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ABSTRACT 

This paper introduces an innovative machine learning model, built upon the robust and 

interpretable Extreme Gradient Boosting (XGBoost technique), to predict business failure. The 

study uses the VADIS financial strength indicator, from ORBIS, in a sample of 3,806 Spanish 

firms. The empirical analysis demonstrates that higher solvency, profitability, and reduced 

indebtedness correlate with a lower propensity for business failure. The model offers a powerful 

tool for early detection and intervention in financial distress, helping prevent insolvency.  

This study extends its focus to the ethical dimensions inherent in the application of machine 

learning algorithms. It attempts to demystify the proverbial "black box" nature of such techniques, 

shedding light on their ethical foundations. By demonstrating the transparency and interpretability 

of the XGBoost model, we address the ethical concerns often associated with the "black box" 

nature of machine learning algorithms.  
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1. INTRODUCTION 

Economic crises, characterized by a surge in business failures, have historically 

attracted heightened research attention, prompting investigations into their causative 

factors, consequences, and methods of detection (Mousavi et. al., 2015). Traditionally, 

the methodological arsenal in this domain relied heavily on statistical techniques rooted 

in the established data modeling. These methods included discriminant analysis and 

logistic regression, which were deemed as classic tools for addressing these 

challenges. 

However, in recent years, there has been a notable expansion of the methodological 

landscape within this field. This transformation has been driven by the infusion of 

cutting-edge technologies, particularly artificial intelligence (AI) and machine learning 

(ML), into the field of business failure prediction. The integration of AI and ML 

techniques has facilitated a more profound understanding of the underlying processes 

and, in many instances, has exceeded the predictive capabilities and applicative ease 

of conventional "classic" models, thus entering in the ambit of algorithms. 

The arrival of AI and ML has enriched the methodological repertoire in business failure 

analysis, offering a diverse array of tools and approaches to explore this complex 

phenomenon. These techniques, characterized by their ability to learn from data 

patterns and adapt, have empowered researchers to explore deeper into the intricacies 

of business failure dynamics. By joining the power of AI and ML, scholars have gained 

access to predictive models that not only rival but often outperform traditional methods, 

providing more accurate and actionable insights into the likelihood of business failure. 

These modern techniques have demonstrated a remarkable capacity to handle vast 

datasets and capture intricate relationships, thereby enhancing their usability in real-

world scenarios. As a result, researchers and practitioners in the field of economic 

crises and business failure now have a wealth of advanced tools at their disposal to 

better comprehend, anticipate, and respond to the multifaceted challenges presented 

by economic downturns. 

These advanced methodologies offer not only enhanced predictive capabilities but also 

greater versatility and adaptability, contributing to a deeper and more comprehensive 

understanding of the intricacies associated with business failure during periods of 
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economic turmoil. This evolution underscores the transformative potential of AI and ML 

in advancing our knowledge and capacity to address critical economic challenges. 

Generally speaking, the analytical process of Machine ML involves algorithms that 

absorb information from the huge volume of data—both structured and unstructured—

with which businesses are flooded on a daily basis, in order to extract information and 

predict complex phenomena (Oyewo et al., 2020; Rapanyane & Sethole, 2020). By 

including techniques of a dynamic nature that can continually run in the background, 

they provide company managers with relevant, real-time information that facilitates the 

decision-making process (Syam & Sharma, 2018). Notable related studies include that 

by Xia et al. (2017), who propose a credit scoring model that outperforms previous 

credit scoring systems in terms of reliability and accuracy, and the study of software 

companies by Santhanam et al. (2017), who conclude that the application of the 

Extreme Gradient Boosting (XGBoost) algorithm provides the most appropriate model 

to analyze the aspects that influence customer retention. Furthermore, according to 

Climent et al. (2019), this type of technique works better than classic linear regressions 

and other statistical techniques when it comes to issues related to business insolvency.  

One of the most innovative ML applications is the aforementioned XGBoost, a 

supervised learning algorithm aimed at predicting a target variable with maximum 

accuracy by combining the estimations of a set of simpler and weaker models. The 

fact that this algorithm enables highly accurate, fast models has attracted the interest 

of researchers from numerous fields seeking to incorporate it into their studies. Indeed, 

for several years now it has been successfully used as a prediction technique in 

research areas such as medicine, for the diagnosis of various pathologies (Merlet et 

al., 2001; Dettling and Bühlmann, 2003; Rodríguez Jiménez, 2005; Sanz et al., 2015). 

However, it has only very recently started to be applied in economics, and in the 

specific field of business failure prediction there have been markedly few contributions 

to the literature. 

One of the studies to use XGBoost in the field of business failure research is that by 

Climent et al. (2019), who use the algorithm to identify the financial indicators that could 

predict bankruptcy in the financial institutions of the eurozone. Another study similar in 

methodological terms but focuses on US financial institutions is the one carried out by 



 4 

Carmona et al. (2019), who propose a battery of ideal indicators to predict bankruptcy 

in this type of company. These studies highlight the superiority of these techniques 

over the classic ones when it comes to predicting and explaining situations of financial 

difficulty in the analyzed companies. 

A recently published paper by Carmona et al. (2022) proposes a novel way to discover 

the contents of the “black box” associated with XGBoost and shows how using this 

technique makes it possible to fit a highly accurate, easily interpretable ML model.  

The fact is that the remarkable rise in the use of algorithms raises ethical implications 

in a society ever more governed by algorithms. For example, when someone is 

planning on booking a trip, artificial intelligence software evaluates the offers on the 

basis of the consumer's situation; when someone is planning to take out insurance, an 

algorithm compares prices; when a megastore recommends you buy a certain product, 

it is really an algorithm doing it; and when a company wants to take out a loan, artificial 

intelligence software performs a study of its options and offers certain alternatives 

depending on its financial guarantees. As such, it is very important to know and to 

understand who manages the information—a key aspect for individual and collective 

freedoms. Monasterio (2017), discusses the ethical implications of a society 

increasingly governed by algorithms. The author defines an algorithm as a software 

code that processes a limited set of instructions and highlights three key properties of 

algorithms: universality, opacity, and impact on people's lives. The author argues that 

algorithms are not neutral, objective, or pre-analytical, but are shaped by the ideas, 

practices, instruments, and contexts of their creators. The paper then presents several 

examples of how algorithms can discriminate against individuals based on their social, 

economic, and racial backgrounds. The author concludes by calling for the 

development of ethical guidelines and regulations for the use of algorithms to ensure 

that they are used in a fair and just manner. 

Therefore, the increasing use of explainable AI (XAI) and ML models in financial 

decision-making processes has raised concerns about the lack of transparency and 

interpretability of these models. This lack of transparency, previously referred to as the 

‘black box’ problem (Vega & Aznarte, 2020), can lead to a lack of trust and 

accountability, especially in high-stakes domains such as finance (Gilpin et al., 2018). 
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In response to these concerns, there has been a growing interest in developing XAI 

methods that can provide insights into how AI models make decisions (Carvalho et al., 

2019). 

The ethical implications of AI in finance are significant. The use of AI models in credit 

scoring, loan approvals, and investment decisions can have a profound impact on 

individuals and businesses. If these models are not transparent and interpretable, it 

can be difficult to ensure that they are fair, unbiased, and non-discriminatory (Doshi-

Velez & Kim, 2017). Furthermore, the lack of transparency can make it difficult to hold 

individuals or organizations accountable for the decisions made by AI models. 

The increasing prevalence of artificial intelligence and machine learning in finance has 

motivated a surge of interest in the interpretability of these models. Researchers and 

practitioners alike are recognizing the critical need to understand how these complex 

algorithms arrive at their conclusions, not only to ensure transparency and 

accountability but also to address potential biases and ethical concerns 

Hence, this paper tries to reveal the inner workings of the "black box" in the domain of 

financial analysis. Our primary objective is to shed light on the specific ratios and 

indicators within this enigmatic box that serve as robust predictors of future financial 

distress. In doing so, we aim to equip company managers with a potent and practical 

tool that can help navigate their organizations away from the precipice of financial 

difficulty. This is a crucial departure from conventional approaches, as it underscores 

the objectivity of our methodology, reinforcing the credibility and reliability of our 

results. Our study explores new areas by connecting financial analysis with ethical 

objectivity 

Our comprehensive review of the existing body of knowledge in this field has yielded 

an interesting observation. While previous studies have undertaken the field of 

financial analysis, few have dared to question the ethical foundations of the black box. 

While we acknowledge the valuable contributions made by studies such as those by 

Carmona et al. (2022) and Climent et al. (2019). Unlike them which focus on identifying 

the most relevant ratios, our study tries to go further by relating ML interpretability and 

the ethics of algorithms. We aspire to uncover the hidden mechanics of the black box 
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to attain the ethical objectivity embedded within its contents. That is, we seek to 

enhance the transparency and interpretability of the models we propose.  

In our study, we employ a technique known as break-down plots. This approach allows 

us to dissect the probability of business failure assigned by the XGBoost model to each 

company in our dataset. By examining the contribution of each explanatory variable 

(feature) to the final prediction, we gain a thorough understanding of the factors driving 

the model's assessment. 

In essence, we break down the probability of failure into its constituent parts, revealing 

the influence of variables such as solvency, profitability, and indebtedness. This not 

only enhances the transparency of our model but also empowers stakeholders with 

actionable insights. Understanding the specific factors that contribute to a company’s 

risk profile enables decision-makers to make more informed choices and potentially 

intervene to mitigate the risk of financial distress 

Furthermore, breaking down the probability of failure for each observation is crucial 

from an ethical standpoint. It ensures fairness and avoids discriminatory practices by 

revealing the specific factors influencing the model's decision. This transparency 

allows for scrutiny and challenges potential biases in the data or the model itself. It also 

promotes accountability, as stakeholders can trace the reasoning behind each 

prediction, fostering a responsible and ethical use of AI in financial assessments. 

This study not only contributes to the growing body of research on the use of XGBoost 

in business failure prediction but also pioneers the integration of ethical considerations 

into this field. By demonstrating the transparency and interpretability of the XGBoost 

model, we address the ethical concerns often associated with the "black box" nature 

of machine learning algorithms. 

Interpretability in machine learning is an area of ongoing research and development. 

This study contributes to this effort by providing a practical example of how an XGBoost 

model can be interpreted and explained in the context of business failure prediction. 

The paper is structured as follows. Following a brief introduction, we conduct a 

thorough review of the literature. We then deal with the methodological and empirical 

part, establishing the definition of business failure and the explanatory variables used 

in the study. Next, we compile a database composed of companies whose records 
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meet the specifications required by the objectives of this study, to which we will apply 

the analytical techniques and machine learning tools. Finally, we present the most 

relevant conclusions drawn from the study. 

 

2. LITERATURE REVIEW  

Studies of business failure that apply prediction models date back to the 1960s, starting 

with the use of univariate techniques (Beaver, 1966). The ongoing search for 

methodological improvements to overcome certain flaws and limitations of the 

pioneering models led to the incorporation of multivariate techniques (Altman, 1968), 

followed by conditional probability techniques (Ohlson, 1980; Zmijeswski, 1984), and 

iterative partitioning, before this line of research was eventually reinforced with the use 

of artificial intelligence, (Frydman et al., 1985; Wilson & Sharda, 1994). This evolution 

has been accompanied by a gradual but unquestionable improvement in the power, 

reliability, interpretability and ease of application of the different models developed. 

There is an extensive bibliography on all of them in the national and international 

accounting literature (Tascón & Castaño, 2012). 

Stef (2021) examines the relationship between institutional quality and firm recovery 

from financial distress in Central and Eastern Europe. It finds that stronger 

anticorruption efforts, particularly those implemented before or early in the post-crisis 

period, are associated with improved financial health of firms in the region. 

It is only relatively recently that we have begun to see numerous proposals based on 

artificial intelligence making inroads into this line of research. The objective, apart from 

improving on and expanding current detection tools, is to overcome certain restrictions 

inherent to traditional statistical models, such as linearity, normality and above all the 

stationarity derived from the use of financial ratios calculated using financial 

information referring to certain periods. The empirical evidence points to many more 

variables and determining factors that influence business failure. The most significant 

proposals of these new artificial intelligence-based methods can be found in a few 

recent studies, such as that by Momparler et al. (2020), who identified the combinations 

of factors that lead to bank failure, while Hosaka (2019) applies a convolutional neural 

network to a sample of Japanese companies to predict bankruptcy. For their part, Le 
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and Viviani (2018) compare traditional statistical techniques (discriminant analysis and 

LR) versus ML techniques (artificial neural network, support vector machines, or SVM, 

and k-nearest neighbors). They conclude by demonstrating the superiority and greater 

accuracy of artificial neural network and k-nearest neighbor methods when it comes to 

predicting bank failure. Pozuelo et al. (2018) use the method based on the “Gradient 

Boosting Machine” (GBM) algorithms to predict the bankruptcy of Spanish firms, 

confirming the high predictive power of the models based on this method. In addition, 

Lee and Choi (2013) apply the back-propagation neural network (BNN) method to 

study bankruptcy in Korean companies, showing that BNN outperforms multivariate 

analysis in bankruptcy prediction. 

Tsai and Cheng (2012) analyze the predictive power of four popular classification 

techniques. They compare artificial neural networks, decision trees, LR and SVM in 

the presence of outliers, applying these techniques to Australian, German and 

Japanese competition datasets. They conclude that the SVM model provides the 

highest rate of prediction accuracy and performance. 

Erdogan (2013) proposes a novel study applying SVM to the analysis of bank failures 

in a sample of Turkish banks. Her study shows that the SVM can be used as part of 

an early warning system. Eling and Jia (2018), drawing on a sample of failed European 

insurance companies, apply state-of-the-art data envelopment analysis, LR and SVM 

approaches. They conclude that SVM is better than LR. 

Zhou et al. (2017) propose an improved method for selecting effective features for 

predicting the listing statuses of Chinese-listed companies. They use models based on 

decision trees C4.5 and C5.0 and compare them with other widely used models, 

demonstrating the efficacy of the proposed feature selection method and decision tree 

C5.0 model.  

Du Jardin's series of papers (2010, 2015, 2016, 2017) laid a foundation for 

understanding the nuances of financial distress prediction. Perboli and Arabnezhad 

(2021) highlight the need to understand the contribution of individual models to the 

overall prediction. 

Zięba et al. (2016) develop a predictive model combining various econometric 

measures using XGBoost, and demonstrate its superior predictive performance over 



 9 

traditional methods. Jones (2017) concludes that the statistical learning method of 

XGBoost overcomes the limitation of multiple discriminant analysis and logit models. 

Momparler et al. (2016) apply the GBM technique to the study of bankruptcy in banking 

institutions in the eurozone, yielding very satisfactory results in terms of the high 

predictive power of the model. Carmona et al. (2019) compare the ability of XGBoost, 

Random Forest and LR to predict bank failure. They report that XGBoost outperforms 

other models in terms of accuracy and generalization. Jabeur et al. (2021) propose a 

novel approach to classify categorical data using gradient boosting decision trees, 

CatBoost. They compare it with eight reference ML models, observing an effective 

improvement in the power of classification performance compared with other advanced 

approaches.  

Sigrist & Leuenberger (2023) apply machine learning to predict corporate defaults, 

finding that these methods are more accurate than linear models, especially over 

longer timeframes. Ben Jabeur et al. (2023) proposes a new bankruptcy prediction 

model, FS-XGBoost, which uses feature selection to improve the accuracy of the 

XGBoost algorithm. The results show that FS-XGBoost outperforms seven other 

machine learning algorithms and three traditional feature selection methods. 

We can conclude that practically all artificial intelligence-based models identify 

financial difficulty better than the "traditional" models. In this study, in addition to 

helping expand the literature in this field, we seek to reveal the contents of the black 

box of this methodology and analyze its degree of objectivity in the information 

provided. It is our view that the autonomy of these systems cannot serve as a pretext 

for an abdication of responsibility. Therefore, it is necessary to ensure the objectivity 

of any decision made by incorporating appropriate mechanisms.  

The growing prevalence of artificial AI and machine learning ML in financial decision-

making has produced a growing interest in the interpretability and ethical dimensions 

of these models. Researchers and practitioners alike recognize the importance of 

understanding how these complex algorithms arrive at their conclusions, not only to 

ensure transparency and accountability but also to address potential biases and ethical 

concerns. 
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Several studies have investigated the interpretability of ML models in the context of 

financial distress prediction. For instance, Carvalho et al. (2019) conducted a 

comprehensive survey on methods and metrics for machine learning interpretability, 

highlighting the importance of understanding model behavior and the factors 

influencing predictions. Similarly, Chen and Guestrin (2016) introduced XGBoost, a 

scalable tree boosting system, and emphasized the need for interpretability tools to 

gain insights into the model's decision-making process.  

In the field of ethical considerations and ML interpretability, Doshi-Velez and Kim 

(2017) proposed a roadmap for a rigorous science of interpretability, emphasizing the 

importance of transparency and accountability in AI systems. They argued that 

interpretability is not only crucial for understanding model behavior but also for 

ensuring that AI systems are used ethically and responsibly. Bussmann et al. (2021) 

explored the potential of Shapley values, a game-theoretic approach, to explain the 

predictions of complex ML models. Smith and Alvarez (2021) provided a 

comprehensive overview of XAI techniques, discussing their potential to enhance the 

transparency and interpretability of ML models in finance. Carmona et al. (2022) apply 

the XGBoost algorithm to create an interpretable model for predicting business failure. 

These studies collectively underscore the growing recognition of the importance of 

interpretability and ethical considerations in the development and deployment of AI 

models in finance. As AI continues to play an increasingly significant role in financial 

decision-making, the need for transparency, accountability, and ethical oversight 

becomes ever more critical. 

In summary, while the literature on business failure prediction is extensive, the specific 

application of interpretable machine learning models in this field remains relatively 

unexplored. This study aims to contribute to this growing area of research by 

demonstrating the transparency and interpretability of the XGBoost model in the 

context of financial distress prediction. 

This study aligns with the burgeoning field of explainable AI (XAI), which seeks to 

develop machine learning models that are not only accurate but also transparent and 

understandable. By shedding light on the 'black box' of XGBoost, we contribute to the 
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advancement of XAI in finance and pave the way for more responsible and trustworthy 

AI applications. 

 

3. OBJECTIVE, SAMPLE AND EXPLANATORY VARIABLES 

3.1. Research objective 

The aim of this study is to develop a classification model of companies prone to failure 

and not prone to failure, by applying ML techniques—in particular, the XGBoost 

algorithm—to companies’ financial data sourced from the ORBIS database. 

To do so, we have selected and obtained financial information on active Spanish 

companies from the 2019 financial year, before the pandemic impacted companies' 

financial situation. Said financial information includes data from the companies’ annual 

accounts, financial ratios and indicators, and financial strength indicators. 

 

3.2 Indicators of strength. VADIS propensity to go bankrupt indicator.  

The ORBIS database offers a series of financial strength indicators that are very useful 

for analyzing different aspects of companies’ viability. 

In this study, we have selected the VADIS strength indicator that measures companies' 

evolution based on a large number of factors (about 15,000 per company). It offers 

information on the following aspects: 

a) Propensity of a company to go bankrupt (P2BB): Measures the probability that a 

company will file for bankruptcy in the next 18 months. 

b) Propensity of a company to be sold (P2BSold). It measures the probability that a 

company will be sold in the next 18 months. 

c) Estimated value of the company's operations (VPI EDV). It estimates the value of 

the future operations of companies associated with a P2Bsold indicator and is 

expressed in terms of a confidence interval (that is, it has an upper and lower bound). 

The VADIS indicator, associated with the propensity to fail, classifies companies in 

different grades ranging from 1 (lowest propensity to go bankrupt) to 9 (highest 

propensity to go bankrupt). The scale used by this indicator is shown in Table 1. 
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Table 1. Scale of the VADIS financial strength indicator on propensity to go 
bankrupt 

 
 

SCALE OF THE FINANCIAL STRENGTH INDICATOR 
VADIS P2BB ON PROPENSITY TO GO BANKRUPT: 

Value The company’s risk of bankruptcy in the next 18 months is 

9 more than 10 times the national average 

8 between 5 and 10 times the national average 

7 between 3 and 5 times the national average 

6 between 2 and 3 times the national average 

5 between 1 and 2 times the national average 

4 between 1/2 the national average and the national average 

3 between 1/5 and 1/2 of the national average 

2 between 1/10 and 1/5 of the national average 

1 below 1/10 of the national average 

Source: Own elaboration based on information from the ORBIS database (2021). 

 

The scores of this indicator are updated monthly if the companies in question have 

available, recent and detailed financial data in the ORBIS database, the quality and 

coverage of which is essential for the model. 

However, the classification offered by the indicator is not transparent to the user, since 

the underlying calculations and reasons are not known in any detail. Therefore, in this 

paper we seek to elucidate the factors that characterize the companies classified by 

the VADIS indicator as prone to business failure compared to those that are not, using 

the algorithm XGBoost to do so. 

 

3.3 Sample selection 

From the ORBIS database, we have sourced financial information on active Spanish 

companies for the financial year 2019, from all sectors of activity except those in the 

financial field. 

We have thus obtained data and financial ratios for 42,247 companies, in addition to 

information on the VADIS financial strength indicator. Based on that, we have identified 
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two groups of companies, one with a non-high propensity to fail and the other with a 

very high propensity to fail. 

To that end, we consider companies that have a high value of the VADIS financial 

strength indicator (grades 9 and 8) as being highly prone to failure, and those that have 

a low value in said indicator (1 to 5) as being not highly prone to failure; to prevent any 

interference we leave out those assigned an intermediate value in said indicator 

(grades 6 and 7). 

Using this criterion, we have identified a total of 1,809 companies with a high propensity 

to fail and we have randomly selected 1,800 companies whose propensity to fail is not 

high, as detailed in Table 2. The sample of companies is balanced in terms of the 

proportions of the two groups, which is important for the correct application of the 

algorithms. 

 

Table 2. Sample selection 

VADIS 
Classification 

1 2 3 4 5 6 7 8 9 

Companies 2,159 6,047 13,926 5,528 6,348 2,611 1,867 1,334 475 

Selection 34,008→randomly→1,800 0 0 1,809 

Propensity to 
fail 

Not high   High 

Source: Own elaboration based on data sourced from the ORBIS database (2021). 

 

As a last step, to test the predictive or classificatory power of the model and its degree 

of generalization, 20% of the observations (714 companies) have been reserved as an 

independent test sample, to check the results obtained in the training or estimation 

sample, made up of the remaining 80% of the observations (2,895 companies). All the 

performance and accuracy indicators of the model obtained through the XGBoost ML 

algorithm included in this study have been obtained from the independent test sample. 

 

3.3. Selection and definition of explanatory variables 
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Among the most relevant aspects when building models for predicting or classifying 

business failure is the selection of independent variables, which in our case are 

fundamentally economic/financial ratios. 

Since there is no specific theory establishing the selection process for these 

variables—which constitutes a limitation when modeling business failure—we have 

tried to incorporate the experience of authors such as Tascón and Castaño (2012), 

Tian and Yu (2017), Mselmi et al. (2017) and Khoja et al. (2019), who analyze in detail 

the variables used in the main studies on business failure prediction. 

The list and descriptions of the variables initially used, separated by category, are 

shown in Table 3. We have also considered in the election of the variables the study 

of Liang et al. (2016) which investigates the effectiveness of combining different types 

of ratios in bankruptcy prediction. 

 

Table 3. Explanatory variables 

KEY VARIABLES 

PROFITABILITY RATIOS 

 RSHF ROE (base EBT) (%) = (EBT / equity) * 100 

RCEM ROCE (base EBT) (%) = [(EBT + interest paid) / (Permanent sources of 
financing)] * 100 

RTAS ROA (base EBT) (%) = (EBT/ Total Assets)*100 

ROE ROE (base Net income ) (%) = (Net income /Equity) * 100 

ROCE  ROCE (base Net income) (%) =[(EBT) / Permanent sources of finance] * 100 

ROA ROA (base Net income ) (%) = (Net income / Total Assets) * 100 

PRMA Profit margin (%) = (EBT/Operating revenue) * 100 

ETMA EBITDA margin % = (EBITDA /Operating revenue) * 100 

EBMA EBIT margin (%) = (EBIT/Operating revenue) 

CFOP Operating cash flow (%) = (Cash flow / Operating revenue) * 100 

OPERATIONAL RATIOS 

NAT Net asset turnover = Operating revenue/ (Perm. sources) 

COLL Collection Period (days) = (Debtors / Operating revenue) * 360 

CRPE Credit Period (days) = (Creditors / Operating revenue) * 360 

STRUCTURAL RATIOS 

CURR Current Ratio = (Current assets/ Current Liabilities) 

LIQR Liquidity Ratio = (Current Assets - Stocks) / Current liabilities 

SOLL  Solvency Ratio (%) = (Equity /Total Assets) * 100 

GEAR Indebtedness Ratio (%) = [(Non-current liabilities + Loans) /  equity] * 100 
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RCD Debt Quality Ratio = Current Liabilities/Total Liabilities 

PER EMPLOYEE RATIOS  

PPE Profit per employee = EBT/ no. employees 

TPR Operating revenue per employee = Operating revenue / no. employees 

SCT (Staff costs/Operating revenue) * 100 

ACE Average cost of employees = Staff costs / no. employees 

SFPE Shareholder funds per employee = equity / no. employees 

WCPE Working capital per employee = Working capital / no. employees 

TAPE Total assets per employee = Total assets / no. employees 

Note: Key based on the reference that appears in the ORBIS database (2021). 

Source: Own elaboration based on information sourced from the ORBIS database (2021). 

 

The 25 explanatory variables initially selected, having previously discarded some for 

presenting too many missing values, have been used in the application of the XGBoost 

algorithm to try to identify the ones that are most relevant when it comes to determining 

which companies are most prone to business failure, as we describe in the following 

section. 

 

4. METHODOLOGY 

The aim of this study is to develop a classification model using ML techniques; 

specifically, we make use of the XGBoost algorithm. As noted above, the ORBIS 

database provides us with the VADIS financial strength indicator, from which we have 

identified a total of 1,800 companies whose propensity to fail can be categorized as 

"not high" and 1,809 companies with a "very high" propensity to fail, together totaling 

3,609 companies. It is very important that the model developed is not overfitted and is 

generalizable to new data. Chen and Guestrin (2016) highlight that XGBoost is an 

efficient and scalable implementation of the gradient boosting algorithm proposed by 

Friedman (Friedman, 2001; Friedman et al., 2000; Friedman, 2002). One of the 

elements that characterizes algorithms based on gradient boosting is the fact that 

decision trees are created sequentially, so that each new tree is built to correct the 

errors of the previous ones. 
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The use of this methodology produces excellent prediction results, as has been 

confirmed in the recent studies by Climent et al. (2019) and Carmona et al. (2019), 

aimed at predicting banking failure in Europe and the US respectively. 

In fact, the XGBoost algorithm produces a set of simple models based on decision 

trees, such that summing them together considerably improves the predictive power of 

the individual decision trees. Another feature of an XGBoost model is that it 

incorporates into the construction of the decision trees something known in ML as 

regularization. It entails the implementation of a mechanism to control the weight of the 

variables in the final model, which is an element that sets it apart from similar 

algorithms also based on gradient boosting, and significantly reduces the possibility of 

developing models that cannot be generalized to independent data. 

As noted earlier, we have a total of 3,609 observations of companies, which constitutes 

the initial sample. To correctly apply the ML techniques, we have divided these 

observations into two groups: the first forms the training sample (2,895 observations, 

approximately 80%), and the second the test sample (714 observations, approximately 

20%). We will use the first group or training sample to train the XGBoost algorithm. 

Then, having identified the best of the models, we will use the test sample, which is an 

independent sample and has not been used to train the algorithm, to make sure that 

the results are valid and therefore generalizable.   

Obtaining the best XGBoost model for the available data set requires the identification 

of the optimal hyperparameter values. Doing so entails an iterative process with the 

different combinations of values that these hyperparameters can take to single out the 

best of all these combinations, thus allowing the construction of a model with high 

predictive power. Below, we outline to the main hyperparameters of the XGBoost 

algorithm: 

 

- The number of rounds or passes over the data that the algorithm needs. In each 
round, an individual decision tree is constructed. There is generally a limit 
marking the number of passes after which the resulting model does not improve. 
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- Maximum depth of the individual decision trees. The lower this value, the lower 
the ability of the trees to capture the features of the data, but a high value can 
lead to overfitting problems. 
 

- Learning rate or contribution of each tree in the growth of the model. It 
determines how quickly the algorithm incorporates or adapts the contribution of 
each tree to the model under construction in each iteration. Small values are 
recommended to ensure slow growth and thus avoid overfitting problems. 
 

- Gamma or minimum loss reduction for the algorithm to make a further partition. 
When the reduction of the loss function is below the indicated value, no more 
partitioning of the decision trees will be made. This parameter controls the 
regularization of the model: the higher the specified value, the higher the 
regularization. 

 
- Ratio of the percentage of the variables and observations involved in the 

construction of each tree. 
 

- Minimum number of observations needed in each terminal node. The higher this 
number, the more conservative the algorithm will be, in the sense that it will be 
more flexible and robust to overfitting problems. 
 

To identify the best possible combination of all these hyperparameters, ML 

practitioners commonly make use of cross-validation techniques. Specifically, the 

decision was made to perform cross-validation with 10 subsamples (k = 10), so the 

training process for the XGBoost algorithm consists of fitting 10 models on 9 different 

subsamples (each with 90% of the observations), so that the final goodness of fit is 

estimated from the mean of the results obtained in the remaining 10% of each of the 

10 subsamples. Furthermore, to identify a good combination of hyperparameters that 

yields a very robust model with high predictive power, we rely on what is known as 

random search; that is, from all the feasible configurations in the search space 

specified, 25 models have been developed, corresponding to 25 possible random 

combinations, or in actual fact 250 (25 x 10) due to the cross-validation with 10 

subsamples. 

As indicated above, all the available data on the companies considered has been 

divided into two groups. On the one hand, we have the training sample with 80% of the 

observations, which has been used to train the XGBoost algorithm and identify a good 
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combination of hyperparameters that yields a final model with high predictive power. 

On the other hand, we have the remaining 20%, which as an independent test sample 

has been used to validate the final model and determine its performance metrics. 

To implement the XGBoost algorithm, we use the statistical programming environment 

R (R Core Team, 2022) and the H2O library (LeDell et al., 2022).  

 

4.1. XGBoost model with all the variables 

Following the methodology described above, we have constructed an XGBoost model 

that incorporates all the variables listed in Table 3 to identify the most relevant variables 

and the ones that are therefore crucial for classifying a company with a high probability 

of facing a situation of bankruptcy in the near future. As is common in ML classification 

scenarios, we have considered the AUC (area under the curve) indicator to identify the 

best of the models fitted according to the different combinations of hyperparameters. 

This metric compares the false positive rate with the true positive rate. This area can 

intuitively be seen to represent the probability that a randomly selected company with 

a high propensity to go bankrupt has a higher probability of actually being classified by 

the final model as highly prone to bankruptcy. The maximum value that this indicator 

can take is 1 and the higher the value, the better the resulting model. 

As indicated above, we have constructed 25 primary XGBoost models, corresponding 

to 25 possible combinations of hyperparameters, and their corresponding cross-

validation models. For the final model we have selected the one with the highest AUC 

value on the cross-validation samples, which registered a value of 0.99, very close to 

the maximum value of 1; this model achieved a global accuracy of 96%, also on the 

cross-validation samples. In Table 4 we present the values taken by the 

hyperparameters for this model. 

 

Table 4. Optimal values for the hyperparameters of the XGBoost model. 

Number of passes of the algorithm 60 

Maximum depth 12 

Learning rate 0.19 
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Gamma 0.001 

Percentage of variables 46% 

Percentage of observations 70% 

Minimum observations terminal node 2 

 

Figure 1 shows the variables that are most important in the construction of this 

XGBoost model for classifying companies that have a very high propensity to go 

bankrupt in the following 18 months. For this type of prediction model based on the 

gradient boosting algorithm, and in order to identify the most important variables, we 

consider the gain that each variable incorporates into each of the trees constructed 

and then calculate the average across all the variables to obtain a global view of the 

model as a whole (Chen & Guestrin, 2016). The first four variables in Figure 1 are 

those of the greatest importance: SOLL, RTAS, ROA and GEAR.  

 

Figure 1. Most relevant variables in the XGBoost classification model 

 

Next, we use partial dependence plots to represent the relationship between the most 

relevant variables and a company's propensity to fail. These are global interpretation 

measures that help us to understand the relationships between the inputs of the model 

and the output or dependent variable (Naketin & Knoll, 2013; Hall & Gill, 2019). These 

types of depictions offer an understanding of the process that a model follows to make 

predictions according to the importance of the detected variables and the influence 
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they exert on the structure of the model. These dependence plots show the response 

of the model as a function of one of the independent variables, taken as the mean of 

all the observations.  

Figure 2 shows the partial dependence plots for the four variables identified as being 

the most relevant. Additionally, Figure 3 shows the joint representation of the 

distribution and box plot for the most important variable, SOLL, both for high propensity 

and non-high propensity companies.  

The partial dependence plots of the four most important variables, depicted in Figure 

2, illustrate the marginal effect of each variable separately on the probability that a 

company can be considered prone to bankruptcy. The x-axis shows the values that the 

variables can take, and the y-axis shows the probability of the company going 

bankrupt. 

The downward curve of the graph corresponding to the SOLL variable indicates that 

as the solvency of the company increases, its propensity to fail decreases. This result 

is entirely consistent since if the company can cope with its debts, there will logically 

be a smaller possibility of it getting into a situation of financial difficulty that leads to 

failure. 

The downward slopes of the RTAS and ROA variables in Figure 2 indicate that the 

higher their value, the lower the propensity to fail. These variables increase when EBT 

or Net income, respectively, rises relative to the company’s assets, with it being 

reasonable to suppose that when a company is more profitable, its propensity to fail is 

reduced. 

Finally, taking into account the upward slope of the GEAR variable in Figure 2, which 

analyzes the indebtedness of the company, it can be seen that as its value increases, 

the probability of failure also rises. The gearing ratio increases with a rise in external 

financing, so a high amount would reflect excessive indebtedness relative to internal 

financing, which could give rise to problems in the company. Accordingly, it is logical 

that high values of this variable are associated with the company having a higher 

propensity to fail.  
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Figure 2. Partial dependence plots 
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NOTE: the y-axis represents the probability of the propensity to bankruptcy 

 

Figure 3. Joint representation of the distribution and box diagram of the SOLL 
variable 

 

 

 

4.2. Validation of the model on the test sample 

Below, we check the predictive power of this model on an independent data sample or 

test sample. To do so, for this test sample (see Figure 4) we have taken the prediction 
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values of the XGBoost classification model fitted and compared them with the actual 

values, registering a global accuracy level of 88% and an AUC value of 0.943—very 

close to the maximum value of 1. Therefore, in view of these results, we can conclude 

that the XGBoost model identified does not present overfitting problems and can be 

generalized and applied to independent samples. 

 
Figure 4. Results of the XGBoost model on the test sample 

AUC (area under the curve)  Confusion matrix  

 

 

NOTES: AUC = 0.943. Accuracy = 88.24%. 

x axis: false positive rate.  

y axis: true positive rate. 

 

 

 

NOTES:  

Results for the best cut-off point of 0.24 

N = 714 

Actual values 

Predicted values 

Propensity to 

go bankruptcy 
 

No Yes Accuracy 

Bankruptcy No 296 52 85.06% 

Yes 32 334 91.26% 

Total   88.24% 

 

Furthermore, Figure 5 shows the density function of the probabilities of going bankrupt 

in the following months generated by the model, separating companies with an actual 

high propensity of bankruptcy and those with an actual low propensity according to the 

VADIS rating, and applied to the data of the test sample. The XGBoost model 

estimated can very effectively separate companies with a high propensity to 

bankruptcy and those that do not have a high propensity, such that we can draw an 

imaginary vertical line that clearly differentiates these two groups. 

In short, the high performance values obtained on the test set, in terms of the model's 

overall accuracy and AUC, along with the graphical representations of failure 
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probabilities, confirm that the results achieved with the XGBoost algorithm on the 

training sample can be extrapolated or generalized to independent samples. The use 

of cross-validation, an ML technique, has largely contributed to the identification of a 

robust model. 

 

Figure 5. Density plots of the distribution of the probability of failure of the 
XGBoost model (test sample) 

 

NOTES: 1.00 indicates a high propensity to go bankrupt and 0.00 a 
non-high propensity to go bankrupt 

 

 

4.3. Comparing XGBoost with two other classification models 

Having fitted a model using the XGBoost algorithm, which has demonstrated strong 

predictive capabilities in classifying companies based on their financial health 

(grouping companies as either prone to failure or not prone to failure), we now turn our 

attention to a comparative analysis. This analysis will involve two distinct approaches: 

a classical logistic regression and a modern deep learning model. The former 

represents a well-established statistical technique frequently employed in classification 

tasks, while the latter is a cutting-edge approach within the machine learning domain 



 25

known for its capacity to learn complex patterns from data. By comparing the 

performance of these models, we aim to gain insights into the relative strengths and 

weaknesses of each approach in the context of corporate failure prediction. 

Logistic regression is a widely used traditional statistical method for binary 

classification problems, where the goal is to predict the probability of an event occurring 

(in this case, prone to failure) based on a set of predictor variables (such as financial 

ratios). It models the relationship between the predictors and the outcome using a 

logistic function, which produces a probability estimate ranging from 0 to 1. 

Mathematically, the logistic function is represented as: 

P(Y=1|X) = 1 / (1 + exp(-(β0 + β1X1 + β2X2 + ... + βpXp))) 

where: 

 P(Y=1|X) is the probability of the event (Y=1) occurring given the predictor 
values (X). 

 β0 is the intercept term. 

 β1, β2, ..., βp are the coefficients associated with the predictors X1, X2, ..., Xp, 
respectively. 

 exp() is the exponential function. 

 

The model identifies the optimal values of the coefficients (β) that maximize the 

likelihood of observing the data. This is typically done using maximum likelihood 

estimation (MLE) or other optimization techniques. 

The linear combination of predictors (β0 + β1X1 + β2X2 + ... + βpXp) is often referred 

to as the log-odds or logit. The logistic function transforms this logit into a probability 

value. 

Once the model is trained, it can be used to predict the probability of the outcome for 

new observations based on their predictor values.  

On the other hand, deep learning, a subfield of machine learning, utilizes artificial 

neural networks with multiple layers to learn complex patterns and representations 

from data (Heaton et al., 2018). In contrast to traditional models, deep learning models 

automatically extract features and hierarchies of features, reducing the need for 

manual feature engineering (LeCun et al., 2015). 
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The fundamental building block of deep learning is the artificial neuron, which receives 

inputs, applies weights and biases, and produces an output through an activation 

function. These neurons are organized into interconnected layers, forming a network. 

The input layer receives raw data, hidden layers process and transform the 

information, and the output layer produces the final prediction. 

Figure 6. Neuron from a hidden layer 

 

Source: Candell & Ledell (2018) 

 

Deep learning models, such as multi-layer feedforward neural networks (Figure 7), are 

trained using large datasets and backpropagation, an algorithm that adjusts the 

weights and biases of the network to minimize the difference between predicted and 

actual outcomes. Each neuron has a weight assigned (w1, w2, w3... wn) to each of its 

inputs, which are modified until they reach optimal values during the neural network's 

learning process. The impulses or information from each neuron that pass to the next 

layer are obtained through activation functions (Candel & Ledell, 2018). This iterative 

process allows the model to learn complex relationships and representations within the 

data. For a more comprehensive discussion of the inner workings of deep learning 

models, including their architecture, training algorithms, and applications, readers are 

encouraged to consult Romero et al. (2021). 
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Figure 7. Multi-layer feedforward neural networks 

 

Source: Candell & Ledell (2018) 

 

In the context of corporate failure prediction, deep learning models can handle high-

dimensional data and capture non-linear relationships, which makes them a promising 

alternative to traditional statistical models like logistic regression (Barboza, Kimura, & 

Altman, 2017). For our analysis, we will employ a deep learning model specifically 

designed for classification tasks. This model will consist of multiple hidden layers with 

non-linear activation functions, enabling it to learn complex representations of the input 

data.  

Table 5. Performance metrics of the three fitted classification models on test set 

 

 

Model 

 

Accuracy 

True 
positive 

rate 

True 
negative 

rate 

 

AUC 

 

f1-score 

XGBoost 88.24% 91.26% 85.06% 0.94 0.87 

Logistic 85.15% 85.80% 84.48% 0.92 0.85 

Deep Learning 86.27% 93.99% 78.14% 0.93 0.86 

 

By comparing the performance of these two models to that of the fitted XGBoost, we 

aim to assess the potential advantages of the latter in predicting corporate failure. 

Table 5 summarizes the key performance metrics for these two models on the test set, 

along with the results of the initially considered XGBoost algorithm. A comparison of 

these results reveals that the XGBoost model consistently performs better both the 
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logistic regression and deep learning models across multiple metrics (e.g., accuracy, 

F1-score, or AUC). 

Figure 8. Reverse cumulative distribution of residuals on test set 

XGBoost model 

 

Deep learning model 

 

Logistic regression model 
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Figure 8  presents the reverse cumulative distribution of residuals absolute values for 

XGBoost, logistic regression and deep learning models on the test data, where the 

lower the area under the curve the better. The results indicate that XGBoost exhibits a 

superior fit, as its residuals generally have lower values. This suggests that XGBoost 

is more effective at capturing the underlying patterns in the data and making accurate 

predictions. 

In summary, the comparative analysis of XGBoost, logistic regression, and deep 

learning models for corporate failure prediction reveals the superior performance of 

XGBoost. This model consistently performs better than the others in terms of accuracy, 

F1-score, and AUC. Additionally, the analysis of residual distributions demonstrates 

that XGBoost achieves a better fit to the data, suggesting a greater ability to capture 

the underlying factors contributing to financial distress. These findings underscore the 

potential of ensemble learning methods, such as XGBoost, for addressing the 

complexities of corporate failure prediction 

 

4.4. Robustness analysis 

Traditional statistical analysis often relies on strong assumptions about the data, such 

as normality and homoscedasticity. It focuses on inference and hypothesis testing, 

aiming to draw conclusions about populations based on samples. In contrast, machine 

learning prioritizes prediction and generalization to new data. It often deals with 

complex, high-dimensional data where traditional assumptions may not hold (Cho et 

al, 2024). 

Robustness testing in ML is crucial because it helps assess a model's ability to perform 

well under various conditions. It ensures that a model is not overly sensitive to small 

changes in the input data and can generalize to real-world scenarios (Ben Braiek & 

Khomh, 2024). 

XGBoost is inherently a robust algorithm due to its built-in regularization, ensemble 

learning, and cross-validation mechanisms. Hence, XGBoost already incorporates 

several mechanisms that promote robustness, such as: 

- Regularization: Prevents overfitting and improves generalization. 



 30

- Ensemble learning: Combines the predictions of multiple trees to reduce 
variance and errors. 

- Cross-validation: Assesses model performance on different subsets of the data 
to ensure generalization. 

 

These features make XGBoost inherently more robust than some other ML algorithms 

and traditional statistic techniques. 

In summary, while robustness testing is generally important in ML, its necessity and 

specific methods can vary depending on the algorithm and the application. In the case 

of XGBoost, it is inherently more robust than some other ML algorithms due to its 

ensemble nature and regularization techniques. It combines the predictions of multiple 

trees, which helps to reduce overfitting and improve generalization. Additionally, the 

regularization penalizes complex models and enhances robustness (Kharkar, 2022). 

We further investigated the robustness of our findings by comparing the most important 

variables identified by the XGBoost model (Figure 1) with those derived from the two 

additional models: logistic regression (Figure 9) and deep learning (Figure 10). The 

results demonstrate that, in general, the three models consistently identified the same 

variables as the most relevant features, supporting the robustness of our initial feature 

selection. 

 

Figure 9. Most relevant variables in the logistic model 
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Figure 10. Most relevant variables in the Deep Learning model 

 

 

5. TRANSPARENCY OF XGBOOST FINANCIAL DISTRESS PREDICTION AT THE 
INDIVIDUAL LEVEL: A LOCAL INTERPRETATION 

In the final part of our study, we move beyond the usual focus on machine learning and 

explore how to make the XGBoost model more transparent, where interpretability 

becomes crucial. We explain how we can fully understand the model by showing how 

it determines the effect of each variable on every observation within our dataset (at the 

level of individual instances). To illustrate this concept, we select two instances where 

the model assigns a high probability of bankruptcy (as depicted in Figure 11). 

Conversely, we also consider two instances with a low probability of bankruptcy (as 

depicted in the final two graphs of Figure 12). 

These visual representations constitute a critical aspect of what is commonly known 

as the "local interpretation" of a model, a methodology that provides profound insights 

into the workings of a machine learning model and its predictions for individual 

observations (Hall and Gill, 2019). In our context, such an approach proves invaluable, 

as it allows us to analyze the reasons behind the XGBoost algorithm's classification of 

a particular company as being susceptible to a business failure This process is 

embedded in the examination of the independent variables and their respective values 

for the company in question. Through this exercise, we bring to the forefront the ethical 

implications of our findings, rendering the individual predictions entirely transparent 

and dispelling the obscurity often associated with the "black box." 
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In essence, our pursue to clarify the inner workings of the XGBoost model is driven by 

the necessity to understand the complexities of its predictions. We know that 

researchers and financial analysts are very interested in understanding why the 

XGBoost model predicts a specific company is at risk of financial trouble. By figuring 

out which factors have the biggest impact on these predictions, we can better explain 

how the model works. This is important for ensuring transparency and accountability, 

which are key ethical considerations when using AI models in finance. 

Therefore, as we attempt to reveal the mechanisms underlying the XGBoost model, it 

becomes evident that there is a pressing need to identify the variables that exert the 

most significant influence on predictions for individual companies. This attempt not only 

enhances the comprehensibility of our predictive model but also serves as an 

indication to our commitment to transparency and ethical responsibility. In essence, by 

opening the "black box" and shedding light on the inner workings of our model, we 

aspire to contribute to a deeper understanding of both the quantitative aspects of 

machine learning and the ethical implications of its applications within the context of 

financial analysis. 

Biecek and Burzykowski highlight several approaches for interpreting complex, black-

box models on an instance level. Among these, two methods have gained particular 

notoriety: break-down plots and Shapley values. However, they differ in their 

methodology and underlying principles. 

- Break-down plots decompose model predictions into contributions from different 
variables. They work by identifying the variables that, when changed, have the 
most significant impact on the prediction. This is done in a greedy way, selecting 
one variable at a time to minimize the difference between the model's prediction 
and the prediction after the variable is "relaxed" (allowed to vary according to its 
distribution). Break-down plots are relatively easy to interpret and 
computationally efficient. 

- Shapley values are a concept from game theory that has been adapted to 
explain machine learning models. They attribute the prediction of a model to 
different features by considering all possible combinations of features and 
calculating the average marginal contribution of each feature across all 
combinations. Shapley values have desirable theoretical properties, such as 
fairness and consistency, but they can be computationally expensive to 
calculate, especially for complex models. 
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In our study, we opted for break-down plots due to their computational efficiency and 

ease of interpretation. Break-down plots provide a clear, visual representation of how 

each feature contributes to a model's prediction, making them particularly useful for 

communicating results to a public who may not have a deep understanding of machine 

learning theory. Given these advantages of break-down plots, the remainder of this 

section of the paper will focus on the break-down plots methodology for model 

explanation 

When analyzing a model's prediction for a specific case, it is natural to wonder which 

factors are most influential. While no single solution exists, break-down plots offer a 

useful approach. These plots decompose the model's prediction into contributions from 

different explanatory variables, providing insights into the factors driving the result. This 

method is similar to the algorithm explanation introduced by Robnik-Šikonja and 

Kononenko (2008). 

We assume that prediction f(x) is an approximation of the expected value of the 

dependent variable 𝑌 given values of explanatory variables x. The underlying idea of 

break-down plots is to capture the contribution of an explanatory variable to the model’s 

prediction by computing the shift in the expected value of 𝑌, while fixing the values of 

other variables1. 

In machine learning, break-down plots provide a very simple way of summarizing the 

effect of each of the predictors on the dependent variable of the model. Thus, for a 

particular observation, the probability that a company is prone to bankruptcy is 

decomposed into the different impacts corresponding to each of the variables of the 

model. The Figures 11 and 12 contain these break-down plots. 

In these figures it can be seen that the intercept gives a general probability of 

bankruptcy of 50.90% (0.509), which is the value obtained without taking into account 

the predictive power of the predictors, and represents the proportion of companies 

classified by the XGBoost model as having a high risk of bankruptcy compared to the 

total of the companies included in the database—the mean of the predictions. For 

 
1 For a comprehensive discussion on the theory and applications of break-down plots, including the 
mathematical foundations and interpretations, readers are encouraged to consult Staniak and Biecek (2019). 
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example, for the first company in Figure 6, the prediction of failure yields a probability 

of 100.00% (1.00), which can be decomposed to reflect the influence of the most 

relevant variables as follows: 

+ 0.509: Intercept    

 

+ 0.297: RTAS = -39.13 (Economic profitability) [now the prediction is 0.806] 

 

+ 0.002: ROA = -29.87 (Net income/Total Assets) [now the prediction is 0.808] 

 

+ 0.190: SOLL = 17.76 (Solvency Ratio) [now the prediction is 0.998] 

 

+ 0.002: GEAR = 232.2 (Indebtedness Ratio) [now the prediction is 1.000 = 100%] 

 

Therefore, break-down plots illustrate how each individual factor's contribution 

modifies the average prediction of the model, resulting in the actual prediction for a 

specific case or observation.  

In our case, these graphs, provided as an example, reveal that low values of solvency 

and profitability and high values of indebtedness push the prediction model to assign 

high values to the probability that a company might go bankrupt in the coming months. 

Conversely, values at the opposite extreme yield very low figures in the estimation of 

the propensity to go bankrupt. 
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Figure 11. Break-down plot for two observations with a very high probability of 
failure according to the XGBoost model 
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Figure 12. Break-down plot for two observations with a very low probability of 
failure according to the XGBoost model 

 

 

 

 

In summary, this kind of representation helps to expand on the importance of 

transparency and interpretability in ensuring fairness, accountability, and avoiding 

discriminatory practices. To avoid potential biases in the results of the algorithms, we 

encourage the need for human oversight in the decision-making process. 
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6. CONCLUSIONS  

In this study, we emphasize the power of the Extreme Gradient Boosting (XGBoost) 

machine learning (ML) algorithm to construct a robust predictive model for identifying 

companies at risk of bankruptcy. More importantly, our research transcends the 

inherent opacity of complex ML models by offering a comprehensive and transparent 

interpretation of their inner workings. 

Traditionally, such models have been perceived as "black boxes" due to their obscured 

internal mechanisms. In our pursuit of understanding, we undertook the ambitious task 

of explaining these black boxes. Through rigorous analysis, we pinpointed the most 

influential explanatory variables and clarified their impact on predictions at the 

individual level. This attempt goes beyond conventional machine learning by shining a 

light on the often-hidden aspects of model decision-making. 

Our study opens these algorithmic black boxes, revealing the critical indicators that 

characterize a company's propensity for business failure. We utilized the VADIS P2BB 

financial strength indicator to distinguish between companies susceptible to failure and 

those resilient to it, based on high or low ratings. Our results underscored the collective 

significance of solvency, indebtedness, and profitability categories, achieving a robust 

88% accuracy rate on an independent test sample. 

Specifically, our model identified SOLL, RTAS, ROA, and GEAR as pivotal variables. 

SOLL gauges a company's solvency, with higher values indicating reduced bankruptcy 

risk, reinforcing the importance of financial stability. Conversely, the GEAR variable, 

reflecting indebtedness, suggested that increased indebtedness correlated with 

heightened failure probability, emphasizing the risks associated with excessive debt. 

Furthermore, RTAS and ROA, proxies for profitability relative to firm size, indicated 

that rising profits corresponded with reduced bankruptcy susceptibility, aligning with 

economic intuition. 

These empirical findings affirm the validity of our applied technique, offering a practical 

solution for detecting business failure propensity while illuminating the algorithm's 

latent content. Importantly, our model not only classifies companies but also explains 

the rationale behind each classification at the local level. This allows for a detailed 
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understanding of how individual variables impact failure propensity, highlighting the 

individual weight and direction of each predictor for every observation. 

From an ethical standpoint, our models are regarded as autonomous entities, rooted 

in prior programming. Consequently, ethical responsibility rests straight with individuals 

employing these technologies, rather than the models themselves. Given the model's 

robust performance and ease of interpretability, it holds potential value for diverse 

stakeholders seeking to identify and address potential failure situations, facilitating 

informed decision-making. 

The use of break-down plots as a tool of explainable AI (XAI) at a local level, helps to 

expand on the importance of transparency and interpretability in ensuring fairness, 

accountability, and avoiding discriminatory practices. To avoid potential biases in the 

results of the algorithms, we encourage the need for human oversight in the decision-

making process. 

This study, while comprehensive in its exploration of XGBoost for business failure 

prediction, acknowledges certain limitations. The data used for analysis is specific to 

Spanish firms, potentially limiting generalizability to other contexts. Additionally, the 

focus on financial ratios might not encompass all factors contributing to business 

failure. Future research could broaden the scope by incorporating non-financial data 

such as corporate governance metrics or macroeconomic indicators. Furthermore, a 

comparative analysis of different machine learning algorithms could offer a more 

nuanced understanding of their strengths and weaknesses in this context. 

Notably, the emphasis on interpretability in this study, facilitated by techniques like 

“break-down” plots, directly addresses ethical concerns surrounding the "black box" 

nature of ML models. By revealing the decision-making process and highlighting the 

contribution of individual features, we enhance transparency and foster trust in the 

model's predictions. This emphasis on interpretability not only strengthens the 

scientific rigor of our work but also contributes to the ethical and responsible use of AI 

in financial decision-making. 

Future research should continue to prioritize interpretability and ethical considerations 

alongside predictive accuracy. This could involve using new explainable artificial 

intelligence techniques, and promoting interdisciplinary collaboration between 
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technical experts, ethicists, and policymakers. By proactively addressing these 

concerns, we can ensure that AI is utilized in a manner that benefits businesses, 

individuals, and society. 

Interpretability in machine learning is an area of ongoing research and development. 

This study contributes to this effort by providing a practical example of how an XGBoost 

model can be interpreted and explained in the context of business failure prediction. 

We hope that this work will encourage further exploration and innovation in the field of 

interpretable machine learning for financial applications. 
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