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1. Introduction 

During developing economy, our modern economic more common to trade based 

on contracts, to ensure orderly economy conduct. At the same time, bank-dominated 

profession about credit has become the key factor of economic, credit risk becoming 

concentrated risk in economy. Modern social credit risk throughout the economic, and is 

closely related to the behavior of economic agents with the government, enterprises and 

individuals. 

Estimating the credit risk level, namely is estimating the probability of default. 

High credit risk of banks may due to the low capital adequacy, inefficient risk 

management and low assets quality, the false predict chance of default will lead to the 

wrong rating and wrong pricing of financial instrument. Finally it will harm the 

consumer’s benefit and even leads more bad results like financial crisis.  

The thesis is devote to analysis the credit risk of China commercial banks, we will 

focus on describe probability of default of banks by credit scoring models. First, in the 

chapter two, we will briefly introduce financial analysis for banks and two main types of 

credit scoring models which are linear discrimination analysis and regression models 

(linear and logit). Then, in the analysis parts, we through analysis the financial indicators 

about the largest five banks in China to realize credit risk in China. The most important 

part is assessment credit risk, we will work with the 36 sample with complete public 

information in hundred China commercial banks which will be separated into two groups 

(non-default and default) based on historical data. Subsequently, we will create model 

find estimate the probability of default based on banks sample. Through comparing the 

result from ROC curve, we will find the model which will get the best result and then, 

testing the efficient predict period for three models by another group data during past four 

years since modeling. Last, we will donate to several suggestions about credit risk and list 

the unsatisfied points about the models. 
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2. Methodology of Credit Risk Management 

Financial system is encompasses all financial institutions, borrowers and lenders, 

easy to understand, it include banks and other financial institutions, financial market, 

financial service. But financial system does more than simply transform saving into 

investment. It is also provide kinds of services in daily life such as payment services, risk 

production services, liquidity services and credit services. In financial system, bank is 

one of the most important participator to matching lenders and borrowers to exchange 

funds and provide kinds of services.  

Banks are the most important sources of short working capital for business as well 

as have shown increasingly active in making long term business loans in recent years. 

According to data from Wind, the assets hold by China banks represent about 90% of 

total assets until June 2014. In other nations, for example, U.S. banks hold about one-fifth 

of all assets in the financial statement. A bank can be defined in terms of the economic 

functions it serves, the services it offers its consumers, the legal basis for its existence. As 

the old saying, “A bank is a financial institution where you can borrow money only if you 

can prove you don’t need it” from Bob Hope
1
. But, for a bank, credit risk management 

could become the most important item during a bank developing. 

Credit risk is the possibility of default due to unexpected change from borrowers 

failed to repay timely or full amount. While defaults, the creditor will not to get the 

expected earnings due to causes financial losses. Credit risk comprises the following 

main risk such as default risk, migration risk, spread risk, recovery risk, pre-settlement 

risk and country risk. Credit risk can be measured by several methods.  

In our paper, credit risk can be managed as following sections via financial 

analysis, GaG models and credit scoring models. In Chapter two, we will briefly describe 

the methods and describe of their derivation which we will use in following parts.  

 

 

                                                 
1
 Bank Management and Financial Services by Peter S.Rose and Sylvia C. Hudgins, 7

th
 Edition 
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2.1 Financial analysis 

Financial analysis refers to the basis point as financial statements and other 

information, the purpose is to understand the past, evaluate and predict the future, to help 

improve interest relations group decision making. 

Because of the financial crisis usually causes credit crisis, it make the banks and 

investors face enormous credit risk. Bank can find out some special financial signs which 

can show borrower’s financial position, it can helps bank determine them credit rating, 

provide the evidence for credit and investment. For this motivation, financial ratio 

analysis of corporate become important for commercial bank while measure the 

borrower’s credit. Except studying company’s financial ratios to measure the probability 

of default from the borrowers, commercial bank also need to take basic financial ratios 

analysis for better credit risk control into account. The indicators like profitability, 

efficiency, capital adequacy, assets quality and size to measuring the current bank’s 

financial positions. In the third chapter, we will give five big Chinese commercial banks 

as example to doing financial analysis.  

The first financial analysis is mainly serving the bank credit analysis. The bank 

need to through the credit investigation and analysis, to judge the solvency of customers. 

Similar, clients also through financial statement to valuate bank’s financial position and 

know the credit risk of bank, to find out which bank will they choice. The main purpose 

of this part is for introduction the method for financial analysis of banks. Through present 

the theoretical for banks financial analysis, focus on our selected banks to do the financial 

analysis according to several important financial indicators. 

 

Capital adequacy 

Capital adequacy is also capital requirement, the supervision always asking for the 

minimum level of capital requirement for bank to protect client. Through Basle capital 

adequacy, it focus on require bank’s minimum level for T1 ratio and capital adequacy, so 

these ratios become very important indicators, we will also through these ratio to analysis 

the bank’s capital adequacy. 
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ted assetsRisk Weigh

 Capital Tier 
atio Capital RTier 

1
1                               (2.1) 

Tier 1 capital ratio is the core measure of bank’s financial strength from a 

regulator’s point of view. It absorbs losses without a bank being required to cease trading. 

As Basel II, the Tier 1 ratio should more than 4%, and as Basel III, the Tier 1 ratio 

requirement change up to more than 6%. 

          
t AssetsRisk Weigh

 CapitalTier  CapitalTier 
ioequacy RatCapital Ad

21 
                        (2.2)    

It is also a measure of bank’s capital adequacy, the result for protect customers 

and promote the stability and efficiency of financial institutions around the world. 

Following Basel capital adequacy, the bank’s capital adequacy ratio should more than 8%. 

 

Assets quality 

Asset quality is an evaluation of asset to measure the credit risk associated with it. 

This is the main direct way to estimate bank’s credit risk. Bank managers concern with 

the quality of their loans since that provides earnings for the bank. There existing several 

formulas to measure the bank’s assets quality. 

            
s LoansTotal Gros

lem LoansTotal Prob
Ratioming Loan Non-perfor                            (2.3) 

We need to realize the percentage that total problem loans occupy to the gross 

loans. Lower is better. During next calculation part, we regard more than 90 days loans of 

repayment date as problem loans. And gross loans equal to net loans add to loan loss 

reserve. 

                     
ming LoansNon-perfor

ReserveLoan Loss 
atioCoverage r                                      (2.4) 

The loan loss reserve is the provision for bank’s bad debt, we through calculation 

to measure the bank’s risk, if the result is lower than 100%, the bank will have the 

relative high credit risk chance of default. The higher the ratio shows the bank’s ability to 
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resist risk. It should be geared to the degree of risk, too low lead to inadequate provision, 

too high lead to lots excess provisions and decrease profit. 

                      
tsTotal Asse

sTotal Loan
ossets RatiLoans to A                                              (2.5) 

Loans to assets ratio measure the percentage of total loans to total assets, through 

the ratio we will know the loans information of the bank depends on the assets.  

 

 Efficiency 

Here, the efficiency means the money management efficient of bank, so we just 

through one ratio to measure: 

                       
meTotal Inco

 Total Cost
come RatioCost to In  .                                         (2.6)  

                                  

Size 

We always measure a bank’s size through the number of employee, the number of 

branches of bank, or the scope of business for client of bank, these reasons consider 

together, we need to know the assets of the bank. And in modeling chapter, we need to 

use logarithm of size. 

 

Profitability 

Profitability is necessary to be considered for bank’s financial analysis. The 

stronger ability of profitability of bank, they always have lower probability of financial 

crisis, and the lower probability of default. Here, we will introduce four ratios to measure: 

                        
tsTotal Asse

Net Income
AssetsReture on  .                                                (2.7)                        

This sign of profitable a bank is relative to its total assets. It gives an idea about 

how bank’s efficient control is at using its assets to form earning, higher ratio means the 

better profitability. 
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tyTotal Equi

Net Income
EquityReturn on   .                                            (2.8) 

Similarly, higher levels of ROE present better profitability ability. 

              
tsTotal Asse

serest Expenncome-InteInterest I
st MarginNet Intere  .                  (2.9)                           

Net interest margin measure the spread between interest income and interest 

expense divided by total assets. Net interest margin is a performance metric that 

examines how successful a bank's investment decisions are compared to its debt. A 

negative value marks that the firm did not make an optimal decision, because interest 

expenses were greater than returns. 

Through consider the five causes about financial analysis, we can realize the 

position about bank and then to estimate the credit risk of them. 

 

2.2 Credit Scoring Models  

Credit-scoring model based on financial signal as explanatory variables, applying 

a weight to each of them as well as using statistical method then settle the model 

functions, the model functions are using to predict the chance of default in the future. In 

summary, there exist several models belongs to the most widely used which are 

discriminant analysis model, regression models (linear model, logit model and probit 

model) and heuristic inductive models (neural networks model and genetic model).  

In this part we will briefly describe the two categories which are linear 

discrimination analysis and regression models (linear and logit) and application them in 

the chapter four. 

 

2.2.1 Linear Discriminant Analysis 

Linear discrimination analysis is to use financial indicators as independent 

variables of the model to show situate the credit risk, and predict the chance of 

bankruptcy or default.  
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We need divided into two groups of samples, the default group and non-default 

group, and then through a series of random variable linear regression to describe this 

approach. Z- score to getting a function through looking for a group of linear related 

variables. To realize the two groups of borrower divided into the non-default group and 

the default group, while maximum different between two groups, it also need to minimize 

differences in the group as much as possible. 

Linear discriminant analysis composes the score z as a linear combination of the 

independent variables.   For the given borrower i, we calculate the score as follows: 

                                             



n

j

jiji xz
1

,  ,                                                     (2.10) 

where x denotes a given feature (usually given as financial indicators, e.g. obtained from 

financial statements);   is coefficients of this linear combination are chosen so as to 

obtain a score z which discriminates as clearly as possible between default and non-

default groups; n is a number of indicators. In other words, the iz values obtained must be 

such as to maximize the distance between the means ( Gz  and Bz ) of the two groups of 

default and non-default groups. These means are called centroids.  

 For realize the relationship of variables between two groups, the vector of gamma 

coefficients is calculated as follows, for more detail see Resti and Sironi(2007): 

                                          )(1-

BG xx  ,                                                (2.11) 

where Gx and Bx are vectors containing the mean value of the n independent variables for 

the group of default banks and the group of non-default banks;  is matrix of variances 

and covariances between the n independent variables, and it can be estimated as average 

of matrices for two groups, it can be calculated by the n independent variables from each 

group ( Gn  and Bn ): 
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Finally, through the above calculation for each parameter, the score z can be used 

to estimating the probability of default of a given entity i: 

                                      




 



iz

B

B
i

e

PD
1

1

1
,                                                  (2.13) 

here  is estimated cut-off point, we can use point halfway between the two centroids: 

                                                 )(
2

1
BG xx     .                                          (2.14) 

And B  means the prior probability of default, it depend on general characteristics 

of the market but characteristics of the individual customer, it is a measure of average 

quality of bank’s loan portfolio. 

Because when banks valuation the client’s risk of default, estimation for PD does 

not only take financial indicators into account but also consider about average quality of 

portfolio. So through formula (2.13), while the value of B   increased, the value of 

estimate probability of default will increased, conversely, while the value of B   

decreased, the value of estimate probability of default will decreased. 

But if the value of probability of default is very high even more than a setting ratio, 

it is according to banks, some unimportant algebra leads to re-writing this condition as: 

                                       



 




B

B
iz

1
ln .                                     (2.15) 

While the average quality of the portfolio is terrible, so that the value of B will be 

quite high and lead to estimate probability of default high. Through formula (2.14), 

according to the setting a number of value of estimate probability, the value of B can be 

calculated, the new cut-off ratio   can be estimated by (2.15). 

If the value of estimate probability of default more than a setting ratio, their score 

is lower than new cut-off point  . Consequently, if value of estimate probability of 

default less than 50%, their score is higher than new cut-off point  . 
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As for cost of errors (Managing credit risk: The next Great financial challenge; 

John B. Caouette. Edward I), there are two types error of banks, while estimate the cut-

off point, the banks also need to take the cost of errors into account, the two types of error 

can be defined as: 

• classifying an insolvent bank as good (type I error); 

• classifying a good bank as insolvent.  

If cut-off point setting too high, the higher probability of default would be involve 

(increase type I error accuracy), but some good credit will be turned away (lower type II 

error accuracy). For banks, the cost of type I error (loan loss reserve must be required 

while the bank accepting a high probability of default) always higher than the cost of type 

II error (income loss while the bank do not borrow money to a low probability of default).  

 

2.2.2 Regression Models 

We will describe the second category of credit scoring model in this part, the 

linear probabilistic model and logit model of regression models will be defined. 

 

Linear probabilistic model 

Similar with linear discrimination analysis, the independent variables should be in 

the model with their weight for linear probabilistic model. Usually there have four stages 

for a simple linear regression created: 

• Samples selection and distinction. The sample can be selected from a large 

number of population, then divided into two groups according to dummy variable y  

( there just exist two variables 0 or 1), 1iy  means default happened for the banks, and 

they should be belong to bad group, 0iy  means banks are non-default, they should be 

belong to good group. 

• Selection of independent variables. The variables are always use financial 

indicators to estimate prior of default, we need to according to correlation between 
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independent variables with depend variable, choose the high correlation coefficient with 

depend variables as independent variables. 

• Estimate coefficients. The following model is estimated, in next part, we will 

through SPSS get the coefficients: 

                                          



m

j

jiji xy
1

, ,                                                  (2.16) 

where j represent the regression coefficients. 

• Estimated probability of default.  

However, further problems still remain, the variance of the residuals of the model 

linear is not constant, but suffers from heteroscedasticity. So there exist nonlinear models. 

The result after we calculate about probability of default would be above 100% or 

below 0%. 

 

Logistical regression model 

Logistical regression model limit probability of default between 0 and 1, and it can 

be through the function of logarithmic distribution. Logistical regression model focus on 

find the linear relationship between the a group of independent variables and dependent 

variable, the difference between logit model with traditional model is that dependent 

variable is discrete variables for logit model, instead of the continuity variable for 

traditional regression model. Assuming that the dependent variable in the second 

classification criterion of 1 and 0, corresponding an event occurs or not. The response is 

equal to 0 if default happened with probability iP  and equal to 1 if default does not occur 

with probability 1- iP . 

 Logistical regression model is standard logistic distribution of error. In logit 

model, the linear relationship is estimated through an exponential transformation, called 

logistic transformation: 
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where iw  is independent variables estimated through linear function of financial 

indicators jix , (2.18) can be expressed as: 

                                      



m

j

jiji xw
1

, ,                                                      (2.18) 

Then combining (2,17) and (2.18), the logistical regression model can be 

expressed  by: 

                                ixi
jjje

P 








1

1

. 

                          (2.19) 

            

2.3 GaG Scoring Models 

Petr Gurny and Martin Gurny (2013) worked with sample of 298 American 

commercial banks for models estimation the credit risk. The authors collected all data 

during the financial crisis during the years 2007-2010, and samples of financial 

institutions for two groups were chosen randomly pursuant to publicly available 

information. While divide the group, the group for default banks defined thought the 

financial institutions which have gone into liquidation or undergone financial 

restructuring processes (e.g. take-over by another bank or by government). And the 

models got the successful result based on measuring U.S. banks’ credit risk. 

The model based on linear discrimination analysis to calculate the z-score was: 

                       iiiiii xxxxxz ,14,10,7,5,1 57.5226.976.591.2414.1  ,             (2.20) 

where x1, x5, x7, x10 and  x14 denotes LTA(Logarithm of total assets), ROAA(Return on 

average assets), IE II(Interest expense on Interest income), PL GL(Problem loans on 

Gross loans) and EQ TA(Shareholders’ equity on Total assets), respectively. 

Besides, the model based on logistical regression model to estimate probability of 

default was: 
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iii xxxi

e
P

,10,6,1 69.8711.3648.408.52
1

1



 ,                                  (2.21) 

where x1, x6 and x10 denotes LTA(Logarithm of total assets), ROAE(Return on average 

equity) and PL GL(Problem loans on Gross loans), respectively. 
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3. Analysis of Select Bank 

We will select five largest commercial banks in China based on the large market 

shares in banking industry to analysis credit risk, we select past ten years data from 2005 

to 2014 for each banks, and through horizontal and vertical comparison to analysis. 

 

3.1 Horizontal Comparison 

We will study financial indicators during past ten years from public available 

information
2
 in following five banks: CCB (China Construction Bank), ICBC (Industrial 

and Commercial Bank of China), BBC (Bank of China), BC (Bank of Communications) 

and CMSB (China Mingsheng Bank). 

 

China Construction Bank 

First, according to the theoretical part, we will present about capital adequacy and 

assets quality about CCB from Table 3.1 

Table 3.1 Capital adequacy and assets quality about CCB 
  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Tier 1 Ratio 

(%) 
12.12 10.66 11.32 10.97 10.4 9.31 10.17 10.37 9.68 9.45 

Capital 

adequacy (%) 
14.87 13.34 14.32 13.68 12.68 11.70 12.16 12.58 11.94 11.56 

Non-

performing 

ratio (%) 
0.91 0.97 0.99 1.03 1.14 1.50 2.21 2.61 2.80 2.91 

Coverage ratio 

(%) 
222.33 268.32 271.29 241.44 204.72 175.2 131.58 104.4 97.23 101.32 

Through Table 3.1, we can find Tier 1 ratio and capital adequacy are strong for 

CCB, excessed the requirement from Basle Capital Adequacy 4% and 8% a lot. So there 

has low credit risk according to Tier1 and capital adequacy ratio, the capital adequacy 

                                                 
2
 www.thebankerdatabase.come,  http://data.bank.hexun.com, http://vip.stock.finance.sina.com.cn, 

www.data.worldbank.org 
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keeps stronger during past ten years. At the same time, non-performing ratio and 

coverage ratio also shown better trend during these period, the lowest coverage ratio is 

97.23% in 2006, the higher credit risk in this year because the coverage rate is lower than 

100%, but it increased to 271.29% in 2012, the coverage ratio achieved the highest point 

in this year.  

Table 3.2 Profitability indicators of CCB 

  
2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Return on 

assets (%) 1.87 1.89 1.85 1.84 1.71 1.54 1.69 1.49 1.31 1.49 

Return on 

equity (%) 26.37 23.88 20.64 18.89 15.06 11.24 13.75 11.32 6.45 6.42 

Net 

Interest 

margin 

(%) 1.36 1.41 1.39 1.38 1.25 1.11 1.23 1.05 0.85 1.03 

            Through Table 3.2, the ROA keep more stable changes than ROE, the trend of 

two results both shown increased. The NIM also kept a relative weak increase trends 

during these years. We can find the crisis during 2008 and 2009 have a low influence for 

CCB through these three results, ROA was 1.54% in 2009, and ROE was 11.24% in 2009, 

NIM equals to 1.11% at same time. The ratios all lower a bit than 2008 and 2010.  

 

Industrial and Commercial Bank of China   

Table 3.3 Capital adequacy and assets quality about ICBC 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Tier 1 

Ratio 

(%) 
11.49 10.61 10.62 10.07 9.97 9.91 10.75 10.99 12.23 10.84 

Capital 

adequacy 

(%) 
14.29 13.12 13.66 13.17 12.27 12.36 13.06 13.09 14.05 12.94 

Non-

performi

ng ratio 

(%) 
1.13 0.94 0.85 0.94 1.08 1.54 2.29 2.74 3.79 3.72 

Coverage 

ratio 
206.9 257.19 259.55 266.92 228.2 164.1 130.15 103.5 70.56 69.4 
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Through Table 3.3, ICBC also have excellent capital adequacy through observe 

Tier1 ratio and capital adequacy past ten years.  And these two ratios keep increasing 

trend, Tier1 increased from 10.84% in 2005 to 11.49% in 2014, and capital adequacy 

increased from 12.94% in 2005 to 14.29% in 2014, Tier 1 ratio and capital adequacy 

decreased a few in 2009 and in 2010 because the financial crisis. Non-performing ratio 

and coverage ratio shown a better improve during these ten years.  

Table 3.4 Profitability indicators of ICBC 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Return on assets(%) 1.77 1.79 1.72 1.69 1.56 1.40 1.42 1.19 0.84 0.68 

Return on equity(%) 20.91 19.68 17.57 15.42 12.49 10.57 9.96 5.66 6.34 5.94 

Net interest margin(%) 1.40 1.44 1.45 1.44 1.32 1.20 1.21 1.01 0.71 0.66 

Observing Table 3.4, we can find profitability indicators did not got influence 

from crisis in 2008, three ratios all shown a stability increase during past ten years, it 

represent the stable earning ability for ICBC, so through analysis profitability ratios we 

find ICBC have a low default risk. 

 

Bank of China 

Tier1 ratio and capital adequacy in Table 3.5 present a very good level, all of them 

are more than 4% and 8%, but Tier1 ratio and capital adequacy although changed in a 

relative stables, but did not shown a improve trend. As for non-performing ratio and 

coverage ratio, there shown a better credit situation in the table, BBC had a relative high 

level of NPL in 2005 and 2006. 

Table 3.5 Capital adequacy and assets quality about BBC 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Tier 1 Ratio (%) 10.61 10.73 10.54 10.07 10.09 9.07 10.81 10.67 11.44 10.14 

Capital 

adequacy (%) 13.87 13.47 13.63 12.97 12.58 11.14 13.43 13.34 13.59 11.79 

Non-performing 

ratio (%) 1.18 0.96 0.95 1.00 1.11 1.52 2.64 3.12 4.04 4.64 

Coverage ratio 

(%) 187.6 229.3 236.3 220.8 196.7 151.2 121.7 108.2 96.00 75.01 

ROA had a relative stable change during past ten years from Table 3.6, which 

were changed during 1.26% to 1.69%, but ROE decreased from 9.64% to 5.28% in 2005 

to 2007, and after 2009, ROE increased a lot from 7.6% up to 16.9% in 2014. NIM also 
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increased a few from 0.72% to 1.22 during past ten years. The improve trend shown the 

lower credit risk of BBC. 

Table 3.6 Profitability indicators about BBC 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Return on assets 

(%) 1.67 1.69 1.64 1.55 1.50 1.44 1.46 1.59 1.47 1.36 

Return on equity 

(%) 16.9 14.91 13.77 12.54 10.77 7.60 9.06 5.28 8.71 9.64 

Net interest margin 

(%) 1.22 1.23 1.19 1.17 1.14 1.09 1.00 1.10 0.95 0.72 

 

 Bank of Communications 

From Table 3.7, we find that Tier1 ratio changes relative big during the ten years, 

especially during 2012 to 2014, from 11.24% decreased to 7.29% then increased again up 

to 11.02%, corresponding capital adequacy had a similar trend during these years. Tier 1 

ratio and capital adequacy ratio both represents the good capital adequacy of CBC. Non-

performing ratio and coverage ratio shown a good credit situation from initial year until 

2012, during 2013 and 2014, bad loans increased and coverage ratio decreased, so during 

these period, BC have a relative higher credit risk. 

Table 3.7 Capital adequacy and assets quality about BC 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Tier 1 Ratio (%) 11.02 7.92 11.24 9.27 9.37 8.15 9.54 10.27 9.41 9.13 

Capital 

adequacy (%) 13.94 12.08 14.07 12.44 12.36 12.00 13.47 14.44 13.13 12.84 

Non-performing 

ratio (%) 1.25 1.04 0.92 0.86 1.12 1.03 1.92 2.05 2.15 2.42 

Coverage ratio 

(%) 178.9 213.7 250.7 256.8 185.8 151.1 116.8 95.6 91.3 87.6 

 

Table 3.8 given a stability ROA and increased trend of ROE during past ten years. 

For ROE, it increased from 5.03% in 2005 to 25.26% in 2014, and NIM also changed 

relative stable. The three profitability indicators kept stable or increased trend, this is a 

good situation for probability analysis. 
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Table 3.8 Profitability indicators about BC 

  
2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Return on assets 

(%) 1.51 1.46 1.52 1.52 1.42 1.36 1.56 1.51 1.46 1.41 

Return on equity 

(%) 25.26 23.9 25.17 23.66 21.17 16.26 16.13 8.34 6.33 5.03 

Net interest margin 

(%) 1.08 1.11 1.18 1.19 1.08 1.01 1.19 1.08 0.81 0.74 

  

China Minsheng Bank 

From Table 3.9, the lowest point of Tier1 ratio was 4.4% in 2006 and capital 

adequacy also was the lowest value equals to 8.20% in the same year. Tier 1 ratio and 

capital adequacy ratio had a relative low level during 2005 and 2006, there exist the 

higher credit risk during in these period. After 2007, these two ratios show a stability 

increase until 2014. And with the decreased of non-performing ratio, the coverage ratio 

improved in past ten years. 

Table 3.9 Capital adequacy and assets quality about CMSB 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Tier 1 

Ratio (%) 8.78 8.72 8.13 7.87 8.07 8.92 6.60 7.40 4.40 4.80 

Capital 

adequacy 

(%) 12.12 10.69 10.75 10.86 10.44 10.83 9.22 10.73 8.20 8.26 

Non-

performing 

ratio (%) 0.97 0.85 0.76 0.63 0.69 0.84 1.20 1.22 1.25 1.28 

Coverage 

ratio (%) 182.2 259.7 314.5 357.3 270.4 206 150.0 113.1 108.9 100.2 

From Table 3.10, we can find the three indicators all had increased trend, ROE 

had a relative large changes during past ten years, from 11.69% in 2005 up to 45.58% in 

2014, the trend represents a better profitability of CMSB. 

Table 3.10 Profitability indicators about CMSB 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

Return on assets(%) 1.29 1.48 1.31 1.42 1.13 1.02 0.98 0.88 0.71 0.67 

Return on equity(%) 45.58 39.78 34.95 23.45 19.24 13.26 16.97 10.87 10.38 11.69 

Net interest 

margin(%) 1.26 1.34 1.41 1.4 1.09 0.98 0.8 0.77 0.59 0.54 
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3.2 Vertical Comparison 

After we analysis each bank’s financial situation, we will compare some important 

indicators to analysis them credit risk. From Basel Capital Adequacy, we know T1 ratio 

and capital adequacy is necessary to realize bank’s capital adequacy, so we start from 

comparing capital adequacy of them. 

Table 3.11 Tier 1 ratio compare in past 10 years (%) 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

CCB 12.12 10.66 11.32 10.97 10.4 9.31 10.17 10.37 9.68 9.45 

ICBC 11.49 10.61 10.62 10.07 9.97 9.9 10.75 10.99 12.23 10.84 

BBC 10.61 10.73 10.54 10.07 10.09 9.07 10.81 10.67 11.44 10.14 

BC 11.02 7.92 11.24 9.27 9.37 8.15 9.54 10.27 9.41 9.13 

CMSB 8.78 8.72 8.13 7.87 8.07 8.92 6.60 7.40 4.40 4.80 

Sours: from Hexun bank data   

These five banks all have relative high Tier1 capital under the Basel requirement 

more than 4%, the first four banks have higher core capital rate. And the first four banks 

all had about 9% or 10% core capital rate in 2005, they all belongs to very good banks 

through looking at Tier1 ratio, but CMSB just had 4.8% core capital in 2005, and 4.4% 

core capital in 2006. They have the different financial situation during 2009 and also 

have different result influenced after financial crisis. For CCB, ICBC, BBC and BC, they 

decreased Tier 1 ratio about one percentage in 2009, but CMSB did not got the influence 

from the crisis, CMSB keep increasing in this year, but decreased a few in the next year. 

In 2014, CCB had the highest Tier 1 ratio from the five banks equals to 12.12%, ICBC 

and BC about 11%, BBC lower a bit equals to 10.61%, CMSB had the lowest Tier 1 ratio 

equals to 8.78% in the same year.  
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Chart 3.1 Tier 1 ratio compare in past 10 years 

 

There also shown the chart to more clearly present the trend for these five banks 

during past 10 years.  From chart, CCB and ICBC had highest Tier1 ratio most time, and 

CMSB have the lowest level in these five banks. And the banks got a  very small 

influence from financial crisis for their Tier 1ratio expect CMSB, CMSB keeps a relative 

stable increase about Tier 1 ratio, other four banks  had the similar period to adopt and 

adjustment from the influence of financial crisis, the four banks all became increase trend 

in 2010. And CCB and ICBC have lower probability of default than other three banks 

through analysis Tier1 ratio. 

Table 3.12 Non-performing loans ratio compare in past 10 years (%) 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

CCB 0.91 0.97 0.99 1.03 1.14 1.5 2.21 2.6 2.8 2.91 

ICBC 1.13 0.94 0.85 0.94 1.08 1.54 2.29 2.74 3.79 3.72 

BBC 1.18 0.96 0.95 1 1.11 1.52 2.64 3.12 4.04 4.64 

BC 1.25 1.04 0.92 0.86 1.12 1.03 1.92 2.05 2.15 2.42 

CMSB 0.97 0.85 0.76 0.63 0.69 0.84 1.2 1.22 1.25 1.28 

Sours: from Hexun bank data      

Expect comparing capital adequacy, assets quality also could be good indicators to 

estimate credit risk of bank. For comparing assets quality, we point out non-performing 

loans ratio as main indicator.  CCB and CMSB had a low NPL during 2005 to 2014, the 

ratio below than 1% after 2012 for CCB, and below than 1% after 2009 for CMSB. 

During financial crisis, the five banks did not got the influence reflected from NPL ratio, 
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only CCB always keep decreasing trend in ten years, other four banks all have relative 

small floating but the total trend were decreased non-performing loan ratios.  

Chart 3.2 Non-performing loans ratio compare in past 10 years 

 

Through Chart 3.2, we find BBC had the highest NPR in the start time, and CMSB 

had the lowest NPR in the same year. The five banks all had decrease trend for the ratio, 

from the chart, we find the best bank is CMSB from NPR, because the relative stable 

changes and always very NPR. 

Table 3.13 Coverage ratio compare in past 10 years (%) 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

CCB 222.33 268.32 271.29 241.44 204.72 175.22 131.58 104.41 97.23 101.32 

ICBC 206.90 257.19 259.55 266.92 228.20 164.14 130.15 103.50 70.56 69.40 

BBC 187.60 229.25 236.30 220.75 196.67 151.17 121.72 108.18 96.00 74.95 

BC 178.88 213.65 250.68 256.37 185.84 151.05 116.83 95.63 91.34 87.57 

CMSB 182.20 259.74 314.53 357.29 270.45 206.04 150.04 113.14 108.89 100.24 

Sours: from Hexun bank data   

We will also choice a typical indicator from efficiency analysis which is coverage 

ratio. CCB kept increase trend from 97.23% in 2006 to 271.29% in 2012, other four 

banks also had the similar trend for the changed, and the five banks all decreased 

coverage ratio from 2012 or 2013 to 2014, this is because of the bad loans increased a bit. 

CCB and CMSB shown a relative strong level in coverage ratio during past ten years, it 

means these two banks had a lower credit risk.  
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Chart 3.3 Coverage ratio compare in past 10 years 

 

Through chart 3.3, we can observe the trend more clearly, the increase trend for 

coverage ratio from 2005 until 2011, later years, the ratio decreased because the less loan 

loss reserve and higher bad loans. CMSB had relative high level of coverage ratio, other 

four banks had the similar level during past ten years. 

Table 3.14 ROE compare in past 10 years (%) 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

CCB 26.37 23.88 20.64 18.89 15.06 11.24 13.75 11.32 6.45 6.42 

ICBC 20.91 19.68 17.57 15.42 12.49 10.57 9.96 5.66 6.34 5.94 

BBC 16.90 14.91 13.77 12.54 10.77 7.60 9.06 5.28 8.71 9.64 

BC 25.26 23.90 25.17 23.66 21.17 16.26 16.13 8.34 6.33 5.03 

CMSB 45.58 39.78 34.95 23.45 19.24 13.26 16.97 10.87 10.38 11.69 

Sours: from Hexun bank data   

Profitability analysis is necessary for realize bank’s credit risk, the better 

profitability situation, the lower probability of default. We will analysis ROE as first 

necessary indicator to compare here. Through Table 3.14, CMSB had the highest ROE 

for the most years, the bank had 11.69% ROE in 2005 up to 45.58% in 2014, it increased 

a lot, it means the quickly speed of development for CMSB during past ten years. BBC 

got a relative lower increased speed, because the bank got the highest ROE equals to 

16.9% in 2014, and it was the lowest point comparing to other four banks in the same 

years.  

 



 

  26 

Chart 3.4 Return on Equity compare in past 10 years 

 

From chart 3.4 we can more clearly observe the five banks have the similar ROE 

increased lines from 2005 to 2011, after 2011, CMSB shown a stronger ROE year after 

year than other four banks. BBC keep a relative low ROE from 2007 to 2014, and BC, 

CCB, ICBC all had the medium level and kept stability increase. 

Table 3.15 Net interest margin compare in past 10 years (%) 

  2014 2013 2012 2011 2010 2009 2008 2007 2006 2005 

CCB 1.36 1.40 1.39 1.38 1.25 1.11 1.23 1.05 0.85 1.03 

ICBC 1.40 1.44 1.45 1.44 1.32 1.20 1.21 1.01 0.71 0.66 

BBC 1.22 1.23 1.19 1.17 1.14 1.09 1.00 1.10 0.95 0.72 

BC 1.08 1.11 1.18 1.19 1.08 1.01 1.19 1.08 0.81 0.74 

CMSB 1.26 1.34 1.41 1.4 1.09 0.98 0.8 0.77 0.59 0.54 

Sours: from Hexun bank data   

We will analysis net interest margin as the second indicator for profitability 

analysis here. Through Table 3.15, CCB and ICBC had a relative high level for net 

interest margin, then ICBC also had a good and stable situation about net interest margin, 

CCB shown a relative weak net interest margin after 2009 until 2014 compare with ICBC. 

BBC and BC always had the similar ratio during these years and CMSB had the lowest 

net interest margin in 2005 which was 0.54% but increased up to 1.34% in 2013, it means 

the bank development very quickly. 
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Chart 3.5 Net interest margin compare in past 10 years 

 

Through Chart 3.5, ICBS kept the highest net interest margin after 2008, BC had 

the relative level during the same period, CMSB and ICBC increased a lot from 2005 to 

2011, the chart shown ICBC had the best net interest margin. 

 

3.3 Summary 

Through the horizontal and vertical comparison to analysis, we can find CCB is 

the best bank of these five banks, CCB have the strong capital adequacy and assets 

quality, it represent the lowest credit risk. CCB and ICBC are the two largest commercial 

banks in China, they have a long history, the huge assets and stable profitability for these 

two banks also helps to measure the credit risk. Because the banks are very large, the 

credit risk management become quite difficult, the manager need to pat attention on each 

important items to control the credit risk of bank. 

BC and BBC are also very large banks in China, they shown a safety default credit 

from capital adequacy and assets quality, but these two banks have a relative high credit 

risk than CCB and ICBC, the development of these two banks relative slow than other 

three banks. 

CMSB shown the weakest financial indicators in the start year, and during that time, 

the credit risk was in a high level, but CMSB is the most quickly development bank, 

financial indicators shown a strong profitability ability and high capital adequacy and 

assets quality level in recent years, so the credit risk become lower. Now, CMSB present 
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a better ability to against credit risk than CCB and BC, but still weaker than CCB and 

ICBC. 

Through financial analysis for manage the credit risk in China, the control by 

government commercial banks which occupy high market shares have relative low 

default risk, where we separate into non-default through there indicators analysis, besides, 

the some famous foreign commercial banks in China also have relative low credit risk 

such as CITI group in Shanghai and JP Morgan in Beijing. Another side, some small size 

commercial banks, or the new and developing commercial banks in China have relative 

higher credit risk. The reason because of there exist the problems about high bad loans 

from small and middle size companies. The large banks always refuse borrow money to 

the developing companies in China, because there have high default risk, and the 

companies turn to ask for other smaller commercial banks help with the high interest rate, 

due to the higher credit risk for smaller commercial banks in China.  
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4. Assessment of Credit Risk in Selected Banks 

In this part, we will trying to use GaG models to estimate the chance of default for 

sample, later we need to create new three credit scoring models. Scoring models need our 

calculated important financial signs of banks then creating the model to estimate 

likelihood of default. Then, we will compare these three models and select one which is 

shows the best result for prediction of the banks default. Last, the new sample group 

based on past four years data since modeling year to test the accurate of three models. 

  

4.1 The preliminary analysis of the model 

In preliminary analysis part, we will work with sample selection and separate 

them into two groups, subsequent we need to find out which signals can be regard as 

independent boundary for the models. 

  

4.1.1 Selecting and dividing sample data  

We will select 36 Chinese commercial banks from 101 Chinese commercial banks 

which have public information as sample for model estimation in this subsection. First, 

we need to divided our sample of banks into two groups, group G is good sample group, 

which means the banks in this group are healthy and not default; besides, group B is bad 

sample group; which means the banks in this group are default. There also exist different 

several conditions to distinguish data into two groups. We tried to according to 

Standard&Poor rating of these banks to distinguish them for the first time, upper than 

double B belongs to non-default group and lower than double B belongs to default group. 

But we find these 36 banks all have relative good rating, so we need to find another 

method to deliver them.  

For the second method, we will find 7 important signs according to 16 signs which 

reference the profitability and capital adequacy and assets quality of banks. We calculate 

the mean value of these 7 indicators from 36 banks, than we check and comparing with 

the mean value for each of 7 indicators to find out the problem indicators (it is up to types 
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of indicators, for examples, for Return on average assets of bank, the problem indicator 

for one sample is shown lower than mean value and for Impaired loans to Gross loans, 

the problem indicator for one sample is shown higher than mean value). We will divided 

the sample into default group if the sample have more than 4 problem indicators, 

oppositely, if the sample exist less than 4 problem indicators, we can select it into non-

default group.    

  

4.1.2 Selection suited financial indicates 

The reliability of the model depends on the early warning analysis signs, to define 

the power of the variables is the primary problem to solve while modeling. Edward I. 

Altman point out two principles to choice financial signals as independent variables while 

estimate z scoring model: One is the frequencies appears of the index in the previous 

research, the second is  potential correlate with the research question. And according 

suggests to prediction model about the best predictive ability of a model is appropriate to 

record the financial statement one to two years before the day of default. So the financial 

indicators select in 2010 or 2011 annual reports.  Besides, based on the experience 

reference for others, we will follow the following principles in establishing the index: 

• Capital adequacy of banks. It is similar like solvency of companies, the capital 

adequacy present if the bank exist enough ability to repay debt timely. Higher capital 

adequacy of banks perhaps have lower likelihood of financial crisis and bankrupt, so here, 

independent variables must can reflect in financial indicators about capital adequacy of 

banks. 

•  Assets quality of banks. Assets quality must also be consider as independent 

variables because it can present the liquidity management from banks, bank managers 

concerned with the quality of their loans since that provides earnings for banks. A bad 

quality loan always will have higher chance of become a non-performing loan with no 

return. 

•  Efficiency of banks. The discretion of the bank's assets management efficiency 

reflects the bank's ability to use assets to earn income. It directly affects the bank's 
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performing results. Reflect the assets management efficiency and reflect the performing 

results of a set of index used together, it can comprehensively evaluate the profitability of 

the bank. 

• Profitability of banks. The profitability results the ultimate goal of the bank. 

Preforming of profitability is the basis condition for bank’s existence and development. A 

bank with high credit risk not only difficult to development, but also face high probability 

of bankrupt sooner. Therefore, the independent variables choose not only related to 

bank’s capital adequacy, but also more important item, bank's probability.  

•  Considering financial analysis prior study uses financial indicators. 

Predecessors' studied about financial indicators for scoring model had a certain scientific 

nature and rationality. 

The method for these financial indicators calculation will be shown at financial 

analysis part. Then we have work with sixteen financial indicators as independent 

variables that describe the financial, the signs which including capital adequacy, assets 

quality, efficiency, size and profitability of banks. Table 4.1 represents the mean of 

chosen indicators for two groups. 
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Table 4.1The mean values of indicators for non-default banks and default banks 

         Non-default banks                  Default banks 

fin. 

indicator 

mean 

value 

fin. 

indicator 

mean 

value 

fin. 

indicator 

mean 

value 

fin. 

indicator 

mean 

value 

1:1 Tx  7.26% TANLx  :9  54.72% 1:1 Tx  4.71% TANLx  :9  57.52% 

TCRx :2  9.54% GLLLRx  :10  2.09% TCRx :2  6.03% GLLLRx  :10  2.42% 

TAEQx  :3  4.38% NIRLLPx  :11  25.63% TAEQx  :3  3.82% NIRLLPx  :11  30.25% 

NLEQx  :4  8.35% ILLLRx  :12  112.78% NLEQx  :4  6.88% ILLLRx  :12  50.02% 

NIMx :5  2.49% GLPLx  :13  2.53% NIMx :5  2.52% GLPLx  :13  5.68% 

ROAAx :6  0.67% EQPLx  :14  33.81% ROAAx :6  0.31% EQPLx  :14  97.63% 

ROAEx :7  16.39% x15:LTA 10.964 ROAEx :7  9.01% x15:LTA 11.005 

CIRx :8  
42.25% x16:NIR AA 2.45% CIRx :8  

50.27% x16:NIR AA 2.20% 

Source: Author’s calculation 

To analysis T1 and TCR, we observe average capital adequacy for G group better 

than B group, the difference between TCR with T1 for G group is 2.2%, but the difference 

of these two is 1.52% for B group. Last five signals all about assets quality, G group still 

has better performing, for example PL GL is 2.53% in G group lower than 5.68% in B 

group and LLR IL is 112.78% in G group higher than 50.02% in B group. Through these 

mean value of several indicators, dividing the sample relative successful. Comparing 

profitability signs, NIM, ROAA and ROAE also higher in G group, and G group also has a 

better efficiency through the mean value of CIR which is 42.25% lower than 50.27% in B 

group. 
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4.2 GaG models 

We will using GaG models to estimate probability of default for all banks from the 

sample and provided. In Table 4.2, we provide the results about chance of default for 

GaG linear discrimination analysis and GaG logistical regression model. The cut off 

ratio is 0.56 for GaG linear discrimination analysis. GaG LDA provide zero probability 

of default for non-default banks, this is successful, but the model is not successful when 

estimate PD of LDA for default banks almost equal to zero. As for GaG Logit model, the 

mean value PD for default banks is 75.41%, it is fine but the PD for non-default banks is 

more than 50%.  

Table 4.2 Estimate mean values of z-score and PDs for GaG models 

non-default banks mean value default banks mean value 

z-score 12.30 z-score 11.21 

PD for LDA 0.00% PD for LDA 0.01% 

PD for Logit Model 54.56% PD for Logit Model 75.41% 

The detail results of GaG LDA and Logit model in Annex 1 and Annex 2. 

For GaG LDA model, based on cut-off value is 0.56, the mean value of z-scores 

has the similar level for two groups. The highest and the lowest z-score value are 17.64 

and 8.21 in non-default banks group, 14.20 and 8.28 in default group, other samples also 

the value during these value. From the result, GaG LDA model can’t discrimination the 

default bank. Because of we existing big difference for several parameters in the work 

between U.S. banks and Chinese banks as well as we also have the different way to 

divide the sample of banks into two groups.  

So, in Table 4.3 we show the mean value of the independent variables for two 

sample data group. U.S. non-default group has the obvious better position than default 

group for these five parameters. But Chinese sample do not shown obvious compare 

between two groups. For example, mean value of non-default group LTA higher almost 4 

than default group in U.S. sample, but lower a bit than default group in Chinese sample. 
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Table 4.3 Compare the mean value of independent variables 

  Parameters non-default banks default banks 

U.S. banks 

LTA 15.80 11.91 

ROAA 1.14% -4.31% 

IE II 37.87% 55.43% 

PL GL 3.71% 15.15% 

EQ TA 10.92% 5.58% 

Chinese banks 

LTA 10.96 11.01 

ROAA 0.67% 0.31% 

IE II 42.25% 50.27% 

PL GL 2.53% 5.68% 

EQ TA 4.38% 3.82% 

          The PD for each sample almost concentrating on lower than 5% or higher than 

95% in GaG Logit model. But the reason lead to high PD in non-default group is there 

exist high chance of type I error while estimating, and causes the mean value of non-

default group 54.56%.   

Due to GaG models were not suit estimate chance of default for our sample, we 

need to create new credit scoring models in next part. 

 

4.3 New Scoring Models  

We will work with three types of credit scoring models with statistic test in this 

part-linear discrimination analysis model, linear probabilistic model and logistical 

regression model.   

 

4.3.1 Linear Discrimination Analysis model 

We will have linear discrimination analysis as first model to estimate credit risk, 

for discriminate the non-default group and default group, we set depend variable Y equals 

to 0 for non-default group and Y equals 1 for default group. The model, we will use 

statistical software SPSS to analysis the sample, the results as follow:   
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Table 4.4 Testing missing data  

Analysis Case Processing Summary 

Unweighted Cases       N         Percent 

Valid 36 100.0 

Excluded 

Missing or out-of-range group codes 0 .0 

At least one missing discriminating 

variable 
0 .0 

Both missing or out-of-range group 

codes and at least one missing 

discriminating variable 

0 .0 

Total 0 .0 

Total 36 100.0 

Firstly, we can find there is no missing data in our linear discrimination analysis 

from Table 4.4. 

Table 4.5 Wilk’s Lambda test for each selected independent variable  

Tests of Equality of Group Means 

 Wilks' Lambda F df1 df2 Sig. 

X1 .586 
24.06

9 
1 34 .000 

X2 .523 
30.95

4 
1 34 .000 

X7 .729 
12.63

3 
1 34 .001 

X10 .970 1.057 1 34 .311 

X11 .979 .742 1 34 .395 
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In Table 4.5, we find x1, x2, x7 have higher Wilk’s Lambda than x10, x11, it means x1, 

x2, x7 have higher discrimination ability than x10, x11, so they are important for our 

discrimination analysis, because the smaller Wilks's lambda, the more important 

independent variables to the discriminant function. Through analysis significant value, 

because the values of x10, x11 are higher than 5%, we need to remove these availables in 

next step’s analysis.   

Table 4.6 Summary of Canonical Discriminant Functions 

Eigenvalues 

Function Eigenvalue % of Variance Cumulative % Canonical Correlation 

1 
1.68

4
a
 

100.0 100.0 .792 

a. First 1 canonical discriminant functions were used in the analysis. 

              In Table 4.6, the Eigenvalue is 1.684, it means there have the different in the 

dependent variable explained by our function, and canonical correlation is 0.792 means 

the relative high Pearson's correlation between the discriminant scores wiht two the 

groups.   

Table 4.7 Wilk’s lambda test 

Wilks' Lambda 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 .373 
32.0

88 
3 

.0

00 

Table 4.7 shown a relative low Wilks’ Lambda, it present a relative high 

discriminatory ability of the function. Chi-square statistic test value is 32.088 and the 

significant value is 0.000 lower than 5%, so our discrimination analysis is significant.  
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Table 4.8 LDA function coefficiets  

Canonical Discriminant Function 

Coefficients 

 Function 

1 

X2 448.326 

X7 .9.742 

X10 -52.085 

(Constant) -4.112 

Unstandardized coefficients 

From Table 4.8, we can get the linear discriminant function for estimating z-score 

as follow: 

                  11.4-09.5274.933.48 ,10,7,2 iiii xxxz  , 

where x2, x7, x10 denotes TCR (Total capital ratio),ROAE (Return on average assets) and 

LLR GL (Loan loss reverse on Gross loans),respectively. 

Then we can calculate the result of z-score and probability of default each sample 

by using SPSS.  
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Table 4.9 z-score and PD of linear discrimination analysis 

Non-default banks (Y=0) Zi PD Default banks (Y=1) Zi PD 

Bank of Beijing Co Ltd 0.529 10.79% 
Changsha City Commercial Bank 

Co., Ltd 
-0.28 49.52% 

Bank of Communications Co. 

Ltd 
1.807 0.44% China CITIC Bank -0.012 32.91% 

Bank of Shanghai 1.759 0.50% China Everbright Bank -3.684 99.99% 

China Development Bank 1.45 1.11% Dalian City Commercial Bank -3.061 99.92% 

China Merchants Bank Co Ltd 0.346 16.27% HUA xia Bank 0.004 32.02% 

China Minsheng Banking 

Corporation 
1.11 2.62% Jinan City Commercial Bank -1.584 96.62% 

Commercial Bank Co Ltd of 

Luoyang 
1.551 0.85% JZ City Commercial Bank -0.577 67.90% 

Dongying City Commercial 

Bank 
0.934 4.07% 

YZ Bank-Ningbo Yinzhou Rural 

Cooperative Bank 
-2.518 99.69% 

Hangzhou City Commercial 

Bank 
0.992 3.52% 

Yangzhou City Commercial Bank 

Ltd 
-0.416 58.25% 

Industrial Bank Co Ltd 0.86 4.88% Xi'an City Commercial Bank -1.153 90.36% 

Jiujiang City Commercial Bank 

Co Ltd 
0.278 18.80% 

Wenzhou City Commercial Bank Co 

Ltd 
-1.914 98.54% 

Nanchang City Commercial 

Bank 
1.022 3.27% 

Shenzhen Development Bank Co., 

Ltd 
-3.81 99.99% 

Nanjing City Commercial Bank 2.003 0.27% Shenzhen Commercial Bank -2.765 99.84% 

Nantong City Commercial 

Bank Co Ltd 
1.516 0.93% Shanghai Rural Commercial Bank -0.363 54.88% 

Ningbo Commercial Bank 1.711 0.57%       

Panzhihua City Commercial 

Bank Co Ltd 
0.463 12.56%       

Rural Credit Cooperatives 

Union of Shunde 
1.134 2.47%       

Shanghai Pudong Development 

Bank 
-0.037 34.32%       

Zibo City Commercial Bank 0.79 5.80%       

Xiamen International Bank 2.004 0.27%       

Tianjin City Commercial Bank -0.001 32.30%       

Suzhou City Commercial Bank 

Co Ltd 
-0.086 37.27%       

Mean value 1.006 8.81% Mean value -1.581 77.12% 
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Table 4.10 Prediction correct percentage 

Classification Results
a
 

    
Y 

Predicted Group 
Membership Total 

    0 1 

Original 

Count 
0 22 0 22 

1 3 11 14 

% 
0 100 0 100 

1 21.4 78.6 100 

a. 91.7% of original grouped cases correctly classified. 

From Table 4.10, we regard the early cut value is 0.5, so the predicted correct 

percentage for non-default group is 100% and 78.6% for default group, the overall 

correct percentage is 91.7% for predicting, the result is satisfied. 

 

4.3.2 Linear Probabilistic Model 

The second method we will use is linear probabilistic model, we regard 22 banks 

as non-default group matching the dependent variable Y equals 0, others 14 banks as 

default group which dependent variable equals 1. According to the model, we are using 

statistical software SPSS to analyze the sample, the output start as Table 4.11. 

Table 4.11 Selection variables enter in function 

Variables Entered/Removed
a
 

Model Variables Entered Variables Removed Method 

1 X1 . 
Stepwise (Criteria: Probability-of-
F-to-enter <= .050, Probability-
of-F-to-remove >= .100). 

2 X7 . 
Stepwise (Criteria: Probability-of-
F-to-enter <= .050, Probability-
of-F-to-remove >= .100). 

a. Dependent Variable: Y 
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We are using Stepwise method for linear regression analysis. We selected x1, x7, 

x12, x13 enter the function firstly, the P-value of F-test less than 0.05 of the independent 

variable is entered into regression equation. Due to P-value from the regression equation 

is greater than 0.1, we removed the variable x12 and x13. The independent variables into 

the regression equation are: x1 (Tier 1 ratio) enter in regression function and become 

model 1, then basis on model 1, we let x7 (ROAE) also enter in regression function and 

setting as model 2. 

Table 4.12 F-test 

Model Summary
c
 

Model R R Square Adjusted R Square Std. Error of the Estimate 

1 .644
a
 .414 .397 .384 

2 .754
b
 .568 .542 .335 

a. Predictors: (Constant), X1 

b. Predictors: (Constant), X1, X7 

c. Dependent Variable: Y 

In Table 4.12, the R Square as the coefficient of determination of F-test, the fourth 

column as the adjusted R Square. With the increase of the number of independent 

variables R Square coefficient values, the value of the adjusted R Square coefficient are 

increasing, the regression equation of estimated standard error decreases, shows that the 

introduction of the independent variable on the dependent variable of explanation has 

significant contribution, it should be retained in the regression equation. At the same time, 

the second the fit of the regression equation of R Square is 0.568, better than the first one, 

and the overall estimate of error value is smaller too. 
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Table 4.13 ANOVA 

ANOVA
a
 

Model 
Sum of 

Squares 
df 

Mean 
Square 

F Sig. 

1 

Regression 3.546 1 3.546 24.069 .000
b
 

Residual 5.009 34 0.147     

Total 8.556 35       

2 

Regression 4.86 2 2.43 21.696 .000
c
 

Residual 3.696 33 0.112     

Total 8.556 35       

a. Dependent Variable: Y 

b. Predictors: (Constant), X1 

c. Predictors: (Constant), X1, X7 

Table 4.13, in the second column of three rows respectively Regression, Residual 

and Total. The third column as degrees of freedom, the fourth column is the result of the 

second column divided the third column. As we can see, with the one more independent 

variables enter in the model, the mean square error in reducing, shows that the helpful of 

the independent variable to explain the dependent variable. In addition, the two model 

significant value less than 5%, means F-test proved that all the independent variables of 

regression coefficient is not zero at the same time, there is a linear relationship between 

the dependent variable and the independent variable of all, we can use a linear model. 

Table 4.14 Excluded variables analysis 

Excluded Variables
a
 

Model Beta In t Sig. 
Partial 

Correlation 

Collinearity 
Statistics 

Tolerance 

1 

X7 -40.1
b
 -3.425 0.002 -0.512 0.954 

X12 -20.4
b
 -1.44 0.159 -0.243 0.83 

X13 31.7
b
 2.389 0.023 0.384 0.859 

2 
X12 -15.7

c
 -1.251 0.22 -0.216 0.819 

X13 21.4
c
 1.709 0.097 0.289 0.789 

a. Dependent Variable: Y 

b. Predictors in the Model: (Constant), X1 

c. Predictors in the Model: (Constant), X1, X7 
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Looking at Table 4.14 model 1, the second column means if we enter x7 (ROAA) 

in the next step, then it will be standardized regression coefficients of -40.1. The third and 

fourth column means if enter x7 (ROAA) in the next step, it is significance test of 

regression coefficients of t value and the corresponding probability are -3.425 and 0.002 

respectively. The fifth column represents partial correlation coefficient is -0.512 between 

x7 (ROAA) with the dependent variable. The sixth column is the tolerance of collinearity 

inspection, independent variables have a greater tolerance, shows that the less collinearity 

between independent variable and other independent variables. In this step, x7 (ROAA)’s 

tolerance is 0.954. The rules for judging the independent variable enter the equation is: 

first compared t-value, the second is chose partial correlation coefficient, the last is 

compare tolerance, all the higher value first into the equation. 

Table 4.15 Coefficients in the function 

Coefficients
a
 

Model 

Unstandardized 
Coefficients 

Standardized 
Coefficients 

t Sig. 

B Std. Error Beta 

1 
(Constant) 1.41 0.218   6.475 0 

X1 -16.292 3.321 -0.644 -4.906 0 

2 

(Constant) 1.656 0.203   8.158 0 

X1 -14.17 2.964 -0.558 -4.764 0 

X7 -2.828 0.826 -0.401 -3.425 0.002 

a. Dependent Variable: Y 

           Table 4.15, we get the coefficients of the function. The second column is 

regression model of each variable regression coefficient, the third column as regression 

coefficient of standard deviation. The fourth column as a standardized regression 

coefficients, and the fifth, the sixth column respectively the significance test of regression 

coefficients t statistic value and its corresponding with probability value, from the 

numerical point of view of the two model significance level are less than the significance 

level of 5%, so we reject to regression coefficient significance test of the null hypothesis, 

that the regression coefficient have significant difference with zero.  
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Finally we get the linear regression model functions: 

                          ii xxP ,7,1 2.83-17.14-66.1 , 

where x1 and x10 denotes T1(Tier 1 ratio) and ROAE (Return on average assets), 

respectively. We take cut value of 0.5, using the linear regression results of analysis of 

samples, and the results are as follows: 

 

Table 4.16 Prediction of probability of default in linear regression model 

Non-default banks PD Non-default banks PD Default banks PD 

Bank of Beijing Co Ltd 55.40% Ningbo Commercial Bank 6.56% 
Changsha City Commercial 

Bank Co., Ltd 
21.53% 

Bank of Communications 

Co. Ltd 
1.57% 

PZH City Commercial Bank 

Co Ltd 
31.76% China CITIC Bank 30.76% 

Bank of Shanghai 2.93% 
Rural Credit Cooperatives 

Union of Shunde 
12.82% China Everbright Bank 91.03% 

China Development Bank 9.42% 
SH Pudong Development 

Bank 
59.09% 

Dalian City Commercial 

Bank 
100% 

China Merchants Bank 

Co Ltd 
41.25% Zibo City Commercial Bank 22.83% HUA xia Bank 56.99% 

China Minsheng Banking 

Corporation 
42.18% Xiamen International Bank 0% Jinan City Commercial Bank 73.27% 

Commercial Bank Co Ltd 

of Luoyang 
0% 

Tianjin City Commercial 

Bank 
43.01% 

Jinzhou City Commercial 

Bank 
52.96% 

Dongying City 

Commercial Bank 
7.38% 

Suzhou City Commercial 

Bank Co Ltd 
27.52% 

NB-YZRural Cooperative 

Bank 
98.34% 

HZ City Commercial 

Bank 
0%     YZ-City Commercial Bank  59.13% 

Industrial Bank Co Ltd 33.56%     Xi'an City Commercial Bank 80.35% 

JJ City Commercial Bank 

Co Ltd 
11.82%     

WZ City Commercial Bank 

Co Ltd 
90.08% 

NC City Commercial 

Bank 
25.00%     SZ Development Bank Co. 95.98% 

NJ City Commercial 

Bank 
1.54%     Shenzhen Commercial Bank 95.30% 

NT City Commercial 

Bank  
0%     SH Rural Commercial Bank 77.22% 

Mean 16.41% Mean 73.34% 

   

While the results, there exist several PD less than 0 or more than 1: Commercial 

Bank Co Ltd of Luoyang, Hangzhou City Commercial Bank and Nantong City 

Commercial Bank Co Ltd all have negative probability; Dalian City Commercial Bank’s 

probability higher than 1, following the PD must between 0 to 1, we using the limit 
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values to substitution. The mean value of probability for non-default banks is 17.15% and 

for default banks is 72.04%. Through Table 4.16, the result of sample analysis for two 

groups in linear regression model let we satisfy.  

We also get conclusion through the regression function, the higher x1 (T1) and x7 

(ROAE) will help for the lower probability of default, the T1 and ROAE represent the 

capital adequacy and profitability of the banks, the default banks all have relative lower 

value in T1 and ROAE, the better situation in capital adequacy and profitability means 

the lower credit risk for the bank from our result. And T1 have a powerful influence for 

estimate probability of default than influence from ROAE in our function. 

 

4.3.3 Logistical Regression Model 

Similar with the linear regression model, we still regard non-default banks group 

with depend variable Y equals 0, and default banks group with depend variable Y equal 

to 1. 

Table 4.17 Partial correlations between independent variables and depend variable 

Variables Partial correlation 

coefficient  

Variables Partial correlation 

coefficient  

x11 :LLP NIR -0.386 x10: LLR GL 0.345 

x16:NIR AA -0.3 x12:LLR IL 0.280 

x15:LTA -0.216 x13:IL GL 0.206 

x1:T1 0.194 x2:TCR 0.177 

x14:IL TE -0.112 x7:ROAE 0.088 

x6:ROAA -0.086 x5:NIM 0.085 

x9:NL TA -0.079 x3:TE TA 0.077 

x4:TE NL 0.049 x8:CIR 0.023 

In order to eliminate effect of not related or not sensitive factors with the 

dependent variable in statistical sense, we will have partial correlation analysis of 

samples firstly. Partial correlation analysis is a certain correlation between independent 
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variable and one dependent variable which is eliminated all the other variables. The 

results of the analysis are as Table4.17. 

Through the partial correlation coefficient analysis, we will chose higher partial 

correlation with depend variable which are x11 , x10, x16, x12, x15 firstly, because x11 and 

x16 have a very high correlation, after comparing, we will keep the higher partial 

correlation variable that is x11. Now we will put x11 , x10, x12, x15 in logistic regression 

model by using SPSS, result as follow: 

Table 4.18 Case processing summary 

Case Processing Summary 

Unweighted Cases N Percent 

Selected Cases 

Included in Analysis 36 100 

Missing Cases 0 0 

Total 36 100 

Unselected Cases 0 0 

Total 36 100 

Table 4.18 said our model chose will analysis 36 unweighted observed quantities. 

The data show that the model has no missing data. 

Block 0: Beginning Block 

Table 4.19 Overall predict correct percentage 

Classification Table
a,b

 

  

Observed   

  

Step 0 

Y 

Overall Percentage 

a. Constant is included in the model. 

b. The cut value is .500 

In Table 4.19, we analysis the frequency distribution of sample, the dependent 

variable of Y equals to 0 have 22 samples, and dependent variable of Y equals to 1 have 

14 samples. The constant is included in the model and the acquiescent cut value is 0.5. 
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Table 4.20 Only constant enter in the equation 

Variables in the Equation 

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

Step 0 Constant -0.452 0.342 1.748 1 0.186 0.636 

Table 4.20 means variables enter in the regression equation firstly is the constant 

term. 

Table 4.21 Variables not in equation 

Variables not in the Equation 

  Score df Sig. 

Step 0 

Variables 

X10 1.085 1 0.3 

X11 0.769 1 0.4 

X12 6.807 1 0 

X15 0.005 1 0.9 

Overall Statistics 9.605 4 0 

Table 4.21 means others variables not enter in the regression equation, we can find 

there have score, degree of freedom and significant value after the variables. Score test 

for judge relationship between independent variable and dependent variable, so here the 

highest score is 6.807 from x12, we will enter x12 firstly in next step. 

Table 4.22 shown chi-squares, degree of freedom and significant value in 

Omnibus test, we using EXCEL to enter formula “CHIINV(0.05,4)” to get the critical 

value equals to 9.488, and our Chi-squares is 16.407 in step 1 higher than 9.488, and 

significant value also less than 5%, so we can reject null hypothesis. We can continue 

using the coefficient for variables in our model. 
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Block 1: Method = Backward Stepwise (Wald) 

Table 4.22 Omnibus test 

Omnibus Tests of Model Coefficients 

  Chi-square df Sig. 

Step 1 

Step 16.407 4 0.003 

Block 16.407 4 0.003 

Model 16.407 4 0.003 

Step 2
a
 

Step -0.413 1 0.521 

Block 15.994 3 0.001 

Model 15.994 3 0.001 

Step 3
a
 

Step -2.499 1 0.114 

Block 13.495 2 0.001 

Model 13.495 2 0.001 

a. A negative Chi-squares value indicates that the Chi-squares value has decreased from the previous 
step. 

Table 4.23 shown in second column, R is multiple correlation coefficients for the 

dependent variable with all the independent variables, likelihood test is for estimate 

model’s fitting effect, through Table 4.23, the critical value is 9.488, out three likelihood 

values all higher than 9.488, so we can reject null hypothesis. The values of fourth 

column’s Nagelkerke R Square higher than the values of third column’s Cox & Snell R 

Square because of Nagelkerke R Square is after adjustment, so we can ive priority to with 

it. It also present our model’s fitting efficient, in step 1 we get the highest Nagelkerke R 

Square which is 0.496. 

Table 4.23 likelihood ratio test 

Model Summary 

Step -2 Log likelihood Cox & Snell R Square Nagelkerke R Square 

1 31.707
a
 0.366 0.496 

2 32.120
a
 0.359 0.487 

3 34.619
a
 0.313 0.424 

a. Estimation terminated at iteration number 6 because parameter estimates changed by less than .001. 
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Table 4.24 Hosmer and Lemeshow test 

Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 3.602 7 0.824 

2 3.661 7 0.818 

3 2.7 7 0.911 

We still using EXCEL to calculate critical value equals 14.067 with degree of 

freedom 7, the three Chi-squares in Table 4.24 all lower than 14.067, so we also passed 

Hosmer and Lemeshow test, the significant value also higher than 5%, we also can regard 

we passed the test. 

Table 4.25 Prediction correct percentage of probability of default 

Classification Table
a
 

  

Observed 

Predicted 

  Y 
Percentage Correct 

  0 1 

Step 1 
Y 

0 19 3 86.4 

1 4 10 71.4 

Overall Percentage     80.6 

Step 2 
Y 

0 18 4 81.8 

1 4 10 71.4 

Overall Percentage     77.8 

Step 3 
Y 

0 19 3 86.4 

1 5 9 64.3 

Overall Percentage     77.8 

a. The cut value is .500 

Table 4.25 shown the predicted results for three models, the model 1 including 

four variables have the highest value of predicted percentage correct equals 80.6% with 

the cut value is 0.5, other two steps both have 77.8% overall percentage.  
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Table 4.26 Variables not in equation 

Variables not in the Equation 

  Score df Sig. 

Step 2
a
 

Variables X15 0.421 1 0.517 

Overall Statistics 0.421 1 0.517 

Step 3
b
 

Variables 
X11 2.365 1 0.124 

X15 0.005 1 0.942 

Overall Statistics 2.723 2 0.256 

a. Variable(s) removed on step 2: X15. 

b. Variable(s) removed on step 3: X11. 

Table 4.26 shown the variables not in the equation, from step 3 we can find x15 

have the highest significant value, so we must keep remove x15 in step 2, and enter x11 in 

step 2 because of the lower significant value which equals 0.124, step 1 enter all the 

variables. 

Table 4.27 Coefficients in equation 

Variables in the Equation 

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

Step 1
a
 

VAR00010 103.476 55.464 3.481 1 0.062 8.69E+44 

VAR00011 -6.957 4.442 2.453 1 0.117 0.001 

VAR00012 -4.795 1.79 7.174 1 0.007 0.008 

VAR00015 -0.202 0.315 0.41 1 0.522 0.817 

Constant 4.891 4.75 1.06 1 0.303 133.118 

Step 2
a
 

VAR00010 100.888 56.462 3.193 1 0.074 6.53E+43 

VAR00011 -5.78 3.891 2.207 1 0.137 0.003 

VAR00012 -4.623 1.765 6.864 1 0.009 0.01 

Constant 2.249 2.077 1.172 1 0.279 9.476 

Step 3
a
 

VAR00010 98.939 54.58 3.286 1 0.07 9.30E+42 

VAR00012 -3.265 1.311 6.201 1 0.013 0.038 

Constant -0.343 1.051 0.106 1 0.744 0.71 

a. Variable(s) entered on step 1: VAR00010, VAR00011, VAR00012, VAR00015. 

Table 4.27 is the last part of our processing, because we will using step 1 model 

finally, so we focus more on step 1, we will find a interesting situation: expect x12, the 

significant value of x10 , x11,  x15 all higher than 5%, but SPSS did not remove them. For 

this situation, because the previous test, we passed Omnibus test, Likelihood test and 
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Hosmer Lemeshow test, we can do not just use 5% to limit the significant value for the 

Wald test. The final function is: 

iiiii xxxxW ,15,12,11,10 202.078.496.648.103897.4  , 

where x10, x11, x12 and x15 denotes LLR GL(Loan loss reserves on Gross loans), LLP 

NIR(Loan loss provision on Net income revenue), LLR IL(Loan loss reserve on 

Impairment losses), LTA(Logarithm of total assets), respectively. Through formula，we 

get:  

15121110 202.078.496.648.103897.41

1
xxxxi

e
P


 . 

According to the function we can estimate the probability of default for the 

samples, the result as following table: 
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Table 4.28 Probability of default by logistical regression model  

Non-default banks PD Non-default banks PD Default banks PD 

Bank of Beijing Co Ltd 29.26% Ningbo Commercial Bank 0.00% 

Changsha City 

Commercial Bank Co., 

Ltd 

75.97% 

Bank of Communications 

Co. Ltd 
49.21% 

PZH City Commercial 

Bank Co Ltd 
0.63% China CITIC Bank 71.44% 

Bank of Shanghai 22.06% 
Rural Credit Cooperatives 

Union of Shunde 
45.75% China Everbright Bank 91.61% 

China Development Bank 0.80% 
SH Pudong Development 

Bank 
5.32% 

Dalian City Commercial 

Bank 
59.99% 

China Merchants Bank Co 

Ltd 
6.90% 

Zibo City Commercial 

Bank 
20.33% HUA xia Bank 45.73% 

China Minsheng Banking 

Corporation 
12.51% 

Xiamen International 

Bank 
18.01% 

Jinan City Commercial 

Bank 
40.13% 

Commercial Bank Co Ltd 

of Luoyang 
32.87% 

Tianjin City Commercial 

Bank 
19.20% 

Jinzhou City Commercial 

Bank 
78.42% 

Dongying City Commercial 

Bank 
4.36% 

Suzhou City Commercial 

Bank Co Ltd 
0.22% 

NB-YZRural Cooperative 

Bank 
77.30% 

HZ City Commercial Bank 0.49%     
YZ-City Commercial 

Bank  
52.05% 

Industrial Bank Co Ltd 21.25%     
Xi'an City Commercial 

Bank 
80.56% 

JJ City Commercial Bank 

Co Ltd 
6.02%     

WZ City Commercial 

Bank Co Ltd 
32.12% 

NC City Commercial Bank 55.12%     
SZ Development Bank 

Co. 
87.32% 

NJ City Commercial Bank 61.63%     
Shenzhen Commercial 

Bank 
75.26% 

NT City Commercial Bank  96.17%     
SH Rural Commercial 

Bank 
23.60% 

Mean 23.11% Mean 63.28% 

 

4.4 Comparison and results of the estimated models 

Firstly, we listed three estimated model in Table 4.29, the table include the 

independent variables in function, R
2 

and the probability of default. 
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Table 4.29 Comparing credit scoring models  

 Linear discrimination 

analysis model 

Linear regression 

model 

Logistical regression 

model 

Number of variables 3 2 4 

Independent 

variables 

x2 (TCR),  

x7 (ROAE),  

x10 (LLR GL) 

x1 (T1), 

x10 (ROAE)  

x10 (LLR GL), 

x11 (LLP NIR), 

x12 (LLR IL), 

x15 (LTA) 

R square 0.792 0.568 0.496 

Mean value of 

probability of default 

Non-

default 

banks 

Default 

banks 

Non-

default 

banks 

Default 

banks 

Non-

default 

banks 

Default 

banks 

8.81% 77.12% 16.41% 73.33% 23.11% 63.68% 

Kinds of tests  Wilks' lambda F-test, 

Chi-square test   

t-test,  

F-test 

Omnibus test, 

likelihood ratio test, 

Hosmer and 

Lemeshow test, 

Wald test 

From Table 4.29, we can find logistical regression model have four indicators in 

function more than linear discrimination analysis’s three indicators and linear regression  

Although logistical regression model contains four indicators, but its explanatory 

power is lower (0.496) than other two models. The highest R square is 0.792 for linear 

discrimination analysis, shown the best situation of explanatory power, then is linear 

regression model has R square equals to 0.568. 

At the same time, linear discrimination analysis shown the best prediction of 

default in the three models, the mean value of non-default banks equal to 8.81%, and 

mean value of default banks which is 77.12%. The mean values 23.11% and 63.68% for 

two groups in logistical regression model and 17.15% and 72.04% for linear regression 

model. We also can find linear discrimination analysis model have the higher difference 

between mean values for probability of default for two groups, comparing logistical 

regression model, they have a relative narrow difference between mean values of 
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probability of default. 

Compared the methods for test, for linear discrimination analysis, we need to test 

while there exist or not more than two groups are significantly different from each other 

with respect to the mean of a particular variable, so we use Wilks' lambda F-test 

(MANOVA), besides, we also through chi-square test to make sure there is significant 

difference between the expected and observed result. Similar with linear regression 

model, we need to test two groups are significantly different from each other with respect 

to the mean of a particular variable, so we use F-test (ANOVA), and using t-test for 

testing the difference between mean values of indicators is significant. For logistical 

regression model, we expect to use chi-square test, we also use Hosmer and Lemeshow 

test and likelihood ratio test, testing for goodness of fit for logistical regression model, 

and Wald test is similarly to test the true value of the parameter based on the sample 

estimate. 

Figure 4.1 Estimate probability of default in linear discrimination analysis 
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Figure 4.2 Estimate probability of default in linear regression model 

 

Figure 4.3 Estimate probability of default in logistical regression model 

 

The three figures show us the scatter distribution chart for three models about 

predicted probability of default in non-default banks and default banks. The x-axis 

represents the number of banks we will analysis, and the y-axis represents the prediction 

probability of default. The Figure 4.1 represent the linear discrimination analysis model, 

we can find the better scatter distribution about probability of default in two groups, the 
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difference between two groups higher than other two models. From the scatter 

distribution, we can find linear discrimination analysis model shown a better situation.  

Table 4.30 For estimated Linear discrimination analysis model with different cut value 

Cut 

value 

Non-default banks Default banks Overall 

percentag

e correct observed predicted 
Percentage 

Correct 
observed predicted 

Percentage 

Correct 

70% 22 22 100 14 8 57.14 83.33 

50% 22 22 100 14 11 78.57 91.67 

30% 22 19 86.36 14 14 100 91.66 

10% 22 15 68.18 14 14 100 80.55 

5% 22 14 63.64 14 14 100 77.78 

1% 22 7 31.82 14 14 100 58.33 

            mean 80.55 

Table 4.31 For estimated Linear probabilistic model with different cut value 

Cut 

value 

Non-default banks Default banks Overall 

percentag

e correct 
observe

d 

predicte

d 

Percentage 

Correct 

Observe

d 

predicte

d 

Percentage 

Correct 

70% 22 22 100 14 9 64.29 86.11 

50% 22 20 90.91 14 12 85.71 88.89 

30% 22 15 68.18 14 12 85.71 75 

10% 22 9 40.91 14 14 100 63.89 

5% 22 7 31.82 14 14 100 58.34 

1% 22 4 18.18 14 14 100 50 

            mean 70.37 

Table 4.32 For estimated Logistical Model with different cut value 

Cut 

value 

Non-default banks Default banks Overall 

percentage 

correct observed predicted 
Percentage 

Correct 
observed predicted 

Percentage 

Correct 

70% 22 21 95.5 14 8 57.1 80.6 

50% 22 19 86.4 14 10 71.4 80.6 

30% 22 16 72.7 14 13 92.9 80.6 

10% 22 13 40.9 14 14 100 63.9 

5% 22 6 27.3 14 14 100 55.6 

1% 22 5 22.7 14 14 100 52.8 

            mean 69.02 
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Table 4.30, 4.31 and 4.32 describe the different predicted percentage of correct for 

non-default banks and default banks with the 70%, 50%, 30%, 10%, 5% and 1% cut 

value. It means while cut value is 70%, we predicted the probability of default lower than 

70% in non-default group are correct, and predicted probability of default higher than 

70% in default group are correct, for example, in logistics model there have 21 banks in 

non-default group shown probability of default lower than 70%, so the percentage correct 

equals predicted number divided by observed number which is 95.5%, oppositely, the 

correct predicted 8 default banks in default group which have 14 banks, so the percentage 

is 57.1%. Lastly, we use the weights for non-default group and default group times the 

percentage correct to get the overall percentage correct. 

With the higher cut value, three model’s predicted percentage of correct is 

decrease in non-default banks group but increase in default banks group. And during last 

column, we also shown the overall predicted percentage of correct, linear discrimination 

analysis model have the relative high mean value of the overall predicted percentage of 

correct equal to 80.55%, and logistical regression model and linear regression model have 

a similar level about mean value which are 69.02% and 70.37%.  

The purpose of calculate Table 4.30, 4.31 and 4.32 here is shown several points of 

ROC curve, ROC curve is very helpful for measure of model’s quality prediction. 

Figure 4.4 Comparing credit scoring models through ROC curve 
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In Figure 4.4, x-axis represents specificity, we regard Type II error here, it is 

relation of default incorrect classified with total default group (the incorrect predicted 

percentage of probability of default banks), and y-axis represents sensitivity, we regard 1-

Type I error here, it is the correct predicted percentage of probability of non-default 

banks. The more ROC curve is closer to left up side of chart, the more area of the ROC 

curve, and more effective of our model to estimate predicted probability of default, so we 

can as well as through the higher value of ROC curve area to measure which model have 

the best discrimination power. From our Figure, we can find linear discrimination 

analysis has the best ability. 

Table 4.33 Analysis ROC curve 

Area Under the Curve 

Test Result 
Variable(s) 

Area Std. Error
a
 Asymptotic Sig.

b
 

Asymptotic 95% Confidence 
Interval 

Lower 
Bound 

Upper 
Bound 

Linear discrimination 
analysis ROC 

0.984 0.016 0 0.953 1 

Linear regression 
model ROC 

0.922 0.046 0 0.833 1 

Logistical regression 
model ROC 

0.883 0.057 0 0.771 0.995 

a. Under the nonparametric assumption 

b. Null hypothesis: true area = 0.5 

From Table 4.33, we can find linear discrimination analysis model have the 

highest area of ROC curve, so it is the best model to predict of banks default in our 

sample data. For linear regression model, it also has a high area of ROC curve, so we can 

say it is also a good model to predict probability of default. Logistical regression model 

had the lowest area of ROC curve, the area equal to 0.883 and the highest standard error. 

We assume null hypothesis is true area equal to 0.5, and hypothesis one is true area 

higher than 0.5, our three model’s ROC curve area all higher than 0.5, so the three 

models all passed asymptotic test, and they have power of significant for estimate 

probability of default for banks. 
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4.5 Accurate test for predicted models 

There is a gradual deterioration process of the bankruptcy for any companies with 

financial crises, predict early of the financial crisis will win for time to take measures to 

avoid risks for all parties. So we will predict how long the effective time of predicting, 

the data for predicting from 18 Chinese commercial banks where 10 banks for no-default 

and 8 banks for default in one to four years before the sample data. We regard cut value 

as 50% and the results as following Table: 

Table 4.34 Prediction result for four years in three models 

    non-default banks default banks 
overall 

percentage 

Time   observed predicted correct observed predicted correct   

before 1 

year 

LDA 10 10 100% 8 6 75% 88.90% 

LRM 10 9 90% 8 6 75% 83.30% 

Logit 

Model 
10 5 50% 8 6 75% 61.10% 

before 2 

years 

LDA 10 10 100% 8 5 63% 83.30% 

LRM 10 10 100% 8 2 25% 66.70% 

Logit 

Model 
10 3 30% 8 7 88% 55.60% 

before 3 

years 

LDA 10 9 90% 8 4 50% 72.20% 

LRM 10 9 90% 8 3 38% 66.70% 

Logit 

Model 
10 3 30% 8 7 88% 55.60% 

before 4 

years 

LDA 10 9 90% 8 1 13% 55.60% 

LRM 10 9 90% 8 4 50% 72.20% 

Logit 

Model 
10 1 10% 8 8 100% 50.00% 

The result shown in Table 4.34, linear discrimination analysis and linear 

regression model have a powerful ability in predicting non-default banks and efficient 

predict period would more than four years. Oppositely, Logit model get a better result in 

predicting default banks. From the results in overall percentage, the three models all 

shown the weaker ability of predicting following the  longer period, as our model’s 

compare results, LDA also get the highest predict accurate percentage than LRM and 
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Logit model, and the prediction for LRM is better than Logit model. Therefore, LDA can 

get a relative accurate predict during three years from the modeling time and the efficient 

period about prediction from LRM about one years. 
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5. Conclusion 

Credit risk management should be regarded as a very important task. In this thesis, 

we have tried to analysis credit risk via financial analysis for the five largest commercial 

banks in China. Then we have described the possibility of PD’s estimation of China 

commercial banks by GaG models and tried to three types of credit scoring models 

(linear discrimination analysis, linear probabilistic model and logistical regression model).  

           While GaG models estimated probability of default of 36 China commercial banks, 

due to US banks had the higher influenced during financial crisis in financial indicators 

than China banks, the GaG models did not get a quite satisfied result for estimating. 

While the new credit scoring models be using for, with statistic testing the significant 

levels of selected parameter, the linear discrimination analysis have the best results in 

application to sample and appropriate for prediction of banks default than linear 

regression model and logistical regression model. After comparing, we also test the 

efficient period for the models predict through using the 18 sample before one to four 

years from the modeling time, linear regression model shown a relative long efficient 

predict period about three years in the prediction part.  

We focus on modeling description about the credit risk of commercial banks 

above, but the credit risk management is a complicated system, it involving all aspects of 

bank management. For the outside risk, it is difficult to control and dominate for 

commercial banks, but they can through decision and management control the credit risk 

within the minimum. Therefore, establishing a perfecting the system of risk management 

to control the credit risk is particularly urgent. 

Expecting built internal credit risk management, they also can build credit risk 

transform system. Not like US financial system, the current financial market is not 

perfect in China, so there have obstacles about implement the system of risk transfer, but 

from the future financial risk prevention, the implementation of risk transfer is necessary 

and feasible. Such as credit risk insurance, guarantees and loan securitization all belongs 

to credit risk transfer. 
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Although we study in credit scoring model to analysis China commercial banks, 

but the credit risk management is a huge work and refer to many kind of reasons, we 

limited time and ability, did not trying to other methods. Here we will list some 

unsatisfied point and direction for future study: 

1. The sample we used for modeling which selected from population of 108 

commercial banks due to the complete information. There still exist many small size 

commercial banks in China, although the models are effective for the big size banks, we 

are not sure if it is also effective for the small size banks analysis. 

2. The result shown the linear discrimination analysis have a higher accurate than 

other two models, we are not sure the reason that is because of sample selection or the 

linear discrimination analysis have the stronger explanatory power for the currency 

commercial banks of China. 
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T1                                                          Tier 1 Ratio 
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LLR GL                                                 Loan loss Reserve/Gross Loans 

LLP NIR                                               Loan Loss Provision/Net Interest revenue 

LLR IL                                                  Loan Loss Reserve/Impaired Loans 

IL GL                                                     Impaired Loans/Gross Loans 

IL TE                                                      Impaired Loans/Total Equity 

LTA                                                        Logarithm of Total Assets 

NIR AA                                                  Net Interest Revenue/Average Assets 
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Annexes 

Annex 1. GaG Linear Discrimination Analysis 

Non-default banks (Y=0) Zi PD Default banks (Y=1) Zi PD 

Bank of Beijing Co Ltd 13.92 0.00% 
Changsha City Commercial Bank 

Co., Ltd 
10.31 0.00% 

Bank of Communications 

Co. Ltd 
16.54 0.00% China CITIC Bank 14.20 0.00% 

Bank of Shanghai 11.35 0.00% China Everbright Bank 12.74 0.00% 

China Development Bank 17.64 0.00% Dalian City Commercial Bank 11.92 0.00% 

China Merchants Bank Co 

Ltd 
14.70 0.00% HUA xia Bank 13.27 0.00% 

China Minsheng Banking 

Corporation 
13.83 0.00% Jinan City Commercial Bank 12.26 0.00% 

Commercial Bank Co Ltd of 

Luoyang 
12.72 0.00% JZ City Commercial Bank 9.19 0.01% 

Dongying City Commercial 

Bank 
10.29 0.00% 

YZ Bank-Ningbo Yinzhou Rural 

Cooperative Bank 
8.28 0.03% 

Hangzhou City Commercial 

Bank 
13.16 0.00% 

Yangzhou City Commercial Bank 

Ltd 
9.13 0.01% 

Industrial Bank Co Ltd 13.84 0.00% Xi'an City Commercial Bank 10.54 0.00% 

Jiujiang City Commercial 

Bank Co Ltd 
9.13 0.01% 

Wenzhou City Commercial Bank 

Co Ltd 
10.56 0.00% 

Nanchang City Commercial 

Bank 
11.95 0.00% 

Shenzhen Development Bank Co., 

Ltd 
11.65 0.00% 

Nanjing City Commercial 

Bank 
11.79 0.00% Shenzhen Commercial Bank 11.45 0.00% 

Nantong City Commercial 

Bank Co Ltd 
11.49 0.00% Shanghai Rural Commercial Bank 11.39 0.00% 

Ningbo Commercial Bank 12.77 0.00%       

Panzhihua City Commercial 

Bank Co Ltd 
8.66 0.02%       

Rural Credit Cooperatives 

Union of Shunde 
8.21 0.03%       

Shanghai Pudong 

Development Bank 
14.13 0.00%       

Zibo City Commercial Bank 12.45 0.00%       

Xiamen International Bank 8.98 0.01%       

Tianjin City Commercial 

Bank 
13.32 0.00%       

Suzhou City Commercial 

Bank Co Ltd 
9.75 0.01%       

Mean value 12.30 0.00% Mean value 11.21 0.01% 
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Annex 2 GaG Logistical Regression Model 

Non-default banks (Y=0) PD Default banks (Y=1) PD 

Bank of Beijing Co Ltd 6.82% Changsha City Commercial Bank Co., Ltd 97.79% 

Bank of Communications Co. Ltd 0.00% China CITIC Bank 0.00% 

Bank of Shanghai 97.59% China Everbright Bank 43.37% 

China Development Bank 0.00% Dalian City Commercial Bank 99.99% 

China Merchants Bank Co Ltd 0.00% HUA xia Bank 0.07% 

China Minsheng Banking 

Corporation 
0.00% Jinan City Commercial Bank 99.95% 

Commercial Bank Co Ltd of 

Luoyang 
98.38% JZ City Commercial Bank 100.00% 

Dongying City Commercial Bank 99.99% 
YZ Bank-Ningbo Yinzhou Rural 

Cooperative Bank 
100.00% 

Hangzhou City Commercial Bank 9.31% Yangzhou City Commercial Bank Ltd 100.00% 

Industrial Bank Co Ltd 0.00% Xi'an City Commercial Bank 100.00% 

Jiujiang City Commercial Bank Co 

Ltd 
100.00% Wenzhou City Commercial Bank Co Ltd 99.86% 

Nanchang City Commercial Bank 97.88% Shenzhen Development Bank Co., Ltd 98.16% 

Nanjing City Commercial Bank 59.55% Shenzhen Commercial Bank 98.74% 

Nantong City Commercial Bank Co 

Ltd 
1.45% Shanghai Rural Commercial Bank 17.87% 

Ningbo Commercial Bank 37.83%     

Panzhihua City Commercial Bank 

Co Ltd 
99.98%     

Rural Credit Cooperatives Union of 

Shunde 
99.71%     

Shanghai Pudong Development 

Bank 
0.00%     

Zibo City Commercial Bank 99.94%     

Xiamen International Bank 100.00%     

Tianjin City Commercial Bank 92.79%     

Suzhou City Commercial Bank Co 

Ltd 
99.02%     

Mean value 54.56% Mean value 75.41% 

 


