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Abstract:  
      This study aims to estimate the bank loan risk in Algerian banks and make the right lending 
decision using scoring logistic regression models. To achieve this, we formed a database of financial 
ratios and qualitative variables for 100 of borrowing institutions From the CPA bank, this sample 
divided into 50 good Borrower institutions and 50 other bad borrower institutions. 
     The results of the study showed that the LR had shown an accuracy in classification at 96%, which 
would help Algerian banks to predict credit risks and make wise and speed lending's decision more 
than the classic models, but these modern approaches require robust technologies devices and 
quantitative and statistical methods. 
Keywords: credit risk prediction ,scoring, logistic regression, lending decision 
JEL Classification: C45, G17 
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) 1 :( 
   

X1 / =  
X2   /( =   
X3   /  =  
X4    /  
X5   /  =  
X6  / =   
X7  =   
X8 / =   
X9 / =   

X10 / =   
X11 /   
X12 /   
X13  / =   
X14  +  /  
X15 / =   
X16 / =   
X17 / =   
X18 / =   

:  

    
  

) 2( :  

 

   

      
X1 1.2854 4.12500 1.8310 2.14404 1.5582 3.28211 
X2 2.3889 4.73994 2.0620 4.33227 2.2254 4.52068 
X3 2.9348 3.81895 3.8702 6.44323 3.4025 5.29032 
X4 4.1504 5.78301 2.4426 2.77094 3.2965 4.59233 
X5 .4944 .36039 .7890 .38414 .6417 .39905 
X6 1.2114 .27114 .8364 .38793 1.0239 .38260 
X7 .2644 .35516 .8830 2.11040 .5737 1.53736 
X8 .8756 .37100 .8958 .52216 .8857 .45075 
X9 .2117 .38566 .0228 .04081 .1173 .28888 

X10 1.9613 7.33917 1.0234 2.31464 1.4923 5.43447 
X11 .2492 .23992 .2022 .18303 .2257 .21361 
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X12 .388 .44158 .1276 .24886 .2582 .37999 
X13 2.4996 10.27774 .4620 .49057 1.4808 7.31095 
X14 3.6634 5.10491 .8140 .44323 2.2387 3.87891 
X15 2.4296 2.22937 8.5044 2.94851 5.4670 4.01022 
X16 14.8228 3.32604 17.9248 4.63628 16.3738 4.30631 
X17 .4184 .25282 .9192 .14303 .6688 .32418 
X18 1.5396 3.18924 .1344 .52388 .6519 2.33251 

 :Spss (V25)  

  ) 2 (
    

  
     

  
 2 ( T-test for equality of means Levene's test for equality 

of variances.F  ) 3(  5 % 
        t 

)T-test for equality of means( 5%
.  

) 3 :(t F   
 F    t    
X1  2,250 ,1370 -0,830 ,4090 
X2 1,344  ,2490 0,360 ,7200 
X3 2,239  ,1380 -0,883 ,3790 
X4 33,907  ,0000 1,883 ,0640 
X5 1,220  ,2720 -3,955 ,0000 
X6 11,198  ,0010 5,603 ,0000 
X7 6,324  ,0140 -2,044 ,0460 
X8 7,862 ,0060 -0,223 ,0240 
X9 51,998 0,000 3,445 ,0010 

X10 3,194 ,0770 ,8620 ,3910  
X11 16,389 ,0000 1,101  ,2730 
X12 1,903 ,1710 3,644 ,0000 
X13 ,5340 ,4670 ,9160 ,3620  
X14 33,691 ,0000 3,932 ,0000 
X15 4,317 ,0400 -11,621 ,0000 
X16 11,826 ,0010 -3,844 ,0000 
X17 25,602 ,0000 -12,191 ,0000 
X18 13,214 ,0000 2,264 ,0260 

 :Spss (V25)  
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X17 / =  : 
X15 / =  : 

X6: / =   
Y1 : 

) 6 ( :0 5 %
 .) 7 (
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) 1)  :(- 
Tests du khi-deux 

 Valeur ddl 
Signification asymptotique 

(bilatérale) 
 

khi-deux de 

Pearson 

a31,922 4 ,000  
a1,602 3 ,659  
a077, 3 ,994  
a9,631 2 ,008   
a10,953 2 ,004   
a5,760 1 ,016   

 :Spss  

) 2:(  
Tests composites des coefficients du modèle 

 Khi-deux ddl Sig. 

Pas 1 Pas 16,059 1 ,000 

Bloc 129,695 5 ,000 

Modèle 129,695 5 ,000 

 Spss  

) 3:(   
Variables de l'équation 

 B E.S Wald ddl Sig. Exp(B) 

Pas 1 X6 -20,326 14,164 2,059 1 ,151 ,000 

X14 -7,235 4,848 2,227 1 ,136 ,001 

X15 1,146 ,605 3,583 1 ,058 3,145 

X16 ,964 ,586 2,707 1 ,100 2,623 

X17 
27,860 24,752 1,267 1 ,260 

1257164734909,3

22 

Constante -13,962 11,190 1,557 1 ,212 ,000 

 Spss  
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) 5:(   
  

  

  

  

 Spss  

) 6 :(   
Tests composites des coefficients du modèle 

 Khi-deux ddl Sig. 

Pas 1 Pas 119,909 4 ,000 

Bloc 119,909 4 ,000 

Modèle 119,909 4 ,000 

 Spss  

) 7 :(  
  
  
  
  
  

  
 

 Spss

Tests composites des coefficients du modèle 

 Khi-deux ddl Sig. 

Pas 1 Pas 7,474 1 ,006 

Bloc 53,665 3 ,000 

Modèle 53,665 3 ,000 

Variables de l'équation 

 B E. S Wald ddl Sig. Exp(B) 

Pas1 Y1 1,089 ,244 19,859 1 ,000 2,972 

Y4 ,952 ,366 6,779 1 ,009 2,592 

Y5 1,134 ,393 8,301 1 ,004 3,107 

Constante -4,452 1,033 18,557 1 ,000 ,012 

Variables de l'équation 

 B E.S Wald ddl Sig. Exp(B) 

Pas 

1a 

X6 -6,513 3,122 4,351 1 ,037 ,001 

X15 ,993 ,504 3,889 1 ,049 2,700 

X17 9,379 5,016 3,496 1 ,062 11834,830 

Y1 2,047 ,867 5,577 1 ,018 7,741 

Constante -8,626 4,081 4,467 1 ,035 ,000 


