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1.5 <Friendly= bankruptcy law and bankruptcy delay

2.3 Ohlson’s Logit Model







balance sheets and cash flow reports, reveal crucial information about a firm9s 

models such as Altman9s Z

Machine learning9s adaptability and ability to process large datasets, make them the 
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Secured creditors are those who have a claim to their debtor9s property, whether 

A secured creditor9s claim can be voluntary, such as with a bank or other 
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we don9t intend only the managers but also employees that can make mistakes in 

repercussions on the company9s overall performance. Also, external stakeholders like 

trade unions, creditors and suppliers can contribute to a company9s decline
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When speaking of 8financial imbalances9, one refers to situations characterized by the 



of a firm9s f
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• refers to company9s support for its employees and how well it serves 



 

• 

 

 

companies9 public disclosure 

 

a <petition=

management of the debtor9s income or assets with regard to their creditors



is often referred to as <wage earner9s bankruptcy.=



 



<Friendly= bankruptcy law and bankruptcy delay

For <friendly= bankruptcy law we mean the positive effects that bankruptcy laws might 

neurs to take risks and start their own ventures. It9s important to note that a 

more lenient bankruptcy law won9t prevent businesses from failing; it will simply reduce 

One important topic about <friendly= bankruptcy law is the <Bankruptcy elay= (BD). 

will be for entrepreneurs. Not only <direct= costs (legal expenses, court fees and taxes) 

consider also the <indirect= costs. For indirect costs we intend the legal consequences 



the <bankruptcy delay= is a good thing both for creditors and debtors, since with short 
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d because it doesn9t account for the interaction of multiple financial variables, 

so it9s limited in predictive accuracy. One example of a univariate model is Beaver9s 
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 X is the predictor variable (e.g cash flow to total debt ratio in the case of Beaver9s 
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• 

firm9s size. In this case, working capital is the difference between current assets 

• 

• 

• 



• 

• The <Green Zone= corresponds to a company's Z

• The <Grey Zone= corresponds to a company's Z

• The <Distress Zone= corresponds to a company's Z





bankruptcy (<distress zone=) while a score of over 2.90 suggests a healthy financial 

situation (<safe zone=). Scores between 1.23 and 2.90 fall in the <grey zone=.

problems because it relies on historical financial statement data so it doesn9t consider 

studies with positive predictive results. It is safe to state that Altman9s Z s



it9s important for more intricate models. They can estimate the impact of one or more Ā
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 ε is the error term.

In this case, each predictor is assigned a separate coefficient and when we have ƿ 
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If all the predictors remain fixed, β
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After a series of calculations, we can rewrite the formula of bankruptcy9s probability as:Ć(þ)1 2 Ć(þ) =  Ć�0 +�1�1+�2�2+⋯+����
success to the probability of failure, and it can have a range from 0 to ∞. By taking the 
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To estimate the coefficients β and β
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2.3 Ohlson’s Logit Model

 

 

Ohlson9s O

 covariance matrices of the predictors for both firms9 categories 

 

Another problem with the use of MDA is the impact of the <matching= procedures on 

the ultimate outcome. Not always the outcome it9s easily understood or guaranteed, as 
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• ýĀý –ýĀý− ⁄ ýĀý ýĀý− ýĀý
Based on theory and empirical evidence, it9s expected that the coefficients of the various 

Table 2.4: Signs of the predictors for Ohlson’s Logit Model



 

 

 



time horizon increases. The <Likelihood ratio index= is a measure of how well our model 

þ Score = −1.3− 0.4ÿ ÿ − 1.4ÿ ÿ − 2.4ÿ − 1.8ÿ ÿ − 1.7ÿ − 0.5ÿ
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ÿ =  �(�’ÿ) = �(�0 + �1ÿ1 + �2ÿ2 +⋯+ �ĀÿĀ)
The probit function transforms the value of β9X into a probability that falls between 0 �
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One important characteristic of machine learning algorithms, it9s that they are highly 

dataset too closely, it9s considered overfitted, so it works well only on the data 
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● 
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environment9s behavior. Over multiple iterations, the machine learning method 

For bankruptcy prediction, it9s necessary to implement a binary classification, aiming to 
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,& , X in order to perform recursive binary splitting, it9s 
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and it9s more similar to human decision

The biggest problem with decision trees, it9s that they generally suffer from high 
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learning speed of the process of boosting. It9s difficult to decide which is the best 
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the model is less affected by the mistakes or so called 8noisy data9, which makes the 
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accuracy. It9s one of the most method used and effective for our purpose of bankruptcy 

þ(ÿÿ) =∑Ĉā(ÿÿ)þ
Ā=1

 ÿÿ
 Ĉā(ÿÿ)



 

 

 

 

 

 

 







classification and regression. It9s 
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complicate the analysis because it9s a 



mine a company9s ability to meet its short

 



 

�Āý(Ā) = 1(1 2 �ý2)
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• VIF g 5: High multicollinearity (the variable9s coefficient estimates and p

• VIF g 10: Severe multicollinearity (the variable should be removed or addressed).

These are obviously general rules, but as analysed by O9Brien(2007) these thresholds 

, if we eliminate the variable <Cash Ratio=, all the rest of the 



 

 

 

 

 

 

 

 

 

 

 



• his is when the company9s ESG score is between 70 and 100; 

9

• his is when the company9s ESG score is between 40 

• 

to measure a bond issuer's creditworthiness. This score is part of Bloomberg9s general 
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importance that shows the relationship of each variable to the model9s prediction and 

 

 

 

 

 



For each model it9s provided a 
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feature importance by measuring how much permuting (shuffling) a feature9s values 

the model9s predictive performance. Using the OOB samples avoids the need 
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rank features based on their impact on the Bagging model9s predictive accuracy.



• 

• 

• 

means it negatively impacts the model9s performance when included.
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each tree9s 

<non bankrupt= could lead 
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• Shrinkage=0.3; it means each tree9s predictions are weighted lightly, leading to 
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the ensemble. With a value of 0.1, each tree9s prediction is reduced to 10% of its 
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models we9ve tested so far. This means that XGBoost is the best

To calculate feature importance, we have used XGBoost9s split count (weight) 



bankruptcy. The model9s key predictors are explained below:
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In Table 4.10 there is a comparison between all the metrics9 performance of all machine 
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• 

as well as high accuracy and low error rates. It9s a robust and efficient substitute 

• 

• 









of a company9s financial distress. Those firms that commit to transparent sustainability 

confined to U.S. non financial firms, and cross validation in global and sector specific 

contexts is needed. Hence, future work on this topic should be to reflate findings fro



resilience and strength of the world9s financial architecture.
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