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Abstract
Using a and a unique set of Italian non-listed Unlikely to Pay (UTP) positions, that 
consist in the phase that precedes the insolvency but where it is still possible for 
the company to succeed in restructuring, this paper aims to analyze the relation-
ships between corporate governance characteristics and financial distress status. We 
compare the performance of corporate governance variables in predicting corporate 
defaults, using both the Logit and Random Forest models, which previous research-
ers have deemed to be the most efficient machine learning techniques. Our results 
show that the use of corporate governance variables – especially with regards to 
CEO renewal and stability in the composition of the board of directors – increases 
the accuracy of the Random Forest technique and influences the success of the 
turnaround process. This paper also confirms the Random Forest technique’s ability 
to significantly outperform the Logit model in terms of accuracy.
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1 Introduction

Nowadays, models that can predict the bankruptcy of a company are of interest to 
various economic entities, such as banks, credit agencies, governments, and finan-
cial analysts, not to mention customers and suppliers. Although bankruptcy detec-
tion models have been gradually developing since the 1960s (Beaver, 1966; Altman, 
1968), the vast majority of them are still based only on accounting and financial vari-
ables as explanatory factors (Fijorek & Grotowski, 2012; Attaran et al., 2012). Ernst 
and Young (2010) suggested that most managers believe that innovation (specifically 
in management processes) can play a fundamental role in accelerating a company’s 
growth. Therefore, corporate governance variables – such as manager turnovers, 
which introduce new entrepreneurship skills, knowledge, and external relationships 
(Paoloni et al., 2020), and the presence of internal or external auditors (Cenciarelli et 
al., 2018) – can be a crucial factor in increasing the competitive advantage of a corpo-
ration (Chen et al., 2014; Agostini & Nosella, 2017). Indeed, from the l990s onwards, 
various authors (e.g., Gilson 1990; Daily & Dalton, 1994; Gales & Kesner, 1994; 
Deng & Wang, 2006; Donker et al., 2009; Bredart, 2016; Manzaneque et al., 2016) 
have begun to investigate the link between financial distress and corporate gover-
nance, confirming the significant relationship between corporate governance vari-
ables and the predictive power of bankruptcy forecast models. However, despite the 
increase in the amount of research on corporate governance variables, which covers 
multiple disciplines, scholarly literature on the topic is still limited and fragmented 
(Martín-de Castro et al., 2019), especially with regards to the role and impact of 
corporate governance on companies’ turnarounds. Research tends to instead remain 
focused on the analysis of the impact of financial variables in predicting corporate 
defaults. Therefore, the aim of this paper is to test the effectiveness of internal cor-
porate governance mechanisms pertaining to the board of directors in anticipating 
corporate defaults in Italy – in which research on the overall analysis of this issue 
is still lacking. The study of the inclusion of corporate governance variables is par-
ticularly suitable to the Italian context, as this country is typically characterized by 
non-listed family firms, which tend to operate at higher levels of risk than non-family 
firms (Contreras et al., 2021) and are normally unable to alter their management (or 
the original entrepreneur).

Moreover, despite the increasing use of corporate default forecasts in various 
fields, new, more efficient, and more reliable models for predicting a crisis have not 
yet been developed. Stemming form Altman (1968), most existing literature has 
relied on the use of “traditional” statistical models, such as Logit, probit, and linear 
discriminant analysis. Recently, however, researchers have been increasingly inter-
ested in analysing machine learning models’ ability to predict bankruptcy situations. 
Previous literature, such as Barboza et al., (2017), has shown that “new age” models 
are able to offer more accurate forecasts in comparison to “traditional” methods, 
like Logit. Therefore, the second contribution of this paper is to reinforce scholarly 
literature in this field. In doing so, this paper will confirm the abilities of the models 
that previous literature (Jones et al., 2017; Barboza et al., 2017) has shown to be the 
most efficient with regards to machine learning techniques, and those that are able 
offer better predictions than Logit – specifically with regards to the Random Forest 
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model. The importance of further testing these models’ efficiency in predicting the 
corporate defaults of machine learning techniques is amplified by the importance 
of their various practical applications, especially for users such as credit agencies, 
banks, and investment companies. In fact, as suggested by Althey (2018), we can 
expect these techniques to have a significant impact on the field of economics and 
finance within a short period of time. The practical applications of these techniques 
vary. For example, these techniques could be used when solving policy and decision 
problems (Kleinberg et al., 2015), when predicting loan repayments and attempting 
to improve credit scoring (Bjorkegren & Grissen, 2019), or when enhancing eco-
nomic models (Althey, 2018). The increasing use of these techniques (Althey, 2018) 
occurs due to the fact that they can be easily applied without the need to manipulate 
the original database, as they are resilient to a series of statistical issues, such as omit-
ted variables, multicollinearity, outliers, and heteroscedasticity.

To this end, we use a unique set of non-listed Italian UTP positions to compare 
the predictive performance of a Logit and a Random Forest model using the ROC 
(Receiver Operating Characteristic) curve: a method frequently analyzed in previ-
ous literature (Swets et al., 2000; Jones et al., 2015, 2017; Barboza et al., 2017). 
Banks classify positions that will probably not respect their contractual obligations as 
UTP positions. This is one of the more innovative elements of this study, as previous 
researchers have mainly concentrated on NPLs (Non Performing Loans, i.e., borrow-
ings that are already long overdue and so are officially in a distressed situation). We 
adopt a different perspective in comparison to literature regarding the application of 
machine learning techniques in predicting corporate defaults. We would like to high-
light, from the outset, that the ability to correctly forecast the classification as UTP 
has significant practical managerial consequences: UTP is a status that anticipates 
the company’s distress and, therefore, it allows managers to find timely and realistic 
solutions to allow them to face a potential financial crisis. The development of mod-
els that can predict these situations and send alert signals is of particular interest to all 
the stakeholders of a company (Davis & Karim, 2008; Dallocchio & Tron, 2020) and 
for banks (as shown by the guidance to banks on non-performing loans of European 
Central Bank1) and governments (such as in the new Italian Code of Bankruptcy2).

As predictive variables, we use the turnover of the members of the board of direc-
tors and the number of CEOs in the years prior to the crisis as corporate gover-
nance indicators, as in Elloumi & Gueyiè (2001), Fahlenbrach et al. (2007), Lin et 
al., (2020), and Fernando et al., (2020), along with the presence of the statutory and 
external auditors, as in Bredart (2014) and Cenciarelli et al., (2018). The final results 
confirm that financial variables (Z-Score) have a primary role in predicting corpo-
rate distress situations. However, they also corroborate the importance of corporate 
governance factors. These conclusions are further confirmed by the fact that, when 
comparing the models with and without the corporate governance variables, we find 

1  ECB (2016), Guidance to banks on nonperforming loans. Retrieved from: https://www.bankingsupervi-
sion.europa.eu/legalframework/publiccons/pdf/npl/npl_summary.en.pdf.
2  D.lgs. n.14, 12 January 2019. Codice della crisi d’impresa e dell’insolvenza. Retrieved from: https://
www.gazzettaufficiale.it/eli/id/2019/02/14/19G00007/sg.
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that the ROC curve is higher for those models that also include corporate governance 
variables, as in Liang et al., (2016).

2 Literature review

Literature on predicting bankruptcy is quite extensive. However, as highlighted by 
Wang et al., (2014), there is still no mature or definite theory of corporate failure 
since the “most reliable” method of predicting corporate bankruptcy has not yet been 
identified. After the first pieces of research on the topic, performed in the United 
States by Tamari (1964), Beaver (1966), and Altman (1968), several approaches for 
forecasting bankruptcies have been elaborated upon and improved. In the 1990s, 
researchers started to develop more sophisticated models by also including new 
strategic variables and financial/accounting measures (Altman & Saunders, 1997; 
Amigoni, 1998; Eccles, 1991). The ability of corporate governance factors to pre-
dict corporate defaults, as confirmed by various authors (e.g., Gilson 1990; Daily 
& Dalton, 1994; Gales & Kesner, 1994; Deng & Wang, 2006; Donker et al., 2009; 
Bredart, 2016; Manzaneque et al., 2016; Fernando et al., 2020), is explained by the 
postulates of Agency Theory. According to this theory (Donker et al., 2009), manag-
ers are more focused on obtaining short-term results to maximize their compensation 
and rewards, while shareholders tend to choose long-term strategies. Therefore, this 
leads to an ethical conflict between managers, like the CEO or the sole director, and 
the shareholders. Literature in this field is mainly based on the analysis of the US 
companies (Manzaneque et al., 2016). However, corporate governance mechanisms 
can differ significantly from one country to another, which is one of the reasons why 
the extension of this analysis to other geographical contexts is necessary in order to 
corroborate the existing literature.

Our interest is mainly focused on the board of directors, because it is considered 
to be one of the main internal corporate governance mechanisms (Norwahida et al., 
2012) and a good measure of a company’s ability to create and leverage intellec-
tual capital. The board of directors and the top management of a company have a 
crucial role in the success of a turnaround, as they have the power to implement a 
series of strategic actions that might prevent or solve a crisis (Porter, 1987; Garzella, 
2005; Grant, 2011; Leng et al., 2021). As a consequence, top management can be 
considered the most important figures when it comes to renewing the structure and 
the strategy of a company during a corporate turnaround (Lohrke et al., 2004). As 
highlighted by previous literature (Schiuma et al., 2008), people with an adequate 
level of competencies and skills can create a virtuous circle, generating new ideas 
and techniques able to innovate the product/processes of a company, thereby improv-
ing performance. Moreover, as supported by Santana et al., (2017), management in 
declining firms can also replace the usual downsizing responses, highlighting this 
paper’s potential relevance in the world of start-ups and small firms (Zingales, 2000). 
The board has the ability to be a key factor in determining the future of a business. 
However, overconfident CEOs can lead a company to face higher risks of bankruptcy 
(Leng et al., 2011, 2021). As a consequence, weak corporate governance can increase 
the likelihood of opportunistic behavior occurring in the management team, which 
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could lead to a reduction in profitability and the overall value of a company (La Porta 
et al., 2000), increasing the likelihood of financial distress. Consequently, the interac-
tion between the role of the board and the likelihood of financial distress should be 
examined. In this regard, previous studies (Goodstein et al., 1994; Yemarck, 1996) 
have been more focused on analyzing the problems related to the size of the board, 
revealing that larger boards tend to incentivize opportunistic behaviors by the man-
agement of a company. On the contrary, smaller boards and a larger percentage of 
independent individuals can increase the performance of the company and reduce 
the likelihood of financial distress (Jensen, 1993; Fernando et al., 2020). Several 
studies have also analyzed the impact of management turnover on a firm’s perfor-
mance, with the general consensus being that the likelihood of management turnover 
is negatively related to firm performance (Huson et al., 2004; Warner et al., 1988), 
discovered a positive relationship between low returns stocks and the probability 
of the turnover of the CEO, president, or board chairman. Similarly, Kim (1996) 
empirically demonstrates that firm stock returns have a persistent negative effect on 
turnover probability. On the contrary, Huson et al., (2004) discover that investors 
view turnover announcements as good news, presaging performance improvements. 
However, despite the increasing amount of research on the impact of the turnover 
of management and board members on the probability of financial distress (Gilson, 
1990; Elloumi & Gueyiè, 2001), literature in this area is still limited and is primarily 
focused on data from the US.

For corporate governance systems, another key aspect for a company is the pres-
ence of internal and external auditors. In this sense, literature has shown that the pres-
ence of internal and external audit systems can have a significant impact on changes 
to a company’s financial performance and on its probability of default (see Guo et 
al., 2016 and Cenciarelli et al., 2018, among others). Internal and external auditors 
can guarantee the quality of the information of the financial reports provided by the 
company for investors (Bratten et al., 2013), and their role has relevant consequences 
during a financial crisis (Cenciarelli et al., 2018). In this sense, also the presence of 
the audit committee can have a significant positive impact in preventing the risk of 
frauds and irregularities (Beasley et al., 2000). For distressed firms in particular, stat-
utory auditors and external auditors are obliged to judge the ability of the company to 
operate as a going concern entity for the following 12 months. In this sense, with the 
European Union’s 2015/848/EU regulation, auditors were required to promptly com-
municate to the top management of a company the presence of indicators of financial 
distress. In this field, research has shown auditors’ ability to anticipate the emergence 
of a financial crisis (Bhimani et al., 2009). Therefore, their presence helps a company 
to prevent triggering this event. Research on this issue is still limited, especially in 
European countries (Cenciarelli et al., 2018).

Until recent times, methodological approaches were based mainly on Logit/probit 
models when it came to predicting corporate defaults, (Ohslon, 1980; Aziz et al., 
1988; Platt & Platt, 1990; Ward, 1994; Back et al., 1996; McGurr & DeVaney, 1998; 
Kahya & Theodossiou, 1999; Beyonon & Peel, 2001; Neophytou et al., 2004; Lin & 
Piesse, 2004; Westgaard & Van der Wijst, 2001; Foreman, 2003; Brockman & Turtle, 
2003; among others) and the discriminant analysis model (Altman, 1968: Edmister 
1972; Piesse & Wood, 1992; Altman & Narayanan, 1997; Pompe & Feelders, 1997; 

1 3



A. Tron et al.

McGurr & DeVaney, 1998; Yang et al., 1999; Altman et al., 2013; among others), 
whose merits have been studied extensively in literature (Efron, 1975; Ohlson, 1980; 
Altman et al., 1994; among others). However, Begley et al., (1996) supported the 
need for the development of new models, since traditional ones based on Altman 
(1968) and Ohlson’s (1980) theories, have shown their weaknesses.

A new generation of corporate default predictions has arisen, including studies 
using hazard models, which tend to predict corporate defaults better than traditional 
ones (Shumway, 2001). These techniques are not binary classifiers as they calculate 
the probability of a corporate default over time (Chava & Jarrow, 2004; Tian et al., 
2015; among others). They are therefore more suitable in the long run.

The need to improve the forecast of corporate defaults has recently led to the 
development of new types of models based on machine learning techniques, such 
as generalized boosting, AdaBoost, and Random Forest (Jones et al., 2017; Samuel, 
1959) proposed the concept of machine learning, defining it as “a discipline that 
gives computers the ability to learn without a clear program”. These techniques are 
based on the running of a series of processes that continue to improve the classifica-
tion of observations using their common patterns (Tian et al., 2012), thereby learning 
from experience.

One of the most famous machine learning techniques is the artificial neural net-
work, which is very useful when it comes to solving complex and non-linear rela-
tionships “by mimicking the structure of the brain and connecting artificial neurons 
using simple structures” (Kim et al., 2020). Machine learning techniques have been 
used in default predictions before the 1990s, and several authors (Yang et al., 1999; 
Zhao et al., 2014; Geng et al., 2015; Jones et al., 2017) have demonstrated that they 
have both better prediction performances than Logit/probit and, on average, good 
levels of efficiency. They reach a good level of reliability, especially in the Italian 
context, wherein small companies often do not excel with regards to the accuracy of 
their accounting information (Falavigna, 2012; Zhao et al., 2014; Jones et al., 2017) 
identified five main issues with the artificial neural network:

i) poor performance in case of unbalanced data;
ii) high error rate with a small sample;
iii) high difficulties in selecting the hidden layer;
iv) less capacity to handle large numbers of potentially irrelevant inputs and to han-

dle both categorical and continuous data;
v) lack of interpretability of data.

Another machine learning technique is represented by the support vector machines, 
which are widely used in various fields, including corporate default predictions. The 
support vector machines are based on the concept of a separating hyperplane (Jones 
et al., 2017), which allows us to identify the greatest distance between the most 
similar observations that are oppositely classified (Cortes & Vapnik, 1995; Noble, 
2006). Therefore, when a sample is completely separable in groups, the support vec-
tor machines are able to build very accruable models. However, when managing 
economic-finance data, this is virtually impossible. Therefore, the support vector 
machines contain a margin of error (Zhou et al., 2014). Support vector machines have 
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been notably used by researchers in corporate default predictions (Min & Lee, 2005; 
Yu et al., 2010), and have had a predictive quality similar to (Barboza et al., 2017; 
Jones et al., 2017) or even better (Shin et al., 2005) than the artificial neural network. 
Liang et al., (2016) also showed that support vector machines are more reliable in 
anticipating corporate defaults when using financial ratios and corporate governance 
indicators. Similar to neural networks, the limitations of support vector machines are 
their lack of interpretability and difficulties in handling large numbers of potentially 
irrelevant inputs (Jones et al., 2017).

A third technique applied in machine learning is boosting. This technique is able 
to find the model that best classifies a sample. The boosting technique, based on the 
continuous use of different sets of the initial sample, creates various training sets and 
identifies the one with the lowest error rate (Begley et al., 1996; Hastie et al., 2009). 
Unlike the Logit model, the boosting technique is resistant to over-fitting and, unlike 
neural networks and support vector machines, is able to deal with irrelevant inputs. 
It also tends to be better at handling mixed types of data (Jones et al., 2017). Due to 
these characteristics, this technique – together with AdaBoost, a derived algorithm 
– has been able to predict corporate defaults with a remarkable degree of reliability: 
significantly higher than that of Logit/neural networks/support vector machines (Bar-
boza et al., 2017; Jones et al., 2017; Aliaj et al., 2020).

The Random Forest model is similar to boosting but it is based on the concept of 
charting decision rules using a tree structure. This technique, created by Breiman 
(2001), randomly selects a subset of characteristics from each node of the tree, fol-
lowing a bagging technique. Therefore “a particularly strong predictor in the dataset 
(along with some moderately strong predictors) will be used by most if not all the 
trees in the top split” (Jones et al., 2017). A more detailed and precise description of 
Random Forest can be found in Booth et al., (2014) and Calderoni et al., (2015). The 
Random Forest technique has various advantages: (i) it is robust to outliers; (ii) it is 
robust to missing data; and (iii) it allows for the identification of the importance of 
each variable in the classification results (Yeh et al., 2014; Jones et al., 2017). Several 
authors (Olson et al., 2012; Barboza et al., 2017; Jones et al., 2017; Li & Wang, 2018; 
Aliaj et al., 2020) have shown that the Random Forest model is more interpretable 
and can achieve more accurate results in predicting corporate defaults than other 
machine learning algorithms.

Despite the reliability of these techniques in predicting corporate defaults, the 
amount of empirical research on the topic is still limited. Tsai et al., (2014), using a 
set of Taiwanese companies, compared the predictability power of three neural net-
work techniques, support vector machines, and Random Forest, demonstrating the 
ability of Random Forest to perform significantly better. Heo et al. (2014), using a 
sample of Korean companies, showed that the AdaBoost has more predictive power 
than other classifiers, especially for large companies. Kim et al. (2014), using pub-
licly traded U.S. restaurants, demonstrated that, from 1988 to 2010, the AdaBoost 
and Random Forest models have been the best predictors of performance. They had 
the smallest degree of error overall and in terms of type I error rates, or rather the 
probability of rejecting the null hypothesis given that it is true. Both Jones et al., 
(2017) and Barboza et al., (2017), by comparing several statistical methods and using 
a set of US firms, showed that the Random Forest and the boosting techniques are 
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the most performing classifiers in several cases. The applications of machine learn-
ing techniques in Italy are still limited. Bragoli et al. (2019), using a dataset of Italian 
companies from 2007 to 2015, showed that machine learning techniques outperform 
traditional classifiers. Aliaj et al., (2020) using a large sample of Italian companies, 
demonstrated that, in the Italian context, Random Forest provides the best results, 
thus corroborating the findings of Barboza et al., (2017). Donato et al. (2020) showed 
that, using a non-parametric supervised classification algorithm on a random sample 
of 100 non-listed SMEs, it is possible to sufficiently predict the distress of a firm in 
advance (4–5 years prior to failure).

From the analysis of the existing literature, it is reasonably evident that boosting 
and Random Forest are the best techniques for predicting corporate defaults. More-
over, differently from other machine learning techniques, the Random Forest model 
allows us to easily interpret the results – a fundamental factor for helping executives 
to improve their businesses. Barboza et al., (2017), despite the increasing number of 
studies in this field, suggested that “new studies, exploring different models, contexts 
and datasets, are relevant, since results regarding the superiority of these models are 
still inconclusive”. Therefore, this paper aims to fill the research gap on the ability 
of Random Forest and Logit models to predict not only the default of a company, 
but also its classification as UTP. This issue has not yet been adequately covered in 
academic literature, despite its remarkable impact from a managerial perspective. In 
fact, it intercepts the signals of a stressed situation and anticipates the potential status 
of default (Ambrosini & Tron, 2016; Caputo & Tron, 2016). This feature offers an 
important option for managers, who can implement several corrective actions. After 
the default and – even worse – after the bankruptcy, the number of adoptable solutions 
is strictly limited (Tron et al., 2018; Ferri et al., 2020). Furthermore, several papers 
have revealed the impact of corporate governance indicators (such as composition 
and the mandated duration of the main governance – and control – bodies, changes in 
majority shareholders; etc.) on default probability (Elloumi & Gueyi, 2001; Switzer 
et al., 2018; Lin et al., 2020; Fernando et al., 2020) and on the turnaround outcome 
(Miglani et al., 2020). However, previous studies have not yet thoroughly inves-
tigated the impact of governance variables in predicting the default of a company 
using new machine learning models, like Random Forest. Only Liang et al., (2016), 
on the basis of a sample of Taiwanese companies, demonstrated a better performance 
in predicting defaults, relying on corporate governance and financial variables, rather 
than using only financial variables. Therefore, as suggested by Barboza et al., (2017), 
we used machine learning models, also fed by corporate governance variables, to 
analyze the Italian context, along with its specific features in terms of company size 
and corporate governance.

3 Research methodology

Thanks to the support of a leading bank operating in Italy, and following the example 
of Dallocchio et al., (2020), we collected data on Italian companies classified as UTP 
in 2014. The database structure allowed us to verify whether or not a company had 
been placed on the special register of “UTP positions”.
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Out of an initial sample of 10,143 companies made available by the bank, we 
selected 72 that had the following features:

 ● private;
 ● set up and registered in Italy;
 ● out of trouble (“in bonis”) before August 2014 and still “in bonis” in 2017;
 ● able to repay interest and/or part of the principal payment;
 ● originally included in the “special register” of the bank;
 ● positively concluded a restructuring process at least two years before this study 

began.

Since the initial sample only included private Italian companies that were able to 
complete a full turnaround process, two additional samples were identified: firms that 
defaulted during the period between 2014 and 2016, and firms that did not demon-
strate economic and financial distress during the period between 2007 and 2016. To 
construct these two samples, we followed a two-step process.

Firstly, by identifying their economic sector and using the revenues of the com-
panies included in the first sample as an approximation of the size of a company, we 
identified, thanks to Bureau Van Dijk Database (AIDA), 34,124 companies (exclud-
ing listed companies) as our first sample.

Secondly, still drawing from the same source, we highlighted 76 companies 
that defaulted between 2014 and 2016, while the “healthy” companies (once again 
selected from the aforementioned cluster) were identified through a process of pair-
wise sampling, which allowed us to identify 72 entities. Therefore, the final database 
was composed of 220 companies: 72 of the original sample (success in restructur-
ing), 72 healthy companies (no economic and/or financial distress between 2007 and 
2016), and 76 companies that defaulted between 2014 and 2016. Then, we started 
collecting economic/financial data through AIDA, and governance data through the 
data provider CERVED3. As previously mentioned, existing literature on machine 
learning models (Barboza et al., 2017; Jones et al., 2017) has only used economic/
financial variables. On top of this, we decided to include corporate governance vari-
ables, downloaded from CERVED. An overview of the corporate governance vari-
ables that were used in this paper, along with their sources, can be found in Table 1.

To predict the classification of a company as a UTP position, as control variables, 
this study used one of the most adopted and easy-to-use tools for assessing default 
risk, the Z’-Score and Z’’-Score. The Z’-Score was created by Altman (1993) as a 
revision for non-listed companies of the original Z-Score (1968). In analytical terms, 
the Z’-Score model is based on five factors:

 ● Liquidity (CurrentAssets−CurrentLiabilities
TotalAssets ),

 ● Profitability (RetainedEarningsTotalAssets ),
 ● Productivity ( EBIT

TotalAssets),
 ● Leverage ( BookValueofEquity

BookValueofTotalLiabilities),
 ● Asset turnover ( Sales

TotalAssets).

3  CERVED is an Italian listed company, which is a leading data provider for banks and credit agencies.
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The reliability of Z’-Score in measuring the health of small and medium enterprises 
in the Italian context has been discussed by several authors (Madonna & Cestari, 
2015; Paoloni & Celli, 2018; Dallocchio et al., 2020). For emerging countries and 
non-manufacturing companies, Altman elaborated upon the Z’’-Score (1995), using 
a correction factor of 3.25 and deleting the asset turnover. In this case, the Z’’-Score 
proved to be reliable in the Italian context (Altman et al., 2013). Due to the reliability 
in the Italian context of Z’ and Z’’, and in line with existing literature, we chose to 
use the two scores as predictive variables. Furthermore, since the Z-Scores allowed 
us to anticipate the emergence of a crisis, thanks to their ability to recognise the rela-
tionship between the potential corporate default and the accounting indicators in the 
years before insolvency, the management team can implement a coherent strategy for 
preventing the crisis (Altman & Le Fleur, 1985).

Their values were obtained by, once again, relying on AIDA. We collected data 
from 2007 until the “financial distress moment” (identified as the date of inclusion 
in the special register of the UTP’s position), as reported by the bank agents respon-
sible for distressed debt positions, through interviews and surveys conducted by the 
authors. In particular, for each specific type of Z-Score, we calculated the average 
score across two periods: (i) before the financial distress (2007–2011); (ii) during the 
financial distress (2012–2014). Therefore, an overview over the financial variables 
that we use in this paper and their source can be found in Table 2.

Companies with missing data were finally discarded, allowing us to compare the 
results of the Logit, which suffered from missing data, and the Random Forest. There-
fore, the final sample had 112 constituents: 54 successfully restructured companies, 
13 defaulted companies, and 45 healthy companies. We controlled the weighting of 
every industry represented in the sample: no sector had a weighting higher than about 

Variable Name Definition Source
n. CEO 07–11 Number of people who took the role of 

CEO in the period 2007–2011
CER-
VED

n. CEO 12–14 Number of people who took the role of 
CEO in the period 2012–2014

CER-
VED

n. Sole Direc-
tors 07–11

Number of people who took the role of 
Sole Director in the period 2007–2011

CER-
VED

n. Sole Direc-
tors 12–14

Number of people who took the role of 
Sole Director in the period 2012–2014

CER-
VED

Pres. BoD 
07–11

Number of people who took the role of 
President of the Board of Directors in 
the period 2007–2011

CER-
VED

Pres. BoD 
12–14

Number of people who took the role of 
President of the Board of Directors in 
the period 2012–2014

CER-
VED

Pres. BoD Avg. 
Term

Average duration of the role of the Presi-
dent of the Board of Directors

CER-
VED

BoD Avg. Term Average duration of the role of Board 
Member

CER-
VED

Statutory 
Auditors

Dummy variable if there is the Board of 
Statutory Auditors

CER-
VED

External 
Auditors

Dummy variable if there are External 
Auditors

CER-
VED

Table 1 Variable definition and 
source
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7% for restructured and healthy companies. In Table 3, the descriptive statistics of 
corporate governance variables and Z-Score are reported.

The criteria adopted for the construction of the control samples appear consis-
tent with the research perspective and reflect the actual health status of the compa-
nies analyzed (healthy, restructured, failed). We then constructed a dummy variable 
to approximate the state of the company (0 = healthy company, 1 = recovered or 
defaulted enterprise). We proceeded to analyze the correlations between the vari-
ables included in Table 4, which allowed us to obtain remarkable results. A relatively 
higher number of CEOs and board members demonstrated a positive relationship 
with the dummy variable, while their average term in office has a negative relation-
ship. As expected, we identified a negative relationship between the Z-Score and the 
probability of default for all considered periods.

After developing the correlation analysis, we applied the two following models:

 ● Logit model.
 ● Random Forest Model.

Both of the models were run using, firstly, the Z’-Score and, secondly, the Z’’-Score.
We selected the Random Forest technique, as several authors (i.e., Barboza et al., 

2017) have shown it to be the best machine learning classifier. This model, robust 
to the presence of outliers or missing data, is able to identify the importance of each 
variable in the classification results The model corrects the decision trees’ habit of 
overfitting to their training set (Friedman, 2001; Schapire & Freund, 2012); an event 
that happens when the model too closely fits the training set. Estimated using Stata4, 
the Random Forest tree depth was set to 1,000, the number of predictors for each tree 
was set to 3, the bootstrap sample size was set to 1,000, and the minimum number of 
cases for parent node was set to 2. Following the example of Hastie et al., (2009), the 
classifiers were trained and tested on each dataset using repeated 70/30 random allo-
cations between training and test samples. The training sample included, therefore, 
78 companies, of which 47 were restructured or defaulted, and the remaining 31 were 
healthy. Given the small size of our sample, as a robustness check, we employed a 
10th K-fold cross validation approach (see Hastie et al., 2009).

By comparing the two models, it is clear to see that both models have their own 
advantages and disadvantages. The Logit model is particularly suitable for the eco-

4  Stata is a general-purpose statistical software created by StataCorp. More information can be found on 
the company’s website: https://www.stata.com/.

Variable Name Definition Source
Z’-Score 07–11 Average Z’ -Score score in the period 

2007–2011
AIDA

Z’-Score 12–14 Average Z’ -Score score in the period 
2012–2014

AIDA

Z’’-Score 07–11 Average Z?’ -Score score in the period 
2007–2011

AIDA

Z’’-Score 12–14 Average Z’ -Score score in the period 
2012–2014

AIDA

Table 2 Variable definition and 
source
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nomic and financial field, since this model is appropriate for predicting binary events 
and does not require the independent variables to have equal variance in each group, 
or even be normally distributed (Hilbe, 2015). Moreover, the Logit model is less sub-

Restructured Companies No. Mean Std. Dev. P1 P99
Z’-Score 07–11 54 1.33 1.34 -0.15 9.51
Z’-Score 12–14 54 1.00 0.97 -0.94 4.95
Z’’-Score 07–11 54 3.97 3.35 0.71 23.76
Z’’-Score 12–14 54 3.09 2.78 -5.27 12.53
n. CEO 07–11 54 0.80 1.38 0 7
n. CEO 12–14 54 0.56 0.92 0 4
n. Sole Directors 07–11 54 0.20 0.49 0 2
n. Sole Directors 12–14 54 0.04 0.19 0 1
Pres. BoD 07–11 54 0.54 0.69 0 2
Pres. BoD 12–14 54 0.37 0.59 0 2
Pres. BoD Avg. Term 54 8.02 5.16 1 23
BoD Avg. Term 54 7.18 3.85 1 18
Statutory Auditors 54 0.87 0.33 1 0
External Auditors 54 0.75 0.43 1 0
Healthy Companies No. Mean Std. Dev. P1 P99
Z’-Score 07–11 45 2.53 1.37 0.42 7.00
Z’-Score 12–14 45 2.75 1.55 0.19 7.84
Z’’-Score 07–11 45 6.16 3.07 0.40 18.79
Z’’-Score 12–14 45 6.68 3.51 0.01 21.23
N. CEO 07–11 45 0.60 0.98 0 3
N. CEO 12–14 45 0.30 0.69 0 3
N. Sole Directors 07–11 45 0.07 0.25 0 1
N. Sole Directors 12–14 45 0.07 0.25 0 1
Pres. BoD 07–11 45 0.44 0.76 0 2
Pres. BoD 12–14 45 0.29 0.63 0 3
Pres. BoD Avg. Term 45 10.84 7.36 3.09 26
BoD Avg. Term 45 10.73 5.42 1.00 31
Statutory Auditors 45 0.84 0.36 1 0
External Auditors 45 0.75 0.43 1 0
Defaulted Companies No. Mean Std. Dev. P1 P99
Z’-Score 07–11 13 0.96 1.00 -0.51 3.08
Z’-Score 12–14 13 0.05 1.67 -2.52 3.76
Z’’-Score 07–11 13 3.97 3.00 -1.08 9.06
Z’’-Score 12–14 13 1.76 4.44 -4.44 10.41
n. CEO 07–11 13 0.54 0.97 0 3
n. CEO 12–14 13 0.69 0.95 0 3
n. Sole Directors 07–11 13 0.46 0.66 0 2
n. Sole Directors 12–14 13 0.31 0.63 0 2
Pres. BoD 07–11 13 1.08 0.95 0 2
Pres. BoD 12–14 13 0.62 0.51 0 1
Pres. BoD Avg. Term 13 5.04 5.42 1 20
BoD Avg. Term 13 5.16 5.40 1 20.5
Statutory Auditors 13 0.38 0.51 1 0
External Auditors 13 0.38 0.51 1 0

Table 3 Descriptive statistics by 
company status
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ject to overfitting (Hilbe, 2015). On the contrary, the random forest model also has 
several advantages in that it is robust to outliers and to missing data (Lantz, 2019). 
This allows this model to be particularly suitable for analyzing small databases with 
an optimum level of generalization (Lantz, 2019).

The Logit model tends to require less computation and is easily interpretable when 
compared to the Random Forest model, as it is a linear model. However, the Random 
Forest model obtains a higher predicting performance compared to the Logit model 
(Jones et al., 2017) and does not require any adjustments to the databases used, since 
it does not require variables to be scaled or normalized (Lantz, 2019). Moreover, the 
Logit model is exposed to several limitations which do not affect the Random Forest 
model: heteroskedasticity, serial correlation, non-normality of error terms, and it is 
not suitable for nonlinear relationships.

In order to compare the predictive performance of the models, we decided to use 
the ROC curves: a method commonly used in previous literature (Swets et al., 2000; 
Jones et al., 2015, 2017; Barboza et al., 2017). The ROC curve, which plots the true 
positive rate (sensitivity) relative to the false positive rate (1 − specificity), would 
have an AUC (area under the curve) of exactly 0.5 in case of random guess. There-
fore, every classifier should reach a value higher than 0.5. As suggested by Jones et 
al., (2017), a value higher than 0.9 signals a strong classifier, while a value between 
0.8 and 0.9 is indicative of a good or useful classifier.

4 Results

Firstly, we ran the Logit model using the Z’-Score (Model 1) and the Z’’-Score 
(Model 2) on the training sample.

In the two Logit models, corporate governance variables are generally not statisti-
cally significant in anticipating the default of a company. However, the turnover of 
the board of directors – which can often occur unexpectedly as a result of the actions 
of the shareholder that caused the crisis – is statically significant at 5% in both models 
and has a negative coefficient.

In both models, the Z-Scores are statically significant but with differing impacts in 
the case of the Z-Score relative to the period 2007–2011 or 2012–2014. As expected, 
the 12–14 Z-Score is statically significant at 1% in both models, with a negative coef-
ficient. Therefore, the models confirm the ability of Z-Score to anticipate the emer-
gence of a crisis two years earlier than the occurrence of a company’s classification as 
UTP. Furthermore, the sign of the coefficient confirms the negative (expected) rela-
tionship between the Z-Score and the dummy dependent variable, since the higher 
the Z-Score, the lower the probability of default. Interestingly, the impact of Z’-Score 
in predicting the status of a company is higher than Z’’-Score. The 07–11 Z-Score 
is also statically significant at 5% in both Model 1 and Model 2, but the sign of 
the coefficient is positive, which is an unexpected result. This coefficient could be a 
consequence of the use of the average of Z-Scores over the last five years, which is 
also a limitation of this work. Secondly, this could be due to the characteristics of the 
sample, which could therefore be influenced by outliers - a factor that does not influ-
ence the Random Forest technique.
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The results of Tables 5 and 6 confirm the overall good ability of the Logit model 
to correctly classify the status of a company.

Secondly, we ran the Random Forest model using the Z’-Score (Model 3) and the 
Z’’-Score (Model 4) on the training sample. The main results are shown in Table 7. 
The results show that Model 3, based on Z’-Score, is better than Model 4 at classify-
ing the status of a company. However, the two models have high degrees of accuracy 
for both the training and test samples.

To interpret the model performance, we used the relative variables importance 
(RVIs), which reports the number of times on average that a variable is used in the 
decision trees of the model (Hastie et al., 2009; Friedman & Meulman, 2003). A RVI 

Dependent variable Dummy Dummy
Models (1) (2)
Independent variables
Z Score’ 07–11 1.564**

(0.698)
Z Score’ 12–14 -3.104***

(0.954)
Z Score’' 07–11 0.465**

(0.234)
Z Score’' 12–14 -0.903***

(0.288)
Number CEO 07–11 -0.300 -0.330

(0.367) (0.328)
Number CEO 12–14 0.543 0.405

(0.432) (0.391)
Number Sole Directors 07–11 -1.317 -0.941

(0.981) (0.903)
Number Sole Directors 12–14 -2.086 -2.199*

(1.979) (1.334)
Number Pres. BoD 07–11 -0.001 0.010

(0.698) (0.607)
Number Pres. BoD 12–14 0.386 0.428

(0.920) (0.812)
BoD Average Term -0.431** -0.379**

(0.186) (0.151)
BoD Pres Average Term 0.064 0.045

(0.111) (0.085)
Statutory Auditors 0.261 0.227

(0.991) (0.915)
External Auditors -1.549 -1.842*

(-1.068) (0.984)
Costant 6.987*** 6.504***

-2.516 -2.226
Observations 78 78
***, **, and * indicates statistically significant levels of 1%, 5% 
and 10%, respectively.
Notes:In Model 1 the Z’-Score was used while in Model 2 the 
Z’’-Score was used

Table 5 Logit results 

1 3



Corporate governance and financial distress: lessons learned from an…

bigger than 0 implies that the variable is used in the decision trees of the model and, 
therefore, contributes to improving the prediction capabilities of the model itself. 
RVIs are reported in Fig. 1 (Model 3) and Fig. 2 (Model 4) on a scale from 0 to 1.

Generally, all variables contribute to the overall predictive accuracy of the models. 
However, the strength of the RVIs differs significantly across variables. The results 
show that financial variables are still the most important indicators for predicting the 
financial default of a company. The 12–14 Z-Score is the most important variable 
in both models, confirming the results obtained in the Logit framework. The 07–11 
Z-Score is the second most used variable in both models. Nevertheless, in Model 4 
its importance is aligned to the 12–14 Z-Score, suggesting that the Random Forest 
model is able to predict the emergence of a crisis, giving the company time to find an 
appropriate solution. In opposition to Logit results, the governance variables demon-
strate a good overall contribution in both models, which confirms the crucial role of 
corporate governance variables, as their RVI is higher than 0.5 for all variables. The 
turnover of the board of directors’ members is rated third in terms of its importance, 
while the number of sole directors and chairmen of the board in the years prior to the 
crisis are the least relevant variables. Similarly, the presence of internal and external 
auditors does not seem to significantly affect the probability of default. On the con-
trary, the number of CEOs before the crisis is one of the most impactful variables, 
highlighting the importance of the relationship between the stability of the board of 
directors and, especially, of the person responsible for managing the company and the 
probability of an economic/financial crisis.

The RVIs show the difference between the Logit and the Random Forest models. 
Logit, highlights only three significant variables, while Random Forest shows that 
all of the variables contribute to improving the performance of the model. Jones 

Modelsa (3) (4)
Observations 78 78
OOB Error 0.205 0.282
Correct Class 110 106
Incorrect Class 2 6
Error Rate 0.017 0.054
Notes:a In Model 3 the Z’-Score was used while in Model 4 the 
Z’’-Score was used

Table 7 Random forest 

Models (1) (2)
Sensitivity Pr(+ D) 91.49% 91.49%
Specificity Pr( -~D) 74.19% 77.42%
Positive predictive value Pr( D +) 84.31% 86.00%
Negative predictive value Pr(~ D -) 85.19% 85.71%
False + rate for true ~ D Pr( + ~ D) 25.81% 22.58%
False - rate for true D Pr( - D) 8.51% 8.51%
False + rate for classified Pr(~ D +) 15.69% 14.00%
False - rate for classified Pr( D -) 14.81% 14.29%
Correctly classified 84.62% 85.90%

Table 6 Logit Classification

Notes:a In Model 1 the Z’-Score 
was used while in Model 2 the 
Z’’-Score was used
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(2017) shows that Random Forest allows for the inclusion of many variables which 
are also highly correlated. In the case of Logit, this could lead to multicollinearity 
and overfitting.

Despite confirming the fact that financial variables are still the most important 
indicator in predicting the financial default of a company, the results also confirm 
the impact of corporate governance variables on the probability of bankruptcy. These 
results corroborate the importance of the members of the board of directors’ turnover, 
as in Elloumi & Gueyiè (2001), suggesting that stability in the composition of the 
board of directors can positively impact the performance of a company. Furthermore, 
we also ran the models excluding corporate governance variables. In this framework, 

Fig. 1 RVI’s Model 3. Notes: The Model 3 is based on the use of the Random Forest combines with the 
Z’-Score

 

1 3



Corporate governance and financial distress: lessons learned from an…

we found that the ROC curve was higher for models that also included governance 
variables, as shown in Liang et al., (2016). Therefore, the Random Forest results 
reveal the importance of governance variables, especially with regards to the turn-
over of members on the board of directors and the number of CEOs in the year before 
the crisis. These results corroborate the theses of Gilson (1990), Fahlenbrach et al. 
(2007), and Fernando et al., (2020).

The results of the Logit and Random Forest models also confirm the Z’-Score and 
Z’’-Score’s ability to predict the emergence of a crisis, in line with previous literature 
(Dallocchio et al., 2020; Paoloni & Celli, 2018; Madonna & Cestari, 2016; Altman et 
al., 2013) researching the Italian context.

Fig. 2 RVI’s Model 4. Notes: The Model 4 is based on the use of the Random Forest combines with the 
Z’’-Score
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Furthermore, the Random Forest model corroborates the thesis that not only the 
Z-Score but also corporate governance variables can predict both the default of a 
company and its potential classification as UTP, which is of course a precursor. From 
a managerial standpoint, this is a key feature, because it allows a company to adopt an 
appropriate restructuring process well before the overall situation collapses. Antici-
pating the emergence f a crisis is becoming increasingly important in many countries, 
in which banking systems are suffering with the heavy burden of NPLs and corre-
lated capital losses. This is also the case for Italy (along with many other continental 
European countries), which uses the new Bankruptcy Code, wherein the government 
requires companies and their managers to adopt restructuring procedures before 
events of credit. In this framework, controlling bodies or supervisory boards are also 
responsible for intercepting signs of economic and financial discomfort in time. Hav-
ing said that, the option of using simple models, like the Random Forest model, could 
have a profound impact on the activities of both managing and controlling entities.

As previously mentioned, we have compared the predictive performance of the 
models using the ROC curves. The ROC curve data is shown in Tables 8, while the 
curves are shown in Fig. 3 (for all samples) and in Fig. 4 (for the test sample). The 
Random Forest shows a high degree of accuracy in the training phase. However, this 
does not imply high levels of reliability for the model, as its robustness and credibil-
ity actually depend on its ability to correctly predict the outcomes for the test sample. 
Nevertheless, both the overall results and the test results displayed in Table 8 show 
that the “new” machine learning classifier Random Forest significantly outperforms 
the traditional Logit model, both using Z’-Score and Z’’-Score. The ROC area using 
the Random Forest and the Z’-Score is 0.9357 in the test sample: a value that signals 
a strong classifier. These results confirm those found in existing literature (Olson et 
al., 2012; Tsai et al., 2014; Barboza et al., 2017; Jones et al., 2017). Furthermore, 
these results confirm the suitability of Random Forest for the Italian context, along 
with its peculiarities, as in the case of Aliaj et al., (2020).

It is worth noting that Random Forest shows the predicting ability of the Z-Score, 
contrary to the case of Barboza et al., (2017). However, Barboza et al., (2017) used 
the original the Z-Score, while we used the Z’- and the Z’’-Scores; the first of which, 
in particular, was shown to have high levels of reliability. We also included gover-
nance variables, confirming the theories of the aforementioned study, showing that 

ROC - ALL SAMPLE
Model Obs Area Std. Err. [95% Conf. Interval]
1 - Logit Z’-Score 112 0.9075 0.0266 0.85527
2 - Logit Z’’-Score 112 0.8637 0.0346 0.79593
3 - RF Z’-Score 112 0.9849 0.0151 0.95523
4 - RF Z’’-Score 112 0.9728 0.0152 0.94305
ROC - TEST SAMPLE
Model Obs Area Std. Err. [95% Conf. Interval]
1 - Logit Z’-Score 34 0.8429 0.0702 0.70528  0.98044
2 - Logit Z’’-Score 34 0.7821 0.0829 0.61958  0.94470
3 - RF Z’-Score 34 0.9357 0.0645 0.80935  1.00000
4 - RF Z’’-Score 34 0.8357 0.0798 0.67928  0.99214

Table 8 ROC 
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Random Forest allows us to include different indicators and, therefore, predict bank-
ruptcy cases more efficiently.

Despite this fact, the ROC area varies drastically as a function of the inclusion of 
Z’- or Z’’-Score. The ROC curve in the test sample is 0.9357 in the case of Model 
3, and it is 0.8393 in Model 4. It reaches 0.8321 in Model 1 and 0.7750 in Model 2. 
The results show that both Logit and Random Forest benefit from improved predict-
ing power when Z’-Score is considered. This result could be linked to the fact that 
Z’’-Score was mainly built for use in emerging markets. This implies that the ratio 
of Sales/Total Assets, which is not included in the Z’’-Score, could represent a key 
factor when anticipating the emergence f a crisis.

However, without exception, in all tests the Random Forest revealed better out-
comes than those of the Logit model, due to its ability to better use the information 
contained in the corporate governance variables.

5 Robustness tests

To check the robustness of our results, different tests were carried out. Firstly, we 
assumed a 10th K-fold cross validation approach. The K-fold cross validation, as 
suggested by Hastie et al., (2009), is particularly useful when working with a small 
sample size, as in our case. This technique is primarily used in applied machine learn-
ing to estimate the skill of a machine learning model on unseen data. Therefore, it is 
used on limited samples in order to estimate how the model is expected to perform 

Fig. 3 ROC Curve ALL SAMPLE
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in general when used to make predictions on data not used during the training of the 
model. We used this technique on both the Logit and the Random Forest model. The 
results are shown in Table 9.

Table 9 K-Fold cross validation
Model 1 - Logit 

Z’-Score
2 - Logit 
Z’’-Score

3 - RF Z’-Score 4 - RF Z’’-Score

Full Test Full Test Full Test Full Test
Sensitivity 89.55% 86.57% 88.06% 79.10% 100.00% 88.06% 100.00% 86.57%
Specificity 71.11% 68.89% 71.11% 57.79% 100.00% 77.78% 100.00% 64.44%
Positive predictive 
value

82.19% 80.56% 81.94% 73.61% 100.00% 85.51% 100.00% 78.38%

Negative predictive 
value

82.05% 77.50% 80.00% 65.00% 100.00% 81.40% 100.00% 76.32%

False + rate for 
true ~ D

28.89% 31.11% 28.89% 42.22% 0.00% 22.22% 0.00% 35.56%

False - rate for true D 10.45% 13.43% 11.94% 20.90% 0.00% 11.94% 0.00% 13.43%
False + rate for 
classified

17.81% 19.44% 18.06% 26.39% 0.00% 14.49% 0.00% 21.62%

False - rate for clas-
sified -

17.95% 22.50% 20.00% 35.00% 0.00% 18.60% 0.00% 23.68%

Correctly classified 82.14% 79.46% 81.25% 70.54% 100.00% 83.93% 100.00% 77.68%
ROC area 0.9240 0.8305 0.8793 0.7891 1.000 0.8693 1.000 0.7904
p-value for Full vs. 
Test ROC areas

0.0000 0.0000 0.0010 0.0000

Fig. 4 ROC Curve TEST SAMPLE
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The results did not show a significant change in AUC performance for Logit mod-
els, but the Random Forest model suffered from a 5% reduction, especially in the case 
of Model 4. However, the results confirm the superiority of Random Forest and Z’-
Score (Model 3), which is still a strong classifier. This technique again confirms the 
superiority of the Z’-Score for both approaches, and the role of corporate governance 
variables in the Random Forest model. Moreover, this thesis is also corroborated by 
the fact the ROC area in the test sample is superior in the case of Model 1 (Logit – Z’-
Score) in comparison to that of Model 4 (Random Forest – Z’’-Score).

Secondly, as we used a dummy variable for three different possible statuses 
related to the company (healthy, restructured, or ceased), we ran the model exclud-
ing defaulted companies in order to have only two possible causes for the dummy. 
The new sample, therefore, only includes 99 companies. The results of the Logit are 
reported in Table 10. The 12–14 Z-Score is again statically significant at 1% in the 
case of Model 5, and at 5% in the case of Model 6. However, in this case, governance 
variables and the 07–11 Z-Score are statically significant only in Model 5.

The new ROC curves are shown in Tables 11 and are drawn in Figs. 5 and 6. Pre-
vious results are also confirmed in this case. The Random Forest model again dem-
onstrates a higher predicting power than the Logit model in all cases and samples. In 
this case, the Z’-Score and corporate governance variables in the Random Forest also 
prove to be better discriminant indicators for anticipating the emergence of a crisis. 
This conclusion is also reinforced by the fact that the ROC area is higher for Model 
5 than Model 8, as in the case of the K-Fold test.

6 Conclusions

This paper extends prior empirical research on financial distress and corporate gov-
ernance in a geographical context such as Italy. Italian companies’ corporate gov-
ernance system characteristics are more likely to heighten agency problems and, 
therefore, they could contribute to worsening situations of financial distress. The final 
results corroborate the thesis on the central role of corporate governance on crisis 
management – a topic that is relatively new in comparison to studies on financially 
sound enterprises. This research has produced evidence regarding the importance of 
corporate governance variables – especially those linked to the board of directors and 
the top management of a company – in anticipating the emergence of bankruptcies, 
while the presence of auditors seems to be less relevant. Although financial variables 
are the most crucial factors in all models, the Random Forest model shows that cor-
porate governance variables play a primary role; especially the renewal of the CEO 
and the average term of the board of directors. These results suggest that the stability 
of the CEO, the composition of the board of directors, and the person responsible for 
managing the company can deeply affect the probability of an economic/financial 
crisis. This thesis is also corroborated by the fact that the exclusion of these variables 
deeply affects the performance of the models, reducing their capabilities when pre-
dicting bankruptcies. These findings have important implications for family-owned 
firms and for banks with regards to improving the performance of their credit models.
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Using a unique set of UTP Italian companies, we compare the Logit and Random 
Forest models’ ability to predict bankruptcies. Despite their low diffusion and use, we 
confirm that the Random Forest outperforms the Logit model in predicting corporate 
defaults. Our findings and suggestions for corporate default predictions are as topi-
cal as ever. Firstly, machine learning techniques have been proven to be particularly 
effective in forecasting corporate defaults. Secondly, they have remarkable practi-
cal applications for various business operators, such as credit agencies and banks. 
These techniques, which are relatively easy to implement, are stable predictors and 
are resilient to a series of statistical issues, like omitted variables, multicollinearity, 
outliers, and heteroscedasticity. Moreover, the RVIs of the Random Forest technique 

Dependent variable Dummy Dummy
Models (5) (6)
Independent variables
Z Score’ 07–11 1.558**

(0.731)
Z Score’ 12–14 -3.349***

(1.083)
Z Score’’ 07–11 0.351

(0.267)
Z Score’’ 12–14 -0.714**

(0.307)
Number CEO 07–11 0.013 -0.044

(0.320) (0.294)
Number CEO 12–14 0.294 0.239

(0.358) (0.336)
Number Sole Directors 07–11 -0.191 0.413

(1.202) (1.183)
Number Sole Directors 12–14 3.978 -0.615

(2.892) (1.723)
Number Pres. BoD 07–11 -0.072 -0.035

(0.636) (0.549)
Number Pres. BoD 12–14 -0.113 -0.129

(0.867) (0.731)
BoD Average Term -0.186 -0.203**

(0.119) (0.097)
BoD Pres Average Term -0.035 0.000

(0.110) (0.077)
Statutory Auditors 1.641 0.728

(1.002) (0.859)
External Auditors -0.944 -0.950

(1.034) (0.957)
Costant 4.703** 3.919**

-2.097 -1.813
Observations 77 77
***, **, and * indicates statistically significant levels of 1%, 5% 
and 10%, respectively.
Notes: In Model 5 the Z’-Score was used while in Model 6 the 
Z’’-Score was used

Table 10 Logit new 
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also allow us to interpret the importance of the variables; a fundamental factor help-
ing managers with key activities targeted towards the prevention of crises.

Furthermore, the results of the models show the predictive power of Z’- and 
Z’’-Scores in the Italian context specifically, corroborating the theses of previous 
researchers. In addition, we also confirm that the Z’-Score is a better indicator in 
anticipating potential corporate disease.

The main limitation of our work is, of course, the sample, which only includes Ital-
ian non listed UTP companies. This fact surely impacts upon our results. However, 
we also consider this feature an additional contribution of our research. As a matter of 
fact, we demonstrate the reliability of these models in predicting the classification of 

Fig. 5 New ROC Curve ALL SAMPLE

 

ROC - ALL SAMPLE
Model Obs Area Std. Err. [95% Conf. Interval]
5 - Logit Z’-Score 99 0.9074 0.0294 0.84984  0.96498
6 - Logit Z’’-Score 99 0.8597 0.0374 0.78638  0.93296
7 - RF Z’-Score 99 0.9967 0.0035 0.98991  1.00000
8 - RF Z’’-Score 99 0.9794 0.0122 0.95545  1.00000
ROC - TEST SAMPLE
Model Obs Area Std. Err. [95% Conf. Interval]
5 - Logit Z’-Score 22 0.8803 0.0735 0.73624  1.00000
6 - Logit Z’’-Score 22 0.7949 0.0999 0.59915  0.99059
7 - RF Z’-Score 22 0.9829 0.0205 0.94274  1.00000
8 - RF Z’’-Score 22 0.8376 0.0869 0.66725  1.00000

Table 11 ROC new 
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UTP for private firms. This is a factor of pivotal importance, because it anticipates the 
default and can act as a stimulus when fixing emerging problems. Future researchers, 
given the ability of these models to manage a great quantity of data, should include 
more countries, considering both listed and private companies and despite the low 
availability of data, possibly also the date a company was classified as UTP. Sec-
ondly, because overfitting is not a significant issue for the main machine leaning tech-
niques, future researchers could include more predictive variables, especially those 
linked to sustainability, given the limited amount of existing literature on the matter 
(Elloumi & Gueyiè, 2001; Fahlenbrach et al., 2007; Ricci et al., 2020).
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