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Abstract  The purpose of this study is to investigate indicators needed for credit risk measurement for the small bank, 
using financial information, as well as corporate information the bank collected over the years of relationships by using a 
multinomial logistic regression model. The analyses in this study show that not only financial information but non-financial 
information is the valuable source for a small bank risk assessment. 
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1. Introduction 
Financial statements and non-financial information are an 

important consideration in credit risk analyses for a small 
bank (Miyamoto 2014). The purpose of this study is to 
investigate indicators needed for credit risk measurement for 
the small bank, using financial information, as well as 
corporate information the bank collected over the years of 
relationships by using a multinomial logistic regression 
model. Traditionally, multiple discriminant analysis and 
logit regression are the preferred statistical techniques for 
credit risk modeling. However, non-financial information 
here contains categorical variables. For example, 
‘‘education’’ is measured by highest degree attained, using 
the categories none, high school, bachelor’s, college dropout, 
and vocational school; it is interval when measured by 
number of years of education, using the integers 0, 1, 2, … 
Multinomial logistic regression is an accepted statistical 
method for assessing association between an anticedant 
characteristic (risk factor) and a quantal outcome 
(probability of default), statistically adjusting for potential 
confounding effects of other covariates. This area has not 
been well exposed so far, and the results will be valuable for 
the credit risk assessment for small banks. 

2. Related Literature 
2.1. Small Business Lending by Small Banks 

Small banks have traditionally been considered better 
positioned to make loans to the local small business. Small  
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banks depend more on non-financial information principally 
because reliable financial data of small business loan 
applicants are not available, and small banks have better 
understanding of local business and economic conditions 
through informal meetings and conversations with business 
owners (Feldman, 1997). From a credit risk point of view, 
SMEs are different from large corporates for many reasons. 
Small banks rely more on non-financial information 
collected by personal contact, community ties and close 
lender–borrower relationships, because small business 
borrowers who are major loan clients of small banks tend to 
be more informationally opaque than large banks (Cole, et al, 
2004; Berger and Udell, 2006). 

2.2. Modeling Financial Default 

There are two approaches to default modelling: 1) 
discriminant analysis, and 2) probit and logit analysis. 
Discriminant analysis, like probit and logit analysis, is used 
to determine which variables discriminate between two (or 
more) naturally occurring groups, for example, default and 
no default.  

Logit and probit regression analysis are the multivariate 
techniques which allow for estimating the probability that an 
event occurs or not, by predicting a binary dependent 
outcome from a set of independent variables. The response, 
𝑦𝑦𝑖𝑖  , is equal to 0 if default occurs (with probability 𝑃𝑃𝑖𝑖  ) and 
to 1 if default does not occur (with probability 1 – 𝑃𝑃𝑖𝑖).  

In regression models, the probability 𝑃𝑃𝑖𝑖  that the default 
will occur by specifying the following model  

    Pi =  f (α +  β´xi)                 (1) 
where xi  are particular financial indicators and α, β are 
estimated parameters. In logit model, the logistic 
transformation is used: 

  𝑃𝑃𝑖𝑖 = exp (𝛼𝛼+β´xi )
1+exp (𝛼𝛼+β´xi )

= 1
1+exp (−𝛼𝛼−β´xi )

         (2) 
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Due to nonlinear features of this model, it is necessary to 
use maximum likelihood method for parameters estimation. 
Given 𝑃𝑃𝑖𝑖  and assuming that defaults are independent, the 
logarithm of likelihood function is formed as follows: 

lnL = ∑ 𝑦𝑦𝑖𝑖𝑛𝑛
𝑖𝑖=1 𝑙𝑙𝑙𝑙𝑃𝑃𝑖𝑖 + ∑ (1 − 𝑦𝑦𝑖𝑖)ln(1 − 𝑃𝑃𝑖𝑖)𝑛𝑛

𝑖𝑖=1      (3) 

2.3. Multinomial Logistic Regression Model 

Multinomial logit models are used to model relationships 
between a polytomous response variable and a set of 
regressor variables. Multinomial logistic regression is a 
simple extension of binary logistic regression that allows for 
more than two categories of the dependent or outcome 
variable, suggested by McFadden (1974), called it a discrete 
choice model. A binary logistic regression model compares 
one dichotomy (for example, passed-failed, default-survived, 
etc.) whereas the multinomial logistic regression model 
compares a number of dichotomies. Like binary logistic 
regression, multinomial logistic regression uses maximum 
likelihood estimation to evaluate the probability of 
categorical membership.  

According to Hosmer and Lemeshow (2004), let assume 
that the categories of the outcome variable, Y are coded 0, 1, 
or 2. In the three outcomes, category model to logit functions 
are needed. Use Y=0 as the referent, or baseline, outcome 
and to form logit functions comparing each other category to 
it. To develop the model, assume there are p covariates and a 
constant term, denoted by vector x, of length p + 1 , 
where 𝑥𝑥0 = 1. The two logit functions are denoted as 

𝑔𝑔1(𝑥𝑥) = 𝑙𝑙𝑙𝑙 �
Pr(𝑌𝑌 = 1|𝑥𝑥)
Pr(𝑌𝑌 = 0|𝑥𝑥)

� 

        = 𝛽𝛽10 + 𝛽𝛽11𝑥𝑥1 + 𝛽𝛽12𝑥𝑥2 +…𝛽𝛽1𝑝𝑝𝑥𝑥𝑝𝑝  
=𝒙𝒙′𝜷𝜷𝟏𝟏 

and 

g2(x) = ln �
Pr(Y = 2|x)
Pr(Y = 0|x)

� 

        = 𝛽𝛽20 + 𝛽𝛽21𝑥𝑥1 + 𝛽𝛽22𝑥𝑥2 +…𝛽𝛽2𝑝𝑝𝑥𝑥𝑝𝑝  
=x′β2 

It follows that the conditional probabilities of each 
outcome category given the covariate vector are 

Pr(Y = 0|x) =
1

1 + 𝑒𝑒𝑔𝑔1(𝑥𝑥) + 𝑒𝑒𝑔𝑔2(𝑥𝑥)′
 

Pr(Y = 1|x) =
1

1 + 𝑒𝑒𝑔𝑔1(𝑥𝑥) + 𝑒𝑒𝑔𝑔2(𝑥𝑥)′
 

and 

Pr(Y = 2|x) =
𝑒𝑒𝑔𝑔2(𝑥𝑥)

1 + 𝑒𝑒𝑔𝑔1(𝑥𝑥) + 𝑒𝑒𝑔𝑔2(𝑥𝑥)′
 

A general expression for the conditional probability in the 
three category model is 

𝜋𝜋𝑗𝑗 (𝑥𝑥) = Pr(𝑌𝑌 = 𝑗𝑗|𝑥𝑥) =
𝑒𝑒𝑔𝑔𝑗𝑗(𝑥𝑥)

∑ 𝑒𝑒𝑔𝑔𝑘𝑘(𝑥𝑥)2
𝑘𝑘=0

 

where the vector 𝛽𝛽0 = 0 𝑎𝑎𝑎𝑎𝑎𝑎 𝑔𝑔0(𝑥𝑥) = 0. 
The conditional likelihood function for a sample of n 

independent observations is 

l(β) = �[𝜋𝜋0(𝑥𝑥𝑖𝑖)𝑦𝑦0𝑖𝑖𝜋𝜋1(𝑥𝑥𝑖𝑖)𝑦𝑦1𝑖𝑖𝜋𝜋2(𝑥𝑥𝑖𝑖)𝑦𝑦2𝑖𝑖 ]
𝑛𝑛

𝑖𝑖=1

 

where if Y=0 then 𝑌𝑌𝑜𝑜 = 1 then 𝑌𝑌1 = 0 and 𝑌𝑌2 = 1; if Y=1 
then 𝑌𝑌𝑜𝑜 = 0, 𝑌𝑌1 = 1 , and 𝑌𝑌2 = 0;  and if Y=2 then 𝑌𝑌𝑜𝑜 =
0, 𝑌𝑌1 = 0, 𝑎𝑎𝑎𝑎𝑎𝑎 𝑌𝑌2 = 1. And no matter what value Y takes on, 
the sum of these variables is ∑ 𝑌𝑌𝑗𝑗 = 1.2

𝑗𝑗=0  

3. Data 
In this paper I analyze credit risk assessment by using both 

financial and non-financial dataset consists of nearly 4,955 
loans to individual entrepreneurs and small enterprises 
extended by one bank located in the provincial city of Japan 
over the period 2002 to 2004. The data provide information 
on each firm’s balance sheet and income statement; its credit 
history; the firm’s characteristics, including industrial 
classification, organizational form, and age; and 
demographic characteristics of each firm’s primary owner, 
including age, education, experience, and credit history.   

Descriptive data and differences in averages for individual 
entrepreneurs and small enterprises are shown in Table 1. 
There are statistically significant differences in averages are 
seen between individual entrepreneurs and small enterprises, 
except ROA, ratio of current expense to current income, 
number of mortgages, number of delinquents within one year, 
number of borrowings within one year, and number of 
borrowings from credit companies. 

4. Empirical Results 
Table 2 shows results of multinomial logit model for 

individual entrepreneurs and small enterprises, respectively. 

4.1. Financial Information 

Among financial information for small enterprises, current 
profit to sales ratio, bad debt ratio, ratio of current expense to 
current income, and interest coverage ratio are positive and 
significant, while sales (log), EBITDA, ROA, leverage ratio, 
loan-deposit ratio, ROE, borrowing turnover ratio, net worth 
debt ratio are negative and significant. For individual 
entrepreneurs, sales and ROE, interest coverage ratio, and 
borrowing turnover ratio are positive, but not statistically 
significant. 

4.2. Non-Financial Information 

As for non-financial information, bank borrowings up to 
10times, 15, 17~18, 22~23times are positive and significant 
for small enterprises. Any numbers for mortgages are 
negative and significant for small enterprises, while positive 
for individual entrepreneurs. College graduates and high 
school graduates are positive and statistically significant for 
small enterprises, while college dropouts and vocational 
school graduates are positive for individual entrepreneurs. 
As far as key accounts are concerned, both major 
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corporations and small businesses are positive and 
significant for small enterprises, while major corporations 
are negative, but small businesses are positive for individual 
entrepreneurs, though they are not statistically significant. 
Rental and president land ownerships are positive and 
significant, and land ownerships by business entities are 
negative and significant for small businesses. As for building 
ownership, all the answers are negative and significant for 
small businesses, while individual entrepreneurs who rent 
buildings are positive. Any delinquents at this bank are 
positive and significant. 2~9 delinquents within one year are 
positive and significant. Less than 2 borrowings within one 
year are positive and significant, however more than 3 
borrowings are negative and significant for small businesses. 
Less than 4 borrowings from credit companies are positive 
and significant, while more than 5 borrowings are negative 
and significant for small businesses. 

5. Credit Risk Model Validation 
ROC (Receiver Operating Characteristic) and CAP 

(Cumulative Accuracy Profile) analyses are two ways of 
evaluating credit risk model. Both ROC and CAP analysis 
provide satisfactory analyses of the accuracy of assessments 
of credit ratings (Irwin and Irwin 2012). The key idea 
underlying ROC and CAP analysis is that diagnosis involves 
a trade-off between default and non-default (that is, between 

true and false positives) and that this trade-off varies with the 
stringency of the threshold used to decide whether an alarm 
is sounded. Financial analysts have used ROC analysis to 
assess credit-ratings systems and indicators of financial crisis 
(e.g., Basel Committee on Banking Supervision, 2005; 
Engelmann, Hayden, and Tasche, 2003; Sobehart and 
Keenan, 2001; Van Gool, Verbeke, Sercu, and Baesens, 
2011; IMF, 2011). 

See details on how to construct a ROC curve and other 
validation methods in BCBS Working Papers No 14(2005). 
A rating model’s performance is the better the steeper the 
ROC curve is at the left end and the closer the ROC curve’s 
position is to the point (0,1). Similarly, the model is the better 
the larger the area under the ROC curve is (BCBS 2005). The 
ROC curve for small enterprises is shown in figure 1, and 
that for individual entrepreneurs is shown in figure 2. 

Accuracy Ratio (AR; exactly equivalent to the Gini 
coefficient) measures the trade-off between the selection 
rates of “Goods” and that of “Bads”. If the score model is 
random, at any given cut-off, the proportion of goods passing 
the cutoff will be the same as the proportion of bads. This 
would give an AR of 0%. On the other hand, with a perfect 
scorecard, it would be possible to select all of the goods 
(100%) and none of the bads (0%). The resulting AR would 
be 100%.  Practical experience shows that the Accuracy 
Ratio (AR) has tendency to take values in the range of 50% 
and 80%. AR for small enterprises is 0.7233, and that for 
individual entrepreneurs is 0.8379 in this study. 

 

      

         Figure 1.  ROC curve for small enterprises                      Figure 2.  ROC curve for individual entrepreneurs 
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Table 1.  Descriptive statistics for individual entrepreneurs and small enterprises 

 
Individual entrepreneurs Small Enterprises Individual entrepreneurs・Small Enterprises 

 
(n=755) (n=3928) Differences in 

averages t-statistics 

Sales(log) 0.53 0.67 0.72 0.93 -0.19 -5.30*** 

EBITDA 2.80 20.43 12.53 101.16 -9.74 -2.63*** 

ROA 94.82 575.68 115.60 6523.97 -20.78 -0.09 

Current profit to sales ratio 0.91 5.27 -0.77 17.15 1.68 2.67*** 

Bad debt ratio 0.18 0.29 0.11 0.18 0.07 8.63*** 

Leverage ratio 8.05 53.74 1.50 20.04 6.54 5.81*** 

Loan-deposit ratio 2.50 17.55 24.23 104.97 -21.74 -5.67*** 

ROE 1.41 2.61 0.19 1.01 1.23 22.11*** 

Ratio of current expense to current income -14.07 219.58 -5.18 268.80 -8.88 -0.85 

Interest coverage ratio 0.78 6.79 -1.46 31.56 2.24 1.94* 

Borrowing turnover ratio 2.76 19.62 1.04 7.47 1.73 4.16*** 

Net worth debt ratio 0.15 0.63 0.50 0.98 -0.35 -9.36*** 

Number of bank borrowings 2.60 2.100 3.95 3.517 -1.35 -10.18*** 

Number of mortgages .24 .472 .24 .505 -0.01 -0.46 

Education 3.60 1.318 3.21 1.450 0.39 6.71*** 

Key accounts 2.46 .656 2.06 .722 0.39 13.79*** 

Land ownership 2.60 1.041 2.33 1.061 0.27 6.49*** 

Building ownership 2.61 .983 2.22 .954 0.39 10.11*** 

Number of delinquents at this bank 1.55 6.780 1.03 5.530 0.52 2.29** 

Number of delinquents within one year 1.43 1.591 1.53 1.685 -0.10 -1.51 

Number of borrowings within one year .65 .900 1.31 31.914 -0.66 -0.57 

Number of borrowings from credit 
companies .23 .806 .21 4.455 0.03 0.16 

Table 2.  Results of Multinomial Logit Model (Dependent variable: default) 

  
Small Enterprises (n=3751) Individual entrepreneurs (n=722) Sign of parameter 

estimate(significance) 
 

 
Parameter 
Estimate 

Odds 
Ratio 

95% Conf. 
Interval 

Parameter 
Estimate 

Odds 
Ratio 

95% Conf. 
Interval Variable 

Small 
Enterprises 

Individual 
entrepreneurs 

Constant 
 

-7.0437*** ‐ ‐ -2.5722 ‐ ‐ -(***) - 

Sales(log) 
 

-0.4168*** 0.659 0.656-0.662 0.6182 1.856 0.745－4.624 -(***) + 

EBITDA 
 

-0.00026*** 1 1 -0.0126 0.987 0.96－1.016 -(***) - 

ROA 
 

-0.00000386*** 1 1 -0.00098 0.999 0.996－1.002 -(***) - 

Current profit to 
sales ratio 

 0.00165*** 1.002 1.001-1.002 -0.4224 0.655 0.231－1.86 +(***) - 

Bad debt ratio 
 

0.6333*** 1.884 1.841-1.928 -1.3763 0.253 0.018－3.524 +(***) - 

Leverage ratio 
 

-0.00401*** 0.996 0.995-0.997 -0.00136 0.999 0.991－1.007 -(***) - 

Loan-deposit 
ratio  

-0.00277*** 0.997 0.997-0.997 -0.0272 0.973 0.89－1.065 -(***) - 

ROE 
 

-0.1871*** 0.829 0.824-0.834 0.0552 1.057 0.866－1.29 -(***) + 

Ratio of current 
expense to 

current income 
 0.000074*** 1 1 -0.00014 1 0.997－1.003 +(***) - 

Interest 
coverage ratio  

 0.000435*** 1 1-1.001 0.0416 1.042 0.916－1.187 +(***) + 
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Borrowing 
turnover ratio  

 -0.0107*** 0.989 0.988-0.991 0.0184 1.019 1.006－1.032 -(***) + 

Net worth debt 
ratio  

-0.3748*** 0.687 0.683-0.692 -3.6339 0.026 <0.001－8.644 -(***) - 

Number of bank 
borrowings 

0 0.3409*** 1.406 1.383-1.43 4.6167 101.159 <0.001－>999.999 +(***) + 

1 0.4325*** 1.541 1.519-1.563 5.135 169.867 <0.001－>999.999 +(***) + 

2 0.2873*** 1.333 1.317-1.348 5.2829 196.933 <0.001－>999.999 +(***) + 

3 0.5831*** 1.792 1.773-1.81 5.6849 294.383 <0.001－>999.999 +(***) + 

4 0.5368*** 1.711 1.688-1.733 0.9699 2.638 <0.001－>999.999 +(***) + 

5 0.0825*** 1.086 1.065-1.108 6.1236 456.498 <0.001－>999.999 +(***) + 

6 0.7027*** 2.019 1.981-2.059 5.4426 231.045 <0.001－>999.999 +(***) + 

7 1.0975*** 2.997 2.945-3.049 0.4714 1.602 <0.001－>999.999 +(***) + 

8 1.4002*** 4.056 3.979-4.135 0.7553 2.128 <0.001－>999.999 +(***) + 

9 0.8007*** 2.227 2.153-2.304 -1.0563 0.348 <0.001－>999.999 +(***) - 

10 1.4207*** 4.14 4.026-4.257 0.9308 2.536 <0.001－>999.999 +(***) + 

11 -0.107** 0.899 0.825-0.979 -0.7026 0.495 <0.001－>999.999 -(**) - 

12 -0.8531*** 0.426 0.391-0.464 -1.5552 0.211 <0.001－>999.999 -(***) - 

13 -0.4405*** 0.644 0.571-0.725 n.a. n.a. n.a. -(***) n.a. 

14 -0.5992*** 0.549 0.479-0.63 n.a. n.a. n.a. -(***) n.a. 

15 1.7499*** 5.754 5.476-6.046 n.a. n.a. n.a. +(***) n.a. 

16 -0.5154*** 0.597 0.474-0.753 n.a. n.a. n.a. -(**) n.a. 

17 1.755*** 5.783 5.482-6.102 n.a. n.a. n.a. +(***) n.a. 

18 1.9031*** 6.706 6.375-7.055 n.a. n.a. n.a. +(***) n.a. 

19 -0.6648*** 0.514 0.346-0.764 n.a. n.a. n.a. -(**) n.a. 

20 -0.4376*** 0.646 0.474-0.879 n.a. n.a. n.a. -(**) n.a. 

21 -0.573*** 0.564 0.396-0.802 n.a. n.a. n.a. -(**) n.a. 

22 0.885** 2.423 1.061-5.534 n.a. n.a. n.a. +(**) n.a. 

23 -0.8295** 0.436 0.216-0.883 n.a. n.a. n.a. -(**) n.a. 

26 -0.3263 0.722 0.444-1.172 n.a. n.a. n.a. - n.a. 

41 -0.7439** 0.475 0.235-0.962 n.a. n.a. n.a. -(**) n.a. 

Number of 
mortgages 

0 -0.6968*** 0.498 0.496-0.501 7.7514 >999.999 <0.001－>999.999 -(***) + 

1 -0.7096*** 0.492 0.487-0.497 4.6717 106.881 <0.001－>999.999 -(***) + 

2 -0.716*** 0.489 0.476-0.502 7.9675 >999.999 <0.001－>999.999 -(***) + 

3 -3.3584*** 0.035 0.029-0.042 n.a. n.a. n.a. -(***) n.a. 

4 -1.6569*** 0.191 0.149-0.244 n.a. n.a. n.a. -(***) n.a. 

Education 

College 
graduates 

0.2945*** 1.343 1.331-1.354 -0.7932 0.452 0.07－2.906 +(***) - 

College 
dropout 

-0.1687*** 0.845 0.825-0.865 1.0851 2.96 0.382－22.908 -(***) + 

Vocational 
school・
Two-year 
college 

-0.2547*** 0.775 0.761-0.79 0.1128 1.119 0.196－6.396 -(***) + 

High 
school 

graduates 
0.1157*** 1.123 1.115-1.13 -0.1975 0.821 0.255－2.646 +(***) - 

Key accounts 

major 
corporation 

0.3177*** 1.374 1.362-1.386 -0.6785 0.507 0.031－8.176 +(***) - 

small 
business 

0.1053*** 1.111 1.103-1.119 1.2098 3.353 1.175－9.569 +(***) + 

Land ownership 
no answer -0.9177*** 0.399 0.252-0.633 -9.0157 <0.001 <0.001－>999.999 -(***) - 

rental 0.7803*** 2.182 2.168-2.196 -4.1032 0.017 <0.001－>999.999 +(***) - 

 



332 Michiko Miyamoto:  Credit Risk Assessment for a Small Bank by Using a Multinomial Logistic Regression Model  
 

business 
entity 

-0.0993*** 0.905 0.894-0.917 -3.5074 0.03 <0.001－>999.999 -(***) - 

president 0.2445*** 1.277 1.265-1.289 1.0343 2.813 0.246－32.203 +(***) + 

Building 
ownership 

no answer -0.3532 0.702 0.423-1.168 5.1018 164.323 <0.001－>999.999 - + 

rental -0.0265*** 0.974 0.967-0.981 4.2116 67.461 <0.001－>999.999 -(***) + 

business 
entity 

-0.0861*** 0.917 0.909-0.926 n.a. n.a. n.a. -(***) n.a. 

president -0.2864*** 0.751 0.743-0.759 -1.3338 0.263 0.024－2.922 -(***) - 

Number of 
delinquents at 

this bank 

0 1.9697*** 7.168 7.133-7.204 5.7047 300.286 <0.001－>999.999 +(***) + 

1 1.7622*** 5.825 5.691-5.963 5.4899 242.241 <0.001－>999.999 +(***) + 

2 1.1914*** 3.292 3.159-3.43 6.6624 782.46 <0.001－>999.999 +(***) + 

3 1.8208*** 6.177 5.899-6.468 0.2873 1.333 <0.001－>999.999 +(***) + 

4 0.5851*** 1.795 1.619-1.99 0.5016 1.651 <0.001－>999.999 +(***) + 

5 3.5138*** 33.575 32.372-34.822 -1.3551 0.258 <0.001－>999.999 +(***) - 

6 0.3298*** 1.391 1.187-1.629 -9.6839 <0.001 <0.001－>999.999 +(***) - 

7 2.3705*** 10.703 10.1-11.341 -0.2287 0.796 <0.001－>999.999 +(***) - 

8 0.7301*** 2.075 1.751-2.46 -1.6043 0.201 <0.001－>999.999 +(***) - 

9 0.8472*** 2.333 1.812-3.004 -1.3077 0.27 <0.001－>999.999 +(***) - 

10 3.9934*** 54.237 51.476-57.146 2.416 11.2 <0.001－>999.999 +(***) + 

11 4.5944*** 98.926 94.123-103.973 2.1009 8.173 <0.001－>999.999 +(***) + 

12 1.7445*** 5.723 3.951-8.289 1.5631 4.773 <0.001－>999.999 +(***) + 

13 0.8097*** 2.247 1.845-2.737 n.a. n.a. n.a. +(***) n.a. 

14 0.2688 1.308 0.827-2.07 -0.7123 0.491 <0.001－>999.999 + - 

15 0.6155** 1.851 1.138-3.01 12.3364 >999.999 <0.001－>999.999 +(**) + 

16 0.6287*** 1.875 1.437-2.447 n.a. n.a. n.a. +(***) n.a. 

17 0.2254 1.253 0.918-1.709 -0.271 0.763 <0.001－>999.999 + - 

18 0.4966** 1.643 1.125-2.399 -1.0332 0.356 <0.001－>999.999 +(**) - 

19 0.0394 1.04 0.664-1.63 13.3808 >999.999 <0.001－>999.999 + + 

22 1.0362*** 2.819 1.737-4.574 n.a. n.a. n.a. +(***) n.a. 

23 0.5038*** 1.655 1.266-2.164 -0.1995 0.819 <0.001－>999.999 +(***) - 

24 0.6895** 1.993 1.028-3.864 n.a. n.a. n.a. +** n.a. 

25 3.854*** 47.183 44.471-50.06 n.a. n.a. n.a. +(***) n.a. 

26 n.a. n.a. n.a. 3.9228 0.819 <0.001－>999.999 n.a. + 

27 0.7766*** 2.174 1.394-3.392 n.a. n.a. n.a. +(***) n.a. 

28 1.2357*** 3.441 1.63-7.262 n.a. n.a. n.a. +(***) n.a. 

29 0.00588 1.006 0.538-1.882 0.2694 1.309 <0.001－>999.999 + + 

30 0.705** 2.024 1.003-4.084 4.7917 120.505 <0.001－>999.999 +(**) + 

31 0.9691** 2.636 1.259-5.515 n.a. n.a. n.a. +(**) n.a. 

32 0.612*** 1.844 1.381-2.462 n.a. n.a. n.a. +(***) n.a. 

33 1.0374*** 2.822 2.174-3.663 n.a. n.a. n.a. +(***) n.a. 

34 n.a. n.a. n.a. 1.0297 2.8 <0.001－>999.999 n.a. + 

35 0.1681 1.183 0.613-2.284 4.5046 90.432 <0.001－>999.999 + + 

37 1.2238*** 3.4 1.645-7.029 -0.2798 0.756 <0.001－>999.999 +(***) - 

38 2.5788*** 13.182 5.8-29.958 6.0968 444.45 <0.001－>999.999 +(***) + 

39 0.7213** 2.057 1.056-4.008 n.a. n.a. n.a. +(**) n.a. 

Number of 
delinquents at 

40 0.3567 1.429 0.746-2.736 n.a. n.a. n.a. + n.a. 

42 -0.1298 0.878 0.655-1.177 n.a. n.a. n.a. - n.a. 
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this bank 43 0.2152 1.24 0.809-1.902 n.a. n.a. n.a. + n.a. 

44 0.6013*** 1.824 1.218-2.734 n.a. n.a. n.a. +(***) n.a. 

45 1.0407*** 2.831 1.364-5.877 n.a. n.a. n.a. +(***) n.a. 

46 -0.2451 0.783 0.415-1.475 n.a. n.a. n.a. - n.a. 

50 0.8299** 2.293 1.148-4.58 n.a. n.a. n.a. +** n.a. 

51 1.428*** 4.171 1.968-8.837 7.2567 >999.999 <0.001－>999.999 +(***) + 

52 0.3774 1.458 0.74-2.873 n.a. n.a. n.a. + n.a. 

53 1.2333*** 3.433 1.652-7.132 6.2537 519.908 <0.001－>999.999 +(***) + 

58 2.8785*** 17.788 7.697-41.107 n.a. n.a. n.a. +(***) n.a. 

59 -13.9393 <0.001 <0.001->999.999 n.a. n.a. n.a. - n.a. 

66 1.2128*** 3.363 1.71-6.614 n.a. n.a. n.a. +(***) n.a. 

67 0.2116 1.236 0.648-2.355 n.a. n.a. n.a. + n.a. 

71 0.3802 1.463 0.746-2.867 n.a. n.a. n.a. + n.a. 

74 0.1566 1.17 0.633-2.162 n.a. n.a. n.a. + n.a. 

78 n.a. n.a. n.a. 3.575 35.694 <0.001－>999.999 
 

+ 

83 -0.2536 0.776 0.417-1.446 n.a. 
 

n.a. - n.a. 

Number of 
delinquents 

within one year 

0 -0.3489*** 0.705 0.699-0.712 2.2872 9.847 <0.001－>999.999 -(***) + 

1 -0.2563*** 0.774 0.766-0.782 3.3384 28.175 <0.001－>999.999 -(***) + 

2 0.116*** 1.123 1.111-1.135 2.5379 12.653 <0.001－>999.999 +(***) + 

3 0.3457*** 1.413 1.396-1.43 4.5883 98.329 <0.001－>999.999 +(***) + 

4 0.1162*** 1.123 1.102-1.145 4.0623 58.108 <0.001－>999.999 +(***) + 

5 0.6635*** 1.942 1.898-1.986 -15.6323 <0.001 <0.001－>999.999 +(***) - 

6 0.6846*** 1.983 1.928-2.039 4.4385 84.652 <0.001－>999.999 +(***) + 

7 0.7525*** 2.122 2.024-2.225 -1.2799 0.278 <0.001－>999.999 +(***) - 

8 1.2569*** 3.514 3.345-3.693 18.4683 >999.999 <0.001－>999.999 +(***) + 

9 2.0288*** 7.605 7.239-7.989 n.a. n.a. n.a. +(***) n.a. 

10 0.0474 1.049 0.597-1.841 n.a. n.a. n.a. + n.a. 

Number of 
borrowings 

within one year 

11 -1.363*** 0.256 0.177-0.371 n.a. n.a. n.a. -(***) n.a. 

0 0.9258*** 2.524 2.507-2.54 8.6772 >999.999 <0.001－>999.999 +(***) + 

1 0.6412*** 1.899 1.882-1.915 7.3887 >999.999 <0.001－>999.999 +(***) + 

2 0.9337*** 2.544 2.515-2.573 8.2655 >999.999 <0.001－>999.999 +(***) + 

3 -0.2964*** 0.743 0.722-0.766 9.3274 >999.999 <0.001－>999.999 -(***) + 

4 -0.7155*** 0.489 0.453-0.528 2.8306 16.955 <0.001－>999.999 -(***) + 

5 -0.9706*** 0.379 0.324-0.442 n.a. n.a. n.a. -(***) n.a. 

6 -0.9904*** 0.371 0.259-0.534 n.a. n.a. n.a. -(***) n.a. 

7 -2.3402*** 0.096 0.061-0.153 n.a. n.a. n.a. -(***) n.a. 

Number of 
borrowings 
from credit 
companies 

0 0.8397*** 2.316 2.304-2.327 -31.078 <0.001 <0.001－>999.999 +(***) - 

1 1.3792*** 3.972 3.873-4.073 -29.5232 <0.001 <0.001－>999.999 +(***) - 

2 2.1469*** 8.558 8.385-8.735 -30.6897 <0.001 <0.001－>999.999 +(***) - 

3 2.4383*** 11.453 11.177-11.737 -28.4711 <0.001 <0.001－>999.999 +(***) - 

4 2.373*** 10.729 10.37-11.101 -34.5863 <0.001 <0.001－>999.999 +(***) - 

5 -1.1887*** 0.305 0.251-0.37 -34.3471 <0.001 <0.001－>999.999 -(***) - 

7 -2.3528*** 0.095 0.057-0.158 7.7521 >999.999 <0.001－>999.999 -(***) + 

12 -1.015*** 0.362 0.195-0.675 n.a. n.a. n.a. -(***) n.a. 

***significant at 0.01, **significant at 0.05, *significant at 0.10 
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6. Conclusions 
The purpose of this study is to investigate indicators 

needed for credit risk measurement for the small bank, using 
financial information, as well as corporate information the 
bank collected over the years of relationships by using a 
multinomial logistic regression model. 

The analyses in this study show that not only financial 
information but non-financial information is the valuable 
source for a small bank risk assessment.   
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