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Abstract 

The main purpose of this paper is to identify the financial antecedents of corporate bankruptcy by employing a 

robust variable selection procedure. Based on a sample of 1,338 Belgian private firms, a backward stepwise 

logistic regression technique is employed. The findings indicate that the likelihood of corporate bankruptcy is 

higher at lower levels of solvency, liquidity and profitability. Furthermore, our results reveal that corporate 

bankruptcy is more likely in older and larger firms.   
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1. Introduction 

Nowadays, a large debate surrounds the problematic of corporate bankruptcy due to the social and financial 

consequences such a critical event implies for various economic actors (Graham, Kim, Li, & Qiu, 2014). Most 

scholars focusing on bankruptcy prediction aim to determine one or several variable(s) that explain corporate 

bankruptcy (Altman, 1968; Beaver, 1966; Ohlson, 1980). As a result, many studies try to identify potential 

predictors of corporate bankruptcy in order to obtain a more fine-grained understanding of this phenomenon 

(Tian, Yu, & Guo, 2015). More specifically, a large amount of research has identified a variety of financial 

variables as relevant predictors of corporate bankruptcy (Altman, 1968; Beaver, 1966; Grice & Ingram, 2001; 

Sandin & Porporato, 2008; Wang, Ma, & Yang, 2014). 

Even if these models increase our knowledge of corporate bankruptcy, additional insights could be gained by 

considering more robust statistical methods to identify the most relevant and reliable bankruptcy predictors (Du 

Jardin, 2009). Indeed, despite the existence of numerous advanced selection techniques to detect corporate 

bankruptcy predictors in an efficient way (Tian et al., 2015), only few studies have adopted such methods to 

identify the antecedents of corporate bankruptcy (Wang et al., 2014). This study tries to bring fresh insights into 

this topic by proposing a backward stepwise logistic regression that highlights the role of accounting-based 

predictors in predicting corporate bankruptcy.  

With consistent findings from a sample of 1,338 Belgian private firms, this study offers several contributions to 

the literature. First, it addresses a recent call for more robustness in the empirical analysis of corporate 

bankruptcy predictors (Kim, Jo, & Shin, 2016). Indeed, prior research mainly tested the predictive nature of 

several accounting and market-based variables without employing elaborated selection techniques to identify 

relevant corporate bankruptcy predictors (Du Jardin, 2009). Second, this study offers additional evidence on the 

application of bankruptcy theories by applying a robust selection procedure to a large variety of potential 

predictors previously identified in the literature (Tian et al., 2015). Specifically, it shows that the use of 

elaborated selection procedures confirms the relevance of classical accounting-based variables as corporate 

bankruptcy predictors.   

This article is articulated in different sections. First, we review the literature on the financial antecedents of 

corporate bankruptcy as well as the methods used to identify corporate bankruptcy predictors. Subsequently, the 

methodology and the results are reported. Finally, the results are discussed and several limitations and avenues 

for future research are identified in the concluding section.  

2. Literature Review 

Over the last five decades, predicting corporate bankruptcy has become a major topic in the finance literature 

(Sensini, 2015). Indeed, Beaver (1967) was the first to identify corporate bankruptcy predictors by employing a 
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discriminant analysis on a single ratio. A few years later, Altman (1968) went further in the analysis and created 

a specific indicator of bankruptcy that is the Z-score, which aggregates five accounting ratios to obtain a more 

accurate picture of the antecedents of corporate bankruptcy. Over time, a large variety of more elaborated 

statistical methods have been used to identify new corporate bankruptcy predictors and improve the robustness 

of the models tested. As mentioned by Du Jardin (2009), methods such as probit regressions, discriminant 

analyses, neural networks and hazard models have significantly contributed to a better understanding of the 

phenomenon of corporate bankruptcy. While some of these procedures improve the robustness of the model, 

others are more specifically related to the selection of appropriate corporate bankruptcy predictors. As much 

research neglects connecting these two methods together, this study tries to offer novel insights on this topic by 

developing a backward stepwise logistic regression procedure that combines the robustness of the logit 

regression with a widely used variable selection process.  

This study draws on logit regressions for several reasons. First, the main assumption of linear models is that the 

predictors are normally distributed and that the dependent variable is continuous, which often compromises the 

identification of corporate bankruptcy predictors given the categorical nature of corporate bankruptcy (the firm is 

bankrupt or not). Accordingly, logit regressions may be particularly useful as it allows researchers to select 

potential predictors that are not necessarily normally distributed to explain a categorical variable, that is 

corporate bankruptcy (Acosta-González & Fernández-Rodríguez, 2014). Furthermore, this method has been 

found reliable in various studies (Du Jardin, 2009). Based on these arguments, this study draws on logistic 

regressions to determine corporate bankruptcy predictors in a robust way.  

A second point that must be underlined is the selection technique used in this study. Previous works identified a 

vast amount of selection techniques that allows researchers to determine accurate and reliable corporate 

bankruptcy predictors. In a first step, most scholars gather a set of potential predictors whose predictive power 

has been shown in previous literature (Balcaen & Ooghe, 2006). It means that a large part of existing studies 

only draws on prior works and neglect to proactively seek additional antecedents of corporate bankruptcy. Such a 

method could be problematic as it does not include ad hoc variables that account for the context-specific nature 

of corporate bankruptcy predictors (Sensini, 2015). To overcome this limitation, this study proposes to select 

potential predictors whose predictive power was demonstrated in the literature and to add ad hoc variables that 

could offer more accuracy on the predictive power of overlooked potential corporate bankruptcy predictors. 

In a second step, scholars employ an automatic procedure that often relates to complete methods and heuristic 

methods (Tsai, 2009). Heuristic methods are often preferred over complete methods as it allows researchers to 

consider the selection criteria as non-monotonic. It means that heuristic methods explore all potential 

combinations for the selection criteria before focusing on a limited number of potential corporate bankruptcy 

predictors (Kim et al., 2016). Forward and backward stepwise procedures represent the most commonly 

employed selection procedures in the literature (Wang et al., 2014). These techniques allow researchers to 

include or exclude variables based on a variety of statistical criteria such as t-ratio statistics or the probability of 

F. However, few studies investigate the antecedents of corporate bankruptcy with the help of such methods, even 

if they improve the robustness of the findings (Du Jardin, 2009). Given the advantages of stepwise procedures, 

this study adopts a backward stepwise procedure to establish a robust and reliable model of corporate bankruptcy 

prediction.  

In summary, this study draws on prior limitations observed in the literature to build a model of corporate 

bankruptcy prediction. More specifically, it tries to put together the use of logit regressions with a backward 

stepwise procedure to identify corporate bankruptcy predictors in a robust, reliable, and accurate way. 

3. Method 

3.1 Data 

A sample of 1,338 unlisted bankrupt and non-bankrupt Belgian SMEs was developed with the Belfirst software, 

which is published annually by the Bureau van Dijk. The objective was to focus on SMEs, as such only firms 

employing fewer than 100 people were selected.  

The bankrupt companies were selected on the basis of the previous year’s annual accounts. In the case of this 

study, the last year was 2013. Only companies that filed accounts between 2010 and 2013 were selected. The 

final sample included 668 bankrupt SMEs. 

To ensure the integration of healthy SMEs in the sample the applied logic was the same. However, here, the last 

year of filed accounts was chosen as 2014, to avoid the possibility of the 2013 filings coming from firms which 

went on to fail in 2013 or 2014. The aggregate sample included 3,970 healthy SMEs among which 668 SMEs 
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were randomly selected to obtain a balanced final sample. 

3.2 Regression Procedure 

To take into account categorical nature of the dependent variable, a binary logit regression model was employed to 

build the model of corporate bankruptcy prediction. Such a method is frequently used in the literature to understand the 

antecedents of corporate bankruptcy (Johnsen & Melicher, 1996; Tinoco & Wilson, 2013). Basically, a binary logit 

regression model measures the relationship between the categorical dependent variable and one or more independent 

variables by estimating probabilities using a logistic function, which is the cumulative logistic distribution. Given the 

dichotomous nature of the dependent variable (the firm is bankrupt or not), it is characterized by the Bernoulli 

distribution such that Pi = P (yi = 1) is the likelihood of corporate bankruptcy and 1 - Pi is the likelihood of corporate 

health.  

The statistical model implies that the dependent variable represents a linear combinations of various exogenous 

variables and is presented as follows: 

yi* = β Xi + εi where
 
ε is the error term and β the vector of coefficients              (1) 

and where 

yi = 1 if yi* > 0  

yi = 0 if yi* ≤ 0  

The likelihood of non-default (a posteriori) of business i is given by: 

P (yi = 0) = P (yi* ≤ 0) = P (β Xi + εi ≤ 0) = P (εi ≤ - β Xi) = F (-β Xi) = 1 – F (β Xi) = 1 – Pi         (2) 

The likelihood of failure (a posteriori) of business i is represented by: 

P (yi = 1) = P (yi* > 0) = P (β Xi + εi > 0) = P (εi > - β Xi) = 1 - P (εi ≤ - β Xi) = F (β Xi) = Pi         (3) 

The logit model assumes that the errors follow a logistic distribution where the distribution function is: 

F(x) = (1 + e - x) – 1                                   (4) 

Therefore, it is possible to calculate the likelihood of being healthy for company i: 

P (yi = 0) = F(-β Xi) = (1 + e βXi) – 1 = 1 – Pi                       (5) 

Similarly, the likelihood of corporate bankruptcy of a specific company i is:  

P (yi = 1) = F (Xi β) = (1 + e - βXi) - 1 = Pi                       (6) 

The method of maximum likelihood was used to determine the β coefficients.  

3.3 Variable Selection 

3.3.1 Dependent Variable 

Corporate Bankruptcy is a dummy variable that equals 1 if the firm has experienced corporate bankruptcy, 0 

otherwise. 

3.3.2 Independent Variables 

Prior empirical works have employed a variety of financial indicators to identify corporate bankruptcy predictors 

(e.g. Agarwal & Taffler, 2008; Altman, 2000; Altman & Branch, 2015; Amendola, Restaino, & Sensini, 2011; 

Dimitras, Zanakis, & Zopoudinis, 1996; Jackson & Wood, 2013; Kim et al., 2016; Sensini, 2015, 2016; Wang et 

al., 2014). While most studies did not use a robust variable selection technique to identify the most relevant 

corporate bankruptcy predictors (Du Jardin, 2009), the backward stepwise procedure used in this study helps 

overcome this critical issue (Kim & Gu, 2006). Backward stepwise selection consists in starting with all 

potential predictors, testing the deletion of each potential predictor using a chosen model fit criterion, deleting 

the potential predictor (if any) whose loss gives the most statistically insignificant alteration of the model fit, and 

repeating this process until no further potential predictors can be deleted without a statistically significant loss of 

fit. Referring to prior works in the literature, this study includes 30 financial predictors that are commonly used 

and selected in predicting corporate bankruptcy (Agarwal & Taffler, 2008; Altman, 1968; Altman & Branch, 

2015; Amendola, Restaino, & Sensini, 2011; Balcaen & Ooghe, 2006; Beaver, 1966; Dimitras, Zanakis, 

&Zopoudinis, 1996; Jackson & Wood, 2013; Kim et al., 2016; Ohlson, 1980; Wang et al., 2014). These 

indicators are reported in Table 1. 

Several criteria were used to select the predictors during the stepwise backward selection. This study uses .05 as 

a F-to-remove statistic in order to exclude the least significant variable from the model at each step. Accordingly, 
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one variable was dropped from the model if the F-to-remove statistic than .05. Applying this stepwise backward 

procedure to the 30 potential corporate bankruptcy predictors reported in Table 1, 5 predictors were finally 

included in the model:  

Firm age is the age of the business without log-transformation. Firm size corresponds to the logarithmized 

measure of total employees. EBIT/TA is a profitability measure and is calculated as earning before interests and 

taxes divided by total assets. Solvency is a solvency indicator corresponding to (Net income + depreciation) 

divided by (Short-term liabilities + Long term liabilities). A measure of labor productivity, that is the value added 

per worker, is labelled VA/TW.  

 

Table 1. List of potential corporate bankruptcy predictors 

Variable Abbreviation Variable Abbreviation 

Firm age Firm age Net income/Total assets NI/TA 

Log of total employees Firm size Cash-flow/Equity CF/E 

Shareholder equity/Total assets Solvency Cash-flow/Total liabilities CF/TD 

EBIT/Total assets EBIT/TA Net Working Capital/Sales NWC/S 

Current ratio Current Net Working Capital/Total assets NWC/TA 

Accruals/Total assets Accruals Long term liabilities/Equity LTdebt/E 

Value added/Total workers VA/TW Total liabilities/Total assets TD/TA 

Acid test Acid Cash-flow/Total liabilities CF/TL 

Log of sales  LnS Net income/Current liabilities NI/CL 

Number of days of client credit ClientDays EBITDA/Total liabilities EBITDA/TL 

Number of days of supplier credit SupplierDays Cash-flow/Current assets CF/CA 

Long term liabilities/Total assets LTL/TA Net income/Total liabilities NI/TL 

Gross sales margin GSM Net income/Current assets NI/CA 

Net sales margin NSM Current liabilities/Sales CL/S 

Net income/Sales NI/S   

Tax expense/Total assets Tax/TA   

 

4. Results 

4.1 Descriptive Statistics 

Descriptives and correlations are presented in Table 2. Firm age and size are negatively correlated with corporate 

bankruptcy (p < .01). A negative correlation is reported between corporate bankruptcy and the solvency ratio (p 

< .01) as well as the current ratio (p < .01). It must also be noted that profitability is negatively related to 

corporate bankruptcy as EBIT/TA (p < .01) and VA/TW (p < .01) have a negative correlation with corporate 

bankruptcy. Additionally, positive correlations are reported between firm size and a set of financial ratios: 

solvency ratio (p < .01), current ratio (p < .01), EBIT/TA (p < .01) and VA/TW (p < .01).  

 

Table 2. Descriptive statistics and Pearson’s correlation matrix 

Variable Mean S.D. 1 2 3 5 6 7 8 

1. Bankruptcy 0.172 0.378 1       

2. Firm age 16.554 11.148 -0.076 

*** 

1      

3. Firm size 5.762 1.852 -0.233 

*** 

0.237 

*** 

1     

4. Current 3.337 8.351 -0.123 

*** 

0.081 

*** 

0.057 

*** 

1    

5. EBIT/TA -2.232 93.549 -0.053 

*** 

-0.000 0.096 

*** 

0.010 1   

6. Solvency 36.149 38.841 -0.386 

*** 

0.152 

*** 

0.095 

*** 

0.381 

*** 

0.217 

*** 

1  

7. VA/TW 84.314 121.427 -0.193 

*** 

0.027 0.322 

*** 

0.064 

*** 

0.145 

*** 

0.151 

*** 

1 
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4.2 Regression Analysis 

The results of the backward stepwise logistic regression procedure are presented in Table 3. Firm size (β = -0.113, 

p < .01) and age (β = -0.012, p < .01) are negative linked with corporate bankruptcy. It means that larger and 

younger firms are more likely to be bankrupt. It also appears that profitability reduces the likelihood of corporate 

bankruptcy as EBIT/TA (β = -3.417, p < .01) and VA/TW (β = -0.038, p < .01) are negatively associated with 

corporate bankruptcy. Negative relations are also reported between the current ratio (β = -0.242, p < .01) as well 

as the solvency ratio (β = -0.041, p < .01) and corporate bankruptcy. Accordingly, firms with lower levels of 

liquidity and solvency are more likely to encounter corporate bankruptcy concerns.  

 

Table 3. Logit regression 

  Logit regression 

  Coef. Std. Dev. 

Current -0.242*** (0.131) 

EBIT/TA -3.417*** (0.684) 

Solvency -0.041*** (0.002) 

VA/TW -0.038*** (0.006) 

Firm size -0.113*** (0.028) 

Firm age -0.012*** (0.001) 

Intercept 1.917*** (0.009) 

Observations 1338 

Model Chi2 439.76*** (6 df) 

Log Likelihood -382.476 

Note. * p ≤ .10. ** p ≤ .05. *** p ≤ .01. 

 

5. Discussion 

Corporate bankruptcy remains one of the most widely explored topic in the literature at the intersection between 

accounting and finance. Despite the significant improvements brought to the understanding of this phenomenon 

over the last decades (Du Jardin, 2009), more research is needed to improve the accuracy and the robustness of 

corporate bankruptcy prediction models (Tian et al., 2015). Using a sample of 1,338 Belgian private firms, this 

study applies a backward stepwise logit regression procedure on a set of 30 accounting-based variables derived 

from prior literature and intuitive reasoning to build a robust and accurate corporate bankruptcy prediction 

model. 

The results of this research reveal that a model of 6 variables is appropriate to explain corporate bankruptcy in 

private firms. Indeed, firm age, firm size, Solvency, Current, EBIT/TA, VA/TW are negatively related to corporate 

bankruptcy. These findings are in line with previous studies that highlight the predictive power of firm 

demographics, profitability, solvency and liquidity in corporate bankruptcy model (Altman, 1968; Beaver, 1966; 

Grice & Ingram, 2001; Sandin & Porporato, 2008; Wang et al., 2014). Interestingly enough, it must also be noted 

that ad hoc variables such as the proportion of tax expense or accruals in total assets did not exert any significant 

influence on corporate bankruptcy in private firms. An explanation for this could be that private firms are less 

inclined than large listed companies to use such earning management tools (Beatty, Ke, & Petroni, 2002), 

thereby explaining the absence of significant relationships between the proposed ratios and corporate 

bankruptcy.  

This research offers several contributions to the literature. First, the adoption of a backward stepwise logit 

regression procedure addresses a recent call for more empirical works using robust methods to select relevant 

and accurate corporate bankruptcy predictors (Wang et al., 2014). Additionally, the inclusion of ad hoc variables 

in the predictor selection process is also in line with recent advancements that underline the role of such 

variables in explaining corporate bankruptcy (Tian et al., 2015). Second, the results of this study tends to confirm 

that financial theories about corporate bankruptcy seems to hold in the context of private firms, an overlooked 

context so far (Du Jardin, 2009). Indeed, most empirical studies focus on large listed firms to analyze corporate 

bankruptcy while smaller private firms are often neglected even if they significantly contribute to the economic 

fabric (Memili et al., 2015).  

Despite the noted contributions, this study is not free of limitations that must be mentioned to offer avenues for 

future research developments. First, this study draws on a backward stepwise logit regression procedure to 
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predict corporate bankruptcy. Although this robust selection method is particularly appropriate to determine the 

antecedents of corporate bankruptcy (Du Jardin, 2009), more sophisticated procedures are emerging and could be 

used to confirm the findings. For instance, neural network analysis (Kim et al., 2016) or least absolute shrinkage 

and selection operator method (Tian et al., 2015) could be employed to strengthen the validity of this study. 

Second, the sample was limited to Belgian private firms. To ensure the external validity of this study and take 

into account cultural differences across countries (Lussier & Halabi, 2010), it could be replicated in other 

national settings. It would also be interesting to reiterate the analysis with a sample of large publicly-traded firms 

to determine whether the ad hoc variables selected and found inaccurate in this research could represent good 

corporate bankruptcy predictors in that specific context. Third, this study only considers the role played by 

accounting-based indicators on corporate bankruptcy. Additional insights could be gained by introducing 

governance, behavioral and environmental variables or as potential corporate bankruptcy predictors.  

Finally, we hope that, by improving our knowledge of corporate bankruptcy, this research will foster research 

efforts on this critical issue for academicians and practitioners. 
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