Developing and Validating Credit Scoring Model for 
Taiwan’s Enterprises 

1. Introduction

The conventional approach to corporate credit rating utilizes publicly available financial data of the enterprise. But small and mid-size enterprises (SMEs) do not necessarily have a sound accounting system established and their financial status is generally not as transparent. Therefore, their financial data might be biased. More so, the creditworthiness of a SME is closely associated with the credit status of its responsible person. Thus the variables used in the credit scoring model for SMEs should also include, in addition to financial data, the credit rating of its responsible person, bank dealing records and other non-financial variables to make the scoring work more objective and reflective of the actual situation.
This study purports to develop credit scoring models for Taiwan’s enterprises based on the commonly used logistic regression model and Merton model, and assess their validity in predicting default probability. These models incorporate financial variables, including financial ratios calculated based on the corporate financing and financial data collected by the Joint Credit Information Center (JCIC) as well as non-financial variables, including JCIC’s own personal credit scoring data, business credit records, and credit inquiry records.
2. Literature Review
2.1 Logistic regression model
Predicting corporate failure has been a subject of interest in both the academic and business communities. In business practice, banks have the need to manage their credit risk and credit rating companies need to rate businesses by assessing their credit status. Thus it is necessary for them to have a grasp on the default probability of the borrower or the assessed entity. In the academic world, ever since Altman (1968) used multivariate discriminant analysis (MDA) and Ohlson (1980) used logistic regression analysis to predict corporate bankruptcy, related research has been ongoing. In recent years, researchers prefer using neural network model in the study of related topics. In empirical study, neural network model offers higher accuracy and is not constrained by the assumption of normal distribution of samples. It is also free of the problem of variable collinearity, does not set strict limitation on assumptions, and is capable of handling non-linear problems. The drawback of neural network model is that it operates in black box. Thus in consideration of its lack of statistical theory and basis and the possibility of overfitting, the neural network model is not included in this study.  

Below is a description of the work of Altman (1968) and Ohlson (1980) and results of their studies. Altman (1968) is the first to apply multiple discriminant analysis (MDA) to predicting financial failure. His study used the data of the American manufacturing industry in 1946 ~ 1965 and sampled 33 non-bankrupt firms and 33 bankrupt firms. In reference to past literature plus variables deemed as relevant, Altman compiled 22 financial ratio variables which were classified into five categories: liquidity, profitability, leverage, solvency, and turnover to develop the Z-score model. His final discriminant function is as follows:
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where 
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 is the ratio of working capital to total assets, 
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X

 is the ratio of retained earnings to total assets, 
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X

is the ratio of earnings before interest and taxes to total assets，
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X

 is the ratio of market value equity to book value of total debt, and 
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 is the ratio of sales to total assets. For testing the discriminating ability of the model, Altman employed the type 1 and type 2 error probabilities. In the testing of the original samples, type 1 error was 6% and type 2 error was 3% with overall accuracy rate of 95% for the model. Altman also selected an additional 25 bankrupt firms for out-of-sample prediction and obtained 94% accuracy rate. The model’s optimum cut-off point was Z=2.675; the smaller the Z score, the greater the probability that the business would go bankrupt. 

The explanatory variables in the multiple discriminant analysis (MDA) must conform to the assumption of normal distribution, while financial ratio variables or dummy variables typically do not have normal distribution. In addition, the MDA model does not deal with non-linear situation, nor does it effectively deal with non-quantified variables. Also, the variables must first be standardized and error in variable selection might adversely affect the grouping of samples. Thus starting in 1980s, some researchers switched to logistic regression analysis or probit analysis that sets less stringent conditions.

Ohlson (1980) introduced the logistic regression model to predicting corporate bankruptcy using American corporate data between 1970 - 1976, excluding firms in retail, transportation and financial sectors. Ohlson sampled 105 bankrupt firms and 2058 non-bankrupt firms, and compiled 9 explanatory variables in his model, which are log (total assets / price index), debt ratio, working capital to total assets, current ratio, return on total assets, cash flow from operating activities to total assets, dummy variable 1(1 if debt is greater than assets, otherwise 0), dummy variable 2 (1 if net income is less than 0, otherwise 0), and net sales variation. The model accuracy rate is 84%. Ohlson also pointed out the problem of “the timing of financial reporting.” According to Ohlson, prior studies all assumed that the annual financial statements are available at the end of the fiscal year. But in fact the release of financial report is usually delayed for it needs to be audited by CPA. It does not seem reasonable to use late released financial data or financial statements in which the auditor’s report has already disclosed the near-bankrupt status of the firm to “predict” bankruptcy that has already happened. Thus Ohlson reckoned that the predictive ability of any model depends largely on the selected prediction variables, and proposed that perhaps non-accounting information, in addition to accounting data, such as stock price or stock price volatility should be used as variable to enhance the predictive ability of the model. The probit model is generally similar to the logistic regression model, which can also deal with the non-normal distribution of independent variables. But empirical results show that logistic regression model is superior to probit model in the majority of cases. Thus most researchers employ the former for prediction purpose.
2.2 Merton model
The option pricing model proposed by Black & Scholes (1973) and extended by Merton (1974) (referred to as Merton model) treats the equity of a firm as a call option with firm’s assets as underlying and firm’s debt as strike price; when debt is due and the value of firm’s assets is lower than debt value, the firm is defined as in default. Thus the default probability is the probability of asset value lower than liabilities. The Merton model uses the volatility of market capitalization and rate of return on stock to estimate two unknown variables of default probability: firm’s asset value and asset volatility, and therefrom the default probability.  

The advantage of Merton model is that default probability is estimated not based on past accounting data, but on dynamic, predictive instant data to reveal the daily continuous default risk of a firm, thus providing the function of instant alarm. But Jarrow and Turnbull (2000) proposed that Merton model has limitation in applications. They maintained that the variables in Merton model, such as firm’s asset value and asset volatility cannot be observed directly, but need to be estimated by market capitalization and stock price volatility, while different estimation methods would result in discrepancy in estimation accuracy. Jarrow (2001) also proposed that the prices of high-tech stocks tend to fluctuate more widely due to over-anticipation of the market, which would result in over-estimation of default probability. Thus the estimation of asset value and asset volatility is limited when the firm’s stock price does not reflect its true value or when the condition of stock price bubble exists. In addition, the estimation of the asset value and asset volatility of private companies are made more difficult due to the lack of stock price information, thereby adding to the difficulty of using Merton model to predict the default probability of private companies.

Addressing the lack of stock price information for private companies, KMV (2001) developed a private firm model (PFM). Established in 1989 and headquartered in San Francisco, KMV is an internationally known credit risk model development consulting firm. The company merged with Moody’s in April 2002 to become Moody’s KMV (MKMV). The PFM developed by KMV works by finding financial variables related to asset value and asset volatility and obtaining the relationship between the financial variables and asset value information using a regression equation. That is, the financial data of the private company are substituted into the regression equation to obtain the estimation of asset value and asset volatility. 

2.3 SME credit scoring model
Fair, Isaac and Robert Morris Association (RMA) jointly introduced the Small Business Scoring Service (SBSS) in March 1995. The SBSS model was developed based on the data of 5,000 small business loans by 17 American banks over a period of five years. Those small businesses met the criteria of revenue under US$5,000,000 and loan amount of no more than US$250,000; the SBSS model applies to small businesses with loan ranging from US$35,000 to US$250,000, and another micro SBSS model has been developed for small businesses with bank loan under US$35,000. This is because the financial data of micro business might be biased and need to be supplemented with the credit status of its owner/operator in order to evaluate its credit risk more objectively. CN-MDS, Dun & Bradstreet, and Experian subsequently developed similar products. 

3. Model Study and Validation 

3.1 Logistic regression model
In statistical analysis, regression analysis is most frequently employed to examine the relationship between dependent variable and independent variable. But if the dependent variable in regression is binary, that is, it has two possibilities (e.g. whether the enterprise is in default or not), and the method of least square is used, the estimation obtained thereof would satisfy unbiasedness. But the problem of heteroskedasticity exists for the squared residuals, and there is no guarantee that the estimated value would fall within the unit interval, and the dependent variable does not satisfy the assumption of regression analysis. In such event, conventional regression analysis is not applicable.

Logistic regression model was developed to avoid the drawbacks of conventional regression and may be applied in cases where dependent variable is a qualitative variable. In comparison with discriminant analysis model, logistic regression overcomes the assumption that independent variables comply with the assumption of normal distribution and can further estimate the probability of corporate failure. Its estimation equation is as follows:

[image: image7.wmf]å

=

+

b

+

b

=

k

1

j

i

j

,

i

j

0

*

i

u

X

y


where
[image: image8.wmf]b
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Based on the above equation, we can define the probability (
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where 
[image: image20.wmf]F

 is cumulative probability distribution function of 
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. Furthermore, we can express its likelihood function as follows:
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In the logistic regression model, assuming function
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obeys logistic distribution as shown below, we can use the maximum likelihood method to estimate its parameter value (
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Because this model assumes that the cumulative probability distribution function of the residuals is logistically distributed, its probability transformation function is as follows to make sure the estimated probability falls between 0 and 1.
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3.2 Merton model
Merton applied the option pricing theory proposed by Black and Scholes to the measure of credit risk. The Merton model treats the debt of a firm as a long call the shareholders buy from the creditor with the firm’s asset value as underlying asset and firm’s outstanding debt as stick price. When the debt is due, if the market valuation of firm’s asset is lower than its liabilities and the shareholders choose to default, the probability of the firm’s asset not sufficient to pay off its debt is the default probability. The Merton model first uses known market capitalization and stock price volatility to estimate the firm’s asset value and asset volatility, and then estimate the firm’s default probability and distance to default.  

Distance to default (DD) is the proximity of firm’s asset to the default point. Default point is the firm’s asset value level when it defaults. Default is defined as a condition when a firm’s asset value is lower than its debt when the debt becomes due. KMV finds that in practice a firm has the refinance ability, so default does not necessarily happen immediately when the asset value falls below the book value of its liabilities. KMV observes that the real default point usually exists between total liabilities and current liabilities. That is, when the firm’s asset value is below the default point, the firm will default. To measure the default risk, KMV combines three determinants of default probability, which are asset value, asset risk (operating risk) and leverage into one single measuring variable, and calls it distance to default (DD).  

As shown below, distance to default is the distance between a firm’s asset value and default point which is measured and standardized by asset volatility, that is, the number of standard deviations between the asset value and default point. The standardized “distance to default” helps comparison with other firms. The bigger the DD, the farther the asset value from default point, and the smaller the expected default frequency (EDF).
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The distance to default as calculated by KMV is the approximation of asset value under the assumption of log-normal distribution obtained by the following equation:

Where:

E(V): Firm’s expected asset value
DP: default point
ơA: Asset value volatility

3.3 Kolmogorov-Smirnov test
In statistical analysis, whether the actual frequency distribution and theoretical distribution match poses a goodness-of-fit problem, which may be examined by Kolmogorov-Smirnov test (KS test). KS test may also be used in comparing the samples of specific level with the population or testing whether the distribution of two samples is consistent.

To assess the validity of the models proposed in this study in predicting default probability, all samples are divided into two groups - default firms and non-default firms after completing the prediction, to examine whether there is significant difference between the default probability distribution of the two groups with KS test.

The steps taken in the KS test are as follows:

1. Calculate the cumulative probability in the group of default firms at each stage（call it F(x)）;

2. Calculate the cumulative probability in the group of non-default firms at each stage（call it S(x)）;
3. Calculate the absolute value of the difference between the cumulative probability in the two sample groups at each stage│F(x)-S(x)│;

4. Find the KS test statistic D = max│F(x)-S(x)│; and

5. Determine level of significance α, and compute critical value or P-value to test whether there is significant difference between the default probability distribution in the two sample groups. 

4. Source of Data and Empirical Results

4.1 Research data

The data for this study came from the JCIC databank, including 45 financial ratios, financial accounts (annual financial statements), business profile (type of stocks issued/by industry/date of establishment/ date of dissolution/ ID of responsible person, etc.), credit scoring of responsible person, corporate loan profile (monthly records of loan outstanding, by bank / loan amount/ loan balance/ payment record, pass due/ collection/ bad debt records), check and bill information (dishonored record), credit inquiry records (monthly inquiry record), and stock price data (stock price of listed companies at end of year). Below is a description of the collected data and data observation period:
	Data
	Description
	Data observation period

	45 financial ratios
	See attachment below for the names and formulas for financial ratios
	1997-2001

	Financial accounts
	Annual financial statements
	1997-2001

	Business profile
	Type of stocks issued/ by industry/date of establishment/ date of dissolution/ ID of responsible person, etc.
	Latest update

	Credit score of responsible person
	Represented by K31 (credit score of credit card applicant)
	12/2001

	Corporate loan profile
	(1) Monthly records of loan outstanding, by bank/ loan amount/ loan balance, etc.
	1997-2002

	
	(2) Monthly payment records
	07/01 ~ 12/02

	
	(3) Pass due/ collection/ bad debt records
	Archive

	Check and bill information
	Listed as dishonored account
	Archive

	Credit inquiry record
	Number of inquiry each month
	01/01 ~ 12/01

	Stock price
	Stock price of listed companies at end-of-year
	1997-2001


4.2  Model variables

This study attempts to build credit scoring models for Taiwan’s enterprises based on the logistic regression model, in which the dependent variable is a binary variable of default/non-default firms which are defined respectively as follows: default firm - a firm having pass due/collection/dishonored records in the following year; non-default firm - a firm without pass due/collection/dishonored records in the following year.
The independent variables vary with the size of the firm; the input variables for listed companies and private companies having public financial information available are 45 financial ratios as well as non-financial variables including number of credit account/ loan amount/ loan balance/ credit line usage /years of establishment and distance to default (DD) observed over a period of five years (1997-2001); the input variables for private companies without public financial information are non-financial variables (since no financial information is available), including number of credit account/ loan amount/ loan balance/ credit line usage /years of establishment as well as the credit score of its operator/responsible person (since the credit status of SME operator is considered significant information in assessing the credit risk of SME) and JCIC’s own data on the credit score of responsible person/number of credit inquiries in the past 12 months/number of pass due in the past 6 months in the year 2001. In addition, to learn whether the credit score of responsible person/number of inquiries in the past 12 months/number of pass due in the past 6 months are significant information in evaluating the credit risk of non-listed companies with public financial information available, the aforesaid variables are also added into the model (the 2001 data only) in addition to the original input variables. 

The models and independent variables just described are summarized in the table below:

The variable distance to default (DD) is calculated as follows:
DD of listed companies:

Asset value: estimated by equity value.
Default point: represented by current liabilities + 1/2 long-term debt.

Asset volatility: estimated by equity volatility. 

Non-risk interest: interest rate for one-year time deposit of Bank of Taiwan.
Prediction period: the next year.
DD of private companies:
Asset value: estimated by the relationship between financial variable and asset value of listed companies.
Default point: represented by current liabilities + 1/2 long-term debt.

Asset volatility: estimated by the relationship between financial variable and asset volatility of listed companies. 

Non-risk interest: interest rate for one-year time deposit of Bank of Taiwan.
Prediction period: the next year.
    The independent variables used in the four models described above are not exactly the same and their predictive ability of dependent variable differs. The market price of listed companies with public financial information should be a determinant in predicting the risk of default, and is thus highly predictive of distance to default (DD), while financial variables have medium predictive validity, and non-financial variables have low predictive validity. In the model (1) for private companies with public financial information, DD is calculated by asset value and asset volatility which are derived from the data of listed companies, and hence has only low predictive validity, while the non-financial variables have higher predictive validity than financial information for the latter is not as transparent in the case of private companies. The model (2) for private companies with public financial information includes a variable of responsible person’s credit score, which should have high validity in predicting default risk when financial information could be biased, while other non-financial variables have medium predictive validity, and financial variables and DD have only low predictive validity. The model for private companies without public financial information contain only non-financial variables, which have the same predictive validity as they do in model (2) for private companies with public financial information where the credit score of responsible person has high predictive validity, while other non-financial variables have medium predictive validity.   
The predictive validity of variables in the models described above is summarized below:
	Model
	Variable with high predictive validity
	Variable with medium predictive validity
	Variable with low predictive validity

	Listed companies with public financial information
	Distance to default
	Financial variable
	Non-financial variable

	Private companies with public financial information (1)
	Non-financial variable
	Financial variable
	Distance to default

	Private companies with public financial information (2)
	Credit score of responsible person
	Other non-financial variable
	Financial variable/distance to default

	Private companies without public financial information 
	Credit score of responsible person
	Other non-financial variable
	－


The financial ratio variable filtering process is depicted below:


4.3 Study samples

The accounting treatment applied to finance and securities investment enterprises is different from other lines of business, and the operational cycle of the construction business is usually longer than one year that the representation of its financial variables also differs from other businesses. Therefore this study excludes those two sectors for the time being and saves them for subsequent research. The samples in this study were divided into development samples and test samples. The former were for the creation of model, and the latter were for KS test of model validity. The two groups of samples did not overlap, that is, the models were tested by out samples.
The model for listed companies with public financial information and model (1) for private companies with public financial information had observed data over a period of five years between 1997 and 2001. Thus both models used the data from 1997 to 2000 as development samples, and the 2001 data as test samples. The observation period of variables such as the credit score of responsible person in model (2) for private companies with public financial information and model for private companies without public financial information began in 2001. Thus 70% of randomly sampled data in that year were used as development samples, and the remaining 30% were used as test samples.
    The number of default companies, non-default companies, total number of companies, and default rate in the development sample group and test sample group for respective models are summarized below:
	Sample
	Development Samples
	Test Samples

	Model
	Sample period
	No. of default
	No. of non-default
	Total
	Default rate
	Sample period
	No. of default
	No. of non-default
	Total
	Default rate

	Listed companies with public financial information
	1997-2001
	19
	2,566
	2,585
	0.74%
	2001
	9
	745
	754
	1.19%

	Private companies with public financial information (1)
	1997-2001
	1,563
	47,559
	49,122
	3.18%
	2001
	312
	13,863
	14,175
	2.20%

	Private companies with public financial information (2)
	2001 (70%)
	214
	9,319
	9,533
	2.24%
	2001 (30%)
	92
	3,994
	4,086
	2.25%

	Private companies without public financial information 
	2001 (70%)
	2,636
	53,020
	55,656
	4.74%
	2001 (30%)
	1,130
	22,723
	23,853
	4.74%


4.4 Empirical results

    Based on the empirical results of logistic regression model created with development samples, the variables of the model for listed companies with public financial information included: distance to default (DD), return on equity (P7), quick ratio (L2), credit line usage, and gross profit margin (P1), where the credit line usage reached 0.1 level of significance, and the other variables reached 0.05 level of significance; the KS value of development sample group and test sample group was respectively 78.88 and 83.09, both reaching 0.05 level of significance. The variables of the model (1) for private companies with public financial information included: credit line usage, ratio of bank loan to equity (F3), number of credit account, return on total asset (P9), distance to default (DD), total asset turnover (E5) and years of establishment, all reaching 0.05 level of significance; the KS value of the development sample group and test sample group was 28.65 and 33.87 respectively, both reaching 0.05 level of significance. The variables of model (2) for private companies with public financial information included: credit score of responsible person, number of credit account, return on total asset (P9), distance to default (DD), total asset turnover (E5), all reaching 0.05 level of significance; the KS value of the development sample group and test sample group was 39.21 and 35.29 respectively, both reaching 0.05 level of significance. The variables of model for private companies without public financial information included: credit score of responsible person, number of inquiry in the past 12 months, credit line usage, number of credit account, years of establishment, number of pass due in the past 6 months, in which credit line usage reached 0.1 level of significance, other variables reached 0.05 level of significance; the KS value of the development sample group and test sample group was 35.94 and 32.35 respectively, both reaching 0.05 level of significance.
    The variables, regression coefficient, P-value and KS values of respective models are summarized below:
	Model
	Logistic regression model variables
	Regression coefficient
	P-value
	KS
	Model
	Logistic regression model variables
	Regression coefficient
	P-value
	KS

	Listed companies with public financial information 
　
　
　
　
　
	Constant
	-1.905
	0.0019 
	Development samples
	Private companies with public financial information (1)
　
　
　
　
　
	Constant
	-2.897
	<0.0001
	Development samples

	
	Distance to default (DD)
	-0.559
	0.0198 
	78.88
	
	Credit line usage
	0.0179
	0.0256
	28.65

	
	Return on equity (P7)
	-0.00544
	0.0029 
	(Pr<.0001)
	
	Bank loan to equity (F3)
	0.000051
	0.0172
	(Pr<.0001)

	
	Quick ratio (L2)
	-0.0383
	0.0005 
	Test samples
	
	Number of credit account
	0.0203
	<0.0001
	Test samples

	
	Credit line usage
	1.1128
	0.0840 
	83.09
	
	Return on total asset (P9)
	-0.00576
	<0.0001
	33.87

	
	Gross profit margin (P1)
	-0.0494
	0.0010 
	(Pr<.0001)
	
	Distance to default (DD)
	-0.2006
	<0.0001
	(Pr<.0001)

	
	　
	　
	　
	　
	
	Total asset turnover (E5)
	-0.298
	<0.0001
	　

	　
	　
	　
	　
	　
	
	Years of establishment
	-0.0264
	<0.0001
	　

	Model
	Logistic regression model variables
	Regression coefficient
	P-value
	KS
	Model
	Logistic regression model variables
	Regression coefficient
	P-value
	KS

	Private companies with public financial information (2)
　
　
　
	Constant
	1.3044
	0.009
	Development samples
	Private companies without public financial information 
　
　
　
　
	Constant
	2.4463
	<0.0001
	Development samples

	
	Credit score of responsible person
	-0.0085
	<0.0001
	39.21
	
	Credit score of responsible person
	-0.0103
	<0.0001
	35.94

	
	No. of credit account
	0.00539
	0.0021
	(Pr<.0001)
	
	No. of inquiry in the past 12 months
	0.00569
	<0.0001
	(Pr<.0001)

	
	Return on total asset (P9)
	-0.0114
	<0.0001
	Test samples
	
	Credit line usage
	0.0046
	0.0825
	Test samples

	
	Distance to default (DD)
	-0.3854
	<0.0001
	35.29
	
	No. of credit account
	0.0319
	<0.0001
	32.35

	
	Total asset turnover (E5)
	-0.5538
	<0.0001
	(Pr<.0001)
	
	Years of establishment
	-0.0271
	<0.0001
	(Pr<.0001)

	　
	　
	　
	　
	　
	　
	No. of pass due in the past 6 months
	0.1587
	<0.0001
	　


5. Conclusions and Future Research

5.1 Findings

 (1)
JCIC’s own information, including credit score, number of credit inquiry, credit line usage, and payment record have significant discriminative power in predicting the default of private companies without public financial information, and credit score also shows significant discriminative power in the default prediction of private companies with public financial information.
 (2)
Credit line usage shows significant predictive validity, which is better than that of debt ratio, indicating its importance in reflecting the practical situation of an enterprise.
 (3)
Distance to default has the best predictive validity in model for listed company with public financial information, indicating market price information is a determinant in predicting the default risk of listed companies.
5.2 Study limitations

 (1)
The definition of default in this study does not include bankruptcy, reorganization or loan default that has not been reported as non-performing loan but should be put under observation.
 (2)
The debt ratio information does not include off-statement contingent liabilities and some information in consolidated financial statements.
 (3)
The data of responsible person’s credit score/number of inquiry/payment record include those of 2001 only, which could not reflect long-term historical data.
 (4)
This study did not deal with the bubble effect of stock price and other situations of unreasonable stock price, which might affect the asset volatility of listed companies, and in turn affect the estimation of distance to default.
 (5)
Significant difference is present between the financial ratios of listed companies and those of private companies. Using the relationship between the financial ratios and stock volatility of listed companies to deduce the asset volatility of private companies might turn out unreasonable estimation. 
5.3 Future studies

 (1)
In the process of filtering financial ratio variables, this study considered only data applicability and the special treatment of outliers and missing values. Subsequent studies will examine the data accuracy and reasonableness.
 (2)
In subsequent studies, variables of investment information, related parties, change of equity and pledge information, industry growth and macroeconomic situations will be included and the definition of default expanded to build a more comprehensive credit risk model.
 (3)
Archives of credit score and number of credit inquiry will be observed continuously to reflect long-term historical data.
 (4)
Different credit risk models for prediction of default, including logistic regression and other models, such as prbit regression, discriminant analysis, and neural network will be validated and compared.
 (5)
Subsequent studies will include construction industry, make the definition of default more encompassing, and gather more information on debt ratio.
Attachment：Names and Formulas for 45 Financial Ratios
	Code
	Name of financial ratio
	Formula

	F01
	Fixed asset ratio
	Fixed assets∕Total assets　　　　　　

	F02
	Equity ratio
	Equity∕Total assets　　　　　　　　　

	F03
	Bank loan to equity
	Bank loan∕Equity 　　　　　　　　　

	F04
	Long-term debt to equity
	Long-term debt∕Equity　　　　　　　　

	F05
	Long-term bank loan to equity
	Long-term bank loan∕Equity　　　　　　　

	F06
	Fixed assets to equity
	Fixed assets∕Equity　　　　　　　　　

	F07
	Fixed assets to capitalization
	Fixed assets∕(equity + long-term debt)　　

	F08
	Leverage ratio
	Total liabilities∕Equity　　　　　　　　　

	L01
	Current ratio
	Current assets∕Current liabilities　　　　　　

	L02
	Quick ratio
	Quick assets∕Current liabilities　　　　　　　

	L03
	Short-term bank loan to current assets
	Short-term bank loan / current assets　　　　　

	E01
	Accounts payable turnover
	COGS∕Average accounts payable　　　　　　　

	E02
	Accounts receivable turnover
	Operation revenue∕Average accounts receivable　　　　　　　

	E03
	Inventory turnover
	COGS∕Average inventory　　　　　　　　　

	E04
	Fixed asset turnover
	Operation revenue∕Fixed assets　　　　　　　

	E05
	Total asset turnover
	Operation revenue∕Total assets　　　　　　　

	E06
	Equity turnover
	Operation revenue∕Equity　　　　　　　　　

	E07
	Operating capital turnover
	Operation revenue∕Operating capital　　　　　

	P01
	Gross profit margin
	Gross profit∕Operation revenue　　　　　　　

	P02
	Operating profit ratio
	Operating profit∕Operation revenue　　　　　　　

	P03
	Operating profit ratio (less interest expense)
	(Operating profit - interest expense)∕Net Sales

	P04
	Net profit margin (before tax)
	Net profit before tax∕Operation revenue　　　　　　　

	P05
	Net profit margin (after tax)
	Net profit after tax∕Operation revenue　　　　　　　

	P06
	Return on equity（before tax）
	Net profit before tax∕Equity　　　　　　　　　

	P07
	Return on equity (after tax)
	Net profit after tax∕Equity　　　　　　　　　

	P08
	Return on assets (before tax, interest expense excluded)
	Net profit before tax∕Total assets　　　　　　　

	P09
	Return on assets (after tax, interest expense excluded)
	Net profit after tax∕Total assets　　　　　　　

	P10
	Return on assets (before tax, interest expense included)
	(Net profit before tax + interest expense)∕Total assets

	P11
	Return on assets (after tax, interest expense included)
	(Net profit after tax + interest expense)∕Total assets

	P12
	(Depreciation + depletion + amortization) to net sales
	(Depreciation + depletion + amortization)∕Operation revenue　

	P13
	Interest expense to sales
	Interest expense∕Operation revenue　　　　　　　

	T01
	Times interest earned ratio　　　　　　　　
	(Net profit before tax + interest expense)∕Interest expense　　　　　　　

	T02
	Times interest earned ratio (plus depreciation and amortization)
	(Net profit before tax + interest expense + depreciation, depletion, amortization)∕Interest expense　　　　　　　

	T03
	Cash flow from operating activities to interest expense
	Cash flow from operating activities∕Interest expense　　

	T04
	Cash flow from operating activities to total liabilities
	Cash flow from operating activities∕Total liabilities　　

	T05
	Discretionary cash flow to total liabilities
	Discretionary cash flow∕Total liabilities　　

	T06
	Cash flow from operating activities to short-term bank loan
	Cash flow from operating activities∕Short-term bank loan

	T07
	Cash flow from operating activities to capital expenditure
	Cash flow from operating activities∕Capital expenditure　　

	T08
	Capital expenditure to (Depreciation + depletion + amortization)
	Capital expenditure∕(Depreciation + depletion + amortization)　

	B01
	Depreciation + depletion to gross depreciated assets　　
	(Depreciation + depletion)∕Gross depreciated assets　　

	B02
	Accumulated depreciation to gross fixed assets　　　　　
	Accumulated depreciation∕Gross fixed assets　　　　　

	B03
	Capital expenditure to gross fixed assets
	Capital expenditure∕Gross fixed assets　　　　　

	B04
	Capital expenditure to net fixed assets
	Capital expenditure∕Net fixed assets　　　　

	C01
	Cash flow ratio
	Cash flow from operating activities∕Current liabilities　

	C02
	Cash reinvestment ratio
	(Cash flow from operating activities -cash dividends)/
(Gross fixed assets + long-term investment + Other assets + operating capital)　　　　　　　　　
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model

		模型區隔		羅吉斯迴歸模型變數		迴歸係數		P-value		KS

		無財報                 未公開發行公司		常數項		2.2901		<0.0001		35.87

				負責人信用評分		-0.0102		<0.0001

				最近12個月查詢次數		0.0069		<0.0001

				授信額度使用率		0.0048		0.0657

				授信帳戶數		0.0408		<0.0001

				成立年數		-0.0295		<0.0001

				最近6個月延遲還款次數		0.4864		<0.0001





sample

		行業		不動產營建業								其他業								全體企業

		規模		正常戶		違約戶		合計		違約比		正常戶		違約戶		合計		違約比		正常戶		違約戶		合計		違約比

		大型		6,888		245		7,133		3.43%		44,037		721		44,758		1.61%		50,925		966		51,891		1.86%

		中型		3,127		85		3,212		2.65%		16,046		407		16,453		2.47%		19,173		492		19,665		2.50%

		小型		2,658		194		2,852		6.80%		3,117		570		3,687		15.46%		5,775		764		6,539		11.68%

		合計		12,673		524		13,197		3.97%		63,200		1,698		64,898		2.62%		75,873		2,222		78,095		2.85%





year

		年度		正常戶		違約戶		合計		違約比

		85		10,944		209		11,153		1.87%

		86		13,462		351		13,813		2.54%

		87		16,736		420		17,156		2.45%

		88		17,197		512		17,709		2.89%

		89		17,534		730		18,264		4.00%

		合計		75,873		2,222		78,095		2.85%





研究資料

		資料別		資料內容		資料期間

		45項財務比率		年報資料		86-90年

		財報會計科目		年報資料		86-90年

		企業基本資訊		發行股票型態/產業別/設立日/解散日/負責人ID … 等		最新資料

		負責人信用評分		K31信用評分		90年12月

		企業授信資料(1)		授信帳戶數/訂約金額/授信餘額 … 等月報資料		86-91年

		企業授信資料(2)		繳款紀錄月報資料		90年7月-91年12月

		企業授信資料(3)		逾期/催收/呆帳紀錄		歷史檔

		企業票信資料		票據拒往紀錄		歷史檔

		信用查詢紀錄		每月查詢次數		90年1-12月

		股價資料		上市櫃公司年底股價		86-90年





研究變數

		Model		Financial variables		Non-financial variables		Merton model variable

		Listed companies with pubic financial information                    (Sample period: 1997-2001)		Finanical structure(F1-F8)/solvency(L1-L3)/operating ability(E1-E7)/profitbility (P1-P13)/multiple analysis(T1-T8)/asset/liability analysis(B1-B4)/cash flow analysis(C1-C2)		No. of credit account/loan amount/loan balance/credit line usage/years of establishment		DD

		Private companies with public financial information (1)           (Sample period: 1997-2001)		Finanical structure(F1-F8)/solvency(L1-L3)/operating ability(E1-E7)/profitbility (P1-P13)/multiple analysis(T1-T8)/asset/liability analysis(B1-B4)/cash flow analysis(C1-C2)		No. of credit account/loan amount/loan balance/credit line usage/years of establishment		DD

		Private companies with public financial information (2)            (Sample period: 2001)		Finanical structure(F1-F8)/solvency(L1-L3)/operating ability(E1-E7)/profitbility (P1-P13)/multiple analysis(T1-T8)/asset/liability analysis(B1-B4)/cash flow analysis(C1-C2)		No. of credit account/loan amount/loan balance/credit line usage/years of establishment/       credit score of responsible person/No. of inquiry in 12 months/No. of late payment in 6 months		DD

		Private companies without public financial information                    (Sample period: 2001)		None		No. of credit account/loan amount/loan balance/credit line usage/years of establishment/       credit score of responsible person/No. of inquiry in 12 months/No. of late payment in 6 months		None
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