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Previous studies have examined different statistical models to predict corporate
bond ratings. However, these papers use agency ratings as the benchmark to assess
models and ignore the evidence that agency ratings may not be accurate in a timely
manner. In this paper, we propose a new approach which incorporates ex-post bond
returns to evaluate rating prediction models. Relative rating strength portfolios,
formed by buying under-rated bonds with agency ratings lower than model ratings
and selling over-rated bonds with agency ratings higher than model ratings, are
employed to test the performance of different statistical models in rating predic-
tions. Our results show that one version of multiple discriminant analysis model can
generate a statistically significant abnormal return of 5% over a 5-year horizon. The
ordered probit model which is believed to possess theoretical advantages in classi-
fying bonds does not perform better. This suggests that using traditional measures
to evaluate models can be misleading. The existence of a profitable trading strategy
also raises the concern of market efficiency in the corporate bond market.

Keywords : Bond rating prediction; relative rating strength portfolio; bond trading
strategy; bond market efficiency.

1. Introduction

There is a bulk of literature examining the performance of various statis-
tical models in corporate bond rating predictions.1 These previous studies

1Horrigan (1966) starts this line of research by using an ordinary least squares regression
model. Pinches and Mingo (1973, 1975) apply the multiple discriminant analysis model
to improve the statistical fit. Ederington (1985) further investigates the performance of
different models in bond rating predictions.

153



May 26, 2004 19:35 WSPC/155-RPBFMP 00008.tex

154 • Konan Chan & Narasimhan Jegadeesh

assume that agency ratings provided by Moody’s or S&P are good proxies
of default risks and therefore use them as the benchmark to evaluate the
rating prediction models. However, the evidence that agency ratings may
not be accurate in a timely fashion is generally overlooked. For example,
Weistein (1977) finds that bond price changes are fully anticipated during
the period of 18 to seven months preceding the bond rating revisions made
by Moody’s, a result further supported by Pinches and Singleton (1978) who
examine the stock returns. Moreover, Hite and Warga (1997) show that the
cumulative abnormal bond return within six months prior to rating changes
is about two to ten times larger than that in the announcement month.2

In other words, the bond market has anticipated most of the rating process
long before the rating change announcements. This pre-revision informa-
tion leakage suggests that agency ratings may not be unbiased estimators
of credit risks at each point of time. Therefore, the assumption in previous
rating prediction research is not valid.

One possible reason why agency ratings may be biased is that Moody’s
and S&P cannot afford a day-to-day monitoring on thousands of corpo-
rate bonds in the market. For example, Ederington and Yawitz (1987) sur-
vey the bond rating process and find that there are insufficient analysts
in Moody’s and S&P to rate corporate bonds. Although both rating agen-
cies claim to have the continuous information gathering from issuers, they
tend to meet issuers only once a year. As described in Howe (1995) and
Standard & Poor’s (1998), the agency rating process is generally conserva-
tive and time-consuming. As a result, the rating revisions by rating agencies
are usually delayed, leading to information leakage prior to rating change
announcements.3

In this paper, we propose a new approach to evaluate models in predict-
ing bond ratings. We assume that the market timely incorporates all relevant
information through the ratings prediction models to form an independent
assessment about default risks of bonds. To the extent that rating agen-
cies tend to delay the rating revisions, if the prediction model can capture

2Holthausen and Leftwich (1986) find a similar result in the stock market. Stocks returns
in the period of 15 to four months prior to rating changes are much more significant and
larger than those in the three months after the rating revisions.
3An alternative explanation for biased agency ratings is that there may exist rating biases
associated with firm characteristics which cause some bonds to consistently earn higher or
lower returns than other issues. The parallel argument can be found in the stock market.
For example, Fama and French (1992) find that stocks with high book-to-market ratios
and small market-capitalization tend to have higher returns.
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the true rating process, there will be subsequent rating changes for any
mis-rated bonds whose model ratings are unequal to agency ratings. We
therefore form a relative rating strength portfolio at the time of rating pre-
dictions by buying under-rated bonds whose agency ratings are worse than
model ratings, and selling over-rated bonds whose agency ratings are better
than predicted ratings. Since the previous literature shows that there exist
abnormal returns prior to rating changes and these return drifts may last
over a long horizon,4 the relative rating strength portfolio should be able to
earn abnormal profits in the long-run. Based on the long-run performance
of relative rating strength portfolios, we can evaluate the power of different
models in classifying corporate bonds. If a statistical model can identify rela-
tive rating strength portfolios which generate higher returns than portfolios
based on others, this model is more powerful in predicting true bond ratings.
Our evaluation criterion is superior to the traditional measure used in earlier
studies because we incorporate ex-post bond returns into the evaluation and
do not assume that agency ratings are always accurate.

Using 4,474 industrial bonds with Moody’s ratings of 415 firms, we per-
form rating predictions by four statistical models — multiple discriminant
analysis (MDA), multiple discriminant analysis with the cross-validation
holdout procedure (MDA-C), ordered probit (Probit), and ordered probit
with the stepwise variable selection (Probit-S). Our empirical results show
that 86% of agency ratings can be correctly replicated by MDA, 75% by
MDA-C, 79% by Probit, and 75% by Probit-S based on the traditional accu-
racy rate measure. As to our proposed approach, only the portfolios from
MDA-C can generate significant abnormal returns in the long-run. This
supports the notion that the ordered probit model which is documented to
possess the theoretical advantages in bond rating predictions does not out-
perform the multiple discriminant analysis model empirically. Since MDA-C
outperforms MDA in our new approach but not in the traditional one, the
result also suggests that the evaluation criterion used in previous studies
can be misleading. Moreover, to the extent that we find a profitable trad-
ing strategy through MDA-C, the corporate bond market is not efficient in
processing publicly available information.

This paper contributes to the existing literature in four ways. First, we
provide an alternative and better approach by incorporating the ex-post
market information to evaluate rating prediction models and document the

4Dichev and Piotroski (2001) find significant abnormal stock returns over three years after
rating revisions.
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potential biases that earlier papers have ignored. Second, we not only exam-
ine the performance of different models in bond classifications, but also try
to identify some profitable bond trading strategies. Since the ratings pre-
diction literature does not provide any investment implications, this paper
attempts to fill this gap by making a connection between rating predictions
and corporate bond trading strategies. Third, our results relate to the cor-
porate bond market efficiency, which has received much less attention in
the literature. Finally, this paper facilitates our understanding of the rel-
ative performance among different rating prediction models since very few
previous papers apply more than one model on the same data.

The rest of the paper is organized as follows. Section 2 reviews the models
used in previous research to predict bond ratings. Section 3 describes the
data and the methodology is presented in Sec. 4. Section 5 shows empirical
results and Sec. 6 concludes.

2. Literature Review

Previous studies employ different statistical models to predict bond ratings.
Three major models have been examined in the literature, namely, ordinary
least squares, multiple discriminant analysis, and ordered probit models.
This section reviews these papers and introduces the benefits and restrictions
associated with each model.

2.1. Ordinary least squares model

Horrigan (1966) pioneers the bond classification research by using ordinary
least square (OLS) regressions. He assigns consecutive integers to represent
different bond ratings. With the usage of only five financial ratios and one
dummy variable for the subordination status, he finds that more than half
of the bond ratings can be replicated by his simple OLS model.

However, there are two drawbacks associated with the OLS model in
bond rating predictions. First, as pointed out in Kaplan and Urwitz (1979),
the consecutive integer dependent variable in OLS assumes that the risk
differential between AA and A bonds is the same as that between BB and
B bonds. This assumption is clearly not valid in the nature of bond ratings.
Second, Mckelvey and Zavoina (1975) illustrate that the error term of an
OLS regression does not have a zero mean or constant variance when the
dependent variable is ordinal. This indicates that the normality assumption
of OLS regressions is violated when assigning ratings as consecutive integers.
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2.2. Multiple discriminant analysis model

An alternative approach to predict bond ratings is the multiple discriminant
analysis (MDA) model. MDA is a statistical technique to classify observa-
tions into different groups by maximizing the ratio of between-group variance
to within-group variance. However, MDA is not theoretically appropriate in
bond rating classifications since it does not consider the ordinal nature of
bond ratings. Moreover, MDA requires a strong assumption that indepen-
dent variables in the model have to follow a multivariate normal distribution.
Both Eisenbeis (1977) and Pinches (1978) argue that financial ratios gen-
erally do not follow the univariate normal distribution, not even mention
multivariate normal. Therefore, though an MDA model avoids the disad-
vantages associated with an OLS model, it brings new problems to bond
rating predictions.5

Nevertheless, the MDA model is the most popular rating prediction
model in the literature. Pinches and Mingo (1973) first apply the MDA
model to bond rating classifications, and demonstrate that about 60% of
bonds in their sample can be correctly classified. A bulk of subsequent stud-
ies follows the same way to improve the model. The prediction accuracy rate
of these papers is about 70%, suggesting that the theoretical disadvantages
of MDA do not show up empirically.

2.3. Ordered probit model

Introduced by Mckelvey and Zavoina (1975), the ordered probit (Probit)
model is designed to solve problems with the ordinal nature. Since it assumes
that dependent variables are ordinal and does not require independent vari-
ables to be multivariate normal, Probit takes care of the special feature of
bond ratings and has theoretical advantages over MDA in predicting bond
ratings. Moreover, Probit is flexible in choosing the interval between two
groups to best fit the data. Therefore, Probit is also superior to OLS by
avoiding the problem of fixed interval between two adjoining rating classes.

5The other problem of using the MDA model is the choice between linear and quadratic
models. Linear MDA requires variance-covariance matrices (or dispersion matrices) within
different groups to be equal while quadratic MDA does not. Because Pinches and
Mingo (1975) and Pinches (1978) provide the evidence that dispersion matrices are
unequal, quadratic MDA should be the best choice for bond rating predictions. How-
ever, Lachenbruch et al. (1974) find that when the non-normality is present, quadratic
MDA performs worse than linear MDA even dispersion matrices are unequal.
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In spite of its suitable application to bond classifications, Probit does
not consistently dominate OLS and MDA in the previous literature. For
example, Kaplan and Urwitz (1979) compare Probit with OLS and find
that OLS slightly outperforms Probit. Wingler and Watts (1982) document
that the accuracy rate of Probit is lower than that of MDA in predicting
bond rating changes. These results suggest that the appealing theoretical
features of Probit do not guarantee a better prediction power. On the con-
trary, Ederington (1985) shows the outperformance of Probit over OLS and
MDA. These inconsistent empirical results are likely due to the biased eval-
uation measure used in previous studies. However, it also suggests that more
comparisons among different models need to be done to facilitate our under-
standing in bond rating predictions.

3. Data

3.1. Sample selection

The corporate bond data are from the Fixed Income Securities Database
(FISD) of the University of Houston. This database includes the month-
end data of bonds which compose the Lehman Brother Bond Indices. Many
recent papers also use FISD to study the US corporate bond market.6 The
advantage of using FISD is that it differentiates trader quotes from matrix
quotes for bond prices. Matrix prices are solely determined by other bonds
with the same rating or by adding a fixed spread over Treasury bonds for
bonds which are not actually traded in the market. Since bond dealers do
not commit to trade these matrix prices, using other popular bond databases
which do not make any distinction between trader and matrix prices can be
misleading and bias return calculations (Warga and Welch, 1993).7

Our bond data cover the period of April 1974 to March 1997. We restrict
our sample to industrial bonds only, since we can obtain more bonds from
this sector. To reduce the rating prediction biases, we focus on the non-
putable senior straight bonds. We also exclude bonds with outstanding
amount less than $10 million. To ensure that bond prices are meaningful
for long-term investors, we require maturities of five years or longer and
trader prices on each April 30 when the rating predictions are performed.

6See, for example, Blume, Lim and MacKinlay (1998), Collin-Dufresne, Goldstein and
Martin (2001), Eberhart and Siddique (2002) and Maxwell and Stephens (2003).
7However, even we include matrix prices in return calculations, the results are qualitatively
similar.
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Table 1. The rating distribution. This table reports the number of bonds in differ-
ent ratings and years. Bonds included in the sample must meet the following criteria:
(1) industrial bonds, (2) non-putable bonds, (3) senior bonds, (4) straight bonds, (5) with
Moody’s ratings, (6) with available financial variables listed in the Appendix. Also, on
each April 30 when bond ratings are predicted, only bonds with amounts outstanding
larger than ten million, time-to-maturities greater than five years, and with trader prices
can enter into the sample.

Year Aaa Aa A Baa Ba B Caa Ca Total

74 12 18 21 51
75 20 20 25 4 2 2 73
76 22 26 27 10 2 1 88
77 24 28 27 13 3 95
78 30 65 87 27 5 1 215
79 33 61 89 26 5 3 217
80 36 56 81 24 4 6 207
81 32 54 102 16 9 28 1 242
82 26 38 76 11 6 29 186
83 14 63 91 13 14 29 224
84 13 53 95 19 14 32 226
85 4 60 98 42 25 31 260
86 6 45 132 38 42 28 291
87 11 40 124 44 41 44 304
88 9 34 126 48 23 38 278
89 4 22 112 46 8 20 212
90 5 17 76 27 4 17 146
91 4 18 80 32 7 13 1 155
92 3 19 83 59 10 9 2 185
93 2 21 64 65 27 18 1 1 199
94 3 19 76 56 21 19 1 195
95 4 26 73 64 22 21 1 211
96 4 18 65 68 32 26 1 214

Total 321 821 1830 752 326 415 7 2 4474

Finally, all bonds included in our analysis must have Moody’s ratings. The
final sample contains 4,474 bond-year observations of 415 firms.

The rating distribution of our sample is reported in Table 1. Since
Lehman Brothers was not active in the high-yield bond market until 1992,
our sample tilts toward to investment-grade bonds. Less than 18% of our
sample is in the speculative grade. The single rating with the most bond
issues is A which composes 41% of the sample.

3.2. Summary statistics

The summary statistics of our sample are presented in Table 2. As expected,
the higher the bond rating, the lower the bond yield. The amounts
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Table 2. Summary statistics. For each year from 1974 to 1996, the mean values are first
computed within each rating for each variable. The time-series average of these mean values
is then calculated. “Years” means the number of years of available data used to compute
the time-series average. “Amount” is the outstanding amount of bonds on each April 30,
expressed in millions. “Size”, in terms of millions, is the market value of equity at previous
December end, and “BM” is the book-to-market ratio calculated by dividing book value
at previous fiscal year by the market value of equity. “Size Rank” and “BM Rank” are
based on Size and BM quintile breakpoints, respectively, obtained from all NYSE stocks.
“Stock Return” is the prior six month buy-and-hold return of the corresponding stock.

Size BM Stock
Ratings Years Amount Yield Maturity Size BM Rank Rank Return

Aaa 23 225 9.38% 16.920 30547 0.63 5.00 2.30 7.48%
Aa 23 189 9.71% 17.154 11501 0.65 4.99 2.46 11.19%
A 23 139 9.99% 16.095 3970 0.84 4.79 3.10 12.97%
Baa 22 143 10.55% 13.589 1811 0.92 4.26 3.39 16.65%
Ba 22 136 11.60% 12.565 1165 0.89 3.57 3.04 19.42%
B 21 99 14.62% 12.705 286 1.64 2.20 3.42 15.93%
Caa 6 110 18.68% 7.237 87 2.46 1.17 4.83 46.71%
Ca 2 70 N/A 5.541 27 1.86 1.00 3.50 9.09%

outstanding and time-to-maturity generally increase as the rating moves up.
In addition, we examine stocks whose corresponding bonds are included in
our sample, and get their market value of equity (size) and book-to-market
(BM) quintile breakpoints, based on all NYSE stocks on each April 30.
As bond ratings move down, the size values decline and BM ratios increase.
Since our sample concentrates on investment-grade bonds, the large size
rankings for Baa and above indicate that most firms included in this study
are big firms. Interestingly, from Aaa down to Ba, the prior six-month
buy-and-hold stock returns monotonically increase, but firms with B rat-
ing bonds earn less returns than Ba. This suggests that higher default risks
do not compensate investors for higher stock returns, a finding consistent
with Dichev (1998).

4. Methodology

4.1. Rating predictions

We employ four models to predict bond ratings — MDA, MDA with cross-
validation (MDA-C), ordered probit (Probit), and ordered probit with step-
wise variable selection (Probit-S). The choice of MDA is due to its popularity
among previous studies and thus can facilitate the comparison of our results
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to others.8 However, MDA requires the multivariate normal distribution for
independent variables, and does not take the ordinal nature of bond ratings
into account. On the contrary, Probit recognizes that ratings are ordinal
and does not require independent variables to be multivariate normal, two
theoretical advantages over MDA. By conducting MDA and Probit on the
same sample, we can empirically test whether Probit performs better in
bond classifications.

Moreover, to improve the performance of MDA, we apply the cross-
validation holdout procedure to MDA as the MDA-C model. The
cross-validation method is performed by omitting one observation at a time,
calculating the classification rule based on remaining observations, and then
classifying the holdout observation which is omitted in the beginning. Repeat
the above step until all observations are classified. As pointed out in Pinches
(1980), this method generates unbiased estimates of error rates, and is rea-
sonably robust to extreme numbers of variables. Similarly, to avoid that
large number of independent variables seriously affects the probit regres-
sions, we carry on the stepwise variable selection procedure which picks up
a subset of variables that have statistically significant contributions to the
model. Adding this procedure on Probit (the Probit-S model) ensures that
only the most significant variables are included in the model.

On each April 30 from 1974 to 1996, we perform the rating prediction for
all available bonds, by four abovementioned statistical models. The financial
variables used to predict bond ratings are selected based on prior studies and
listed in the Appendix.9 Since the rating process by Moody’s is conserva-
tive and long, it is very likely that Moody’s ratings do not capture the
true ratings for some periods of time. Accordingly, we assume that the mar-
ket can have its own assessed ratings, which may be different from ratings
supplied by Moody’s. For any bond with Moody’s rating lower than the
predicted rating implied by the model, we will classify it as an under-rated
bond since the current rating is worse than it’s supposed to be. Similarly, a
bond with Moody’s rating higher than the predicted rating is grouped as an
over-rated bond.

8We do not use the OLS model to predict ratings in our results since the accuracy rate
of rating predictions shown in the previous research is generally lower for OLS than
for MDA.
9We assume a four-month reporting lag to collect financial data.
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4.2. Relative rating strength portfolios

We form a zero-investment portfolio by buying under-rated bonds and selling
over-rated bonds at each April 30 when the rating predictions are performed.
This zero-investment portfolio is similar to the relative strength portfolio
introduced in Jegadeesh and Titman (1993), so we call it the relative rat-
ing strength portfolio. Since the previous research suggests that there exist
abnormal returns starting from one year and a half prior to rating change
announcements (Weistein, 1977) and that the impact of rating revisions can
last over three years (Dichev and Piotroski, 2001), we hold the relative rating
strength portfolio for five years to track its long-run performance. Examining
such long-horizon performance also ensures that our portfolio returns fully
capture the market reactions to rating changes, even when rating agencies
significantly delay the rating revisions.

To get the bond portfolio returns, we first compute annual buy-and-
hold returns for individual bonds by compounding monthly returns from
May up to next April, or the final month of the data, whichever is earlier.
Equal-weighted portfolio returns are then calculated with an annual port-
folio rebalancing for both under- and over-rated bonds.10 We then obtain
the multi-year long-run returns by compounding portfolio annual returns.
The relative rating strength portfolio returns are the differences of long-run
compounded returns between the under- and over-rated bond portfolios.

We also compute abnormal returns of relative rating strength portfo-
lios by carefully controlling for the bond risks. Specifically, we calculate the
market buy-and-hold returns matched by the rating and maturity for each
misclassified bond and use them as benchmark returns.11 Similar to the
return calculation mentioned above, annual and long-run compounded mar-
ket returns are computed. For each of under- and over-rated bond portfolios,
long-run abnormal returns are then obtained by subtracting the long-run
compounded market returns from those of the bond portfolio. Again the
returns of interests are the differences of long-run abnormal returns between
the under- and over-rated bond portfolios.

10To avoid that extreme returns generated by small number of bonds in one year bias our
results, we also calculate the number-weighted average return by multiplying the number
of bonds by the relative rating strength portfolio return, summing across years, and then
dividing by total number of bonds in the sample period. Though not reported here, the
results are very similar to what we report in Table 4.
11We are careful in matching the holding horizons between the bond portfolio and the
benchmark. For example, if a bond is removed from the return calculation because either
it does not have trader price or it is delisted, the market return calculation also stops.
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To compute market returns, we use Lehman Brothers corporate bond
indices which include all non-convertible bonds with at least one year to
maturity and an outstanding amount of $50 million. These indices are cat-
egorized by different ratings and sectors, but not jointly. For each rating
or sector, there are two indices, intermediate index which is made of bonds
with maturities of up to ten years, and long-term index which includes bonds
with maturities of ten years or longer. Since we believe that default risks are
more important than sectors to bond prices, we choose to control for ratings
and maturities, rather than sectors and maturities.12

5. Empirical Results

5.1. Traditional evaluation measure for models

to predict ratings

Table 3 reports the prediction results based on the traditional evaluation
measure for different models. The accuracy rate for MDA is about 86% which
is higher than that in previous studies. With the 75% accuracy, MDA-C also
performs well and dominates similar models in earlier research. Since error
rates of MDA-C are proved to be unbiased and relatively robust (Pinches,
1980), this result indicates that at least three-fourths of the Moody’s rat-
ings can be replicated by our models. This superior performance is prob-
ably attributed to the fact that we include more variables in our models
and exclude the subordinated bonds from the sample. Besides, we perform
the rating prediction in a year-by-year basis, rather than pool many years
together in the training sample as previous studies do, and thus make good
use of all available information.

Although Probit has theoretical advantages in predicting bond ratings,
surprisingly, its accuracy rate is only 79% which is lower than that of MDA.
The Probit-S model, which selects the most significant variables and is
expected to be more powerful, works worse than MDA, and even than Probit.
This implies that theoretical advantages of the ordered probit model may be
not so important empirically. It is also possible that the multiple discrimi-
nant analysis model has more power in classifying bonds when the sample
comprises a wide range of rating classes.

12We take care of rating or maturity changes when compute market index returns as the
benchmark. For example, if the bond is downgraded or upgraded to another rating, or
its maturity is reducing from long-term to intermediate-term, the benchmark return is
carefully matched at the same time.



May 26, 2004 19:35 WSPC/155-RPBFMP 00008.tex

164 • Konan Chan & Narasimhan Jegadeesh
T
a
b
le

3
.

A
cc

u
ra

cy
ra

te
s

o
f
b
o
n
d

ra
ti

n
g

p
re

d
ic

ti
o
n
s.

O
n

ea
ch

A
p
ri

l
3
0

fr
o
m

1
9
7
4

to
1
9
9
6
,
th

e
b
o
n
d
s’

ra
ti

n
g
s

a
re

p
re

d
ic

te
d

b
y

fo
u
r

m
o
d
el

s:
m

u
lt

ip
le

d
is
cr

im
in

a
n
t
a
n
a
ly

si
s

(M
D

A
),

m
u
lt

ip
le

d
is
cr

im
in

a
n
t
a
n
a
ly

si
s

w
it

h
cr

o
ss

-v
a
li
d
a
ti

o
n

(M
D

A
-C

),
o
rd

er
ed

p
ro

b
it

(P
ro

b
it

),
a
n
d

o
rd

er
ed

p
ro

b
it

w
it

h
st

ep
w

is
e

va
ri
a
b
le

se
le

ct
io

n
(P

ro
b
it

-S
).

T
h
e

va
ri
a
b
le

s
u
se

d
to

p
re

d
ic

t
ra

ti
n
g
s

a
re

li
st

ed
in

th
e

A
p
p
en

d
ix

.
T

h
e

“
N

o
”

co
lu

m
n

re
p
o
rt

s
th

e
to

ta
l

n
u
m

b
er

o
f

b
o
n
d
s

u
se

d
in

ra
ti

n
g

p
re

d
ic

ti
o
n

in
ea

ch
y
ea

r.
T

h
e

“
U

”
co

lu
m

n
in

cl
u
d
es

th
e

n
u
m

b
er

o
f

u
n
d
er

-r
a
te

d
b
o
n
d
s

w
h
o
se

M
o
o
d
y
’s

ra
ti

n
g
s

a
re

lo
w

er
th

a
n

p
re

d
ic

te
d

ra
ti

n
g
s,

w
h
il
e

th
e

“
O

”
co

lu
m

n
co

n
ta

in
s

th
e

n
u
m

b
er

o
f
ov

er
-r

a
te

d
b
o
n
d
s

w
h
o
se

M
o
o
d
y
’s

ra
ti

n
g
s

a
re

h
ig

h
er

th
a
n

p
re

d
ic

te
d

ra
ti

n
g
s.

“
M

is
”

co
lu

m
n

is
th

e
n
u
m

b
er

o
f

m
is
cl

a
ss

ifi
ed

b
o
n
d
s,

w
h
ic

h
is

th
e

su
m

o
f

n
u
m

b
er

s
in

“
U

”
a
n
d

“
O

”
co

lu
m

n
s.

“
A

cc
u
ra

cy
”

is
th

e
ra

ti
o

o
f
n
u
m

b
er

o
f
b
o
n
d
s,

w
h
o
se

p
re

d
ic

te
d

ra
ti

n
g
s

eq
u
a
l
to

M
o
o
d
y
’s

ra
ti

n
g
,
to

to
ta

l
n
u
m

b
er

o
f
b
o
n
d
s

in
th

a
t

y
ea

r.

M
D

A
M

D
A

-C
P

ro
b
it

P
ro

b
it

-S

Y
r

N
o

U
O

M
is

A
c
c
u
ra

c
y

U
O

M
is

A
c
c
u
ra

c
y

U
O

M
is

A
c
c
u
ra

c
y

U
O

M
is

A
c
c
u
ra

c
y

7
4

5
1

0
0

0
1
0
0
.0

0
%

7
3

1
0

8
0
.3

9
%

0
0

0
1
0
0
.0

0
%

4
2

6
8
8
.2

4
%

7
5

7
3

1
1

2
9
7
.2

6
%

9
8

1
7

7
6
.7

1
%

1
2

3
9
5
.8

9
%

3
6

9
8
7
.6

7
%

7
6

8
8

1
2

3
9
6
.5

9
%

5
7

1
2

8
6
.3

6
%

1
2

3
9
6
.5

9
%

6
6

1
2

8
6
.3

6
%

7
7

9
5

2
3

5
9
4
.7

4
%

1
1

8
1
9

8
0
.0

0
%

1
2

3
9
6
.8

4
%

7
1
1

1
8

8
1
.0

5
%

7
8

2
1
5

1
3

2
0

3
3

8
4
.6

5
%

3
1

2
7

5
8

7
3
.0

2
%

2
4

1
6

4
0

8
1
.4

0
%

2
6

2
2

4
8

7
7
.6

7
%

7
9

2
1
7

1
3

1
2

2
5

8
8
.4

8
%

3
2

2
1

5
3

7
5
.5

8
%

2
5

1
8

4
3

8
0
.1

8
%

2
9

2
0

4
9

7
7
.4

2
%

8
0

2
0
7

1
5

1
3

2
8

8
6
.4

7
%

2
8

2
0

4
8

7
6
.8

1
%

2
3

1
6

3
9

8
1
.1

6
%

2
6

2
0

4
6

7
7
.7

8
%

8
1

2
4
2

1
7

1
7

3
4

8
5
.9

5
%

3
3

2
6

5
9

7
5
.6

2
%

3
3

2
0

5
3

7
8
.1

0
%

2
5

2
3

4
8

8
0
.1

7
%

8
2

1
8
6

8
3

1
1

9
4
.0

9
%

1
7

8
2
5

8
6
.5

6
%

1
1

1
5

2
6

8
6
.0

2
%

1
3

1
5

2
8

8
4
.9

5
%

8
3

2
2
4

1
2

2
4

3
6

8
3
.9

3
%

2
4

3
2

5
6

7
5
.0

0
%

1
2

1
6

2
8

8
7
.5

0
%

1
8

2
7

4
5

7
9
.9

1
%

8
4

2
2
6

1
2

2
0

3
2

8
5
.8

4
%

2
0

3
4

5
4

7
6
.1

1
%

2
0

2
4

4
4

8
0
.5

3
%

2
5

3
1

5
6

7
5
.2

2
%

8
5

2
6
0

1
9

2
6

4
5

8
2
.6

9
%

3
3

3
6

6
9

7
3
.4

6
%

3
6

3
7

7
3

7
1
.9

2
%

4
3

4
4

8
7

6
6
.5

4
%

8
6

2
9
1

3
2

1
8

5
0

8
2
.8

2
%

4
4

2
6

7
0

7
5
.9

5
%

2
8

3
6

6
4

7
8
.0

1
%

3
1

4
8

7
9

7
2
.8

5
%

8
7

3
0
4

3
3

3
7

7
0

7
6
.9

7
%

4
6

4
5

9
1

7
0
.0

7
%

4
4

4
1

8
5

7
2
.0

4
%

3
9

4
3

8
2

7
3
.0

3
%

8
8

2
7
8

2
0

2
5

4
5

8
3
.8

1
%

3
9

4
0

7
9

7
1
.5

8
%

4
4

3
2

7
6

7
2
.6

6
%

4
5

3
3

7
8

7
1
.9

4
%

8
9

2
1
2

1
5

1
2

2
7

8
7
.2

6
%

3
0

1
6

4
6

7
8
.3

0
%

2
7

1
7

4
4

7
9
.2

5
%

2
1

1
9

4
0

8
1
.1

3
%

9
0

1
4
6

7
4

1
1

9
2
.4

7
%

1
1

1
1

2
2

8
4
.9

3
%

1
1

5
1
6

8
9
.0

4
%

1
6

1
6

3
2

7
8
.0

8
%

9
1

1
5
5

1
1

8
1
9

8
7
.7

4
%

1
9

2
0

3
9

7
4
.8

4
%

1
4

1
6

3
0

8
0
.6

5
%

2
9

2
3

5
2

6
6
.4

5
%

9
2

1
8
5

1
2

7
1
9

8
9
.7

3
%

2
1

1
5

3
6

8
0
.5

4
%

1
5

1
1

2
6

8
5
.9

5
%

2
0

2
8

4
8

7
4
.0

5
%

9
3

1
9
9

2
3

1
2

3
5

8
2
.4

1
%

4
1

2
3

6
4

6
7
.8

4
%

2
8

3
2

6
0

6
9
.8

5
%

3
2

3
0

6
2

6
8
.8

4
%

9
4

1
9
5

1
7

1
2

2
9

8
5
.1

3
%

3
4

1
8

5
2

7
3
.3

3
%

2
3

2
9

5
2

7
3
.3

3
%

2
7

2
5

5
2

7
3
.3

3
%

9
5

2
1
1

2
6

1
7

4
3

7
9
.6

2
%

3
9

3
7

7
6

6
3
.9

8
%

2
9

2
8

5
7

7
2
.9

9
%

3
6

3
0

6
6

6
8
.7

2
%

9
6

2
1
4

1
9

1
4

3
3

8
4
.5

8
%

3
8

2
5

6
3

7
0
.5

6
%

3
8

3
1

6
9

6
7
.7

6
%

4
4

3
2

7
6

6
4
.4

9
%

A
ll

4
4
7
4

3
2
8

3
0
7

6
3
5

8
5
.8

1
%

6
1
2

5
0
6

1
1
1
8

7
5
.0

1
%

4
8
8

4
4
6

9
3
4

7
9
.1

2
%

5
6
5

5
5
4

1
1
1
9

7
4
.9

9
%



May 26, 2004 19:35 WSPC/155-RPBFMP 00008.tex

Market-Based Evaluation for Models to Predict Bond Ratings • 165

5.2. Market-based assessment for models to predict ratings

In the previous section, we implicitly assume that Moody’s ratings are cor-
rect in a timely fashion when we employ the traditional measure to evalu-
ate the performance of rating prediction models. In this section, we relax
the assumption that agency ratings are always accurate. Table 4 shows the
long-run performance of relative rating strength portfolios, formed by buy-
ing under-rated bonds and selling over-rated bonds.13 For raw returns, all
models can generate significant returns in the long-run. In particular, over
five post-formation years, the relative rating strength portfolio can earn an
average return of 11.89% from MDA, 9.9% from MDA-C, 9.57% from Probit,
and 8.35% from Probit-S, all of which are significant within 1% level. How-
ever, after control for the bond market returns, only MDA-C and Probit-S
can generate significant abnormal returns in the long-run. The relative rat-
ing strength portfolio based on MDA-C even outperforms that from Probit-S
starting from year 2 and generates an abnormal return of 5% over five years.

To check the robustness of our results, we delete below-investment bonds
when we form relative rating strength portfolios, and report the result in
Table 5. The results are qualitatively similar to Table 4. MDA-C is still
the best model among the four models we examine and generate statisti-
cally significant abnormal returns in the long-run. However, the abnormal
returns from Probit-S is not significant anymore. As a result, there is no evi-
dence that ordered probit models outperform multiple discriminant analysis
models in classifying bonds.

There are three implications based on our bond portfolio results. First,
MDA-C works the best among four models to predict bond ratings. This
indicates that ordered probit models are not superior to multiple discrimi-
nant analysis models in classifying bonds even though ordered probit models
are more theoretically appropriate. This result is consistent with the find-
ing in Table 3 when we apply the traditional evaluation measure. Second,
since MDA-C can identify relative rating strength portfolios which statis-
tically beat the market indices over the long-run but MDA cannot, it sug-
gests that adopting the holdout procedure adds value in rating predictions.
The stepwise variable selection also contributes to the rating predictions
given that the relative rating strength portfolios from Probit-S outperform
those from Probit. Using the traditional evaluation criterion, we observe the

13For MDA and Probit, since there are only few misclassified bonds before 1977, we
calculate the portfolio return starting from 1978.
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opposite finding (recall that MDA outperforms MDA-C and Probit beats
Probit-S in Table 3). Because the return results here are based on actual
traded data after ratings are predicted, our proposed evaluation criterion
includes post market information and should be more reliable than the tra-
ditional measure. As a result, the different conclusions reached from Tables 3
and 4 suggest that adopting the traditional measure in evaluating statisti-
cal models to predict ratings can be misleading. Finally, the major par-
ticipants of the corporate bond market are institutional investors who are
expected to be sophisticated and informed. Therefore, the corporate bond
market should be quite efficient. However, the existence of a profitable trad-
ing strategy based on MDA-C suggests that the corporate bond market is
not so efficient as we expected. One possible reason is that investors rely too
much on agency ratings, and the revision process of these agency ratings is
too long.

6. Conclusion

Numerous studies have proposed different statistical models to predict cor-
porate bond ratings. These papers use agency ratings as the benchmark to
evaluate various prediction models and thus implicitly assume that agency
ratings are accurate in a timely fashion. However, the empirical evidence of
market reactions to bond rating changes suggests that rating agencies do
not adjust bond ratings efficiently to fully reflect the true default risks of
bonds. Accordingly, the assumption in previous rating prediction papers is
not valid.

Assuming that the market can form an independent assessment about
default risks of bonds, we design a new approach to evaluate models in
predicting true bond ratings. Specifically, we construct a relative rating
strength portfolio formed by buying under-rated bonds, whose Moody’s rat-
ings are lower than predicted ratings from the statistical model, and selling
over-rated bonds, whose Moody’s ratings are higher than predicted ratings.
We hold this portfolio for five years after the rating predictions, and examine
its long-run performance. If one statistical model can identify misclassified
bonds which generate significant higher returns than bond portfolios based
on other models, this model has more power to detect bonds whose agency
ratings deviate from true ratings, and is a better model in predicting bond
ratings.

The evaluation criterion we propose in this paper is superior to that
used in the previous research because we include ex-post bond returns
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into the evaluation and do not assume that ratings from rating agen-
cies are always correct. Moreover, if there does exist a relative rating
strength portfolio which earn abnormal returns in the long-run, investors
can make profits in the corporate bond market by implementing this trading
strategy.

Using 4,474 industrial bonds with Moody’s ratings of 415 firms, we
perform rating predictions by four statistical models, namely, multiple
discriminant analysis (MDA), multiple discriminant analysis with the
cross-validation holdout procedure (MDA-C), ordered probit (Probit), and
ordered probit with the stepwise variable selection (Probit-S). Based on the
traditional evaluation measure, our empirical results show that 86% of agen-
cies’ ratings can be correctly replicated by MDA, 75% by MDA-C, 79% by
Probit, and 75% by Probit-S. Consistent with previous research, our sta-
tistical models fairly capture the essence of the rating process of rating
agencies. However, since Probit and Probit-S do not perform better than
MDA or MDA-C, it implies that theoretical advantages of ordered probit
models do not guarantee the superior performance.

With our alternative approach, we find that only MDA-C can identify
bond portfolios which consistently generate significant abnormal returns in
the long-run (about 5% over a five-year horizon). This indicates that the
evaluation criterion used in previous studies may be misleading since MDA-C
performs better than MDA in our new approach but not in the traditional
one. Moreover, to the extent that we document a profitable trading strategy
through MDA-C, our result suggests that the corporate bond market is not
very efficient even though most of the market participants are sophisticated
institutional investors.

Appendix: Variables Used in the Statistical Models

A.1. Profitability

1. Pretax return on permanent capital = EBIT/average total assets
2. Return on asset = net income/total assets
3. Return on stock = last 12 month buy-and-hold stock return ending on

previous December
4. Return on stock = last six month buy-and-hold stock return ending on

previous December
5. E/P ratio = earnings per share/price
6. D/P ratio = dividend per share/price
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A.2. Earnings variability

1. ROA variability = standard deviation of recent five year returns on assets
2. Pretax return variability = standard deviation of recent five year EBIT

to total assets ratios

A.3. Coverage

1. Pretax interest coverage = EBT/interests
2. Pretax interest coverage including rent = (EBT+rent)/(interests +rent)
3. EBITDA interest coverage = (EBT + rent + depreciation)/interests

A.4. Cash flow to debt ratio

1. Cash flow/total debt = (net income + depreciation)/(long-term debt +
short-term debt)

2. Cash flow/long-term debt = (net income + depreciation)/long-term debt
3. Free cash flow/total debt = (net income + depreciation − capital

expenditure)/(long-term debt + short-term debt)
4. Free cash flow/long-term debt = (net income + depreciation − capital

expenditure)/long-term debt

A.5. Leverage

1. Long-term debt to capitalization = long-term debt/total assets
2. Short-term debt to long-term debt
3. Deferred taxes to long-term debt

A.6. Firm size

(Based on previous December price and number of shares in CRSP; all data
but price are in millions before taking logarithm)

1. Market value of total asset = log (price * number of shares + total
assets − book value of common equity)

2. Market value of common equity = log (price * number of shares)

A.7. Growth potential

1. BM ratio = book value of common equity/market value of common equity
2. Sales growth in recent three years = log (sales in year (t − 1)/sales in

year (t − 3))
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A.8. Operating efficiency

1. Asset turnover = sales/average total assets
2. Receivables turnover = sales/average receivables

A.9. Liquidity

1. Current ratio = current assets/current liabilities
2. Quick ratio = (current assets − inventory)/current liabilities

A.10. Other

1. Size of bonds = log (outstanding amount of the bond in thousands on
April 30)

2. Dividend to interest ratio
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