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ABSTRACT

We use a stochastic frontier model with firm-specific technical inefficiency effects
in a panel framework (Battese and Coelli, 1995) to assess the default probability (DP)
based on the discrete-time hazard model (DHM; Shumway, 2001) and the long-term
issuer credit rating (LTR) provided by Standard and Poor’s Ratings Services (S&P).
For studying the effect of S&P LTR on technical inefficiency, a special design matrix
is used to represent the ordinal level of S&P LTR in the stochastic frontier model. For
US industrial firms spanning the period 1998-2011 on a monthly basis, our empirical
result shows that S&P LTR provides significantly more information content about firm’s
technical inefficiency than DP based on DHM. Combining the result with the fact that
economic-based efficiency measures are reasonable indicators of the long-term health
and prospects of firms (Baek and Pagén, 2002), we conclude that S&P LTR is a good
credit risk proxy of firms.
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1. Introduction

Credit rating is a type of ranking for credit risk, and the investor frequently uses
it as a surrogate measure for the creditworthiness of bonds and companies. Under
the New Basel Capital Accord (Basel III), it will play an even more important role
in capital markets than it has so far. Currently, there are many widely recognized
credit rating agencies, such as Standard and Poor’s Ratings Services (S&P), Moody’s
Investors Service, Fitch Ratings Ltd., etc. They routinely provide the bond rating and
the issuer credit rating. The bond rating attempts to measure likelihood of the default
or delayed payment of a bond issue. The issuer credit rating is an overall assessment
of the creditworthiness of a company. This study focuses on the S&P long-term issuer
credit rating (LTR). According to the definition given by S&P, the LTR focuses on the
obligor’s capacity and willingness to meet its long-term financial commitments as they
come due.

Default prediction has been routinely studied by academics, practitioners, and reg-
ulators. It is an important tool for credit risk management. The well-known prediction
models include discriminant analysis model (Altman, 1968), Merton model (Merton,
1974; Vassalou and Xing, 2004), logit model (Ohlson, 1980), and probit model (Zmi-
jewski, 1984), to name only a few. The common principal of these approaches is that
the models are developed using single-period firm data. Shumway (2001) points out
that such prediction processes are static in nature, since they ignore the changing char-
acteristics of firms through time. In order to avoid possible loss of prediction power
due to using static models, Shumway (2001) and Chava and Jarrow (2004) propose the
discrete-time hazard model (DHM) using multiple-period firm data for default predic-
tion. Their novel model applies the idea of survival analysis (Cox and Oakes, 1984),
and has the advantage of using all available information of firms to build up a pre-
diction system so that each firm’s default risk at each time point can be determined.
Thus, DHM is a dynamic forecasting model. Shumway (2001) has proved that DHM
has better prediction performance than the above static models.

The performance of default models is mainly assessed in the literature by perform-
ing prediction-oriented tests; see for example, the above references. Recently, Hwang
et al. (2011) suggest using information content of technical inefficiency to assess the
default models. Their results show that the default probability (DP) based on DHM
(DP-DHM) provides significantly more information than that based on Merton model.
On the other hand, Hillegeist et al. (2004) show that DP based on Merton model pro-
vides significantly more information content about credit risk than other static models.
Hence, these results in terms of prediction-oriented or information content tests indicate
that DP-DHM is a better credit risk proxy than that based on the static model.

The DP-DHM is only based on public information. In contrast, the S&P LTR
is based on both public information and private information conveyed to the rating
agencies by firm. Both DP-DHM and S&P LTR are credit risk proxies of firms. In
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this paper, we use information content of firm’s technical inefficiency to assess them.
For doing so, a stochastic frontier model with firm-specific technical inefficiency effects
in a panel framework (Battese and Coelli, 1995) is considered. A firm is characterized
as technically inefficient if it is not able to reach maximum output given its available
resources and technology.

Stochastic frontier analysis is a method of economic modeling. It has been widely
used to estimate technical inefficiencies of production of firms; see for example, the
monographs by Kumbhakar and Lovell (2003) and Coelli et al. (2005). It also has been
used in the studies of corporate financial decision and bank efficiency; see for example,
Hunt-McCool et al. (1996), Baek (2004), Fries and Taci (2005), Lensink et al. (2008),
and Kauko (2009).

To compare DP-DHM and S&P LTR on their abilities in explaining technical in-
efficiency, they are separately used in the stochastic frontier model. In the model,
the explanatory variables for technical inefficiency effects are taken as the DP-DHM
(or S&P LTR) and control variable Age!. Since S&P begins to use the term LTR on
September 1, 1998 (Standard and Poor, 2002, pp. 622-623), we collect S&P LTRs
from the COMPUSTAT database during the period from September 1998 to December
2011. Using an expanding rolling window approach (Hillegeist et al., 2004; Chava et al.,
2011), we compute out-of-sample values of DP-DHM during the period from September
1998 to December 2011. For studying the effect of S&P LTR on technical inefficiency,
a special design (Hwang et al., 2012) is used to represent the ordinal level of S&P LTR
in all analysis. Using the special design, we can examine whether the worse the level of
S&P LTR, the less the technical efficiency. If the result is statistically confirmed, then
we are confident that the worse the level of S&P LTR, the worse the creditworthiness
of the issuer.

After deriving those values of DP-DHM and S&P LTR, the stochastic frontier model
is estimated for the period from September 1998 to December 2011. The studied data
are collected from both COMPUSTAT and CRSP databases. Our final sample for
estimating the stochastic frontier model comprises 1,501 firms with 91,729 firm-month
observations. After controlling for the firm’s age, three important results based on
our empirical results are obtained. First, if a firm has a higher DP, then it is less
technically efficient. Second, a firm with a worse level of S&P LTR generally has less
technical efficiency. Finally, S&P LTR provides significantly more information content
about firm’s technical inefficiency than DP-DHM. The last result indicates a potential
increase of information content by using S&P LTR instead of DP-DHM as the credit risk
proxy of firms. By these empirical results and the fact that economic-based efficiency
measures are reasonable indicators of the long-term health and prospects of firms (Baek
and Pagan, 2002), we conclude that S&P LTR is a better credit risk proxy of firms
than DP-DHM.

!The variable Age denotes a firm’s age which is defined as the number of months it has been listed
on the NYSE / AMEX / NASDAQ (Shumway, 2001).
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The paper is organized as follows. Section 2 introduces a design matrix of S&P
LTR, and the formulations of DHM and the stochastic frontier model with firm-specific
technical inefficiency effects. Section 3 describes the data under study. Section 4

presents our empirical results. Finally, conclusions are given in Section 5.

2. Methodology

In this section, we first give the formulation of the design matrix that is used to
represent the level of S&P LTR. Then we give the basic idea of DHM. Afterward we
introduce the stochastic frontier model with firm-specific technical inefficiency effects.

2.1 The Design Matrix of S&P LTR

The level of S&P LTR is an ordinal variable, and ranges from AAA to D. Since
S&P does not assign the level C to any firm in the COMPUSTAT database, we ex-
clude the C level in the analysis (Standard and Poor, 2002, pp. 624-625). We use the
discrete variable R to express the nine levels of S&P LTR; see Table 1. The value of
R ranges from 1 to 9. The larger the value of R, the worse the creditworthiness of the
issuer. Thus, the values of R =1,...,9 represent the levels AAA, ..., D of S&P LTR,
respectively. We use the eight dummy variables (71, ...,T3)T to represent the value of
R. Define the k-th dummy variable as follow:

Ty =I(R > k), (1)

foreach k = 1,...,8, where the upper index T stands for the transpose of the associated
matrix and /(e) is an indicator function. Using the eight dummy variables, the design
matrix of S&P LTR is defined in Table 1. Table 1 shows that if R = j, the associated
level of S&P LTR is expressed as an 8 x 1 vector with the first j — 1 component as
1 and all other components as 0, for each j = 2,...,9. Note that if R = 1 then the
corresponding level of S&P LTR is represented by an 8 x 1 vector with all components as
0. Using this design matrix, we can examine whether a firm with a worse level of S&P
LTR attains the less technical efficiency. The details are given in the last paragraph of
Section 2.3.

2.2 DHM

The DHM is constructed using multiple-period firm data and the idea of survival
analysis. It has been proved by many examples to be a useful prediction model (Hil-
legeist et al., 2004; Campbell et al., 2008; Hwang et al., 2011). The panel data used in
DHM are determined by two factors: the sampling period and the sampling criterion.
The sampling criterion is that all industrial firms listed on the NYSE/AMEX/NASDAQ
during the sampling period are recruited in the sample. All information occurred at the
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discrete time points during the sampling period is collected from both COMPUSTAT
and CRSP databases. Let the sampling period be [£1,&2]. Suppose that there are n

selected companies under the particular sampling scheme. We denote the panel data

by

{(Y, .,z, ):J=8i...,ti,i=1,...,n}.

0,37 4,

Here s; denotes the first observation time and t; the last observation time for the
i-th firm in the sampling period [{1,&2]. At the last observation time ¢;, Y;; = 1
indicates that the i-th company is in the default status, and Y;; = 0 otherwise. At
the observation time j < ¢;, we always have Y; ; = 0. Finally, we let x; ; be the value
of the d x 1 firm-specific predictor X collected from the i-th firm at time j.

The DHM is formally defined using the log-likelihood function of the panel data
{(Yij,zij) 1 j =si,...,ti,i =1,...,n}. The log-likelihood function of the panel data
can be expressed as:

(=330, toglh(oa,)/ 0~ hG e N+ 303 log{l — h(ix,)h, ()

i=1 j=s; i=1 j=s;
where
h(]a xi,j) = exp(a + sz,])/{l + exp(oz + B:B”)} (3)
Here aw and 8 = (f1,...,84) are 1 x 1 and 1 x d vectors of parameters, respectively.

The result of (2) has been given in (21) of Allison (1982). The quantity h(j,z; ;) is
the value of hazard function representing DP happening instantly at time j for the i-th
company which is non-default before time j for each j =s;,...,t; and i =1,...,n.

Let & and B be the maximum likelihood estimates of parameters a and 5 in (3). Us-
ing (3) and replacing the unknown parameters o and 8 with their maximum likelihood
estimates & and B, if a firm has the predictor value xg at time ¢y, then its predicted
instant DP-DHM can be given by:

h(to, z0) = exp(& + Bx0) /{1 + exp(d + Bao)}. (4)

2.3 The Stochastic Frontier Model

We use the stochastic frontier model proposed by Battese and Coelli (1995) to
examine the relationship between DP-DHM (or S&P LTR) and technical inefficiency

for firms in this paper. Using a translog specification, the model is given by:

m

ln(Qi,t) = (/70 +n wi,t) + Z(no,j + M; wi,t)SICj + V;,t - Ui,t’ (5)
j=1
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fort =1,...,t; and i = 1,...,n. Here In(Q,,) is the natural logarithm of the dollar
value of production @, , for the i-th firm at time ¢, and @, , is taken as the sum of sales
and inventory increase during the period from the time point ¢ — 1 to ¢;

w,, = {In(L,,), In(K,,), In(L,,)?, In(K,,)? In(L,,) In(K,,)}" is a 5 x 1 vector
of explanatory variables related to the stochastic frontier production function for the
i-th firm at time ¢;

In(L,,) is the natural logarithm of the total number of employees for the i-th firm
at time t;

In(K,,) is the natural logarithm of the value of fixed assets for the i-th firm at time
t;

SIC, is an industry dummy variable, for each j = 1,...,m, which is designed for
capturing differences in the production technology across m + 1 industry categories?;

V. s are independent and identically distributed NN (0, 02) random errors and inde-
pendently distributed of U, ,s;

U, ,s are nonnegative random variables, associated with technical inefficiency ef-
fects, which are assumed to be independently distributed, such that U, , is obtained
by truncation (at zero) of the normal distribution with mean 0o + d1Age, , + d22,, and
variance o2;

z;,isa 1 x 1 (or 8 x 1) vector, and consists of the out-of-sample DP-DHM (or the
eight dummy variables of S&P LTR) for the i-th firm at time ¢;

Yor V1> Moss Ty 00, 01, and dz are unknown 1x1, 1x5, 1x1, 1x5, 1x1, 1x1, and
1x1 (or 1x8) vectors of parameters to be estimated, respectively, for each j = 1,...,m.

The unknown parameter vector 6 = (7,, ¥y, Mo1s+++» Moms Mas-+s Tims 00, 01, 62)
and variance parameters 02 = 02 + 02 and ¢ = 02/c? in (5) can be estimated by max-
imizing the log-likelihood function of the panel data (Battese and Coelli, 1993). Their
maximum likelihood estimates 6 = (5,4, , Nors s Mo Tt s T b0, 01,02),62, and
f can be simply computed using the free software FRONTIER, Version 4.1 written by
Professor Tim Coelli and available at the website http://www.uq.edu.au/economics/
cepa/frontier.htm. On the other hand, to allow for non-independence of technical ineffi-
ciency over time, the Wald test using the robust standard error of estimated parameter
(Alvarez et al., 2006) is employed to test the significance of parameter in the empirical
study.

If z, , is the vector of the eight dummy variables of S&P LTR, then by = (5271, cee 52’8).
Using the value of dy = (32,1, . .,328), if S&P LTR is a good credit risk proxy, then
each element in 2 should be positive. In this case, the worse the level of S&P LTR,
the larger the corresponding value of 52 2, ., and thus the lower the estimated technical
efficiency.

2Seven industry categories are defined in Table 4 of Section 3 for our empirical studies.
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3. Data and Variable Estimation

The predictors in DHM for computing out-of-sample DP-DHM are taken as the
accounting and market-driven variables suggested by Campbell et al. (2008). Their
definitions are given in Table 2. The sampling period of these predictors is between Jan-
uary 1991 and November 2011. Default filings between February 1991 and December
2011 are identified from the CRSP database according to the delisting codes 400~490,
572, and 574. We also identify a delisting as default if the delisting reason is 02 or 03
in the COMPUSTAT database (Duffie et al., 2007). The sampled firms consist of all
industrial firms listed on the NYSE / AMEX / NASDAQ), and have complete predictor
values for calculating DP-DHM. The predictor values are collected from both COM-
PUSTAT and CRSP databases. The financial services firms with Standard Industrial
Classification (SIC) codes 6000~6999 are eliminated from the sample due to the unique
capital requirements and regulatory structure in that industry group. Since the finan-
cial statements are usually released several months after the reporting period, we lag
all the accounting items by three months (Hillegeist et al., 2004). Our final sample for
computing out-of-sample DP-DHM consists of 10,578 solvent firms, 744 default firms,
and 1,083,867 firm-month observations. In order to eliminate the influence of outliers,
the values of each predictor (except the predictor PRICE) are winsorized using a 5/95
percentile interval (Campbell et al., 2008). The summary statistics of the predictor
values are given in Table 3.

Based on the above panel dataset, we calculate out-of-sample DP-DHM using an
expanding rolling window approach. For the first window, we estimate updated coeffi-
cients of DHM using the firm-month data from January 1991 to July 1998 and default
outcomes from February 1991 to August 1998. These updated coefficients are combined
with predictor values in August 1998 to evaluate out-of-sample DP-DHM in September
1998. For the second window, we use the firm-month data from January 1991 to Au-
gust 1998 and default outcomes from February 1991 to September 1998 to estimate the
second set of updated coefficients of DHM. This second set of coefficients is combined
with predictor values in September 1998 to produce out-of-sample DP-DHM in Octo-
ber 1998. The process is continued so that the last set of updated coefficients of DHM
used to generate out-of-sample DP-DHM in December 2011 is based on the firm-month
data from January 1991 to October 2011 and default outcomes from February 1991 to
November 1998. Hence, we collect out-of-sample DP-DHM from September 1998 to
December 2011. The maximum likelihood estimates of parameters in DHM for com-
puting out-of-sample DP-DHM in each window are given in Figure 1. Figure 1 shows
that, in each window, most of the predictors in DHM have significant effects on DP at
the 5% level, and the values of their estimated coefficients are of expected signs. The
estimation results in Figure 1 indicate that most of the variables in DHM are effective
predictors for default prediction.
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Figure 1 also shows that the estimated coefficients are stable between 2003 and
2009, but most of them behave different around 2009, when the financial crisis occurs.
The result indicates that the financial crisis may cause a change point problem to
DHM. In order to alleviate the effect of this potential pitfall, we may apply the idea of
the varying-coefficient model (Fan and Zhang, 2008) to DHM and treat the constant
coefficients of hazard function in DHM as the functions of macroeconomic variables.
The resulting model is more general and flexible in modeling the hazard function than
DHM, and is estimated using the local maximum likelihood method (Hwang, 2012).

To study the relationship between DP-DHM (or S&P LTR) and technical ineffi-
ciency for firms, we collect panel data from the COMPUSTAT database to build the
stochastic frontier model during the period from September 1998 to December 2011.
The out-of-sample DP-DHM (or S&P LTR) and the control variable Age are taken
as the explanatory variables related to technical inefficiency effects in the stochastic
frontier model. After deleting observations with missing values, our final sample for
estimating the stochastic frontier model consists of 1,501 firms with 91,729 firm-month
observations.

Table 4 shows the definitions of industry dummy variables and the frequency dis-
tributions of industry categories corresponding to the industry dummy variables. The
industry dummy variables are included for studying industry effects on technical in-
efficiency of firms by capturing differences in the production technology across seven
industry categories®. Table 5 reports summary statistics for the predictor values em-
ployed in the stochastic frontier model. Table 6 shows the frequency distributions of
S&P LTR.

4. Empirical Results

The empirical results based on the stochastic frontier model with different specifi-
cations of the inefficiency effect equation are given in Table 7. In Table 7, Model 1 uses
DP-DHM and Age as explanatory variables, and Model 2 employs S&P LTR and Age
as explanatory variables in the inefficiency effect equation. Panel A of Table 7 shows
that most of parameters of the production function under each of Models 1 and 2 are
statistically significant at the 5% level. The result of statistical significance for most
of industry dummy variables indicates that the production technology indeed varies
across industries. The estimated coefficients of the production function under each of
Models 1 and 2 are used to calculate marginal products of the two inputs, labor and
fixed assets, for each sample point. The average values of the two marginal products

3The industries are classified by the first digit of the four-digit SIC code. There are one company
with SIC code less than 1000 and eight companies with SIC code greater than 9000. These nine
companies are dropped from the sample. If such industries with few companies are included in the
model, then the resulting number of industry indicator variables is increased. Thus, the estimates of
parameters in the corresponding model might become less precise.
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under Model 1 are 0.510 and 0.357, and those under Model 2 are 0.486 and 0.348 for
the inputs labor and fixed assets, respectively in each case. By the positive signs of
the two marginal products, both Models 1 and 2 appear to attain the implications in
economics. Hence, the estimated coefficients of the production function under each of
Models 1 and 2 have appropriate signs.

Panel B of Table 7 shows that the estimated coeflicient of the control variable Age
under each of Models 1 and 2 is negative and statistically significant at the 5% level,
which indicates that the old firms are more technically efficient than the young ones.
After controlling for the firm’s age, DP-DHM is positively correlated with technical
inefficiency since the sign of its coefficient is positive at the 1% level of significance.
The result indicates that if a firm has a higher DP, then it is less technically efficient.
Under Model 2, the coefficient estimates of the dummy variables T5, T3, and T+ are
negative, but those of T3 and T5 are non-significant at the 10% level. The coefficient
estimates of the other dummy variables are all positive, and those of Ty, T, and Ty are
significant at the 1% level. By the signs of coefficient estimates of the eight dummy
variables 11, ..., Tg, the relationship between the worse level of S&P LTR and the lower
technical efficiency is significant, but the relationship between the worse level of S&P
LTR and the larger technical efficiency is non-significant, except for the level A.

Panel C of Table 7 presents that the estimated ratios of variance parameter ( are
0.935 and 0.913 under Models 1 and 2, respectively. Both of them are statistically
significant at the 1% level. The result indicates that the inefficiency effect is likely

2 is accounted for

to be important because most of the composite error variance o
by the variance of the inefficiency effect in each model. Further, by performing a
likelihood-ratio test, the null hypothesis that the values of parameters in inefficiency
effect equation and ¢ are all equal to zero is rejected at the 1% level of significance
under each of Models 1 and 2. The test result is given in Panel D of Table 7, and
indicates that the inefficiency frontier model is appropriate under each model.

Table 7 also shows that S&P LTR provides more information content about firm’s
technical inefficiency than DP-DHM. This superiority may be directly observed from
Panel D of Table 7 in the perspective that Model 2 has a larger log-likelihood statistic
and a smaller value of Akaike information criterion (AIC) than Model 1. To test the
null hypothesis that the information content about firm’s technical inefficiency provided
by Model 2 is not more than that generated by Model 1, a non-nested hypothesis test
procedure in Vuong (1989) based on the log-likelihood statistic is performed. Since
DP-DHM and S&P LTR are separately used in the inefficiency effect equation, their
corresponding Models 1 and 2 are non-nested models. Panel E of Table 7 shows that
the null hypothesis of interest was rejected at the 1% level of significance. The test re-
sult indicates that the information content about firm’s technical inefficiency provided
by S&P LTR is significantly more than that generated by DP-DHM at the 1% level of
significance.
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Overall, the results in Table 7 show that S&P LTR has the advantage of having
better ability in explaining firm’s technical inefficiency over DP-DHM. Combining the
result with the fact that economic-based efficiency measures are reasonable indicators

of the long-term health and prospects of firms, we conclude that S&P LTR is a better
credit risk proxy than DP-DHM.

5. Conclusions

In this paper, DP-DHM is compared with S&P LTR on their information content
about firm’s technical inefficiency. For doing so, we compute out-of-sample values of
DP-DHM for the period from September 1998 to December 2011 using an expanding
rolling window approach. We also collect S&P LTRs from the COMPUSTAT database
during the period from September 1998 to December 2011. After deriving those values
of DP-DHM and S&P LTRs, they are separately used in the stochastic frontier model
with firm-specific technical inefficiency effects. The model is estimated for the period
from September 1998 to December 2011. The studied data are collected from both
COMPUSTAT and CRSP databases. Our final sample for estimating the stochastic
frontier model consists of 1,501 firms with 91,729 firm-month observations.

After controlling for the firm’s age, three important results based on our empir-
ical studies are obtained. First, DP-DHM is significantly positively correlated with
technical inefficiency. The result indicates that if a firm has a higher DP, then it
is less technically efficient. Second, the relationship between the worse level of S&P
LTR and the lower technical efficiency is significant, but the relationship between the
worse level of S&P LTR and the larger technical efficiency is non-significant, except for
the level A. Finally, S&P LTR provides significantly more information content about
firm’s technical inefficiency than DP-DHM. By our empirical results and the fact that
economic-based efficiency measures are reasonable indicators of the long-term health
and prospects of firms, we conclude that S&P LTR is a better credit risk proxy than
DP-DHM.
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Table 1. The design matrix for the nine levels of S&P LTR

S&PLTR AAA AA A BBB BB B CcccC CcC D
R 1 2 3 4 5 6 7 8 9
T 0 1 1 1 1 1 1 1 1
T 0 0 1 1 1 1 1 1 1
T 0 0 0 1 1 1 1 1 1
T, 0 0 0 0 1 1 1 1 1
T 0 0 0 0 0 1 1 1 1
I 0 0 0 0 0 0 1 1 1
7 0 0 0 0 0 0 0 1 1
Tq 0 0 0 0 0 0 0 0 1

o

We use the discrete variable R to denote the level of S&P LTR. The value of R ranges

from 1 to 9. The eight dummy variables (7,,---,7;)" are used to represent the values of R.

The k-th dummy variable 7, is defined by 7, =/(R>k), for each k=1,---,8, where the
upper index 7 stands for the transpose of the associated matrix and /(-) is an indicator
function. Since S&P does not assign the level C to any firm in the COMPUSTAT database,
we exclude the C level in the analysis (Standard and Poor, 2002, pp. 624-625).

Table 2. The definitions of Campbell’s eight predictors

Variable Definition

NIMTAAVG ~ NIMTAAVG = (1-@*)(1— @'*) (NIMTA, + &’ NIMTA, + ° NIMTA, + @’ NIMT4,),  the
weighted average of four quarterly NIMTA with @=2" and NIMTA as net
income divided by market-valued total assets™*

TLMTA Total liabilities divided by market-valued total assets*

EXRETAVG EXRETAVG =(1-o)(1- ") " (EXRET, +---+ " EXRET,), the weighted average of
twelve monthly excess returns ( EXRET ) with @=2"" and EXRET as the
return on the firm minus the value-weighted CRSP index return

SIGMA Annualized square root of the average of the squared deviations in the firm’s daily
stock returns from zero over the past three months

RSIZE Logarithm of each firm’s market equity value divided by the total CRSP market
equity value

CASHMTA  Cash and short-term investments divided by market-valued total assets*

MB Market equity value divided by book equity value

PRICE Logarithm of stock price if the price is below $15, and logarithm of $15 otherwise

*The market-valued total assets is the sum of the book value of liabilities and the market

value of equities.
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Table 3. Summary statistics of the panel data used to compute out-of-sample DP-DHM
Standard

Predictor Mean Median o Minimum Maximum
deviation

NIMTAAVG -0.004 0.005 0.025 -0.075 0.023
TLMTA 0.350 0.307 0.246 0.029 0.842
EXRETAVG -0.010 -0.005 0.051 -0.121 0.082
SIGMA 0.620 0.527 0.353 0.197 1.492
RSIZE -10.932 -10.996 1.873 -14.096 -7.363
CASHMTA 0.102 0.054 0.117 0.002 0.425
MB 2.359 1.859 1.695 0.440 7.003
PRICE 1.982 2.327 0.895 -4.159 2.708

The predictors in DHM are the accounting and market-driven variables suggested by
Campbell et al. (2008). The sampled firms consist of all industrial firms listed on the
NYSE/AMEX/NASDAQ, and have complete predictor values for calculating the DP-DHM.
The predictor values are collected from both COMPUSTAT and CRSP databases during the
period from January 1991 to November 2011. Default filings between February 1991 and
December 2011 are identified from the COMPUSTAT or CRSP database. In order to
eliminate the influence of outliers, the values of each predictor (except the predictor PRICE)
are winsorized using a 5/95 percentile interval (Campbell et al., 2008). Our final sample for
computing out-of-sample DP-DHM consists of 10,578 solvent firms, 744 default firms, and
1,083,867 firm-month observations.

Table 4. The definitions of industry dummy variables and the frequency distributions of the
sampled companies

Industry dummy variable ~ SIC code Industry Frequency
SIC, 1000~1999  Mining, Construction 154
Food, Tobacco, Textile, and Paper
SIC, 2000~2999 300

Manufacturing etc.
Rubber, Leather, Stone, and

SIC; 3000~3999 . . 427
Industrial Manufacturing etc.

SIC, 5000~5999  Wholesale Trade, Retail Trade 173
Hotel, Personal, Business, and

SICs 7000~7999 173

Automotive Repair Services etc.
Health, Legal, Education, and
SICe 8000~8999 . . 59

Social Services etc.
Transportation, ~Communications,

Reference level 4000~4999 i i . 215
Electric, Gas, and Sanitary Services

Total firms 1,501

The industries are classified by the first digit of the four-digit SIC code, and are used in the

stochastic frontier model for capturing differences in the production technology across seven
industry categories. The SIC codes 4000~4999 are used as the reference level for studying the
industry effects in stochastic frontier model. The financial services firms with SIC codes
6000~6999 are eliminated from the sample due to the unique capital requirements and
regulatory structure in that industry group. There are one company with SIC code less than
1000 and eight companies with SIC code greater than 9000. These nine companies are
dropped from the sample. If such industries with few companies are included in the model,
then the resulting number of industry indicator variables is increased. Thus, the estimates of

parameters in the corresponding model might become less precise.
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Table 5. Summary statistics of the panel data used to estimate the stochastic frontier model

Standard

Variable Mean Median o Minimum Maximum
deviation
In(Q) 6.5927 6.4837 1.6180 -4.0745 11.7082
In(L) 2.3293 2.3125 1.6357 -5.8091 7.6497
In(K) 6.6284 6.5120 1.8461 -1.3863 12.2768
Age 286.8221 186.0000 259.0525 2.0000 1033.0000
DP-DHM 0.0003 0.0000 0.0036 0.0000 0.2794

The values of the variables In(Q), In(L), and In(K) are collected from the COMPUSTAT
database during the period from September 1998 to December 2011. Here In(Q) is the
natural logarithm of the dollar value of production and Q is taken as the sum of sales and
inventory increase for a month, In(L) is the natural logarithm of the total number of
employees, and In(K) is the natural logarithm of the value of fixed assets. The values of
DP-DHM are produced for the period from September 1998 to December 2011 using an
expanding rolling window approach. The variable Age denotes a firm’s age which is defined
as the number of months it has been listed on the NYSE/AMEX/NASDAQ. Our final sample
for estimating the stochastic frontier model consists of 1,501 firms with 91,729 firm-month

observations.

Table 6. The frequency distributions of the panel data for studying the relationship between
S&P LTR and technical inefficiency according to S&P LTR.

S&P LTR R Frequency
AAA 1 883
AA 2 3,403
A 3 14,305
BBB 4 24,531
BB 5 27,290
B 6 19,375
CCC 7 1,666
CcC 8 127
D 9 149

Total firm-months 91,729
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Table 7. Maximum likelihood estimates of parameters in the stochastic frontier model with

different specifications of the inefficiency effect equation

Model 1 Model 2
Variable Coefficient Robust Coefficient Robust
standard error oetlicien standard error

Panel A: Production function

Intercept 4.648% 0.629 4.914%%x 0.651
In(L) 1.040%#* 0.201 1.051 %% 0.203
In(K) -0.314 0.225 -0.376 0.229
In(L) 0.021% 0.012 0.019 0.012
In(K)? 0.0627% 0.019 0.067%** 0.019
In(L) In(K) -0.089%** 0.031 -0.093 % 0.031
SIC, 3.908%** 0.668 3.675%% 0.693
SIC, 0.080 0.870 0.053 0.884
SIC; -0.186 0.830 -0.285 0.865
SIC, 0.901 0.993 0.732 1.003
SICs -0.123 0.767 -0.354 0.796
SICs 311 1.203 -3.825%** 1.286
In(L) SIC; 0.373 0.237 0.166 0.239
In(Z) SIC, -0.297 0.320 -0.398 0.313
In(L) SIC; -0.249 0.324 -0.301 0.324
In(L) SIC4 -0.947%%* 0.367 -1.100%** 0.387
In(L) SICs -0.594% 0.243 -0.695% % 0.249
In(Z) SICs -0.200 0.311 -0.288 0.357
In(K) SIC, -1.032%%* 0.246 -0.91 7% 0.251
In(K) SIC, 0.055 0.324 0.079 0.320
In(K) SIC; 0.244 0.333 0.275 0.339
In(K) SIC4 0.329 0.425 0.446 0.432
In(K) SICs 0.461 0.285 0.552 0.292
In(K) SICs 1.679%%x* 0.508 1.755%%* 0.541
In(L)*SIC, 0.034% 0.020 0.032 0.021
In(L)*SIC, -0.007 0.041 -0.003 0.038
In(L)*SIC; 0.007 0.042 0.015 0.041
In(L)*SIC, -0.190%** 0.025 -0.186%** 0.026
In(L)*SICs -0.019 0.018 -0.023 0.018
In(L)*SICs -0.097%* 0.041 -0.084* 0.043

(continued on next page)
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Table 7 (continued)

Model 1 Model 2
Variable Coefficient Robust Cocfficient Robust
standard error oetficien standard error
In(K)*SIC, 0.065%** 0.021 0.054% 0.022
In(K)*SIC, 0.006 0.030 0.002 0.029
In(K)* SIC; -0.030 0.034 -0.033 0.034
In(K)*SIC, -0.064 0.046 -0.077* 0.047
In(K)* SICs -0.074% % 0.025 -0.083% 0.026
In(K)*SICs -0.174%%* 0.049 -0.182%** 0.052
In(L)In(K) SIC, -0.043 0.037 -0.015 0.037
In(L) In(K) SIC, 0.027 0.062 0.042 0.059
In(L)In(K) SIC; 0.052 0.070 0.055 0.068
In(L) In(K) SIC4 0.257** 0.070 0.277%** 0.073
In(L)In(K) SICs 0.128%** 0.035 0.146%** 0.036
In(L) In(K) SICq 0.088* 0.045 0.093* 0.050

Panel B: Inefficiency effect equation

Intercept -8.93 5% 0.970 -8.598 % 3.301
Age -0.008*** 0.002 -0.003** 0.001
DP-DHM 44.248%%* 8.659

T 0.064 3.143
T, -3.418%** 0.942
T3 -0.030 0.823
T4 4.206%** 0.959
Ts 3.637%** 0.761
Ts 2.472%%% 0.478
T, -2.575 2.189
Ts 2.922 2.324

Panel C: Variance parameter

o’ 4.637%%* 0.248 3.475%%* 0.179

¢ 0.93 5% 0.001 0.913%** 0.001
(continued on next page)
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Table 7 (continued)
Model 1 Model 2

. ] Robust . Robust
Variable Coefficient standard error Coefficient standard error
Panel D: Model fit test
Log-likelihood -91539.370 -89843.911
AIC 183172.740 179795.822
Likelihood-ratio 6340.980%** 9731.898%**

Panel E: Vuong test
Z-statistic 21.411%**
Model 1 uses Age and DP-DHM as explanatory variables in the inefficiency effect equation.

Model 2 employs Age and S&P LTR as explanatory variables in the inefficiency effect
equation. Panels A and B show respectively the estimation results of production function and
inefficiency effect equation in Models 1 and 2. Panel C presents the estimation results of
variance parameters ¢’ and ¢ in Models 1 and 2. To allow for non-independence of
technical inefficiency over time, the Wald test using the robust standard error of estimated
parameter is employed in each of Panels A, B, and C to test the significance of parameter.
Panel D contains the result of model fit test for the inefficiency frontier model under Models
1 and 2. Panel E gives the Z-statistic of Vuong test. The notations ***, ** and * indicate the
significance of test at the 1%, 5%, and 10% levels, respectively.
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Figure 1. Plots of maximum likelihood estimates of parameters in DHM. These estimates

are produced using the panel data collected in Section 3. The panel data are based
on Campbell’s eight predictors, collected during the period from January, 1991 to
November, 2011, and composed of 10,578 solvent firms, 744 default firms, and
1,083,867 firm-month observations. In each panel, the dashed and the solid curves
stand for the 95% confidence interval and the estimate of the associated parameter,
respectively. Also, the horizontal line is the value 0.
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AR AT T A E BydFeh43 R A4
FAARZX R AT 77 ik B AR,
kE! AR FEAE? S gk Kk ER
BT RFRFREMHEAR!
EEMA RN M A2
Bl R PHB P A3

m £

K AUE FIRE S TR (stochastic frontier model; Battese and
Coelli, 1995) 89/ 8] BT Sz F A FHE Ak #0F B ERAEA! (discrete-
time hazard model; Shumway, 2001) AT43 2493 #9445 AR LAy 2
oS BTt 6 R IEAT 12 3RS (long-term issuer credit rating;
LTR). & T#% LTR fHAT #5690 R, &AUE N — B8 zkE14E
MR EH AT LTR 8554, VA 1998551 2011 5T A £ B & £
Sl69 AR AR, BHEERER, ARELTRFF A TR LTR
REAREF MUERRAE R ATAT 2109 1 #9188 FAZHARBEIE 5 0 S HUAlT s
B E RN A (information content), w78 F A — B 5] &k IfE
A% 69524542 (Baek and Pagan, 2002), &4 HE-E M
Fo S ey TR B— 1892 8143 R R4

BloE=e]: AERnd M AR A, MR IARE &, RAEATEE ARF, 4442 Wald R, Mg

FAEA,
JEL classification: D20, G24.





