonstrating strong results. These results differ from those of Shin et al. (2005), whose research
achieved superior results using SVM compared to neural networks. Neural networks emerged as
the most effective model, achieving the highest accuracy and AUC, underscoring their superior

predictive performance in financial distress forecasting.

Based on the literature review, several machine learning models can be practically deployed for
financial distress prediction, particularly for stakeholders such as financial institutions, regulators,
investors, and corporate managers. Decision trees can be useful for stakeholders who require clear
reasoning behind each prediction. They provide a structured decision-making process that

financial analysts and investors can easily understand. KNN models offer decent predictive power
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while maintaining ease of interpretation, making them valuable for industry experts needing quick

and reliable insights.

Although neural networks perform well in financial distress prediction, their black-box nature
raises concerns for stakeholders who prioritize interpretability. However, they can be useful in
large-scale applications if computational power is available and where prediction accuracy is
crucial. Despite its lower predictive accuracy compared to other machine learning models, logistic
regression remains a transparent option. Regulators and analysts might prefer it when

interpretability outweighs performance concerns.

Financial institutions can use these models to proactively manage risky borrowers, strengthening
financial resilience. Regulators may establish thresholds for monitoring financial health and
enforcing necessary interventions. Investors can leverage predictive insight to assess companies’
stability before making investment decisions. Corporate managers can monitor financial health
and make strategic adjustments to avoid distress. The findings suggest that interpretable models
with strong preprocessing are optimal for financial distress assessment, balancing predictive
reliability and transparency. While regulatory stakeholders benefit from transparent methods like
decision trees and logistic regression, advanced models such as SVMs and neural networks offer

greater value for performance-driven users like investors and analysts.

This study contributes to the existing literature by focusing on a dataset composed exclusively of
high-risk firms, thereby offering insights into financial distress prediction in contexts where
companies are already vulnerable. Unlike prior studies that often rely on broader firm populations,
this research highlights how machine learning models perform in environments where financial
distress is more prevalent. Interestingly, the findings reveal relatively minor performance
differences among models, suggesting that in high-risk contexts, data preprocessing and feature
selection may be more decisive factors than model choice alone. Furthermore, by aligning model
characteristics with stakeholder needs, the study provides practical guidance for regulators,
investors, and corporate managers. These contributions extend the existing body of knowledge by
contextualizing financial distress prediction within high-risk environments and by offering a more

application-oriented perspective.
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5.2 Limitations and future research

The main limitation of the research is related to data and its availability. Feature selection was
guided by established research rather than a comprehensive feature selection. This decision was
largely influenced by the limited financial data available for companies, which restricted the
feasibility of feature selection. However, prior studies have demonstrated that financial ratios
across various categories provide a robust basis for analysis, reinforcing the validity of this

approach.

Additionally, a key challenge in real-world and real-time adoption lies in the reliance on financial
statement key figures. This dependency can complicate the practical implementation of financial
distress models, potentially limiting their accuracy and effectiveness. Moreover, external factors
such as economic fluctuations, regulatory changes, and industry-specific variations further
complicate the application of financial distress models. These challenges can limit the
effectiveness of such models in providing timely and reliable insights, potentially leading to
underfitted models that fail to learn essential relationships. Since the dataset covers the period
from 2015 to 2024, it encompasses the COVID-19 crisis, which may have influenced on financial
key ratios of companies. These fluctuations could impact the predictive performance of the models,

potentially affecting their reliability.

While financial ratios serve as useful indicators for assessing corporate stability, their limitations
must be acknowledged. Concerns such as inconsistencies in annual accounts, missing values, and
disagreements regarding the most effective failure indicators highlight potential weaknesses in
ratio-based assessments. Additionally, financial statements do not capture all relevant factors

influencing financial distress, such as industry dynamics and macroeconomic conditions.

The future research could focus more on the application of these financial distress models. There
is a significant potential in their adoption, but they face challenges. How to overcome the
challenges with unbalanced data sets in the context of financial distress prediction could be suitable
direction for future research. Overall, in practical applications, data is frequently unbalanced,

presenting challenges for accurate analysis and predictive modeling (Sun et al., 2014).
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Some researchers have achieved positive results by incorporating macroeconomic variables,
demonstrating their potential to enhance predictive accuracy and model performance (Kim et al.,
2020; Abdullah, 2021). However, according Alanis et al. (2022) even during periods of economic
crisis, industry and macroeconomic variables appear to have a limited impact on improving
forecast performance. Thus, investigating why macroeconomic variables sometimes enhance
predictions while failing to improve forecast during crisis periods could be interesting for future
research. Such research could clarify the conditions under which macroeconomic variables are

useful and provide deeper insight into financial distress prediction.

The integration of machine learning in financial distress prediction represents a significant
advancement in financial risk management. By assessing the predictive effectiveness of different
models and considering their applicability to various stakeholders, this research contributes to both
the theoretical and practical aspects of financial analytics. Future studies can build upon these
findings by refining models, incorporating additional financial indicators, and addressing

challenges in real-world adoption.
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Appendices
Appendix 1. Industry categories

Industry

Transport, Freight & Storage
Travel, Personal & Leisure
Construction

Property Services

Mining & Extraction

Services

Business Services

Banking, Insurance & Financial Services
Food & Tobacco Manufacturing
Wholesale

Biotechnology and Life Sciences

Retail

Metals & Metal Products

Agriculture, Horticulture & Livestock
Computer Software

Utilities

Industrial, Electric & Electronic Machinery
Transport Manufacturing

Printing & Publishing

Communications

Media & Broadcasting

Wood, Furniture & Paper Manufacturing
Textiles & Clothing Manufacturing
Miscellaneous Manufacturing

Waste Management & Treatment
Leather, Stone, Clay & Glass products
Chemicals, Petroleum, Rubber & Plastic
Computer Hardware

Information Services

Missing industry information

Public Administration, Education, Health Social

Count

1,087
1,709
2,784
1,620

70

595
3,517
882
20
1,435
67
1,098
288
362
435
197
267
98
107
79
107
162
57

44

63

51
125
10

2,527

Percent
6.2%
9.8%

15.9%
9.3%
0.4%

3.4%
20.1%
5.0%
1.1%
8.2%
0.4%
6.3%
1.6%
2.1%
2.5%
1.1%
1.5%
0.6%
0.6%
0.5%
0.6%
0.9%
0.3%
0.3%
0.4%
0.3%
0.7%
0.1%
0.0%
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Appendix 2. Logistic regression model

Generalized linear regression model:
logit(y) ~ 1 + x1 + x2 + x3 + x4
Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pvalue
(Intercept) -0.23901 0.022698 -10.53 6.2961e-26
x1 -0.0081431 0.0034492 -2.3609 0.018233
x2 0.029753 0.001824 16.312 8.0742e-60
x3 -1.1075 0.066203 -16.73 7.9794e-63
x4 0.00046297 0.00029733 1.5571 0.11945

14206 observations, 14201 error degrees of freedom
Dispersion: 1
Chi”2-statistic vs. constant model: 1.01e+@03, p-value = 2.37e-218

Appendix 3. Decision Tree
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