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The accurate prediction of corporate bankruptcy is crucial for mitigating financial risks for 

companies, investors, and financial institutions. This thesis examines the effectiveness of 

five machine learning models Support Vector Machine (SVM), Random Forest (RF), 

AdaBoost, Bagging, and Artificial Neural Networks (ANN) in predicting bankruptcy in two 

industries: construction and restaurant. The research uses financial data from Finnish 

companies, collected from the Orbis database, up to three years prior to bankruptcy, covering 

the period from 2016 to 2022. A balanced dataset was formed by including equal numbers 

of bankrupt and active companies, and variables were selected based on prior research and 

categorized into financial groups. 

 

The models were evaluated using 10-fold cross-validation and tested on a separate test set 

using classification performance metrics such as F1-score and accuracy. The findings 

emphasize the effectiveness of ensemble methods. In the restaurant dataset, ANN and 

Bagging achieved the highest performance, while in the construction dataset, AdaBoost and 

Random Forest outperformed others. SVM consistently showed weaker performance results.  

Feature importance analysis highlighted industry-specific patterns: profitability and growth 

were most relevant in the restaurant dataset, while size and productivity variables were 

dominant in construction dataset. The results support the use of domain-specific features and 

models for bankruptcy prediction. Additionally, the findings underscore the benefit of 

including size and growth variables alongside traditional financial ratios. This thesis 

contributes to the academic literature through a comparative evaluation of model 

performance and feature relevance between two industries. It also offers practical insights 

for selecting appropriate machine learning models and financial indicators in industry-

specific bankruptcy prediction. 
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Konkurssien ennustaminen on keskeistä taloudellisten riskien hallinnassa yrityksille, 

sijoittajille ja rahoituslaitoksille. Tämä tutkielma tarkastelee viiden koneoppimismallin 

Support Vector Machine (SVM), Random Forest (RF), AdaBoost, Bagging ja Artificial 

Neural Networks (ANN) toimivuutta konkurssien ennustamisessa kahdella toimialalla: 

rakennus- ja ravintola-alalla. Tutkimuksessa käytettiin suomalaisten yritysten taloudellisia 

tunnuslukuja, jotka ovat kerätty Orbis-tietokannasta, yhdestä kolmeen vuoteen ennen 

konkurssia, kattaen ajanjakson 2016–2022. Data-aineisto tasapainotettiin sisällyttämällä 

yhtä monta konkurssiin ajautunutta ja aktiivista yritystä, ja muuttujat valittiin aiempien 

tutkimusten perusteella ja luokiteltiin eri kategorioihin. 

 

Koneoppimismallit arvioitiin käyttämällä 10-kertaista ristiinvalidointi ja testattiin erillisellä 

testijoukolla. Tuloksia tarkasteltiin erilaisilla luokittelumetriikoilla, kuten tarkkuudella ja 

F1-pisteytyksellä. Tulokset korostavat ensemble mallien tehokkuutta. Ravintolan data-

aineistossa ANN ja Bagging saavuttivat parhaimmat tulokset, kun taas rakennusalan data-

aineistossa AdaBoost ja Random Forest osoittautuivat tehokkaimmiksi. SVM-malli osoitti 

johdonmukaisesti heikompaa suoriutumista. Muuttujien tärkeys -analyysi paljasti 

toimialakohtaisia eroja: ravintola-alan aineistossa koroistuivat kannattavuuteen ja kasvuun 

liittyvät muuttujat, kun taas rakennusalalla tärkeimpiä olivat koko- ja tuottavuusmuuttujat. 

Tulokset tukevat toimialakohtaisten piirteiden ja mallien käyttöä konkurssien 

ennustamisessa. Lisäksi tutkimus osoittaa, että perinteisten taloudellisten tunnuslukujen 

rinnalle kannattaa sisällyttää myös kokoon sekä kasvuun liittyviä muuttujia. 
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1  Introduction 

Machine Learning has become a key tool in data science over time. Machine Learning has 

been recognized as a reliable partner in various fields of business where data analysis plays 

a crucial role. Advanced computational techniques, including machine learning and data 

mining, have improved in analyzing financial data more effectively compared to traditional 

methods (Gerlein et al. 2016; Tsai, Hsu and Yen 2014). Therefore, when it comes to 

predicting bankruptcies with machine learning models, creating models to predict financial 

distress has long been considered a crucial and highly challenging task, particularly within 

the academic fields of accounting, finance and business. (Kim and Upneja 2014) Both 

academics and practitioners have conducted extensive research on models for predicting 

bankruptcy and defaults especially in the context to the management of credit risk (Barboza, 

Kimura and Altman 2017). Credit risk is a fast-growing area in finance, and it has become a 

key topic of recent financial research (Gupta 2022; Smiti and Soui 2020). Bankruptcy 

prediction is an important sector in finance because of its impact on businesses, employees, 

shareholders, and the economy. Accurate prediction is crucial since bankruptcy can have 

serious consequences. To enhance the performance of bankruptcy prediction models, many 

statistical and machine learning techniques have been applied.  

The pioneers of bankruptcy prediction are widely regarded as Altman (1968) and Beaver 

(1966), who made groundbreaking contributions to the development of models for assessing 

financial distress. Altman (1968) applied multivariate discriminant analysis to distinguish 

between solvent and insolvent firms based on their financial statement information. Altman 

developed the Altman’s Z-score, which is still a broadly used method for assessing default 

probability. Beaver’s (1966) research introduced a univariate approach, illustrating how 

individual financial ratios could effectively differentiate between financially stable and 

distressed companies. Both academics and industry professionals have worked to enhance 

bankruptcy prediction models through a range of quantitative methods, such as machine 

learning models (Barboza et al. 2017). Ohlson’s (1980) study played a pivotal role in this 

development by introducing logistic regression to estimate the likelihood of bankruptcy. 
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Despite decades of research on insolvency models – statistical tools designed to predict the 

likelihood of default by analyzing historical data (Rajan, Seru and Vig 2010) – the financial 

crisis brought renewed focus to credit risk management as a critical area of concern (Barboza 

et al. 2017).  At the same time, bankruptcy and financial distress still lack widely accepted 

economic theories. Most research in this area have relied on empirical, trial-and-error 

approaches, by testing different features and predictive models through iterative processes. 

(Barboza et al. 2017; Wang, Ma and Yang 2014; Li and Sun 2009) Accurately predicting a 

company’s bankruptcy risk requires a thorough understanding of its current financial status. 

However, financial data can vary significantly due to numerous factors, such as company 

size, which adds complexity to the prediction process (Heo and Yang 2014). Beyond internal 

factors such as financial metrics, external factors also play a critical role in causing 

bankruptcy. These may include environmental restrictions, economic challenges, 

government regulations, shifts in consumer behavior and market competition can cause 

bankruptcy. (Huo et al. 2024) Such external influences are often more challenging to 

quantify or translate into predictive variables and therefore increasing the complexity of 

bankruptcy prediction. 

1.1  Research background and motivation 

In 2023, the number of business closures in Finland increased across all industries, with the 

construction sector experiencing the highest number of shutdowns. The slowdown in 

construction, especially in residential projects, was largely driven by high interest rates that 

shifted investor focus away from new developments. This led to a significant increase in 

company closures, particularly in building and specialized construction sectors. While many 

companies managed to close without bankruptcy, a growing number of companies were 

forced into insolvency, making 2023 a record year for bankruptcies in the construction 

sector. The financial struggles in construction also put numerous jobs at risk, highlighting 

the industry's ongoing challenges in adapting to difficult market conditions. (Kuussaari 

2024) 

 

Figure 1 represents the distribution of bankruptcies across Finnish industries in 2023, with 

the construction sector accounting for the largest share at 24%. One of the reasons for 

bankruptcies in this industry is the long subcontracting chains, therefore, when a major 
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construction company exits the market, often several small subcontractors also lose contracts 

(Kuussaari 2024; Heo and Yang 2014). The accommodation and food service sector, which 

includes restaurants, accounted for 10% of bankruptcies. Although this represents a smaller 

portion compared to construction, the restaurant industry is recognized as financially 

vulnerable due to its high fixed costs, low operating margins, and sensitivity to economic 

cycles (Huo et al. 2024), making it an important focus for bankruptcy prediction despite the 

smaller share. 

 

Figure 1. Bankruptcies in Finland in 2023 per industry (Tilastokeskus 2024) 

 

The Covid-19 pandemic played a major role in the significant increase in the number of 

businesses that closed compared to the pre-pandemic years. However, the number of 

bankruptcies declined after the onset of the pandemic in Finland. This trend was influenced 

by a temporary law restricting bankruptcy filings, which expired on February 1st, 2021. 

Following the end of the restriction, the number of bankruptcy applications increased 

slightly. (Veistämö 2022) Both of these shifts are illustrated in Figure 2, which shows the 

number of bankruptcies per year in the construction and accommodation and food service 

industries from 2019 to 2023. 
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Figure 2. Bankruptcies in Accommodation and Restaurant Services and Construction -

industries, 2019-2023 (Tilastokeskus 2024) 

In addition to the construction industry, the restaurant sector has shown signs of financial 

distress. According to credit ratings provided by Suomen Asiakastieto, approximately one 

in six (17.2%) restaurants and cafés are classified as being in a critical financial state, placing 

them in the two lowest credit rating categories and at a heightened risk of bankruptcy. This 

proportion is notably higher than in the construction industry, where only 9.2% of businesses 

fall into these high-risk categories. (Hukkanen 2024) These industry-specific vulnerabilities 

highlight the importance of sectoral analysis in bankruptcy prediction, which this study aims 

to explore. 

1.2  Research objectives and research questions 

This research draws on machine learning theory and insights from previous studies aiming 

to identify the most accurate models for predicting bankruptcy of companies in two specific 

industries: construction and restaurant. Using data from Finnish companies across all sizes, 

the study aims to analyze the historical financial data of companies within these sectors and 

assess the suitability of different machine learning models in predicting bankruptcy.  

A key focus of this research is the comparative performance of these models across the two 

industries, evaluating how well they perform in different industry contexts. The research also 
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aims to understand whether certain models are more generalizable, or whether industry-

specific customization is necessary for accurate predictions. Based on the objectives of the 

research, the research questions are formulated as: 

RQ1: Which of the selected five machine learning models achieves the best predictive 

performance for bankruptcy prediction in companies in the construction and restaurant 

sectors? 

RQ2: What are the most important financial features identified by the selected machine 

learning models in predicting bankruptcy in the construction and restaurant industries? 

In addition to evaluating the predictive performance of selected machine learning models 

(RQ1) and identifying the most influential financial indicators (RQ2), this research also aims 

to explore how model performance and feature importance differ across these two industries. 

The construction and restaurant industries vary in terms of their industrial characteristics, 

therefore understanding how machine learning models behave across these industries can 

offer insights about model generalizability and the need for industry-specific customization. 

To examine this, RQ3 is formed: 

RQ3: How does the performance and feature relevance of machine learning models vary 

between the construction and restaurant industries? 

1.3  Research methods and limitations 

The research employs a quantitative approach to develop machine learning models for 

predicting bankruptcy. The research focuses geographically on companies based in Finland. 

While the majority of companies in Finland are small to medium-sized firms (Heljala, 

Myllymäki and Suomalainen 2023), this research includes companies of all sizes to 

maximize the size of the dataset and to enable more robust analysis. 

Unlike many existing studies that apply machine learning to predict bankruptcy across mixed 

or unspecified industries, this research focuses exclusively on the construction and restaurant 

sectors. These industries were selected not only because they report some of the highest 

bankruptcy rates in Finland, in 2023 the construction sector accounted for 24% and the 

accommodation and food service sector for 10% of all bankruptcies (Tilastokeskus 2024), 
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but also due to their contrasting operational characteristics and financial structures. The 

restaurant sector is characterized by substantial fixed costs, frequent labor turnover, low 

operating margins, combined with strong sensitivity to economic cycles (Huo et al. 2024). 

In contrast, the construction industry is more capital intensive, operates with longer project 

cycles and large investments (Heo and Yang 2014). By comparing these two industries, the 

research aims to address the gap the in literature, as most studies on bankruptcy prediction 

have focused on general models rather than industry-specific comparisons. Furthermore, 

evaluating machine learning models on datasets from two industries with differing 

characteristics contributes to understanding their generalizability. If a model performs well 

across both datasets, it may demonstrate an ability to identify underlying patterns of financial 

distress that transcend industry-specific factors, improving its broader applicability. 

The datasets include companies that declared bankruptcy between 2019 and 2023. While 

many bankruptcy prediction studies, such as those by Huo et al. (2024), Heo and Yang 

(2014), and Gupta (2022) utilize financial data from one year prior to bankruptcy, this 

research takes a broader approach by analyzing financial data from 3 years prior to 

bankruptcy. For both the construction and restaurant datasets the same number of bankrupt 

and non-bankrupt companies is collected to ensure a balanced classification. Therefore, the 

financial data for this research covers the time period from 2016 to 2022. 

Several machine learning models, including Support Vector Machines (SVM), Random 

Forest (RF), Artificial Neural Networks (ANN), and ensemble methods: Boosting and 

Bagging, are employed to develop classification models for bankruptcy prediction. The 

models are evaluated based on the widely accepted metrics in bankruptcy prediction, 

including accuracy, precision, and recall assessing their suitability (Wang, Ma and Yang 

2014). In addition to evaluating model performance, this research also analyzes feature 

importance to gain insights into which financial variables contributed most to each model’s 

predictions. 

This research also has some limitations. First, it focuses only on companies based in Finland, 

potentially limiting the applicability of the findings to other countries or markets. Second, 

the research concentrates on the construction and restaurant sectors, therefore, the results 

may not extend to industries with different characteristics of financial structures. Third, the 

models are relying only on financial data, without including other potential factors such as 
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macroeconomic variables or non-financial indicators, which might also influence the 

bankruptcy risk. Additionally, the research examines a limited number of machine learning 

models; other algorithms not included in this analysis could potentially perform differently. 

Finally, the data covers bankruptcies declared between 2019 and 2023, which includes 

unusual events such as COVID-19 pandemic, which may have influenced bankruptcy 

patterns in ways that are not typical for other time periods. 
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2  Literature review 

This chapter introduces the definition of bankruptcy to provide a better understanding of the 

concept based on academic literature and Finland’s Bankruptcy Act. Following this, an 

investigation of previous research on machine learning in bankruptcy prediction is presented, 

highlighting the evolution of models and the variables commonly used in these studies. To 

improve the effectiveness of bankruptcy prediction models, researchers have employed a 

wide array of statistical methods and machine learning algorithms (Barboza et al. 2017; Chen 

et al. 2023; Gupta 2022; Huo et al. 2024). By integrating advanced computational techniques 

with traditional financial analysis, these studies aim to improve predictive accuracy and offer 

earlier warnings about potential financial distress. 

2.1  Definition of bankruptcy 

Many researchers suggest that failure is not a sudden event, but rather a gradual process 

during which a company passes through several stages before ultimately declaring 

bankruptcy (Gupta 2022). Fitzpatrick’s (1934) research about business failure introduced a 

five-stage model that outlines the progression of corporate failure. In stage 1, incubation, the 

firm’s financial difficulties start to develop. In stage 2, financial embarrassment, 

management recognizes signs of financial distress as the company struggles to meet 

obligations. In stage 3, financial distress, the firm no longer has sufficient funds to fulfill its 

financial commitments. This progresses to stage 4, total distress, where debts exceed assets 

and the company is unable to recover. Finally, stage 5, confirmed distress, marks formal 

recognition of the company’s inability to continue operations, leading to bankruptcy. 

However, most businesses that reach the final stage are ultimately liquidated (Poston, 

Harmon and Gramlich 2011).  

Financial distress is distinct from bankruptcy, as it takes place when a company faces 

difficulties in meeting its financial commitments, often due to declining business operations, 

limited liquid assets or high fixed costs. In contrast, bankruptcy represents the ultimate state 

of financial distress, where the company can no longer operate because of its inability to 

meet its financial challenges. (Pham Vo Ninh, Do Thanh and Vo Hong 2018) 
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Empirical studies on bankruptcy vary in how they define business failure or bankruptcy; 

some definitions are financial while others focus on legal aspects (Laitinen 1995). The 

likelihood of a company declaring bankruptcy is influenced by the dynamics of its 

relationship with creditors, as these can directly impact the company’s financial stability 

(Laitinen and Laitinen 1998). Bankruptcy is not merely a business state; it is a legal status 

(Leondis 2013; Laitinen and Laitinen 1998). According to Finland’s Bankruptcy Act 

(Bankruptcy Act 120/2004), bankruptcy is defined as: 

“A debtor who cannot repay his or her debts can be declared bankrupt in accordance with 

the provisions of this Act. The court shall make the order of bankruptcy on the petition of the 

debtor or a creditor.  

Bankruptcy is a form of insolvency proceedings covering all the liabilities of the debtor, 

where the assets of the debtor are used in payment of the claims in bankruptcy. In order to 

achieve the objective of the bankruptcy, the assets of the debtor shall in the beginning of 

bankruptcy become subject to the authority of the creditors. An estate administrator 

appointed by the court shall see to the management and liquidation of the assets of the debtor 

and to the other administration of the bankruptcy estate.” (Bankruptcy Act 120/2004) 

2.2  Previous research on machine learning in bankruptcy prediction 

Research on bankruptcy prediction has an extensive background, with early studies dating 

back to the 1930s. Early studies by Beaver (1966) and Altman (1968) pioneered the use of 

financial ratios in the assessment of bankruptcy risk and laid the foundation for predictive 

models based on the company’s financial health. Beaver’s (1966) study introduced a 

univariate approach showing how specific ratios could distinguish between healthy and 

distressed companies. Building on this, Altman’s (1968) research applied multivariate 

discriminant analysis (MDA) to the classification of solvent and insolvent companies using 

their financial data. Altman (1968) introduced the well-known Z-score model that combines 

five essential financial ratios to estimate the likelihood of bankruptcy.  

Ohlson’s (1980) study was a key development in bankruptcy prediction, as it introduced the 

use of logistic regression to calculate the likelihood of bankruptcy. Compared to Altman’s 

(1968) model, which classified companies between reliable and delinquent payers with Z-
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score, Ohlson’s model estimated a company’s probability of default directly which offered 

more nuanced assessment. The study laid a foundation for later advancements, including 

modern machine learning models which continue to build his initial approach. Over time, 

researchers have sought to improve bankruptcy prediction models by applying a variety of 

quantitative methods, such as machine learning techniques (Barboza et al. 2017). 

Numerous studies have used Altman’s five financial variables as a baseline to predict 

bankruptcies. The relevance of the Altman (1968) and Ohlson (1980) studies stems not only 

from their predictive accuracy but also from their straightforwardness, applicability, and 

methodological consistency, which make them valuable benchmarks in the field (Barboza et 

al. 2017). For instance, Barboza, et al. (2017) expanded this by integrating variables from 

both Altman’s model and those proposed by Carton and Hofer (2006). The research 

introduced machine learning as a valuable and effective tool in predicting bankruptcy. As 

credit risk assessment resembles pattern recognition, machine learning can be particularly 

useful in classifying lending risks. Barboza et al. (2017) also included classical techniques 

(Logit, MDA) in their research and integrated more advanced techniques such as boosting, 

bagging, support vector machine (SVM) with 2 different kernels, random forest (RF), and 

neural networks (NN). Their findings indicated that ensemble methods such as boosting, 

bagging and random forest models delivered the best performance in bankruptcy prediction. 

Kim and Kang’s (2010) research focused on bankruptcy prediction for Korean 

manufacturing companies. Their study aimed to enhance the performance of more traditional 

bankruptcy prediction models by incorporating ensemble techniques to neural networks. The 

models included Boosted NN, Bagged NN and traditional NN. Similarly to Barboza et al.’s 

(2017) research, their study showed that incorporating the ensemble techniques not only 

improved the results but also reduced overfitting.  

Kim and Upneja (2014) investigated financial risk indicators in restaurant companies using 

both a standard decision tree (DT) model and a more advanced model combining decision 

trees with the AdaBoost algorithm (AdaBoosted decision tree). According to Alfaro, García 

and Gámez (2007), AdaBoost is effective in reducing generalization error and improving 

overall accuracy. The findings of Kim and Upneja’s (2014) research indicated as well that 

the AdaBoosted decision tree model not only achieved higher predictive accuracy but also 

reduced Type I errors more effectively than the standard decision tree model. They found 



 11  

 

that distressed restaurants tend to rely more on debt within their capital structure which 

weakens their financial stability. High debt levels can make it challenging for businesses to 

meet their payment obligations and thereby increase their risk of financial distress.  

Heo and Yang (2014) indicated that traditional methods such as Altman’s Z-score and 

machine learning methods for bankruptcy prediction generally evaluate companies across 

various industries rather than targeting specific sectors. Their research focused on predicting 

bankruptcies in Korean construction companies. They pointed out that all previous studies 

about predicting in construction industry consider only financial statements and not specific 

characteristics of each industry such as capital-intensiveness. They tackled this issue by 

dividing the companies into three groups by the size of their capital since the capital 

structures in construction companies tend to be different and classified each group 

individually. Further exploring the effectiveness of ensemble methods by comparing the 

AdaBoost algorithm with machine learning models including Support vector machine 

(SVM), Artificial neural networks (ANN) and Decision trees (DT), their results showed that 

the AdaBoost algorithm outperformed the other methods, with neural networks following 

closely behind. 

Additionally, Liang et al.  (2016) explored various models, including Support vector 

machine (SVM), Naïve-bayes (NB) classifier, K-nearest neighbor (KNN), Class and 

regression tree (CART), and Multilayer perceptron (MLP) methods. Their research found 

that the SVM model was the most effective model for predicting bankruptcy. These previous 

studies highlight the move toward more advanced algorithms for predicting bankruptcies 

and showing the need to keep models updated as market conditions and businesses evolve. 

Gupta (2022) assessed the performance of four models including Logistic regression, 

Random Forest, Decision Tree, and Support Vector machine in predicting bankruptcy risk 

for Indian companies under the bankruptcy and insolvency code. Using a balanced dataset, 

Random Forest achieved the highest predictive performance followed by Support Vector 

Machine. The findings indicated that ownership characteristics had a significant impact on 

the probability of default. 

Recent research has explored alternative data sources to improve bankruptcy prediction. For 

instance, the research by Chen et al. (2023) extended Barboza et al.’s (2017) research by 

using their financial variables as a benchmark model and introducing a new variable. The 
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research examined whether the text-based communicative value of annual reports improved 

the bankruptcy prediction. Similarly, a study by Huo et al. (2024) on U.S. companies 

highlighted that effective short-term liquidity management is critical for avoiding 

bankruptcy in this sector. Their findings indicate that liquidity could be a key category in 

estimating the financial distress of the firms in the restaurant industry.  

A summary of relevant studies on bankruptcy prediction using machine learning models is 

represented in Table 1.  

Table 1. Summary of bankruptcy prediction research
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2.3  Variables used in previous bankruptcy prediction research 

Many studies have utilized the five ratios identified by Altman (1968) to predict bankruptcy 

outcomes. The financial categories of the ratios, liquidity, asset turnover, productivity, 

leverage, and profitability have become standard indicators in various predictive models, 

highlighting their relevance across multiple analyses in the field. Notably, Barboza et al. 

(2017) and Chen et al. (2023) incorporated these ratios into their research, demonstrating 

their widespread application. The detailed descriptions of these financial ratios are 

represented in Table 2, which outlines their categories and ratio calculations. This consistent 

use of Altman’s variables highlights their relevance in improving the accuracy of bankruptcy 

predictions across diverse studies. 

Table 2. Altman’s financial ratios (1968) 

Category Ratio 

Liquidity Working capital / Total assets 

Profitability Retained earnings / Total assets 

Productivity Earnings before interest and taxes / Total assets 

Leverage Market value of equity / Total liabilities 

Asset turnover Sales / Total assets 

 

Barboza et al. (2017) and Chen et al. (2023) also incorporated indicators based on Carton 

and Hofer’s (2006) research, that are more likely to affect financial performance in the short 

term. According to Hofer and Carton (2006) financial performance is formed from five main 

categories: leverage, growth, size, liquidity, efficiency, and profitability. The categories are 

quite similar to Altman’s (1968) categories. Laitinen (1991) considered some of these factors 

as well and underlined the importance of growth ratios. Besides these financial ratios Chen 

et al. (2023) added a text-based communicative value variable based on the company’s 

annual reports. Kim and Upneja (2014) also considered variables from different categories 

based on previous studies such as Laitinen (1991) and Altman (1968): profitability, 

solvency, liquidity, activity, and growth.  

As it is more common in financial distress studies to categorize variables into distinct groups, 

by contrast, Ohlson’s (1980) criteria for chosen financial ratios was simplicity. Ohlson did 



 14  

 

not intend to create new variables nor categorize the variables, therefore chose the nine ratios 

that are represented in Table 3. 

Table 3. Ohlson’s (1980) financial variables 

Short Formula 

SIZE log(Total Assets / GNP price-level index) 

TLTA Total liabilities / Total assets 

WCTA Working capital / Total assets 

CLCA Current liabilities / current assets 

OENEG 1 if total liabilities > total assets, 0 otherwise 

NITA Net income / total assets 

FUTL Funds provided by operations / total liabilities 

INTWO 1 if net income < 0 for last two years, otherwise 0 

CHIN (NIt – NIt-1) / (|NIt| + |NIt-1|), where NIt is net income for the most recent period 

Heo and Yang (2014) used financial data from one year prior to bankruptcy. Their selection 

criteria focused on ratios that could be applied regardless of the size of the company’s capital 

or sales, which led to the exclusive use of ratio-based variables without any specific 

categories for the variables. Huo et al. (2024) used only 10 different variables, divided into 

five different categories similarly to Altman (1968). They discovered that variables of short-

term liquidity; current and quick ratios are the most crucial variables in bankruptcy 

prediction.  

Based on the previous studies, it is evident that financial ratios or variables can often be 

grouped into different categories. Although there is no standard categorization in bankruptcy 

research, Altman’s (1968) ratios hold an exception for this. Researchers typically define 

categories that align with their research objectives. However, most studies commonly rely 

on a range of categories to classify financial indicators, but the selection and number of 

categories vary widely.  

Using financial ratios in corporate bankruptcy prediction has been widely recognized since 

the works by Beaver (1966), Altman (1968) and Ohlson (1980). This trend continues, as 

shown in Table 1, where the majority of previous research employs financial ratios and ratios 

in general for bankruptcy prediction. Only a limited number of studies includes size variables 
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such as capital, sales or personnel amount. Ratios are commonly utilized to standardize 

values and account for differences in scale between companies (Heo and Yang 2014).  

Besides financial ratios, corporate governance indicators (CGIs) are acknowledged as 

significant type of variables in bankruptcy prediction. They can be categorized into cash 

flow rights, ownership structure, board structure, and key person retained, however the 

categories are not standardized, some studies can use other CGI categories. Including CGIs 

in prediction models improve the results when compared to models that only use financial 

ratios. (Liang et al. 2016) In addition, as noted by Chen et al. (2023) non-financial variables, 

such as text-based communicative indicators, may hold significant potential for enhancing 

the predictive power of bankruptcy models.  

Kim and Upneja (2014) discussed whether the possibility of additional data beyond 

traditional financial ratios could offer more valuable insights for effectively and accurately 

predicting financial distress. Besides financial ratios they used other variables such as 

changes in GDP, EPS, and stock price trends in their research. This highlights the central 

role of financial ratios in bankruptcy prediction, while also suggesting potential value in 

exploring alternative or underutilized variables for future research.  

Identifying the most influential indicators is essential for the development of machine 

learning models in bankruptcy prediction, as these features provide critical insight into a 

company’s credit risk and financial stability (Gupta 2022). Some studies have aimed to 

identify the most relevant features for distinguishing between bankrupt and active 

companies. Kim and Upneja’s (2014) research evaluated 25 different financial variables. 

They identified the most influential variables for predicting financial distress as the net profit 

margin, debt-to-equity ratio, current ratio, accounts receivable turnover, and asset growth. 

The debt-to-equity ratio was the strongest indicator, with higher values signaling a greater 

risk of distress, Low asset growth also correlated with financial issues, suggesting that a 

slowdown in growth can be a warning sign. Additionally, restaurants with a current ratio 

below 0.454 were more likely to face distress. These factors emerged as key indicators of 

financial health, effectively distinguishing distressed firms from those in a stable financial 

condition.  

Similarly, Kim and Kang (2010) used 32 different variables and evaluated them based on 

their accuracy ratio. The seven variables with the highest accuracy ratio were: ordinary 
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income/total assets, cash ratio, total debt/total assets, EBITDA/interest expenses, retained 

earnings/total assets, inventory/sales, and total assets. 

In a more recent study, Gupta (2022) emphasized the predictive value of features falling into 

financial categories such as profitability, solvency, efficiency, and liquidity. The study 

highlighted the relevance of non-traditional variables, including ownership structure, market 

ratios and company age. Common predictors across the different machine learning models 

included, age of the company, earnings per share (EPS), price-to-book value, gross fixed 

asset utilization, and return on total assets (ROTA). These findings suggest that while 

financial ratios remain core to prediction, expanding variable sets to include for instance 

ownership and market-based factors may improve model accuracy. 
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3  Theoretical framework 

This chapter presents the theoretical framework of the research. The theory of machine 

learning is introduced, followed by an overview of the classification algorithms used in the 

research. This is complemented by a discussion of model evaluation and validation 

techniques, and feature importance. 

This research applies machine learning techniques to classify between bankrupt and active 

companies by analyzing their financial characteristics. The analysis compares the 

performance of several methods, including Support Vector Machines (SVM), Boosting, 

Bagging, Random Forest, and Artificial Neural Networks (ANN). This chapter provides an 

overview of each method, focusing on its objectives, underlying mathematical frameworks, 

and learning algorithms. 

3.1  Machine learning in general 

Machine learning (ML) research is conducted across a wide range of fields including 

engineering, medicine, and computer science (Barboza et al. 2017). Machine learning 

techniques have proven highly effective in addressing real-world classification problems in 

different areas (Gerlein, McGinnity, Belatrexhe and Coleman 2016). As the potential of 

machine learning to assess complex problems effectively became evident, its application in 

the financial sector gained significant interest (Danenas and Garsva 2015). 

Machine learning relies on using computers to optimize specific criteria based on data as an 

example or past experience (Alpaydin 2014, 1-4). The fundamental concept of machine 

learning is to relate the problem to similar previous cases that are used to form the basis of 

the learning process (Jo 2021, 3-4). Machine learning models analyze patterns with 

observations that belong to the same category and recognize features that separate 

observations from those in other categories (Barboza et al. 2017). Pattern recognition is an 

application of machine learning (Heo and Yang 2014).  

Machine Learning is a part of artificial intelligence (AI) since it has the capability to learn 

and adjust to a changing environment (Alpaydin 2014, 1-4). However, the terms machine 
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learning, pattern recognition, and artificial intelligence are often used interchangeably, 

leading to confusion about their distinct meanings and differences (Kämäräinen 2023, 11).  

Machine learning is typically categorized into supervised learning and unsupervised 

learning. In supervised learning a model is trained on labeled datasets which means that the 

data includes both the input (features) and the correct outputs (continuous and discrete 

labels). Supervised learning can be further categorized into classification and regression. 

(Kämäräinen 2023, 94) Classification is a process where the items are assigned by the 

machine learning model to predefined categories. The simplest case is binary classification 

where there are only two categories and extends to multiple classification or even 

decomposition of these two classes. In classification, the output value is discrete. In contrast, 

regression is a process where the output value is continuous. In both cases, the output value 

can be predicted based on one or more factors. Regression can be divided into two different 

types based on the number of output values: univariate and multivariate regression, subject 

to the type of the task. (Jo 2021, 4-7; Kämäräinen 2023, 94) 

3.2  Classification methods  

This section explores the theoretical foundations of widely used classification methods in 

bankruptcy prediction, including Support Vector Machines (SVM), Boosting, Bagging, 

Random Forest, and Artificial Neural Networks (ANN). 

Ensemble learning, also referred to as a multiple classifier system, is a type of machine 

learning algorithm that combines various learners to solve a problem. Generalization ability 

in such algorithms tends to be better than in methods that use individual learners. Ensemble 

learning algorithms can be distinguished into two categories: Boosting, which creates 

individual learners with powerful correlations and Bagging and Random Forest, which 

generate individual learners separately, allowing the creation process to be parallelized. 

(Zhou 2021, 182) 
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3.2.1  Support Vector Machine 

Support Vector Machine (SVM), a key component of statistical learning, gained recognition 

in the mid-1990s and quickly became popular. However, the theoretical principles of 

statistical learning were established much earlier, with V. N. Vapnik introducing the concept 

of support vectors in 1963 and, with A. J. Chervonenkis, proposing the VC dimension 

introduced in 1968, followed by the structural risk minimization principle in 1974. (Zhou 

2021, 14)  

SVM is a mathematical algorithm that classifies data by transforming it using a function 

known as kernel (Noble 2006). The core idea of SVM is to project the data points into a 

feature space with multiple dimensions in which the classes can be linearly separated and 

the similarity between the original and these new points is then calculated using a kernel 

function (Jo 2021, 167; Cortes and Vapnik 1995). The core objective of SVMs is to 

determine the optimal hyperplane, that provides the greatest margin of separation between 

distinct classes (Noble 2006; Zhou 2021, 130-131; Cortes and Vapnik 1995). A separating 

hyperplane in feature space is represented as 

  𝒘⊤𝒙 + 𝑏 =  0, (1) 

where 𝒘, is the normal vector, determining the orientation of the hyperplane, while 𝑏 

represents the bias, which dominates the offset from the origin and the hyperplane. The 

margin refers as the total distance between the hyperplane and the support vectors from two 

different classes. (Zhou 2021, 130-131) It can be calculated as 

𝛾 =  
2

‖𝒘‖
. 

(2) 

Figure 3 visualizes the support vectors and margin. The sample points are called support 

vectors which define the boundary between classes and the position of the optimal 

hyperplane (Cortes and Vapnik 1995). Identifying the separating hyperplane with the largest 

margin is the same as determining the parameter values w and b that maximize γ (Zhou 

2021, 131). 
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Figure 3. Support vectors and margin (Zhou 2021, 131) 

Even though SVMs originate from linear classifiers, it is designed to handle non-linear 

classification problems (Jo 2021, 167), as data in practice tends to be more complex and 

non-linear. Instead of finding the straight hyperplane (as in Figure 3) in such cases the data 

points may be transformed into a space with higher dimensionality where linear separation 

becomes possible with the help of kernel function. The performance of support vector 

machines heavily depends on the quality of the feature space, which is determined by the 

kernel function. Since the exact feature mapping is unknown, choosing the right kernel is 

crucial, as a poor kernel can lead to suboptimal performance. Frequently used kernels are 

linear kernel, polynomial kernel, and gaussian kernel also known as RBF kernel. Some 

general guidelines include using linear kernels for text data, due to its high dimensionality, 

while opting for the Gaussian kernel when the best choice of kernel is uncertain. (Zhou 2021, 

134-137) 

3.2.2  Boosting 

Boosting is an ensemble learning technique designed to enhance the performance of weak 

learners by converting them into stronger learner by combining them with weighted average 

(Heo and Yang 2014; Zhou 2021, 184). The method works by training a base learner on the 

dataset, then adjusting the training set based on the learner's performance.  Specifically, 

misclassified samples are given more weight for the next learner, ensuring that they receive 

more focus. This process is repeated for a set number of learners, with each new model 
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trained on the updated dataset. At the end of the process, the predictions from all learners 

are combined, often with different weights, to create a final, more accurate model. (Zhou 

2021, 184; Assaad, Boné and Cardot 2008)  

AdaBoost (Adaptive Boosting), introduced by Freund and Schapire (1997), is among the 

most recognized boosting algorithms. AdaBoost is highly regarded for its solid theoretical 

foundation and high predictive accuracy (Alfaro et al. 2007; Zhou 2021; 184). The intuitive 

approach to derive the AdaBoost algorithm is based on the additive model, where the final 

output is generated by combining the outputs of base learners by using a weighted 

summation, as shown in the formula 

 

𝐻(𝒙) = ∑ 𝛼𝑡ℎ𝑡(𝒙)

𝑇

𝑖=1

, 
(3) 

where 𝛼𝑡 is the weight of the base learner and ℎ𝑡 represents the base learner at iteration 𝑡. 

The objective of AdaBoost is to minimize the exponential loss function. (Zhou 2021, 184) 

Boosting algorithms adjust the sample distribution for base learners by re-weighting or re-

sampling the training data (Assaad, Boné and Cardot 2008). Re-weighting assigns new 

weights to each sample in each round, while re-sampling creates a new training set from the 

updated distribution. Both methods generally lead to similar performance. During each 

round, a check is performed to ensure that the current base learner meets basic requirements, 

such as outperforming random guessing. If the learner does not meet these criteria, it is 

discarded, and the process may stop early. To avoid this, re-sampling allows for restarting 

the process with a new learner to complete the specified number of rounds. In terms of bias-

variance decomposition perspective, boosting primarily targets minimizing bias. As a result, 

a combination of learners with weak individual performance can still be highly effective 

when combined. (Zhou 2021, 188) 

3.2.3  Bagging 

Bagging, short for “bootstrap aggregating”, is an ensemble method introduced by Breiman 

(1996). The learning technique improves model accuracy by generating several versions of 

the training data by random sampling with replacement, therefore some samples appear more 

than once while others may be excluded. Each of these new datasets is used to train a separate 

model or a base learner. (Zhou 2021, 190) Each member in the ensemble algorithm is gained 
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by training the base learner through bootstrap sampling (Efron and Tibshirani 1993). The 

final prediction is achieved by integrating all these models: for classification, they vote on 

the final class, while for regression, their outputs are averaged. Bagging helps to minimize 

prediction variance, making the model more stable and less sensitive to fluctuations in the 

data. (Zhou 2021, 190) The algorithm of bagging is expressed as 

 

H(x) = arg 𝑚𝑎𝑥 ∑ 𝕀(ℎ𝑡(x) = 𝑦)

𝑇

𝑡=1

, 
(4) 

where 𝕀 is the indicator function, returning 1 if the prediction matches the true class and 0 

otherwise (Breiman 1996). Compared to AdaBoost, which is primarily designed for binary 

classification, Bagging is applicable in both multiclass classification and regression without 

any modification. Bagging helps to lower the variability in model predictions, making it 

especially beneficial for models such as unpruned decision trees or neural networks, which 

can be sensitive to small changes in the data. (Zhou 2021, 190-191) Bagging is effective for 

models that tend to be sensitive or inconsistent with different data samples, but for models 

that are already stable, bagging may lead to a small drop in performance (Breiman 1996).  

In contrast to boosting, bagging reduce variance in the perspective of the composition of 

bias-variance. (Zhou 2021, 191) It also aims to reduce overfitting by training several models 

from different samples drawn from the same training data. (Barboza et al. 2017) Bagging is 

easy to add to existing machine learning methods and it improves the accuracy by using 

bootstrap samples and combining their results (Breiman 1996). 

3.2.4  Random Forest 

Random Forest (RF), introduced by Breiman (2001), is an advanced machine learning 

technique for building predictive models. Classification is carried out by generating a group 

of decision trees based on CART (Classification and Regression Trees) framework. The 

algorithm combines the predictions from these trees to analyze the data and assess the 

importance of each variable in the model. Similar to bagging, RF creates several decision 

trees using bootstrapped samples of the dataset. However, RF adds randomness by 

determining randomly a subset of 𝑘 features at each split rather than evaluating all available 

features, which helps create more varied decision trees. By growing trees without pruning 
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and selecting splits from random feature subsets at each node, RF maintains prediction 

stability while fostering diversity among trees, further strengthening its performance. 

(Breiman 2001; Zhou 2021, 191-193) Selecting features randomly at each split decreases the 

similarity between unpruned trees, which minimizes correlation while maintaining the 

overall model bias (Booth, Gerding and McGroarty 2014). This approach, known as 

"feature-based diversity," boosts model accuracy by reducing overfitting and improving 

generalization (Zhou 2021, 193). 

The parameter 𝑘 adjusts the level of randomness in the process. When 𝑘 = 𝑑, (total number 

of features), the process becomes similar to bagging. When 𝑘 = 1, the feature split is chosen 

completely at random. (Zhou 2021, 191-192) Generally, the suggested value for 𝑘 is 𝑘 =

𝑙𝑜𝑔2(𝑑), as recommended by Breiman (2001). Even though Random Forests are easy to 

implement and require low computation resources, they often give impressive results in 

applications of the real-world. Random Forests are highlighted as a leading example of 

advanced ensemble methods. (Zhou 2021, 192) In addition they are relatively resistant to the 

effects of outliers and noise (Breiman 2001; Yeh, Chi and Lin 2014). 

Compared to bagging, which considers sample-based diversity, Random Forests presents 

feature-based diversity by feature manipulation which results in better generalization ability. 

Random Forest (RF) typically starts with poor performance, especially with just one base 

learner, as the feature manipulation lowers the performance of individual trees. (Zhou 2021, 

192) However, as more base learners are added, RF often improves and leads to an improved 

generalization performance (Zhou 2021, 192; Breiman 2001). Additionally, RF is generally 

more efficient than Bagging because it utilizes "randomized" decision trees by considering 

only subsets of features at each split, unlike Bagging uses "deterministic" trees that assess 

all features (Yeh, Chi and Lin 2014; Zhou 2021, 192). Random Forest demonstrate similar 

precision as AdaBoost (Breiman 2001). However, Creamer and Freund (2004) reported that 

RF outperformed AdaBoost in their comparisons, delivering consistently better results. 

3.2.5  Artificial neural networks 

Artificial neural networks (ANNs) are computational models created to simulate the 

biological neural networks that are found in the human brain (Khataee and Kasiri 2011; 
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Zhang et al. 1998; Zhou 2021, 107). Since the 1980s, several ANN models have been 

developed. Some of the most significant ones include multi-layer perceptrons (MLP), 

Hopfield networks, and Kohonen's self-organizing networks. (Zhang et al. 1998) This 

section will focus on the Multi-Layer Perceptron, which is among the most widely applied 

types of ANNs. 

An ANN consists of artificial neurons that are sorted into layers, which are interconnected. 

The input layer is the first layer, and it receives signals from different sources, and the 

neurons in the input layer transmit the input directly to the hidden layer. Although ANNs 

can include multiple hidden layers, the universal theory proposes that a neural network with 

a single hidden layer is sufficient if it contains an adequate number of neurons. Each neuron 

in the hidden layer applies an activation function to transform the signals from the input 

layer and calculates the output by performing a weighted summation of the signals. The 

output layer provides the results that the network has obtained during the process. (Khataee 

and Kasiri 2011; Zhang et al. 1998; Zhou 2021, 107) Figure 4 represents an MLP architecture 

with one hidden layer. 

 

Figure 4. A typical feedforward neural network (MLP) (Gupta 2017) 

3.3  Evaluation and validation  

This section focuses on the evaluation and validation techniques used to assess the 

performance of machine learning models. Accurate assessment of model performance is 

critical for ensuring their reliability and generalization ability. Overfitting happens when a 
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model becomes overly complex and captures irrelevant patterns and noise in the training 

data, which reduces its ability to apply effectively to unseen data.  On the contrary, 

underfitting is caused by weak learning ability. Overfitting may lead to exceptionally strong 

performance on training data, while failing to accurately predict outcomes for unseen, real-

world data. (Zhou 2021, 26-28) 

3.3.1  Cross-validation and parameter tuning 

The effectiveness of classification algorithms can be assessed using k-fold cross-validation. 

Several studies have highlighted that repeating k-fold cross-validation can help produce 

more reliable estimates of model accuracy (Wong and Yeh 2020; Frydman, Altman and Kao 

1985). K-fold cross-validation is a validation method for evaluating model performance by 

dividing a given dataset D into 𝑘 subsets tof similar size. The union of 𝑘 − 1 subsets is used 

as the training set to fit the model, while the holdout subset is used for testing. The procedure 

is repeated 𝑘 times and after the final model’s performance metrics are computed by 

averaging the outcomes across all 𝑘 iterations. In 𝑘-fold-cross-validation selecting an 

appropriate value for 𝑘 is crucial to balance between result stability and computational 

competence. (Wong and Yeh 2020; Zhou 2021, 29-30) According to Rodriguez, Perez and 

Lozano’s (2010) research, the optimal number of 𝑘 is 5 or 10, lower values are more biased 

even though they are computationally effective. The most used configuration for 𝑘 is 10-

fold cross-validation (Zhou 2021, 29-30). Figure 5 represents an example of 5-fold cross-

validation process. 

 

Figure 5. A 5-fold cross-validation (Pelletier 2023) 
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Model evaluation and selection does not involve only choosing the appropriate learning 

algorithms but also configuring their parameters effectively. Parameter tuning is a process 

of discovering the right parameters and it is often essential in real-world applications. (Zhou 

2021, 31) Different machine learning models are designed with unique hyperparameters. 

Tuning hyperparameters can simply involve keeping default values, provided by the 

machine learning algorithm (Simon et al. 2023). The characteristics of training data 

determine the methods for parameter tuning (Saker 2021).  

Common techniques for hyperparameter optimization involve manual tuning, random 

search, grid search, and Bayesian optimization. However, parameter tuning tends to be 

computationally expensive, therefore it is often determined to keep the default values or tune 

only specific parameters. (Simon et. al 2023) Some machine learning models have built-in 

hyperparameters that can be modified easily. For instance, the number of decision trees and 

the size of the random subset can be adjusted to optimize performance. (Yeh, Chin and Li 

2014) 

3.3.2  Model evaluation metrics 

To examine how models can generalize to new data, practical and effective estimation 

methods are required along with performance measures that can quantify generalization 

capability (Zhou 2021, 32). 

For classification problems the most commonly used performance metrics are accuracy and 

error rate. These are applicable in both binary classification and multiclass classification. 

The error rate is defined as 

 
𝐸(𝑓; 𝐷) =

1

𝑚
∑ 𝕀

𝑚

𝑖=1

(𝑓(𝑥𝑖) ≠ 𝑦𝑖), 
(5) 

where 𝐷 demonstrates the given dataset, 𝑚 denotes the total number of observations, 𝑓(𝑥𝑖) 

is the predicted output for 𝑖th instance and 𝑦𝑖 is the actual output of the 𝑖th data point. The 

accuracy, with the same parameters, is defined as 
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𝑎𝑐𝑐(𝑓; 𝐷) =

1

𝑚
∑ 𝕀

𝑚

𝑖=1

(𝑓(𝑥𝑖) = 𝑦𝑖) 

= 1 − 𝐸(𝑓; 𝐷) 

(6) 

Thus, error rate represents the percentage of instances that are classified incorrectly, while 

accuracy is the percentage of instances which are classified correctly (Zhou 2021, 32-33). 

Even though error rate and accuracy are commonly utilized metrics, they may not be 

appropriate for all classification problems. In binary classification, the actual and predicted 

classes can lead to four possible outcomes: true positive (TP), false positive (FP), true 

negative (TN), and false negative (FN). The overall number of instances is the sum of these 

outcomes: TP + FP + TN + FN. (Zhou 2021, 33-34; Chen et al. 2023) All of these outcomes 

are presented in a confusion matrix that summarizes the prediction results. A visualization 

of a confusion matrix is represented in Table 4. 

Table 4. Confusion matrix 

    Predicted class 
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  Negative Positive 

N
eg
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TN FP 

Po
si

tiv
e 

FN TP 

The structure of the visualized decision matrix follows a format where the top-left cells 

represent the number of true negatives (correctly predicted non-bankrupt companies) and the 

bottom-right cell represents the number of true positives (correctly predicted bankrupt 

companies). The top-right and bottom-left cells correspond to false positives and false 

negatives respectively. From this matrix, precision and recall are derived. Precision and 

recall are key performance metrics for classification models. Precision measures the amount 

of correctly forecasted positive classes and recall measures the amount of correctly 

forecasted actual positive cases. Precision and recall often have an inverse relationship. 

Typically, when a high precision is associated with low recall, and vice versa. (Zhou 2021, 

34) Precision P and recall R are defined respectively as 
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𝑃 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, 

(7) 

 

𝑅 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
. 

(8) 

F1-score is a performance measure that regards both precision and recall at the same time 

and is not oversimplified. It is the harmonic mean of recall and precision (Danenas and 

Garsva 2015). It is defined respectively as: 

 

𝐹1 =
2 × 𝑃 × 𝑅

𝑃 + 𝑅
 

(9) 

Another useful tool, the Receiver Operating Characteristics (ROC) curve, evaluates the 

learner’s generalization ability. ROC curve illustrates the balance between the True Positive 

Rate (TPR), and the False Positive Rate (FPR) evaluated over various threshold levels. (Zhou 

2021, 36) These rates are defined as follows 

 

𝑇𝑃𝑅 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, 

(10) 

 

𝐹𝑃𝑅 =  
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
. 

(11) 

To construct the ROC curve, all samples are sorted by their predicted scores. Initially, the 

threshold is set to the highest value, predicting all samples as negative, therefore both the 

True Positive Rate (TPR) and False Positive Rate (FPR) start at 0, marked at the point (0, 

0). As the threshold gradually lowers, more samples are classified as positive. Each time a 

sample is classified as positive, if it is a true positive, the point moves up on the graph. If it 

is a false positive, the point moves to the right. This process continues as the threshold is 

lowered, causing more samples to be classified as positive, some correctly and some 

incorrectly. Each time a sample is classified as positive, the ROC curve moves upward if it 

is a true positive, or to the right if it is a false positive until all samples are classified as 

positive at the lowest threshold. (Zhou 2021, 36-38) Figure 6 illustrates an example of ROC 

curve. 
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Figure 6. ROC curve (Soni 2024) 

The area that remains under ROC curve is called Area Under Curve (AUC). The AUC is 

determined by summing up the areas under the segments of the ROC curve, which are 

formed by sequentially connecting individual points along the curve. (Zhou 2021, 38-39) 

AUC is defined as 

 

𝐴𝑈𝐶 =
1

2
∑ (𝑥𝑖+1−𝑥𝑖) ∙

𝑚−1

𝑖=1

(𝑦𝑖 + 𝑦𝑖+1), 
(12) 

where {(𝑥, 𝑦𝑖),( 𝑥2, 𝑦2),... ,( 𝑥𝑚, 𝑦𝑚)} are the points on the ROC curve from left to right, 

start point is at 𝑥1 = 0 and end point is 𝑥𝑚 = 1 (Zhou 2021, 38-39). 

3.4  Feature importance 

Feature importance refers to the techniques used to identify and quantify the proportional 

contribution of each input variable or feature to the prediction made by a machine learning 

model (Géron 2022). 

With tree-based models, for instance, Boosting and Random Forest, feature importance is 

calculated by evaluating each feature’s impact on impurity reduction. This is done by 

examining all nodes where a specific feature is used to split the data and averaging their 

impurity reduction, weighted by the number of instances that reach each node. The final 

importance score is normalized in a way that the sum of all features importance values equals 

one. (Géron 2022; Scikit-learn developers 2025) 
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Permutation importance, on the other hand, is a model-diagnostic technique used to 

understand how much each input feature influences a model’s statistical performance. The 

technique works by randomly shuffling a feature’s values at a time and then observing the 

resulting decrease in predictive accuracy. If the accuracy or other performance metric 

decreases significantly, it means that the shuffled feature was important to the model. This 

remains true even if the input data has been normalized, as permutation importance is applied 

after training, on the scaled features. The method is particularly useful for models that do 

not have built-in feature importances, such as a Support Vector Machine (SVM) or neural 

networks. (Scikit-learn developers 2025) 
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4  Data and methodology 

This chapter consists of several sections. First, it provides a description of the dataset used 

and details related to it. Second, the data preprocessing steps are explained, inclusing the 

missing value treatment. Third, descriptive statistics for the active and bankrupt datasets are 

presented and compared for both industries, and finally the data scaling and model tuning 

process is described. 

The selection of machine learning models in this research is based on the findings of previous 

research including Barboza et al. (2017), Heo and Yang (2014), Kim and Upneja (2014), 

and Liang et al. (2016), which demonstrated the effectiveness of various classification 

techniques in bankruptcy prediction. The machine learning algorithms used in this research 

are Random Forest (RF), Bagging, Boosting, Support Vector Machine (SVM), and Artificial 

Neural Networks (ANN). The empirical analysis of this research was conducted with the 

Python programming language.  

4.1  Description of data 

All the data used in this research were collected from Bureau Van Dijk’s Orbis database. 

The database provides financial data of companies across Europe. This research uses two 

separate datasets, the first consists of Finnish companies in the construction industry that 

declared bankruptcy between 2019 and 2023, and the second includes Finnish companies 

from the restaurant industry that declared bankruptcy during the same period. 

Due to the limited number of observations in the construction dataset, the companies will 

not be further classified into categories based on their capital size as suggested by Heo and 

Yang (2014). Although the amount of non-bankrupt companies is significantly higher in 

both sectors, a balanced dataset was constructed by selecting an equal number of bankrupt 

and non-bankrupt companies. This approach follows the example of Altman (1968) and 

Gupta’s (2022) studies. The number of companies for both datasets are presented in Table 

5. 
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Table 5. Number of observations in datasets 

 Construction Restaurant 

Bankrupt 408 107 

Non-bankrupt 408 107 

Total 816 214 

 

The selection of the variables for this research is based on previous studies in the field of 

bankruptcy prediction. The foundational five variables identified by Altman (1968) serve as 

a critical baseline due to their proven relevance in assessing bankruptcy risk. Additionally, 

Ohlson's (1980) model was considered, focusing on variables that are applicable across 

various contexts. Insights from previous research about bankruptcy predicting in the 

restaurant industry such as the critical role of liquidity highlighted by Kim and Upneja 

(2014) and Huo et al. (2024) were incorporated into this research. Furthermore, Heo and 

Yang's (2014) work was referenced, not only because of its focus on construction industry 

but particularly for its emphasis on variables that apply universally, regardless of a 

company's capital size or sales volume, making their findings valuable for broader 

applications. 

This research focuses specifically on Finnish companies aiming to build a dataset as 

comprehensive as possible to enhance the reliability of the results. However, the majority of 

bankrupt Finnish companies in the construction and restaurant sectors are small to medium-

sized private companies (Heljala, Myllymäki and Suomalainen 2023). Therefore, the 

financial information available for such companies is often limited, which restricts the range 

of variables that can be used in the analysis. Due to this, only a subset of variables from 

foundational research such as Altman’s (1968) and Ohlson’s (1980) were available. The 

dataset was collected based on key variables available and identified in prior studies by 

Altman and Ohlson, as well as relevant factors highlighted in later studies by Carton and 

Hofer (2006), Kim and Upneja (2014), Kim and Kang (2010), and Huo et al. (2024).  

To ensure a comprehensive analysis, variables were selected from different categories, 

guided by the categories outlined by Altman (1968) and Carton and Hofer (2006) for 

bankruptcy prediction. At least one variable from each category is included in the analysis. 

In this research size variables are incorporated alongside financial ratios, with the aim of 
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improving the predictive power and adding valuable insights as Chen et al. (2023) and Kim 

and Upneja (2014) highlighted.  

Compared to the studies of Heo and Yang (2014), Huo et al. (2024) and Kim and Kang 

(2010) who collected data only one year prior to bankruptcy, Altman (1968) stated that 

average time before bankruptcy for companies to be correctly classified is around 20 months. 

In this research all the variables are collected three, two and one years prior to bankruptcy 

except the growth variables only one and two years prior to bankruptcy. An overview of the 

final variables and their corresponding categories are presented in Table 6.  

Table 6. Research variables and categories 

Category  Variables 

Liquidity Current ratio 

Current assets / Total assets 

Sales / Current assets 

Profitability Gross profit margin 

Return on assets (ROA) 

Return on equity (ROE) 

Return on capital employed (ROCE) 

EBITDA / Total assets 

EBIT / Total assets 

Net income / Total assets 

Leverage Interest coverage 

Capital efficiency/Productivity Asset turnover 

EBIT / Capital 

Sales / Capital 

Growth Asset growth 

Employee growth 

Sales growth 

Size Assets 

Employee 

Sales 

Capital 
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4.2  Data preprocessing 

The company status (bankrupt or active) for each company was defined by the Orbis 

database. Two separate datasets, bankrupt and non-bankrupt companies, were first retrieved 

and then merged into a single dataset for the construction and restaurant sectors. The target 

variable ‘bankrupt’ is a binary variable that contains two categories: 0 and 1. The category 

0 denotes an active company and category 1 denotes a bankrupt company.  

The raw datasets initially included 55 variables. Since the variables used in this research are 

ratios and were not directly available, therefore the ratios needed to be constructed manually. 

Each variable in the raw datasets was represented three times, corresponding to one, two, 

and three years prior to bankruptcy. Before the missing value treatment, the construction 

dataset originally contained 892 bankrupt company observations, while the restaurant 

dataset included 291. 

Due to a great number of missing values in both datasets, it was necessary to reduce the size 

of the datasets. However, not all the missing values could have been removed since it would 

have caused the datasets to be too small. Therefore, a threshold approach was applied: 

companies (rows) with more than six missing values were removed from the construction 

dataset, and rows with more than nine missing values were removed from the restaurant 

dataset. The resulting number of companies is presented in Table 5. 

Next, the number of missing values per variable (column) was checked to see if there were 

any specific variables that contained a considerable amount of missing values. It was decided 

to remove all the variables with over 25% missing data from the analysis. The decision aligns 

with Wang et al. (2025), who used a threshold of 30% to remove missing values from 

variables. After the variable removal approach, the datasets still contained missing values in 

some variables. The missing entries were replaced with the medians of the respective 

variable. To ensure a balanced classification, the two datasets of active companies were 

balanced by removing rows randomly, which led to an equal number of bankrupt and active 

companies (see Table 5, number of observations). 

Since the final financial ratios chosen for this study (Table 6) were not directly available in 

the Orbis database, they were constructed using the retrieved variables. Once the ratios were 
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constructed, unnecessary columns used in their calculation were removed to streamline the 

dataset. The calculation process resulted in final datasets containing non-numerical values 

such as Inf, -Inf, and NaN. These values primarily arose from operations involving zero, 

such as division, which can generate undefined or infinite results. To address these issues, a 

consistent data-cleaning approach was applied: Inf values were replaced with the maximum 

value of the respective variable, -Inf values were replaced with the minimum value, 

and NaN values were replaced with zero. This ensured the dataset was free of non-numerical 

entries, enabling accurate analysis and modeling. 

The correlation matrix of the construction data is presented in Appendix 1 and Appendix 2 

for restaurant data. It can be observed that both contain a slight amount of highly correlated 

variables. According to Altman (1968), high negative correlations are often more useful than 

positive ones. When companies face financial trouble, they replace fewer assets, and losses 

further reduce their asset size giving clearer sense of financial distress. Unlike Altman (1968) 

and Barboza et al. (2017), who retained the highly correlated variables in datasets, this 

research opted to remove variables with strong positive correlations. An absolute correlation 

threshold of 0.8 was used for both positive and negative correlations, as it is a widely 

accepted guideline (Stataiml 2024). This step addressed multicollinearity among input 

features. Correlations between input features and the target variable were not considered for 

removal. 

Following this, multicollinearity between the variables was evaluated using the Variance 

Inflation Factor (VIF). The VIF values for final datasets are presented in Appendix 3. 

Commonly used threshold levels for VIF analysis are 4 and 10, when assessing the presence 

of multicollinearity (Kim and Kang 2010). Almost all the VIF values were under the 

threshold of 4, the highest value recorded was 5.27 for the variable Sales to Current assets (t 

- 2) in the restaurant dataset. The values indicate that the variables do not present significant 

multicollinearity. 

4.3  Variable statistics 

The descriptive statistics for bankrupt and active construction companies are presented in 

Appendix 4, with the corresponding data for restaurant companies shown in Appendix 5. 
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These statistics include the mean, the standard deviation, the minimum and the maximum 

values of each variable across three time periods: one, two, and three years prior to 

bankruptcy for bankrupt companies. The notation ‘t-x’ indicates the number of years (t) prior 

to bankruptcy for bankrupt companies. Some variables are missing from the tables since they 

were removed from the analysis previously due to high correlation. For growth-related 

variables, the data is only available for two time periods, as growth calculations required 

information from the preceding year. 

4.3.1  Construction data 

From the Appendix 4, it is evident that liquidity variables in the construction data, such as 

the mean current ratio is notably lower for bankrupt companies, with a decreasing trend over 

time. In the year before bankruptcy (t - 1), the mean current ratio reaches its lowest value at 

1.24. Additionally, the standard deviation for the bankrupt dataset is lower, indicating less 

variation in liquidity. By contrast, the current ratio for active companies increases over time. 

The sales to current assets -variable appears more balanced between the two datasets. 

Overall, based on current ratio, active companies demonstrate better liquidity compared to 

bankrupt companies. 

In terms of profitability ratios, the mean profit margin for bankrupt companies decreases 

over time and is even negative in all years, while the active dataset remains more stable. 

Both the minimum and maximum values are lower in the bankrupt dataset. Similarly, the 

means of EBITDA to total assets and EBIT to total assets ratios are higher for active 

companies in all periods. The mean of net income to total assets ratio is consistently negative 

in the bankrupt dataset, and the mean of ROA shows a decreasing trend in both datasets, 

with the values of the bankrupt dataset turning negative. These trends indicate that active 

companies are far more profitable and efficient in utilizing their assets compared to bankrupt 

companies. 

Regarding leverage, the mean of interest coverage ratio shows an increasing trend in both 

datasets but remains significantly lower for bankrupt companies. This suggests that active 

companies most likely manage their debt obligations more effectively and with healthier 

interest coverage ratios. Comparing capital efficiency variables, interestingly, the mean of 
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EBIT to capital for bankrupt companies has the highest value on t-1. For active companies 

the trend is decreasing. The mean of sales to capital ratio for bankrupt companies shows an 

increasing trend, most likely due to a consistent decline in capital, which causes the ratio to 

increase. In contrast, active companies have much more stable mean of sales to capital ratio.  

For growth variables, the mean of both asset growth and sales growth shows a decreasing 

trend in both datasets. Bankrupt companies have a higher mean asset growth one year prior 

to bankruptcy, but active companies generally maintain higher values otherwise. The size 

variable, the mean of total assets, is notably higher for bankrupt companies. While total 

assets also show an increasing trend for active companies, the higher values for bankrupt 

companies could be attributed to their heavy reliance on debt financing, which artificially 

inflates their total assets. 

4.3.2  Restaurant data 

Appendix 5 presents the variable statistics of the restaurant dataset. For liquidity variables, 

the mean of current ratio is lower for bankrupt restaurant companies, although the difference 

between the two datasets is not significant. However, the mean of sales to current assets ratio 

indicates a decreasing trend for bankrupt companies, whereas an increasing trend is observed 

for active companies. These trends suggest that active companies are better at maintaining 

liquidity.  

For profitability variables, such as profit margin, an increasing trend for active companies 

can be seen from the mean. In contrast, bankrupt companies show negative mean values 

already three years prior to bankruptcy. Similar patterns are observed for ROA and EBIT to 

total assets; increasing mean values, while bankrupt companies experience negative and 

decreasing trends. The mean of EBITDA to total assets ratio follows an increasing trend for 

active companies and a decreasing trend for bankrupt companies, with higher values for 

active companies. Additionally, the mean net income to total assets ratio is negative and 

decreasing for bankrupt companies, while it remains close to zero for active companies. 

Based on these financial indicators, profitability could be a key indicator as active companies 

generate more consistent profits, while bankrupt companies might struggle to cover costs. 
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For leverage, the mean of interest coverage is notably lower for bankrupt companies even 

though no clear trend is detected. This could indicate an inability to manage debt obligations. 

For capital efficiency, the mean of EBIT to capital ratio is higher for active companies even 

though slightly unstable. For bankrupt companies the mean EBIT to capital ratio turns 

negative one and two years prior to bankruptcy. The mean of sales to capital ratio is higher 

for bankrupt companies than active companies, similar to the construction data. This is most 

likely due to the fact that the decrease of capital causes the increase of the ratio. 

In terms of growth variables, such as the mean sales growth for bankrupt companies is 

extremely high which suggests aggressive and likely unsustainable expansion. The standard 

deviation is also exceptionally high, which indicates significant variation. Bankrupt 

companies have increasing growth in the mean for both sales and assets, while active 

companies show more consistent declining trend. For the size variable, the mean of total 

assets, shows an increasing trend in both datasets, however the values are lower for bankrupt 

companies.   

To summarize the descriptive statistics, active companies generally demonstrate better 

liquidity, profitability, debt management, and controlled growth compared to bankrupt 

companies. These financial ratios and variables highlight the stability and sustainability of 

active companies relative to their bankrupt counterparts. 

4.4  Data scaling and model tuning 

Certain machine learning models, such as SVM and ANN, are highly sensitive to the scale 

of input features (Bengio 2012; Hsu, Chang and Lin 2010). Scaling is particularly important 

for SVM due to the algorithm’s reliance on distance-based calculations and kernel functions. 

One main benefit of scaling is that it prevents features with large ranges from dominating 

those with smaller ranges. (Hsu, Chang and Lin 2010) In the case of ANN, preprocessing 

individual features through standardization is widely recommended. It is particularly 

relevant for tuning hyperparameters, which can vary significantly depending on the scale of 

input data. (Bengio 2012) In contrast, machine learning models tend to be more flexible and 

assumptions-free than many statistical methods (Gupta 2022).  
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In contrast, some of the chosen ensemble classification methods such as Random Forest is 

quite resistant to the impacts of outliers (Breiman 2001; Yeh, Chi and Lin 2014). Tree-based 

models, such as Random Forest, Bagging, and Boosting, do not require scaling or centering 

(Géron 2022).  

While previous studies (Barboza et al. 2017; Heo and Yang 2014) did not apply any form of 

standardization, this research applied scaling to the models known to benefit from it (SVM 

and ANN). Previous studies in bankruptcy prediction, such as Tabbakh et al. (2021), 

addressed outliers through omission and winsorization as common approaches to minimize 

their impact in financial datasets. In contrast, this research applied a robust scaling method, 

RobustScaler, to handle outliers. RobustScaler adjusts feature values by removing the 

median and scaling them based on the interquartile range (IQR), making it particularly robust 

to outliers (Singh 2022). This is relevant for financial datasets, where extreme values and 

skewed distributions are common. 

The dataset for each industry was divided into training (80%) and testing (20%) sets using a 

stratified random sampling technique. Rodriguez, Perez and Lozano (2010) recommended a 

10 or 5-fold cross-validation to avoid biased data. A larger number of folds is 

computationally more expensive, but the datasets used in this research are quite small. 

Therefore a 10-fold cross-validation was chosen to estimate the model performance more 

reliably. The cross-validation was performed on the training sets of both the construction 

and restaurant data. 

To further improve the predictive performance of the models, hyperparameter optimization 

was performed using grid search alongside 10-fold cross-validation on the training sets. Grid 

search involves systematically searching for the best parameter combinations to identify the 

hyperparameters that give the best cross-validation accuracy. Each machine learning model 

was tuned separately for restaurant and construction datasets. While larger or alternative 

parameter ranges could be explored, the ranges tested were selected to balance the coverage 

and computational resources available. Table 7 summarizes the optimal hyperparameters 

identified for each model during the grid search process. 
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Table 7. Optimal hyperparameters for each model 

Model Parameter Range Optimal Parameters 

(Restaurant) 

Optimal Parameters 

(Construction) 

SVM C: 0.1, 1, 10 

Gamma: 0.001, 0.01, 0.1 

Kernel: RBF, linear, poly 

C = 10 

Gamma = 0.001 

Kernel = RBF 

C = 10 

Gamma = 0.001 

Kernel = RBF 

Random 

Forest 

Estimators: 100, 200 

Max depth: None, 10, 20 

Min samples split: 2, 5 

Estimators = 100 

Max depth = 10 

Min samples split = 2 

 Estimators = 100 

Max depth = None 

Min samples split = 2 

ANN Hidden layer sizes: (100,), (500,), 

(100,100) 

Activation: relu, tanh 

Solver: adam, sgd 

Alpha: 0.0001, 0.001 

Initial learning rate: 0.001, 0.01 

Max iterations: 500 

Hidden layer sizes = 

(100,) 

Activation = relu 

Solver = adam 

Alpha = 0.0001 

Initial learning rate = 

0.001 

Max iterations = 500 

Hidden layer sizes = 

(100,100) 

Activation = relu 

Solver = sgd 

Alpha = 0.001 

Initial learning rate = 

0.001 

Max iterations = 500 

AdaBoost Estimators: 50, 100, 200 

Learning rate: 0.01, 0.1, 1 

Base estimator, max depth: 1, 2 

Estimators = 50 

Learning rate = 0.01 

Base estimator, max 

depth = 2 

Estimators = 100 

Learning rate = 1 

Base estimator, max 

depth = 1 

Bagging Estimators: 50, 100, 200 

Max samples: 0.5, 0.7, 1.0 

Max features: 0.5, 0.7, 1.0 

Base estimator, max depth: 3, 5 

Estimators = 50 

Max samples = 0.7 

Max features = 1.0 

Base estimator, max 

depth = 3 

Estimators = 50 

Max samples = 1.0 

Max features = 0.7 

Base estimator, max 

depth = 5 

In order to understand which financial indicators contributed most to bankruptcy prediction, 

feature importance was calculated for each model. For the tree-based ensemble methods 

(Random Forest, Bagging, and AdaBoost), feature importances were obtained directly from 

the models based on how much each variable reduced impurity across splits (Géron 2022). 

However, since SVM and ANN do not provide built-in feature importance metrics (Altmann 

et al. 2010), permutation importance was used instead. This method assesses the influence 

of each feature on model performance by permuting its values and measuring the decreased 

prediction accuracy.  
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5  Results 

This chapter presents the empirical results of the machine learning models applied to the 

construction and restaurant industry datasets. The performance of each model is evaluated 

first using 10-fold cross-validation on the training set. The performance metrics, including 

accuracy, precision, recall and F1-score, were calculated on the cross-validated training set 

and the independent test set to assess generalization to unseen data. In addition to 

performance comparisons, this chapter also includes an analysis of the feature importance to 

identify the most influential variables in predicting bankruptcy within each industry. The 

results are discussed separately for the construction and restaurant sectors. 

5.1  Restaurant dataset 

This section presents the results of the machine learning models applied to the restaurant 

dataset. Table 8 shows the mean 10-fold cross-validation performance metrics on the training 

set for each model, including accuracy, precision, recall, and F1-score. These metrics were 

calculated using the optimal hyperparameters identified previously in Table 7.  

Table 8. 10-fold cross-validation metrics (training data) 

Model Accuracy Precision Recall F1-Score 

SVM 0.661 0.650 0.722 0.678 

Random Forest 0.702 0.694 0.754 0.718 

ANN 0.708 0.722 0.730 0.716 

Bagging 0.713 0.798 0.801 0.746 

AdaBoost 0.743 0.737 0.781 0.753 

The cross-validation results on the training set demonstrated differences between the models. 

Overall, AdaBoost achieved the best performance, with the highest accuracy (0.743) and F1-

score (0.753). Bagging also performed well with the second highest accuracy (0.713) and by 

achieving the highest recall of 0.801, which indicates a particularly good ability to correctly 

identify bankrupt companies. The ANN model showed balanced results across all metrics, 

with a precision of 0.722, recall of 0.730, and F1-score of 0.716, indicating it handled both 
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classes relatively well. Random Forest performed quite similarly with ANN, with a slightly 

lower precision (0.694). SVM had the lowest overall performance, with accuracy of 0.661 

and precision of 0.650, suggesting it had more difficulties in separating the two classes. 

These results suggest that ensemble methods such as AdaBoost and Bagging outperform 

individual learners in capturing patterns of the restaurant dataset.  

The predictive performance of the machine learning models was assessed on the restaurant 

dataset using the reserved 20 % test set. The final test results are presented in Table 9. All 

models were evaluated based on accuracy, precision, recall, and F1-score. 

Table 9. Test set results – restaurant data 

Model Accuracy Precision Recall F1-Score 

SVM 0.721 0.667 0.857 0.750 

Random Forest 0.861 0.826 0.901 0.864 

ANN 0.884 0.864 0.905 0.884 

Bagging 0.837 0.769 0.952 0.851 

AdaBoost 0.721 0.737 0.667 0.700 

Among the models, the ANN achieved the highest overall accuracy (0.884) and F1-score 

(0.884), showing that it was the most balanced performer in terms of correctly predicting 

both bankrupt and active companies. Bagging also performed strongly, by achieving the 

highest recall (0.952), which indicates that it was especially good at identifying bankrupt 

companies. However, its slightly lower precision (0.769) suggests it also produced more 

false positives than ANN. Random Forest followed closely, with strong performance across 

all metrics, with the accuracy of 0.861 and F1-score of 0.864. 

SVM and AdaBoost showed comparatively weaker performance compared to ANN, 

Random Forest, and Bagging. While SVM achieved a high recall (0.857), its lower precision 

(0.667) and accuracy (0.721) suggest it struggled to differentiate active companies correctly. 

AdaBoost, which had shown strong cross-validation results, underperformed on the test set 

compared to the other models, with the lowest F1-score (0.700). 

When comparing the cross-validation results on the training set with test set performance, it 

is evident that several models, including Random Forest, ANN, and Bagging, achieved 

higher performance results on the test set than during cross-validation on the training data. 
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This improvement in test set results may indicate sensitivity to data partitioning or sampling 

variability and could also reflect favorable characteristics of the test data compared to the 

cross-validation folds. Although hyperparameters were optimizes using 10-fold cross-

validation, the difference between training and test performance raises the possibility of 

overfitting or variance-related effects. While the models demonstrate strong predictive 

performance on the test data, these outcomes should be interpreted with caution. Figure 7 

represents the ROC curves and AUC scores of the test set for each machine learning model. 

 

Figure 7. ROC curves and AUC scores – restaurant data 

The ROC curves and corresponding AUC scores indicate that Random Forest and Bagging 

achieved the highest AUC scores of 0.92, which demonstrates a strong overall classification 

performance. This was followed closely by ANN (AUC = 0.90), which also indicated a 

strong ability to separate bankrupt and active companies. In contrast, SVM and AdaBoost 

both recorded lower AUC scores of 0.81, which reflects a solid but comparatively weaker 

performance. The results suggest that all the models performed substantially better than 

random guessing (AUC > 0.5), and the AUC scores are also consistent with the previously 

reported test set classification metrics. 

The confusion matrices of the test set offer additional insights into the classification 

performance of each machine learning model in terms of their ability to correctly identify 

bankrupt and non-bankrupt companies. Figure 8 presents the confusion matrices for all five 

models of the test set.  
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Figure 8. Confusion matrices – restaurant data 

The ANN achieved strong results with 19 true positives and 19 true negatives, indicating a 

balanced ability to correctly identify both bankrupt and non-bankrupt companies. Bagging 

performed similarly well by achieving the highest number of true positives (20), while the 

number of true negatives was slightly lower (16). Random Forest also showed balanced 

performance with 19 true positives and 18 true negatives.  

SVM struggled more with distinguishing non-bankrupt companies, resulting in 9 false 

positives and only 13 true negatives, although it showed a relatively high true positive count 

of 18. AdaBoost, on the other hand, misclassified more bankrupt companies, with 7 false 

negatives, and achieved the lowest number of true positives (14) among the models. These 

results align with the performance metrics and further support the performance of the 

models. 

To explore the most influential predictors of bankruptcy, feature importance of the test set 

was analyzed for each model. The top five important features for each model are presented 

in Figure 9. Detailed feature importance values for all variables are available in Appendix 6. 

Figure 9. Top 5 important features by each model – restaurant data 
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Feature importance plots are visualized using a model-specific X-axis scale to reflect the 

internal mechanisms used to calculate importance. Most notably, Sales Growth (t-1) 

appeared among the top five most important features in all five machine learning models. 

Additionally, Capital (t-1) was identified as important by four out of five models. Other 

features that appeared in two out of five models’ top features include EBITDA to Total 

Assets (t-3), Sales to Capital (t-1), EBIT to Capital (t-2), EBITDA to Total Assets (t-1) and 

Current Assets to Total Assets (t-3).  

Ensemble methods, particularly Bagging and AdaBoost, assigned high importance to a small 

number of dominant features, with AdaBoost placing approximately a weight of 0.3 on both 

Capital (t-1) and Sales Growth (t-1). In contrast, Random Forest and ANN showed a more 

balanced distribution of feature importance across multiple variables. For the ANN model, 

three out of five most important features were from year t-3, suggesting that profitability 

metrics from earlier years are also significant predictors. In contrast, for Random Forest, all 

top five features were from year t-1, as well as Bagging that prioritized more recent data 

with four out of five also from t-1. Overall, features related to capital efficiency, sales 

performance (growth), and profitability ratios emerged as key indicators across models. 

5.2  Construction dataset 

This section presents the results for the construction dataset. The performance of each 

machine learning model was first evaluated using 10-fold cross-validation on the training 

set, with the average performance metrics summarized in Table 10. 

Table 10. 10-fold cross-validation metrics (training data) 

Model Accuracy Precision Recall F1-Score 

SVM 0.765 0.738 0.828 0.778 

Random Forest 0.825 0.798 0.874 0.833 

ANN 0.762 0.745 0.800 0.770 

Bagging 0.816 0.773 0.896 0.828 

AdaBoost 0.825 0.817 0.841 0.827 
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Among the models, Random Forest and AdaBoost achieved the highest accuracy (0.825), 

followed closely by Bagging (0.816). In terms of F1-score, Random Forest also performed 

best (0.833), indicating a strong overall classification capability. Bagging and AdaBoost 

followed closely with F1-scores of 0.828 and 0.827, demonstrating their effectiveness in 

balancing precision and recall. 

Bagging achieved the highest recall (0.896), suggesting that it was particularly effective at 

correctly identifying bankrupt companies, while AdaBoost achieved the highest precision 

(0.817), reflecting a lower rate of false positives. SVM and ANN showed lower but still 

competitive performance, with SVM achieving slightly higher recall (0.828) than ANN 

(0.800). Overall, ensemble methods demonstrated stronger performance in the construction 

dataset, particularly in their ability to detect bankrupt companies. 

Following cross-validation, the final models were evaluated using the reserved 20 % test set 

of the construction dataset. The results of the final models are presented in Table 11. 

Table 11. Test set results – construction data 

Model Accuracy Precision Recall F1-Score 

SVM 0.781 0.745 0.854 0.796 

Random Forest 0.829 0.838 0.817 0.827 

ANN 0.787 0.742 0.878 0.805 

Bagging 0.848 0.835 0.866 0.850 

AdaBoost 0.829 0.846 0.805 0.825 

Bagging achieved the highest overall performance, with the highest F1-score (0.850) and 

accuracy (0.848). Random Forest and AdaBoost both followed closely in performance by 

achieving an accuracy of 0.829, with AdaBoost slightly outperforming Random Forest in 

terms of precision (0.846 vs. 0.838). 

ANN demonstrated the highest recall (0.878), suggesting its strength in identifying bankrupt 

companies, although its precision (0.742) was lower than the ensemble methods. SVM also 

performed reasonably well, with an accuracy of 0.781 and an F1-score of 0.796. Compared 

to the cross-validation results, most models maintained similar or slightly improved 

performance, suggesting stronger generalizability. Ensemble methods proved to be more 
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effective in predicting bankruptcy in the construction sector, particularly Bagging, which 

consistently ranked among the top across all evaluation metrics. 

To provide additional insights into the models’ ability to differentiate between bankrupt and 

active companies, ROC Curves and AUC scores were calculated for the test set. The ROC 

Curves and AUC scores of each model are represented in Figure 10. 

 

Figure 10. ROC curves and AUC scores – construction data 

In line with the previous test results, the strong performance of ensemble models can be seen 

in AUC scores as well. Among the models, Bagging, Random Forest, and AdaBoost each 

achieved the highest AUC scores at 0.91. The models showed a strong ability to balance 

between true positive and false positive rates. SVM and ANN both recorded AUC scores of 

0.84, which suggests solid but comparatively weaker performance.  

The similarity of AUC scores between Bagging, Random Forest, and AdaBoost reinforces 

the earlier classification metrics, which highlighted these ensemble methods as the more 

effective for the construction dataset.  

Confusion matrices provide more insights into the models’ classification behavior of each 

model on the test set. The matrices for all five models are presented in Figure 11. 



 48  

 

 

Figure 11. Confusion matrices – construction data 

Among the models, ANN achieved the highest number of true positives (TP = 72), correctly 

identifying the most bankrupt companies. Bagging followed closely with 71 true positives 

and also achieving a high number of true negatives (TN = 68), demonstrating balanced 

classification performance. Random Forest had the highest true negative count (TN = 69) 

and maintained strong results overall with 67 true positives. AdaBoost also performed well, 

with 70 true negatives and 66 true positives, though it showed a slightly higher number of 

false negatives compared to other ensemble methods. SVM, while showing the lowest 

number of true negative (TN = 58), still correctly identified 70 bankrupt companies, although 

it had the highest false positive rate among the models. These results confirm the earlier 

metrics and support the strong performance of ensemble methods in the construction dataset.  

To better understand which variables contributed most to the prediction of bankruptcy, 

feature importance analysis was conducted for each model. The five most influential features 

identified by each model are summarized in Figure 12, while a comprehensive list of all 

features importance values is provided in Appendix 7.  

 

Figure 12. Top 5 important features by each model – construction data 
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The top features identified across the five models reveal several consistent predictors of 

bankruptcy within the construction sector. Capital (t-1) and Capital (t-2) were selected by 

four out of five models, indicating that the company’s capital structure in the years preceding 

bankruptcy plays a critical role in prediction. Other variables that appeared multiple times 

in the top features included ROE (t-3), Asset Turnover (t-3), and ROCE (t-3), each selected 

by three models. Additional indicators identified by two models include EBIT to capital (t-

1) and Interest Coverage (t-3).  

When focusing only the top performing models (AdaBoost, Random Forest, and Bagging) 

it can be observed that Random Forest and Bagging have the same top five features in 

slightly different order. AdaBoost’s top features diverged slightly from Bagging and 

Random Forest. Sharing three variables, the fourth variable is Assets Turnover (t-2) and 

Interest coverage (t-2). It is important to note that Asset turnover (t-1) was removed from 

the dataset due to high multicollinearity. Similarly, ROE and ROCE for years t-1 and t-2 

were also removed for the same reason. Despite this, all three ensemble models consistently 

highlighted ROE (t-3) and ROCE (t-3) among the most important features. 

 When comparing these variables with the categories defined in Table 6, Random Forest and 

Bagging have features from size, profitability, and productivity categories. AdaBoost also 

includes variables from three categories that slightly differ from the other ensemble models: 

profitability, productivity, and leverage. 
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6  Conclusions 

This research aimed to evaluate the performance of five machine learning models in 

predicting corporate bankruptcy across two industries: restaurant and construction. The 

machine learning models analyzed included: Support Vector Machine (SVM), Random 

Forest, AdaBoost, Bagging, and Artificial Neural Networks (ANN). In addition to 

comparing model performance, the research also investigated the most influential financial 

features contributing to bankruptcy predictions and examined whether industry-specific 

characteristics affected model outcomes. The following sections summarize key findings, 

discuss the research questions, and highlight limitations and directions for future research. 

6.1  Conclusions and answering the research questions 

The first research question was formed as “Which of the selected five machine learning 

models achieves the best predictive performance for bankruptcy prediction in companies in 

the construction and restaurant sectors?”. To answer this question, a review of previous 

literature was conducted to assess the use of different machine learning techniques in 

bankruptcy prediction. Based on this review, five machine learning models were selected: 

Support Vector Machine (SVM), Random Forest, AdaBoost, Bagging, and Artificial Neural 

Networks (ANN).  

In the restaurant dataset, cross-validation results of the training set revealed that AdaBoost 

and Bagging achieved the highest performance metrics, with Random Forest and ANN 

followed closely. However, in the test set, Random Forest and ANN outperformed the other 

models, with Bagging remaining competitive. Although AdaBoost performed slightly 

weaker in the test phase, its metrics remained consistent between the training and test set. 

The stronger test performance of Random Forest and ANN compared to their cross-

validation results may reflect data partitioning effects or possible overfitting. 

In the construction dataset, ensemble methods consistently demonstrated strong performance 

in both training and testing set, with only minor improvements between the two phases. This 

suggests a more stable generalization across samples. In contrast, the SVM model 
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consistently achieved lower performance metrics across both datasets. Although some 

precvious research (Gupta 2022) found SVM to be a useful technique for bankruptcy 

prediction, the findings of this study align more closely with other previous studies (Barboza 

et al. 2017; Chen et al. 2023; Heo and Yang 2014), which all recognized the limitations of 

SVM in this context. 

While ANN was the best-performing model on the restaurant test set, its performance in the 

cross-validation of the training set was weaker compared to ensemble methods. In the 

construction data, ANN underperformed in both phases. The strong performance of the ANN 

model confirms an earlier study by Heo and Yang (2014), who demonstrated the abilities of 

bankruptcy prediction in Korean construction companies. On the contrary, Kim and Kang 

(2010) and Barboza et al.’s (2017) studies outlined the lower performance of ANN models 

compared to other models.  

In summary, the findings of this research indicate that the performance of ensemble models 

aligns with previous research that emphasizes the effectiveness of these methods in financial 

distress prediction. Barboza et al. (2017), Chen et al. (2023) and Heo and Yang (2014) all 

found that tree-based ensemble method provide high predictive accuracy in bankruptcy 

prediction. 

The second research question is stated as “What are the most important financial features 

identified by the selected machine learning models in predicting bankruptcy in the 

construction and restaurant industries?”. To answer this question, previous literature was 

reviewed for both variable selection and to identify commonly used important features. 

Additionally, feature importance scores of the machine learning models were analyzed.  

Many previous bankruptcy studies have relied on financial ratios as input variables, as seen 

in works by Altman (1968), Ohlson (1980), and in more recent machine learning application 

studies by Heo and Yang (2014), Barboza et al. (2017), and Huo et al. (2024). Several recent 

studies have expanded the feature set to include variables related to size, growth, 

macroeconomics and other (Kim and Kang 2010; Kim and Upneja 2014; Gupta 2022; Chen 

et al. 2023). Based on these findings, this research also included variables beyond traditional 

financial ratios, such as growth and size indicators, to capture a broader view of the 

company’s financial profile.  
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Feature importance analysis of this research revealed that non-traditional financial variables, 

especially those related to size and growth, were among the top predictors, especially in the 

construction dataset. The inclusion of these features likely contributed to the improved 

performance of the best-performing models, suggesting that expanding beyond classical 

ratio-based variables can enhance predictive accuracy.  

While the performance of machine learning algorithms in bankruptcy prediction has been 

widely studied, very few studies have focused on analyzing the feature importances across 

different models. Existing research tends to highlight performance metrics such as 

classification accuracy or AUC values, rather than providing insights of the relative 

contribution of financial ratios or other variables used. However, some studies did examine 

feature importance. Kim and Upneja (2014), identified for instance net profit margin, current 

ratio, and asset growth as indicators of restaurant distress. Kim and Kang (2010) identified 

total assets and ratios related to total assets as indicators for bankruptcy. Similarly, Gupta 

(2022) highlighted broader categories: profitability, solvency, efficiency, and liquidity as 

predictive, and emphasized the role of ownership structure and market ratios. The findings 

of this research show both alignment and divergence with previous studies. Only current 

ratio and profit margin appeared in top five important variables for some models. While 

variables such as asset growth did appear in the wider set of important features, in this 

research they were not among the most dominant across models. Overall, these differences 

may arise from feature selection methods, model types and mainly differences in overall 

variables. Since the observations used in this research were mainly SMEs, the publicly 

available financial data was limited, resulting in a different variable selection compared to 

many previous studies.  

Empirically to answer to this research question by the top performing models, the key 

features for restaurant sector included Sales Growth (t-1), Capital (t-1), Sales to Capital (t-

1), EBIT to capital (t-2), EBITDA to Total Assets (t-1 and t-3),  and Current Assets to Total 

Assets (t-3). For the construction dataset, the most important features were Capital (t-1 and 

t-2), ROE (t-3), ROCE (t-3), Asset Turnover (t-3), EBIT to Capita. (t-1), and Interest 

Coverage (t-3). 

The variables used in this research were divided into different categories (Table 6). In the 

restaurant dataset, the top five most important features varied between the best performing 
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models. The ensemble methods, more specific Bagging and AdaBoost, tended to assign high 

importance to a small number of dominant features. In contrast, Random Forest and ANN 

showed a more balanced distribution of importance across multiple variables. The models 

identified key features across multiple variables categories. Notably, variables from the 

growth category appeared most frequently, while leverage-related features were rarely 

selected, only one model included a leverage variable in its top five. This suggests that while 

growth features are influential in bankruptcy prediction for the restaurant dataset, including 

a broad range of variables may contribute to more informative model outcomes. 

In the construction dataset, the Bagging and Random Forest models shared the same 

variables in their top five, including variables from three different categories: size, 

profitability, and productivity. Across all five models, the most frequently represented 

categories were size, productivity, profitability, and leverage. Notably, liquidity-related 

variables appeared only once among the top five features, and none of the models selected 

growth-related variables. 

As construction industry is capital-intensive (Heo and Yang 2014), the dominance of size 

related features, such as capital, may reflect industry-specific dynamics. Gupta (2022) 

highlighted the relevance of financial categories such as – profitability, solvency, efficiency 

and liquidity. While the findings of this research align partially, especially in highlighting 

profitability, there were differences in importance of liquidity and size variables in the 

construction context.  

The third research question was formed as “How does the performance and feature 

relevance of machine learning models vary between the construction and restaurant 

industries?”. The question builds upon the findings of the previous two by comparing model 

performance and key predictive features across the two sectors. While comparisons were 

made, it is important to note that the datasets differed in size and composition, which may 

limit the generalizability of direct cross-industry conclusions. 

Variations in the top performing models and important features between the two industries 

reflect industry-specific characteristics. In the restaurant dataset, Random Forest and ANN 

achieved the highest performance on the test set, while AdaBoost and Bagging dominating 

stronger results during training. However, the improved test performance results raised 

questions about potential overfitting or sensitivity to data partitioning. In the construction 
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dataset, ensemble methods, AdaBoost, Bagging, and Random Forest, consistently 

outperformed SVM and ANN in both training and testing phases, suggesting more stable 

performance. 

The feature importance analysis also highlighted contrasts between the industries. In the 

restaurant dataset, the top features spanned multiple growth, liquidity, profitability, 

productivity and size related variables, such as Sales Growth, Profit Margin and EBITDA to 

Total Assets, which are reflective of the sector’s low operating margin and strong sensitivity 

to economic cycles (Huo et al. 2024).  In contrast, the construction dataset emphasized 

variables related to size, productivity, profitability, and leverage, including Capital, Total 

Assets, ROCE, and Interest Coverage. Aligning with capital-intensive nature of construction 

industry (Heo and Yang 2014). 

In conclusion, the findings suggest that model or set of features performs optimally across 

all contexts. The observed variation in category relevance between the restaurant and 

construction datasets underscores the importance of considering industry-specific financial 

dynamics in model development. Tailoring model selection and feature engineering to the 

industry context could support the importance for domain specific approaches in bankruptcy 

prediction. 

6.2  Limitations and future research 

While this research provides valuable insights into bankruptcy prediction using machine 

learning, several limitations should be acknowledged. First, this research did not apply any 

statistical feature selection methods or significance testing to reduce or refine the input 

features. Even though feature importance was analyzed, the initial set of variables was 

selected based on previous literature. This approach may have resulted in the inclusion of 

irrelevant features or redundancy, which could affect the performance and interpretability of 

the models.  

Secondly, the variables included in the analysis were limited to financial statement or 

company-specific information. Other potentially informative predictors, such as 

macroeconomic features, corporate governance metrics, or sustainability-related data were 
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not included. Previous research (Gupta 2022 and Chen et al. 2023) have shown that 

implementing such external factors can significantly enhance the predictive accuracy. 

To address multicollinearity, highly correlated variables were excluded during 

preprocessing. However, this decision also led to the absence of potentially relevant 

predictors. For instance, only third-year values of both ROE and ROCE were included, 

whereas first and second-year values, potentially more recent and relevant, were excluded 

due to high correlation. Similarly, Asset Turnover (t -1) was excluded despite later-year 

versions proving to be more important in the construction dataset. 

Another limitation concerns the scope of the research, which was limited to two industries, 

construction and restaurant, within the Finnish market. While the results offer industry-level 

insights, they may not be directly applicable to companies in different countries, regions, or 

economic environments. Also, the data covers the years 2016 to 2023, a period that includes 

the COVID-19 pandemic and other economic fluctuations. These events may have 

introduced irregular patterns and as a result the models may capture crisis-specific dynamics 

rather than long-term bankruptcy trends. 

Building on the findings and limitations of this research, several possibilities for future 

research can be identified. Future research could expand the scope of the industry analysis 

by including a wider range of industries to assess whether the findings generalize across 

different economic sectors. Additionally, industry-specific modeling approaches, where 

features and model structures are tailored to sector specific dynamics, may yield more 

accurate and relevant predictions. 

Future research could also apply systematic feature selection methods to improve model 

performance and interpretability. Combining statistical techniques with expert domain 

knowledge may help identify the most robust and relevant predictors. While this research 

focused on common machine learning classifiers, future work could explore more advanced 

approaches, such as the use of hybrid approaches, ensemble stacking, or deep learning 

architectures. Also replicating the analysis with data from different sectors or geographical 

contexts would help assess the generalization ability of the models and feature importance 

rankings.  Additionally, future work could aim to operationalizing these models for real-time 

bankruptcy risk assessment, particularly for use of financial institutions or other 

stakeholders.  
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In conclusion, this research contributes to the field of bankruptcy prediction by applying five 

machine learning models to industry-specific datasets and by examining their predictive 

performance and feature relevance. While the findings offer insights into the strengths of 

ensemble methods and the importance of sector-specific features, the research also 

highlights the complexity of financial distress modeling. Continued research that 

incorporates diverse data sources, more refined feature selection, and broader industry 

coverage will be essential to further improve the accuracy, applicability, and interpretability 

of predictive models in this domain. 
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Appendix 1. Correlation matrix - construction data  

 

 

 

 

 

 

 

 

 

 



 

 

Appendix 2. Correlation matrix - restaurant data 

 

 

 

 

 

 

 

 

 

 

 



 

Appendix 3. VIF values  

 

 

 

 

 

 

 

 

 



 

 

Appendix 4. Descriptive statistics - construction data 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Appendix 5. Descriptive statistics – restaurant data 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

Appendix 6. Feature importances - restaurant data 

 

 

 

 

 

 

 

 



 

 

 

 

 

Appendix 7. Feature importances - construction data 

 


