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Abstract :  Article info 

This study aimed to build a model for classifying credit risks for economic 
institutions by combining financial and qualitative indicators, using the binary 
logistic regression method. The study was based on a sample of 50 Algerian 
institutions, where the model's ability to predict defaults based on quantitative and 
qualitative variables (return to debt ratio, credit history, management, and 
regulatory compliance) was tested. One of the most important findings was that 
the model has a high predictive power of 94%. The results also showed that the 
variables of ‘management’ and ‘credit history’ are the most statistically significant 
in explaining the probability of default, surpassing traditional financial ratios. The 
study concludes by proposing a five-category rating system that helps strengthen 
credit decisions in Algerian banks in line with Basel requirements.  
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Table de classificationa 
 

Observé 

Prévisions 
 

classe de risque Pourcentage   

correct 
 

non défaut défaut 

Pas 1 
classe de risque 

non défaut 23 2 92,0 

défaut 1 24 96,0 

Pourcentage global   94,0 

a. La valeur de coupe est ,500 
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Table de classificationa,b 
 

Observé  

Prévisions 
 classe de risque Pourcentage 

correct  non défaut défaut 

Pas 0 classe de risque non défaut 0 25 ,0 

défaut 0 25 100,0 

Pourcentage global   50,0 

a. La constante est incluse dans le modèle. 

b. La valeur de coupe est ,500 

 
 

Variables de l'équation 
 B E.S Wald ddl Sig. Exp(B) 

Pas 0 Constante ,000 ,283 ,000 1 1,000 1,000 

 
  
  

   
Variables absentes de l'équation 

 Score ddl Sig. 

Pas 0 Variables ratio financier 8,738 1 ,003 

historique de crédit 23,063 1 ,000 

Gestion 19,337 1 ,000 

conformité réglementaire 19,268 1 ,000 

Statistiques générales 35,856 4 ,000 

 
  
 


