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Abstract
The aim of this study is to predict firm’s credit rating using a forecasting technique combining ordered logic and ordered probit models. Data is collected from the Taiwan Economic Journal database, covering firms listed in TSE and OTC, with samples from the first quarter 2000 to the third quarter 2005. The empirical results suggest that the combining forecasting method leads to a significantly more accurate rating prediction than that of any single use of the ordered logit or ordered probit analysis. The performance evaluations by ROC, AUC or McFadden 
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 consistently show that the combining forecast performs the best. 
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1. Introduction
     This study explores the credit rating forecasting techniques for firms in Taiwan. We employ the ordered logit, the ordered probit and then a combining procedure for rating classification. We then examine empirically whether the combining method performs better than individual forecasting. 
     Different forecasting models and estimation procedures have various underlying assumptions and computational complexities. They have been used extensively by researchers in the literature. Review papers like Hand and Henley (1997), Altman and Sounders (1998), and Crouhy, et al. (2000) have traced the developments in the credit classification and bankruptcy prediction models over the last two decades.

     Since Beaver’s (1966) pioneered work, there have been considerable researches on the subject of the default risk. Many of them (Altman (1968), Pinches and Mingo (1973), Altman and Katz (1976), Altman et al. (1977), and Pompe and Bilderbeek (2005)) use the multivariate discriminant analysis (MDA) which assumes normality for the independent variables. Zmijewski (1984) utilizes the probit model and Ohlson (1980) applies the logit model in which discrete or continuous data can be fitted. 
Kaplan and Urwitz (1979), Ederington (1985), Lawrence and Arshadi (1995), and Blume et al. (1998) show that considering credit rating as ordinal scale instead of interval scale is a consistent structure. That is, the different values of the dependent variables represent an ordinal but not necessarily a linear scale. For instance, higher ratings are less risky than lower ratings, but we don’t have a quantitative measure indicating how much less risky they are.

Kaplan and Urwitz (1979) conduct an extensive examination of alternative prediction models including N-chotomous probit analysis which can explain the ordinal nature of bond ratings while using its maximum likelihood estimates. To test the prediction accuracy of various statistical models, Ederington (1985) compares the linear regression, discriminant analysis, ordered probit, and unordered logit under the same condition. He concludes that the ordered probit can have the best prediction ability and the linear regression is the worst.

In a survey paper on forecasting methods, Mahmoud (1984) concludes that combining forecasts can improve accuracy. Granger (1989) summarizes the usefulness of combining forecasts. Clemen (1989) observes that combining forecasts increase accuracy, whether the forecasts are subjective, statistical, econometric, or by extrapolation. Kamstra and Kennedy (1998) integrate two approaches with logit-based forecast-combining method which is applicable to dichotomous, polychotomous, or ordered-polychotomous contexts. 
In this paper, we combine the ordered logit and the ordered probit models for credit rating classification. The performance of each model is evaluated and we find that combing technique can improve the predictive power. 
     The paper proceeds as follows. Section 2 explores the main methodology utilized in this study. Section 3 provides data descriptions and explains the variables.  Section 4 analyzes the empirical results for credit rating forecasting under different models. Section 5 concludes.
2. Methodology

     Credit rating is an ordinal scale from which the credit category of a firm can be ranked from high to low but the difference between them is unknown. To model the ordinal outcomes, let the underlying response function be 
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 is the latent variable, 
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 is a set of explanatory variables, and 
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 the residual. 
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 is not observed, but from which we can classify the category j: 

                 Yi*= j  if τj-1 < Yi* <τj ( j = 1,2,…J)  
Maximum likelihood estimation can be used to estimate the parameters given a specific form of the residual distribution.

For the ordered probit model, 
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 is normally distributed with mean 0 and variance 1. The probability distribution function is
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and the cumulative distribution function is
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For the ordered logit model, 
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 has a logistic distribution with mean 0 and variance 
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and the cumulative distribution function is 
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We apply Kamstra and Kennedy (1998) approach to combine two methods using the logit regression. Firstly, we specify that there is an index 
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 which determines classification.  Suppose there are 
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where 
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 is an estimate of the probability that the ith observation falls in the jth category.  Thus technique A’s estimated probability that the ith observation belongs to category 
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 is given by the integral of a standard logit from 
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.  The ordered logit combining method proposed by Kamstra and Kennedy (1998) involves suitably weighting different techniques’ 
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 values.  In this case, combining occurs in the space of integral limits rather than in the probability or index (
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Suppose we have three ordered categories: investment-grade, low-grade, and junk.  Now suppose the two forecasting techniques A and B (say ordered logit and ordered probit) are combined.  We specify that for the ith observation,
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This model can be estimated using a standard ordered logit with 
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Probability forecasting from methods like ordered logit or ordered probit will generate 
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 values. The Kamstra and Kennedy (1998) combining method consists of finding, via MLE, an appropriate weighted average of the integral limits (
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’s) in the competing forecasting techniques.

We use cumulative accuracy profile (CAP) and its summary statistics, the accuracy ratio (AR) to validate the model. A concept similar to the CAP is the receiver operating characteristic (ROC) and its summary statistics, the area under the ROC curve (AUC). In addition, we also employ the McFadden’s 
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) to evaluate the performance of the credit rating model.  McFadden’s 
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 are defined as 1－ (unrestricted log-likelihood function / restricted log-likelihood function), and can be calculated for the logit and probit models.
3. Empirical Results
     Data are collected from the Taiwan Economic Journal (TEJ) database
 for the period between the first quarter in 2000 and the third quarter in 2005, with the last three quarters used for out-of-sample tests. The sample consists of firms traded in the Taiwan Security Exchange (TSE ) and the OTC market. 

Table 1　Number of Sample Firms across the Industry
	Panel A: In-Sample  (2000.Q1 ~ 2004.Q4)
	
	
	
	

	Industry
	No. of Non-Bankruptcy Firms
	No. of Bankruptcy Firms
	Total

	Traditional
	3993
	509
	4502

	Manufacturing
	2450
	411
	2861

	Electronics
	8854
	191
	9045

	Panel B: Out-of-Sample  (2005.Q1 ~ 2005.Q3)
	
	
	
	

	Industry
	No. of Non-Bankruptcy Firms
	No. of Bankruptcy Firms
	Total

	Traditional
	629
	63
	692

	Manufacturing
	432
	38
	470

	Electronics
	1990
	72
	2062


Table 1 exhibits the descriptive statistics for the samples which are divided into three industry categories.  Panel A contains the in-sample observations while panel B shows the out-of-sample observations. There are 509 bankruptcy firms in the traditional industry, 411 in the manufacturing sector, and 191 in the electronics industry for in-sample data. For out-of-sample data, there are 63 in the traditional, 38 in the manufacturing, and 72 in the electronics industries, respectively.  Table 2 displays the frequency distributions of the credit ratings for in-samples in these three industries.

Table 2　Frequency Distributions of the Credit Ratings 
	Ratings
	Traditional
	Manufacturing
	Electronics

	1
	10
	3
	156

	2
	47
	71
	259

	3
	151
	62
	252

	4
	380
	294
	1066

	5
	921
	321
	2343

	6
	1044
	559
	2736

	7
	645
	465
	1272

	8
	459
	338
	490

	9
	336
	337
	280

	10
	509
	411
	191

	Subtotal
	4502
	2861
	9045


Note: Level 10 represents the bankruptcy class.
Based on previous studies in the literature, 60 variables including financial ratios, market conditions and macroeconomic factors are considered. We use the hybrid stepwise method to find the best predictors in the ordered probit and ordered logit models. The combining technique proposed by Kamstra and Kennedy (1998) is then applied.

3.1 Model Estimates
(1). Ordered Logit Model
Table 3 illustrates the in-sample estimation results under the ordered logit model for each industry.  From the likelihood ratio, score ratio, and Wald ratio, with significant level at 1%, we can determine the goodness-of-fit for each model.

Table 3　Regression Results Estimated by the Ordered Logit 

This table represents the regression results estimated by the ordered logit model. Panel A shows the 11 explanatory variables fitted in the traditional industry. Panel B represents the 9 explanatory variables fitted in the manufacturing industry. Panel C illustrates the 10 explanatory variables fitted in the electronics industry.  

	Explanatory Variables
	　Parameters

	Panel A: Traditional
	Estimates
	Standard errors

	X7
	Fixed Long Term Fitted Ratio
	0.968***
	(0.098)

	X12
	Accounts Receivable Turnover Ratio
	-0.054***
	(0.0087)

	X19
	Net Operating Profit Margin
	-5.135***
	(0.546)

	X27
	Return on Total Assets(Ex-Tax, Interest Expense)
	-5.473***
	(0.934)

	X29
	Depreciation to Sales Ratio
	-6.662***
	(0.537)

	X30
	Interest Expense to Sales Ratio
	22.057***
	(1.862)

	X35
	Free Cash Flow to Total Debt Ratio
	-0.971***
	(0.094)

	X41
	Capital Spending to Gross Fixed Assets Ratio
	-0.746***
	(0.167)

	X46
	Debt Ratio
	4.781***
	(0.305)

	X47
	Retained Earning to Total Assets Ratio
	-5.872***
	(0.336)

	X50
	LN(Total Assets/GNP price-level index)
	-6.991***
	(1.024)

	Panel B: Manufacturing
	
	

	X2
	Net Value Ratio
	-7.851***
	(0.317)

	X15
	Total Assets Turnover Ratio
	-0.714***
	(0.172)

	X27
	Total Assets Turnover Ratio
	-7.520***
	(0.932)

	X40
	Accumulative Depreciation to Gross Fixed Assets
	-1.804***
	(0.199)

	X47
	Accumulative Depreciation to Gross Fixed Assets
	-3.138***
	(0.340)

	X50
	LN(Total Assets/GNP price-level index)
	-5.663***
	(1.213)

	X52
	1, If Net Income was Negative for the Last Two Years                 0, Otherwise
	1.274***
	(0.108)

	X54
	LN(Age)
	-0.486***
	(0.102)

	X60
	LN(Net Sales)
	-1.063***
	(0.065)

	Panel C: Electronics
	
	

	X2
	Net Value Ratio
	-3.239***
	(0.207)

	X27
	Total Assets Turnover Ratio
	-6.929***
	(0.349)

	X30
	Interest Expense to Sales Ratio
	25.101***
	(1.901)

	X35
	Free Cash Flow to Total Debt Ratio
	-0.464***
	(0.031)

	X40
	Accumulative Depreciation to Gross Fixed Assets
	-0.781***
	(0.127)

	X44
	Cash Reinvestment Ratio
	-0.880***
	(0.167)

	X45
	Working Capital to Total Assets Ratio
	-3.906***
	(0.179)

	X47
	Accumulative Depreciation to Gross Fixed Assets
	-3.210***
	(0.174)

	X49
	Market Value of Equity/Total Liability
	-0.048***
	(0.004)

	X50
	LN(Total Assets/GNP price-level index)
	-8.797***
	(0.704)


*** represents significantly different from zero at 1% level.

** represents significantly different from zero at 5% level.

* represents significantly different from zero at 10% level.
For the traditional industry, the coefficients of Fixed Long Term Fitted Ratio, Interest Expense to Sales Ratio, and Debt Ratio are positive. It means that firms with higher ratios will get worse credit ratings as well as higher default probabilities. On the other hand, the coefficients of Accounts Receivable Turnover Ratio, Net Operating Profit Margin, Return on Total Assets (Ex-Tax, Interest Expense), Depreciation to Sales Ratio, Free Cash Flow to Total Debt Ratio, Capital Spending to Gross Fixed Assets Ratio, Retained Earning to Total Assets Ratio, and LN (Total Assets/GNP price-level index) are negative so that firms tend to have good credit qualities as well as lower default probabilities when these ratios become higher.
For the manufacturing industry, the coefficient of the dummy variable for the Negative Net Income for the last two years is positive. On the other hand, the coefficients of Net Value Ratio, Total Assets Turnover Ratio, Total Assets Turnover Ratio, Accumulative Depreciation to Gross Fixed Assets, Accumulative Depreciation to Gross Fixed Assets, LN (Total Assets/GNP price-level index), LN (Age), and LN (Net Sales) are all negative.

For the electronics industry, the coefficient of Interest Expense to Sales Ratio is positive, and the coefficients of Net Value Ratio, Total Assets Turnover Ratio, Free Cash Flow to Total Debt Ratio, Accumulative Depreciation to Gross Fixed Assets, Cash Reinvestment Ratio, Working Capital to Total Assets Ratio, Accumulative Depreciation to Gross Fixed Assets, Market Value of Equity/Total Liability, and LN (Total Assets/GNP price-level index) are negative.
In general, the matured companies like those in the traditional and the manufacturing industries should focus mainly on their capabilities in operation and in liquidity. Also, the market factors are important for the manufacturing firms. For high-growth industry like the electronics, we should pay more attention to their market factors and the liquidity ratios.
(2). Ordered Probit Model

Table 4 shows the in-sample estimation results using the ordered probit model for each industry.

Table 4　Regression Results Estimated by the Ordered Probit

This table represents the regression results estimated by the ordered probit model. Panel A shows the 10 explanatory variables fitted in the traditional industry.  Panel B represents the 10 explanatory variables fitted in the manufacturing industry.  Panel C illustrates the 9 explanatory variables fitted in the electronics industry.  
	Panel A: Traditional
	Parameters

	Explanatory Variables
	Estimates
	Standard errors

	X7
	Fixed Long Term Fitted Ratio
	0.442***
	(0.058)

	X12
	Accounts Receivable Turnover Ratio
	-0.027***
	(0.005)

	X19
	Net Operating Profit Margin
	-2.539***
	(0.311)

	X27
	Return on Total Assets(Ex-Tax, Interest Expense)
	-3.335***
	(0.534)

	X29
	Depreciation to Sales Ratio
	-3.204***
	(0.287)

	X30
	Interest Expense to Sales Ratio
	9.881***
	(1.040)

	X34
	Operating Cash Flow to Total Liability Ratio
	-0.514***
	(0.121)

	X41
	Capital Spending to Gross Fixed Assets Ratio
	-0.459***
	(0.096)

	X46
	Debt Ratio
	3.032***
	(0.188)

	X47
	Retained Earning to Total Assets Ratio
	-3.317***
	(0.192)

	Panel B: Manufacturing
	　
	

	Explanatory Variables
	
	

	X2
	Net Value Ratio
	-4.648***
	(0.183)

	X10
	Quick Ratio
	-0.036***
	(0.009)

	X11
	Accounts Payable Turnover Ratio
	0.021***
	(0.004)

	X15
	Total Assets Turnover Ratio
	-0.742***
	(0.072)

	X27
	Return on Total Assets(Ex-Tax, Interest Expense)
	-4.175***
	(0.522)

	X40
	Accumulative Depreciation to Gross Fixed Assets
	-0.989***
	(0.112)

	X43
	Cash Flow Ratio
	-0.190***
	(0.045)

	X47
	Retained Earning to Total Assets Ratio
	-1.804***
	(0.188)

	X52
	1, If Net Income was Negative for the Last Two Years
0, Otherwise
	0.753***
	(0.061)

	X54
	LN(Age)
	-0.289***
	(0.056)

	Panel C: Electronics
	
	

	Explanatory Variables
	
	

	X2
	Net Value Ratio
	-1.851***
	(0.117)

	X27
	Return on Total Assets(Ex-Tax, Interest Expense)
	-3.826***
	(0.197)

	X30
	Interest Expense to Sales Ratio
	11.187***
	(1.052)

	X35
	Free Cash Flow to Total Debt Ratio
	-0.233***
	(0.017)

	X45
	Working Capital to Total Assets Ratio
	-2.101***
	(0.101)

	X47
	Retained Earning to Total Assets Ratio
	-1.715***
	(0.098)

	X49
	Market Value of Equity/Total Liability
	-0.027***
	(0.002)

	X50
	LN(Total Assets/GNP price-level index)
	-4.954***
	(0.399)

	X54
	LN(Age)
	-0.247***
	(0.028)


*** represents significantly different from zero at 1% level.

** represents significantly different from zero at 5% level.

* represents significantly different from zero at 10% level.
For the traditional industry, the coefficients of Fixed Long Term Fitted Ratio, Interest Expense to Sales Ratio, and Debt Ratio are positive which means that firms with higher ratios will get worse credit ratings as well as higher default probabilities.  On the other hand, the coefficients of Accounts Receivable Turnover Ratio, Net Operating Profit Margin, Return on Total Assets (Ex-Tax, Interest Expense), Depreciation to Sales Ratio, Operating Cash Flow to Total Liability Ratio, Capital Spending to Gross Fixed Assets Ratio, and Retained Earning to Total Assets Ratio are negative so that firms with higher ratios have good credit qualities and lower default probabilities.

For the manufacturing industry, the coefficients of Accounts Payable Turnover Ratio and the dummy variable for the negative Net Income for the last two years are positive. On the other hand, the coefficients of Net Value Ratio, Quick Ratio, Total Assets Turnover Ratio, Return on Total Assets (Ex-Tax, Interest Expense), Accumulative Depreciation to Gross Fixed Assets, Cash Flow Ratio, Retained Earning to Total Assets Ratio, and LN (Age) are negative.
For the electronics industry, the coefficients of Interest Expense to Sales Ratio is positive and the coefficients of Free Cash Flow to Total Debt Ratio, Working Capital to Total Assets Ratio, Retained Earning to Total Assets Ratio, Market Value of Equity/Total Liability, LN (Total Assets/GNP price-level index), and LN (Age) are negative.

The results from the ordered probit model are a little bit different from those of the ordered logit model. For the traditional industriy, we should also emphasize on their ability in operation and the liquidity ratios. Also, for the electronics industry, we should note the market factors besides the financial factors.
Table 5 shows the threshold values estimated by the two models. Threshold values represent the cutting points for each neighboring rating.

Table 5　Threshold Values Estimated by the Ordinal Analysis

This table shows the threshold values estimated by the ordered logit and the ordered probit models.  There are 9 threshold parameters given 10 credit ratings. 
	Threshold
Parameter
	Ordered Logit Model
	Ordered Probit Model

	
	Traditional
	Manufacturing
	Electronics
	traditional
	Manufacturing
	Electronics

	τ1
	-23.361
	***
	-28.610
	***
	-31.451
	***
	-12.272
	***
	-16.891
	***
	-17.306
	***

	
	(0.633)
	
	(0.987)
	
	(0.478)
	
	(0.332)
	
	(0.447)
	
	(0.252)
	

	τ2
	-21.236
	***
	-24.879
	***
	-29.759
	***
	-11.231
	***
	-15.042
	***
	-16.410
	***

	
	(0.545)
	
	(0.766)
	
	(0.459)
	
	(0.294)
	
	(0.360)
	
	(0.243)
	

	τ3
	-19.441
	***
	-23.848
	***
	-28.855
	**
	-10.316
	***
	-14.446
	***
	-15.917
	***

	
	(0.519)
	
	(0.749)
	
	(0.451)
	
	(0.282)
	
	(0.352)
	
	(0.240)
	

	τ4
	-17.639
	***
	-21.657
	***
	-26.846
	***
	-9.339
	***
	-13.175
	***
	-14.797
	**

	
	(0.502)
	
	(0.717)
	
	(0.436)
	
	(0.275)
	
	(0.337)
	
	(0.233)
	

	τ5
	-15.389
	***
	-20.333
	***
	-24.451
	***
	-8.080
	***
	-12.411
	***
	-13.441
	***

	
	(0.484)
	
	(0.703)
	
	(0.421)
	
	(0.268)
	
	(0.331)
	
	(0.227)
	

	τ6
	-13.317
	***
	-18.309
	***
	-21.777
	***
	-6.918
	***
	-11.251
	***
	-11.937
	***

	
	(0.473)
	
	(0.683)
	
	(0.407)
	
	(0.263)
	
	(0.322)
	
	(0.221)
	

	τ7
	-11.584
	***
	-16.461
	***
	-19.715
	***
	-5.972
	***
	-10.207
	***
	-10.809
	***

	
	(0.465)
	
	(0.670)
	
	(0.400)
	
	(0.261)
	
	(0.314)
	
	(0.218)
	

	τ8
	-9.825
	***
	-14.738
	***
	-18.019
	***
	-5.049
	***
	-9.246
	***
	-9.929
	***

	
	(0.459)
	
	(0.662)
	
	(0.397)
	
	(0.260)
	
	(0.308)
	
	(0.217)
	

	τ9
	-8.231
	***
	-12.166
	***
	-16.010
	***
	-4.256
	***
	-7.860
	***
	-9.005
	***

	
	(0.457)
	
	(0.655)
	
	(0.400)
	
	(0.260)
	
	(0.301)
	
	(0.219)
	


*** represents significantly different from zero at 1% level.

** represents significantly different from zero at 5% level.

* represents significantly different from zero at 10% level.
3.2 Credit Rating Forecasting
     Table 6 and Table 7 illustrate the prediction results of the ordered logit and the ordered probit models. Following Blume et al. (1998), the most probable rating is defined as the actual rating or the adjacent ratings with plus or minus one difference. Comparing the ratio of the most probable ratings to the actual ratings can assess the goodness-of-fit for the model. For out-of-sample firms, the predictive power of the ordered logit model for each industry is 86.85%, 81.06%, and 86.37%, respectively, and the predictive power of the ordered probit model for each industry is 86.42%, 80.21%, and 84.87%, respectively. The results from two models are quite similar.
Table 6　Out-of-sample Predictions by the Ordered Logit Model
	Panel A: Traditional
	

	
	Predicted Rating

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Actual Rating
	1
	0
	0
	3
	0
	0
	0
	0
	0
	0
	0

	
	2
	0
	0
	0
	6
	5
	1
	0
	0
	0
	0

	
	3
	0
	0
	4
	8
	12
	0
	0
	0
	0
	0

	
	4
	0
	0
	4
	26
	34
	7
	0
	0
	0
	0

	
	5
	0
	0
	0
	14
	101
	41
	2
	0
	0
	0

	
	6
	0
	0
	0
	2
	53
	104
	29
	5
	0
	0

	
	7
	0
	0
	0
	0
	5
	24
	26
	11
	0
	0

	
	8
	0
	0
	0
	0
	0
	21
	26
	13
	2
	3

	
	9
	0
	0
	0
	0
	0
	1
	4
	15
	7
	10

	
	10
	0
	0
	0
	0
	0
	3
	2
	9
	15
	34

	Prediction Ratio
	86.85%
	

	Panel B: Manufacturing
	

	
	Predicted Rating

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Actual Rating
	1
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	
	2
	0
	3
	0
	4
	3
	2
	0
	0
	0
	0

	
	3
	0
	2
	2
	4
	2
	5
	0
	0
	0
	0

	
	4
	0
	0
	0
	7
	21
	24
	0
	1
	0
	0

	
	5
	0
	0
	0
	5
	29
	51
	5
	3
	0
	0

	
	6
	0
	0
	0
	8
	20
	68
	18
	3
	0
	0

	
	7
	0
	0
	1
	1
	0
	18
	38
	9
	3
	1

	
	8
	0
	0
	0
	0
	0
	4
	16
	5
	9
	1

	
	9
	0
	0
	0
	0
	0
	0
	9
	12
	10
	5

	
	10
	0
	0
	0
	0
	0
	0
	4
	5
	8
	21

	Prediction Ratio
	81.06%
	

	Panel C: Electronics
	

	
	Predicted Rating

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Actual Rating
	1
	0
	1
	2
	0
	15
	0
	0
	0
	0
	0

	
	2
	0
	0
	0
	5
	22
	2
	0
	0
	0
	0

	
	3
	0
	0
	0
	1
	36
	11
	2
	0
	0
	0

	
	4
	0
	2
	4
	13
	144
	42
	0
	0
	0
	0

	
	5
	0
	1
	1
	9
	279
	180
	15
	1
	0
	0

	
	6
	0
	0
	0
	11
	293
	303
	39
	2
	0
	0

	
	7
	0
	0
	0
	0
	16
	206
	79
	9
	0
	1

	
	8
	0
	0
	0
	0
	2
	50
	80
	26
	10
	2

	
	9
	0
	0
	0
	0
	0
	6
	11
	21
	22
	13

	
	10
	1
	0
	0
	0
	3
	2
	5
	12
	15
	34

	Prediction Ratio
	86.37%
	


Table 7　Out-of-sample Predictions by the Ordered Probit Model
	Panel A: Traditional
	

	
	Predicted Rating

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Actual Rating
	1
	0
	2
	1
	0
	0
	0
	0
	0
	0
	0

	
	2
	0
	0
	0
	4
	6
	2
	0
	0
	0
	0

	
	3
	0
	0
	3
	5
	16
	0
	0
	0
	0
	0

	
	4
	0
	0
	6
	22
	36
	7
	0
	0
	0
	0

	
	5
	0
	0
	0
	10
	97
	48
	3
	0
	0
	0

	
	6
	0
	0
	0
	2
	45
	106
	36
	4
	0
	0

	
	7
	0
	0
	0
	0
	4
	28
	21
	13
	0
	0

	
	8
	0
	0
	0
	0
	1
	19
	26
	14
	2
	3

	
	9
	0
	0
	0
	0
	1
	0
	5
	10
	9
	12

	
	10
	0
	0
	0
	0
	0
	2
	3
	11
	15
	32

	Prediction Ratio
	86.42%
	


	Panel B: Manufacturing
	

	
	Predicted Rating

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Actual Rating
	1
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	
	2
	1
	2
	0
	4
	5
	0
	0
	0
	0
	0

	
	3
	1
	1
	2
	4
	2
	5
	0
	0
	0
	0

	
	4
	0
	0
	0
	9
	20
	23
	1
	0
	0
	0

	
	5
	0
	0
	0
	6
	28
	51
	5
	3
	0
	0

	
	6
	0
	0
	0
	7
	22
	71
	15
	2
	0
	0

	
	7
	0
	0
	0
	1
	1
	23
	34
	8
	3
	1

	
	8
	0
	0
	0
	0
	0
	6
	15
	4
	9
	1

	
	9
	0
	0
	0
	0
	0
	0
	12
	8
	11
	5

	
	10
	0
	0
	0
	0
	0
	1
	4
	5
	8
	20

	Prediction Ratio
	80.21%
	


	Panel C: Electronics
	

	
	Predicted Rating

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Actual Rating
	1
	0
	0
	0
	3
	15
	0
	0
	0
	0
	0

	
	2
	0
	0
	0
	1
	26
	2
	0
	0
	0
	0

	
	3
	0
	0
	0
	0
	40
	8
	2
	0
	0
	0

	
	4
	0
	0
	0
	5
	155
	45
	0
	0
	0
	0

	
	5
	0
	0
	0
	7
	295
	164
	20
	0
	0
	0

	
	6
	0
	0
	0
	8
	313
	286
	40
	1
	0
	0

	
	7
	0
	0
	0
	0
	11
	207
	87
	5
	0
	1

	
	8
	0
	0
	0
	0
	2
	54
	96
	14
	2
	2

	
	9
	0
	0
	0
	0
	0
	5
	26
	30
	6
	6

	
	10
	0
	0
	0
	0
	3
	4
	12
	21
	8
	24

	Prediction Ratio
	84.87%
	


3.3 Estimation Results Using the Combining Forecasting Technique
     Table 8 depicts the regression results using the Kamstra-Kennedy combining forecasting technique. The coefficients are the logit estimates on 
[image: image47.wmf]w

’s.  These 
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 values are all positive and strongly significant for each industry.

Table 8　Regression Results Estimated by the Combining Forecast

	Threshold
Parameter
	Combining Forecasting Model

	
	Traditional
	
	Manufacturing
	
	Electronics

	τ1
	-13.1875
	(0.3033)***
	
	-13.6217
	(0.5475)***
	
	-11.6241
	(0.1591)***

	τ2
	-11.3484
	(0.1854)***
	
	-9.9864
	(0.1918)***
	
	-10.5484
	(0.1483)***

	τ3
	-9.8997
	(0.1524)***
	
	-9.1712
	(0.1704)***
	
	-9.973
	(0.1456)***

	τ4
	-8.3781
	(0.1370)***
	
	-7.5337
	(0.1441)***
	
	-8.7037
	(0.143)***

	τ5
	-6.4390
	(0.1257)***
	
	-6.4459
	(0.1315)***
	
	-7.0973
	(0.1414)***

	τ6
	-4.5627
	(0.1137)***
	
	-4.8259
	(0.1142)***
	
	-5.0093
	(0.1364)***

	τ7
	-3.1037
	(0.1016)***
	
	-3.3724
	(0.1003)***
	
	-3.1906
	(0.1261)***

	τ8
	-1.5619
	(0.0885)***
	
	-2.0849
	(0.0913)***
	
	-1.5682
	(0.1145)***

	τ9
	-0.0816
	(0.0861)
	
	-0.1127
	(0.0929)
	
	0.3735
	(0.1169)**
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	1.1363
	(0.0571)***
	
	1.2321
	(0.029)***
	
	0.6616
	(0.0528)***
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	-0.0825
	(0.0330)*
	
	-0.1437
	(0.0085)***
	
	0.1867
	(0.0272)***


Numbers in parentheses represent the standard errors.

*** represents significantly different from zero at 1% level.

** represents significantly different from zero at 5% level.

* represents significantly different from zero at 10% level.
Table 9 shows the prediction results of the combining forecasting model. For out-of-sample test, the predictive power of the combining model for each industry is 89.88%, 82.77%, and 88.02%, respectively, which are higher than those of the ordered logit or ordered probit models by 2 to 4 percent.

Table 9　Out-of-sample Credit Rating Prediction by the Combining Forecast
	Panel A: Traditional
	

	
	Predicted Rating

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Actual Rating
	1
	0
	0
	2
	1
	0
	0
	0
	0
	0
	0

	
	2
	0
	0
	0
	6
	6
	0
	0
	0
	0
	0

	
	3
	0
	0
	4
	7
	13
	0
	0
	0
	0
	0

	
	4
	0
	0
	2
	28
	34
	7
	0
	0
	0
	0

	
	5
	0
	0
	0
	12
	100
	44
	2
	0
	0
	0

	
	6
	0
	0
	0
	2
	48
	113
	26
	4
	0
	0

	
	7
	0
	0
	0
	0
	5
	27
	23
	11
	0
	0

	
	8
	0
	0
	0
	0
	0
	23
	25
	12
	2
	3

	
	9
	0
	0
	0
	0
	0
	1
	4
	14
	8
	10

	
	10
	0
	0
	0
	0
	0
	3
	2
	9
	16
	33

	Prediction Ratio
	89.88%
	


	Panel B: Manufacturing
	

	
	Predicted Rating

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Actual Rating
	1
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	
	2
	0
	2
	1
	3
	6
	0
	0
	0
	0
	0

	
	3
	0
	1
	2
	5
	2
	5
	0
	0
	0
	0

	
	4
	0
	0
	0
	6
	24
	22
	0
	1
	0
	0

	
	5
	0
	0
	0
	5
	30
	50
	5
	3
	0
	0

	
	6
	0
	0
	0
	6
	23
	70
	17
	1
	0
	0

	
	7
	0
	0
	1
	1
	0
	27
	32
	7
	2
	1

	
	8
	0
	0
	0
	0
	1
	3
	16
	6
	8
	1

	
	9
	0
	0
	0
	0
	0
	1
	8
	12
	11
	4

	
	10
	0
	0
	0
	0
	0
	0
	4
	4
	7
	23

	Prediction Ratio
	82.77%
	


	Panel C: Electronics
	

	
	Predicted Rating

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Actual Rating
	1
	0
	3
	0
	0
	15
	0
	0
	0
	0
	0

	
	2
	0
	0
	0
	4
	18
	7
	0
	0
	0
	0

	
	3
	0
	0
	0
	1
	34
	13
	2
	0
	0
	0

	
	4
	0
	4
	4
	13
	128
	56
	0
	0
	0
	0

	
	5
	0
	1
	1
	11
	256
	193
	23
	1
	0
	0

	
	6
	0
	0
	0
	12
	248
	338
	47
	3
	0
	0

	
	7
	0
	0
	0
	0
	14
	190
	91
	15
	0
	1

	
	8
	0
	0
	0
	0
	1
	44
	82
	32
	10
	1

	
	9
	0
	0
	0
	0
	0
	5
	10
	23
	24
	11

	
	10
	0
	0
	0
	0
	3
	1
	6
	11
	17
	34

	Prediction Ratio
	88.02%
	


3.4 Performance Evaluation 

     To evaluate the performance of each model, Figure 1 illustrates the ROC curves estimated by the three models respectively.

A.　Traditional


[image: image51]
B.　Manufacturing

[image: image52]
C.　Electronics

[image: image53]
Figure 1　ROC Curves
From these ROC curves we can distinguish the performance of each rating model. Furthermore, we can compare the AUC and AR calculated from the ROC and CAP (See Table 10). 

Table 10　Performance Evaluation for each Model

.
	Panel A: Ordered Logit

	
	Traditional
	Manufacturing
	Electronics

	AUC
	95.32%
	94.73%
	92.43%

	AR
	90.63%
	89.46%
	84.86%

	R-Square
	35.63%
	38.25%
	39.63%

	Panel B: Ordered Probit

	
	Traditional
	Manufacturing
	Electronics

	AUC
	95.15%
	93.66%
	92.30%

	AR
	90.30%
	87.32%
	84.60%

	R-Square
	34.45%
	40.05%
	41.25%

	Panel C: Combining Forecasting

	
	Traditional
	Manufacturing
	Electronics

	AUC
	95.32%
	95.51%
	94.07%

	AR
	90.63%
	91.03%
	88.15%

	R-Square
	42.34%
	43.16%
	46.28%


CAP represents the Cumulative Accuracy Profile. AR represents Accuracy Ratio. McFadden’s
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 is defined as 1－ (unrestricted log-likelihood function / restricted log-likelihood function.
For the traditional industry, the AUC’s from the ordered logit, the ordered probit, and the combining model are 95.32%, 95.15%, and 95.32%, respectively.  For the manufacturing industry, they are 94.73%, 93.66%, and 95.51%, respectively. And for the electronics industry, they are 92.43%, 92.30%, and 94.07%, respectively. These results apparently show that the combining forecasting model performs better than any individual one. 
7. Conclusions

    This study constitutes an attempt to explore the combining forecasting technique for credit ratings. The sample consists of firms in the TSE and the OTC market., and are divideded into three industries, i.e. traditional, manufacturing, and electronics, for analysis. 62 explanatory variables consisting of financial, market, and macroeconomics factors are considered. We utilize the ordered logit, the ordered probit, and the combining forecasting model proposed by Kamstra and Kennedy (1998) to estimate the parameters and conduct the out-of-sample forecasting. The main result is that the combining forecasting method leads to a significantly more accurate rating prediction than that of any single use of the ordered logit or ordered probit analysis. By means of Cumulative Accuracy Profile, the Receiver Operating Characteristics, and McFadden 
[image: image55.wmf]2
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, we can measure the goodness-of-fit and the accuracy of each prediction model. These performance evaluations depict consistent results that the combining forecast performs the best.
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� See Kamstra and Kennedy (1998) for the detail description.


� The credit file information is determined by the Taiwan Corporate Credit Risk Index (the TCRI). Among 10 credit ratings, 1-4 represent the low risk or investment levels, 5-6 represent low risk level, and 7-9 represent high risk or speculative levels, the final rating, 10, symbolizes the bankruptcy level.
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