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The purpose of the study was to find the best

prediction models of short-term bank CD ratings using

financial variables. This study used short-term bank CD

ratings assigned by Moody's and Standard and Poor's.

The period under investigation was 1987 and 1988. The

classification methodologies used in this study included

several parametric and nonparametric models: (1) multiple

discriminant analysis; (2) N-chotomous probit analysis; (3)

logit analysis; (4) regression analysis; (5) decomposition

analysis; (6) rank transformation discriminant analysis; (7)

classification trees analysis. For the reliability of the

model, the estimation sample was used to estimate the model,

and the holdout sample was used to test its performance.

The linear discriminant model could predict Moody's CD

ratings with an accuracy rate of 89.6%. On the other hand,

the stepwise discriminant model could predict Standard and

Poor's CD ratings with the accuracy rate of 68.0%.

The prediction models predicted Moody's CD ratings

better than Standard and Poor's. It indicates that Standard

and Poor's rate CD ratings with more subjective judgment.
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CHAPTER I

INTRODUCTION

Background of the Problem

The amount of outstanding large certificates of deposit

(CD) and the issuers of large CDs changed during the

1980s.1 The amount of large CDs outstanding peaked in late

1982. The amount of domestic large bank CDs outstanding

fell $60 billion from their peak in late 1982 to $130

billion at the end of 1983 (Willemse 1986). The decrease in

domestic CDs reflected the strong growth of two interest

ceiling free accounts: the Money Market Deposit Account

(MMDA) in December 1982 and the Super NOW in January 1983.

From 1984 to 1986, the large CDs outstanding at large banks

remained relatively constant at about $135 billion.

From 1982 through 1986, money center banks decreased

their proportions of large CDs outstanding whereas regional

banks increased their proportions. The Quarterly Reports of

Condition show that CDs outstanding at the 10 largest banks

in New York City as a proportion of the total amount of CDs

outstanding at large weekly reporting banks fell from 20

1 Certificates of Deposits are divided into four
classes based on the type of issuers: domestic CDs,
Eurodollar CDs, Yankee CDs, and thrift CDs. Large CDs are
defined in this paper as domestic CDs with denominations of
$100,000 or more issued by U.S. banks.

1



2

percent at the end of 1983 to 15 percent in early 1986.

This change reflects the growth in loan demand in regional

banks and the easy access to the cheaper Eurodollar market

in money center banks. The increased CD issues by regional

banks may have caused CD investors increased concern about

the risk of CDs.

In the 1980s, the banking industry suffered a large

number of failures. From 1981 through August 1988, the

Federal Deposit Insurance Corporation (FDIC) processed a

total of 778 bank failures. The FDIC's problem-bank list

grew substantially from a total of 642 banks in 1983 to

1,575 banks at the end of 1987 (Arshadi 1989, 31). These

failed banks had some common characteristics in size and

location. Of the failed banks in 1987, more than 95% had

less than $300 million in assets, and 88% were located in

the Southwestern states that had problems in the farm,

energy, and real estate sectors (Heller 1988).2

Since 1980, FDIC insurance has covered all domestic

deposits denominated at or below $100,000 in insured banks.

Accordingly, large and negotiable CDs greater than $100,000

are not insured. This study examines only negotiable CDs

rated by Moody's and Standard & Poor's. Negotiable CD

investors need to be concerned about the creditworthiness of

the CD issuers.

2 The problem states include Texas, Oklahoma,
Louisiana, Arkansas, and New Mexico.
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The increased proportion of CDs issued by regional

banks, increased bank failures, and uninsured negotiable CDs

have led to increased caution on the part of bank investors.

This investor caution tends to manifest itself in more

intense information searches. The rating agencies

specialize in gathering information about the

creditworthiness of borrowers. The results of the search

are signalled to the investors in a single score rating.

Investors have come to rely on ratings as a proxy for

creditworthiness.3

Statement of the Problem and Research Questions

Problem Statement

The removal of Regulation Q from the large

certificates of deposit permitted the development of this

instrument as the primary source of funding within the

banking system. As the amount and number of CD issues grew,

rating agencies began to rate CDs in order to provide

information to potential investors. The market is also

motivated by its demand for information because of the

3 Ratings are described differently by the two major
rating agencies as follows:
(1) Ratings are designed exclusively for the purpose of

grading bonds according to their investment qualities
(Moody's 1984, 2).

(2) A Standard & Poor's corporate or municipal debt rating
is a current assessment of the creditworthiness of an
obligor with regard to a specific obligation (Standard
& Poor's 1984, 10).
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weakness in the banking industry. The primary investors in

CDs are corporate treasurers who are attempting to maximize

the return of their firms's excess funds while maintaining

the liquidity and safety of their principal. Accordingly,

the prediction of CD rating may provide corporate treasurers

and other investors with an important source of information.

I am not aware of any published study dealing with CD

ratings. Most previous rating classification studies have

focused on bonds or commercial paper. Furthermore, most

classification studies based their ex-post classification

accuracy on parameters generated from historic information.

Even high ex-post classification accuracy of samples

produces highly inaccurate results when the parameters are

applied to ex-ante predictions of the population. The

question then arises as to whether such classification

accuracy demonstrates valuable information in an investor's

decision making. The information content studies addressed

the question, albeit with mixed results.

Information content studies generally examined the

stock price or bond price impact of bond rating

reclassifications. Research on stock price reactions to

reclassification has produced mixed results. Pinches and

Singleton (1978) found that the effect of the information

content of bond ratings on stock prices was small. However,

Griffin and Sanvincente (1982) found that the re-ratings

conveyed significant new information to the market.
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Holthausen and Leftwich (1986) found results similar to

those of Griffin and Sanvincente, showing that downgraded

bonds across rating classes provided significant

information.

The results of studies of rating changes on bond prices

are also mixed. Weinstein (1977) and Wakeman (1978) did not

find any information content of rating changes on bond

prices. On the other hand, Katz (1974), Grier and Katz

(1976), and Ingram, Brooks and Copeland (1983) found that

bond prices react negatively to bond rating

reclassifications. Although information content studies

have yielded conflicting results, recent research indicates

some evidence of possible information content effect,

especially for downgradings. Furthermore, rating

classifications (assigned by the two principal rating

agencies, Moody's and Standard & Poor's) attempt to rank

issues based on the probability of the issuers' default.

Accordingly, rating predictions provide information

regarding the default risk of the issuer and, therefore, may

be used as a measure of creditworthiness.

Split ratings occur when two typical rating agencies,

Moody's and Standard & Poor's, assign different ratings to

the same security. The use of different ratings between

Moody's or S&P may lead to different prediction results if

split ratings give new information to the market. Split

ratings studies have provided mixed results. However, in
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general, only the downside split rating has provided

information. For example, Liu and Moore (1987) found that

when a bond's S&P rating is lower than the same bond's

Moody's rating, the yield premium on such a bond was

significantly higher. Their results indicated that a

downside split appeared to have a greater bond-yield impact

than an upside split and conveyed information that is not

priced in the market. Accordingly, the employment of both

the ratings assigned by Moody's and S&P's should convey more

information and may increase the prediction accuracy of the

rating classification studies.

Selection of the test sample is another issue in

security rating studies. Several previous rating studies

used secondary market securities rather than primary issue

securities. In assigning ratings, the major agencies are

more sensitive to rating new issues than to evaluating and

possibly rerating seasoned issues. According to Ross

(1976), rating changes by rating agencies tend to lag the

market. Ideally, in order to avoid possible contamination

due to possible lags when a population is employed, it seems

appropriate to select newly issued securities. Kaplan and

Urwitz (1979) found that prediction models estimated from a

new issue sample predicted a holdout sample of newly issued

securities substantially better than when the model is

estimated from a seasoned issue sample. The current study
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is confined to seasoned CDs because newly rated bank CDs

result in a small sample size.

Selection of explanatory variables is also an important

issue in bank CD rating studies. Even though no published

studies have predicted bank CD ratings, other classification

studies in the area of bond rating, commercial paper rating,

and bankruptcy prediction, were done utilizing financial

ratios. Because a number of financial ratios have

adequately explained the derived models in previous

classification studies and a number of these have been

related to short term maturity and the banking industry,

these ratios can initially be employed as explanatory

variables for the prediction of bank CD ratings. However,

the significances of these ratios differed, depending on the

data sets and prediction subjects. Hence, the prediction of

bank CD ratings may require financial ratios unique to

banking.

Selection of the sample for prediction purposes may

affect the performance. If the initial sample for the

estimation of the model is used also for the prediction of

the model, the performance results could be biased upward.

Most previous classification studies had significantly lower

prediction accuracies for employed holdout samples than for

the model estimation sample. Accordingly, the use of an

initial sample for prediction purposes and model testing
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purposes may reduce the reliability of the results when the

model is applied to alternative data sets.

Selection of a good methodology is important in

improving prediction results. Unfortunately, no single

superior classification methodology exists. Each

classification technique has its own set of assumptions and

problems. The potential problems may include (1) violations

of the underlying normality and independence assumptions of

the parametric classification techniques, (2) interpretation

of the relative importance of individual explanatory

variables, (3) specification of the appropriate

classification algorithm, and (4) prediction test

interpretation.

With the above listed problems, the prediction results

of one particular technique does not dominate previous

empirical classification studies. In order to improve the

prediction results, this study applies several

classification techniques.

Although no prior studies have addressed the prediction

of bank CD ratings, previous rating prediction studies have

examined corporate bond, municipal bond, and commercial

paper rating classifications. Prediction models for bond

ratings may differ from the model necessary for predicting

bank CD ratings because of differing maturities and

liquidity. In terms of maturity, the prediction model for CD

ratings may be similar to that of commercial paper ratings.
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However, a bank's CD requires reserves whereas commercial

paper is an unsecured promissory note. In addition, so long

as the face value of a CD is not in excess of $100,000, FDIC

insurance applies. The prediction of bank CD ratings is

unique and it is the focus of this research.

Research Questions

Within the context of the prediction of bank CD

ratings, this study is concerned with answering the

following questions:

1. What is the best model for the prediction of bank CD

ratings?

2. What are the statistically significant explanatory

variables for the classification of bank CD ratings?

3. Which ratings do lead to better performance of the

model: Moody's or Standard & Poor's?

4. What are the important factors that affect the

performance of classification techniques?

5. What is the prediction accuracy and reliability of the

derived model?

Description of Classification Techniques

Previous classification studies in the finance area

have employed several techniques. In this section, some of

the typical techniques used in previous studies are

described.



1. Multiple discriminant analysis (MDA)

a) Linear discriminant analysis (LDA)

b) Quadratic discriminant analysis (QDA)

c) Stepwise discriminant analysis (STEPDISC)

2. N-chotomous probit

3. Logit

4. Regression analysis

a) Ordinary least square (OLS) regression

b) Ridge regression analysis

5. Decomposition analysis

6. Ranked multiple discriminant analysis (RMDA)

7. Classification trees (CART)

The first five techniques are parametric techniques

whereas the last two techniques such as RMDA and

classification trees are nonparametric.4 As can be seen

from table 1, parametric techniques require the strict

assumption of normality for the independent variables. On

the other hand, nonparametric techniques do not require a

normality assumption.

4 There are several nonparametric classification
alternatives. Among these are the kernel density estimation
procedure (Brieman, Meisel & Purcell 1977), the kth nearest
neighbor rule (Hills 1967), the ID3 algorithm (Quinlan 1983)
and goal programming (GP) (Freed & Glover 1981). However,
this study uses the ranked MDA and the classification trees
because the related studies showed better performance using
them.

__ .. _
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TABLE 1

COMPARISON OF PARAMETRIC AND NONPARAMETRIC STATISTICS

Distribution
of observations

Populations

Measurement of
the variables

Classification
techniques

Advantages

Parametric Stat.

Normal

Same variance

Ratio
Interval

OLS Regression
MDA
Logit
Probit

Parameter test

Nonparametric Stat.

Not necessary

Not necessary

Ratio
Interval
Ordinal
Nominal

RMDA
Classification trees

Does not require
a strict
distribution

Used for small
sample

Used for diff.
populations

Used for nominal
scale

Multiple discriminant analysis (MDA) uses linear

(linear discriminant analysis) or quadratic (quadratic

discriminant analysis) combinations of the explanatory

variables to assign an observation to a category. Stepwise

linear discriminant analysis uses only statistically

significant variables to classify observations. MDA

determines categories based on their characteristics, such

as the means, variances, and covariances among the

explanatory variables for the observations in each category.

. -. :?3 . r. i:' .r'31i1y: c.) A. i.9 :_.. !-. ; . ': 3kL_ .' tYf58FdG ,
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New observations are assigned to the categories that their

characteristics most closely resemble.

MDA has been widely applied to many areas of finance,

including bankruptcy prediction and bond rating prediction.

Altman (1968) and Casey and Bartczak (1985) studied

bankruptcy. Pinches and Mingo (1973, 1975) and Belkaoui

(1980) predicted bond ratings.

The N-chotomous probit technique assumes that there is

a linear relationship between the continuous dependent

variable and a set of explanatory variables.5 The probit

model assumes a normal cumulative distribution function. N-

chotomous probit has been used for bond rating predictions

and the choice of accounting methods. The former studies

include Dietrich and Kaplan (1982); the latter studies

include Zmijewski and Hagerman (1981) and Lilien and Pastena

(1982).

Logit techniques include the Walker and Duncan (WD)

ordinal logit and multinominal logit.6 The WD ordinal

technique assumes that the categories are ordered, whereas

the multinominal logit technique assumes unordered

categories. The logit models assume a logistic cumulative

5 Probit is an abbreviation of the term "probability
unit." Finney (1971) was the first to develop and study
such models.

6 Logit stands for logistic probability unit; it was so
named by Berkson (1944).
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distribution function. 7  Logit analysis has been widely

used in finance. It includes bankruptcy and merger target

prediction. Martin (1977), Ohlson (1980), and Casey and

Bartczak (1985) used logit analysis to predict bankruptcy.

Dietrich and Sorensen (1984) examined merger target

prediction employing logit analysis.

Regression analysis assumes that there is a linear

relationship between the value of a dependent variable and a

set of independent variables. The dependent variables and

the independent variables are measured on at least an

interval scale. Unfortunately, this study does not employ

an interval scale for the dependent variable of bank CD

ratings. OLS regression was applied to bond prediction

studies by Horrigan (1966), Pogue and Soldofsky (1969), and

Kaplan and Urwitz (1979). OLS regression cannot solve

multicollinearity problems that resulted in biased

coefficients of estimates. Ridge regression is one solution

that resolves multicollinearity problem without removing any

independent variables.

Decomposition analysis views financial statements as a

decomposition of certain aggregate figures, such as total

assets or total sales. Decomposition analysis measures the

change in the composition of these aggregate figures between

7 Since the normal cumulative and logistic distribution
functions are similar, Loviscek and Crowley (1990) state
that the probit and logit models usually give similar
results.

. *:- :.... XE '.-:,:. .,«r ui.; r-.,--- + r....., z.-_ .::Y rat=.tt. -.. :.: ;:.v "sr;: '
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financial statement dates. Analysis of this type has been

applied to bankruptcy predictions by Lev (1971), Walker et

al. (1979), Booth (1983), and Booth and Hutchinson (1989).

Ranked multiple discriminant analysis (RMDA) is similar

to multiple discriminant analysis except that the value of

each variable of the multivariate samples is replaced by its

rank from 1 to number of observations n. Ranked multiple

(transformation) discriminant analysis does not require the

restricted assumptions of MDA that explanatory variables

should be normally distributed. Ranked multiple

discriminant analysis was applied to a bond rating

prediction study by Perry, Cronan, and Henderson (1985).

The classification-tree technique generates a tree-like

structure to model the relationship between the dependent

variable and the set of explanatory variables. This

particular technique has been applied to finance related

classification problems by Marais, Patell, and Wolfson

(1984) [bank loan classification] and Frydman, Altman, and

Kao (1985) [bankruptcy prediction].

Table 2 presents the lists of classification techniques

used in Finance. These classification methodologies were

applied mainly to bankruptcy prediction, bond rating

prediction, commercial rating prediction, merger prediction,

loan classification, and credit applicant classification.

_.; .. ,:. :.... ,.._TY i .- ., f_ .y:3;js-..._ .. :dal-:.,:3 .. : ;..i9 7s 

-_
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TABLE 2

APPLICATIONS OF CLASSIFICATION TECHNIQUES IN FINANCE

1. Bankruptcy Prediction

* MDA
* Logit

* Probit:
* DECOMP:

* CART

Altman (1968) and Casey & Bartczak (1985)
Martin (1977), Ohlson (1980), and Casey &
Bartczak (1985)
Zmijewski (1984) and Pastena & Ruland (1986)
Lev (1971),. Walker et al. (1979), Booth
(1983), and Booth & Hutchinson (1989)
Frydman, Altman, and Kao (1985)

2. Bond Rating Prediction

* OLS : Horrigan (1966), Pogue & Soldofsky (1969) , and
Kaplan & Urwitz (1979)

* MDA : Pinches & Mingo (1973, 1975) and
Belkaoui (1980)

* Logit : Kaplan & Urwitz (1979)
* Probit: Dietrich & Kaplan (1982) and Gentry,

Whitford, & Newbold (1988)
* RMDA : Perry, Cronan, & Henderson (1985)

3. Commercial Paper Rating Prediction

* MDA : Peavy & Edgar (1985) and Rapport, Murphy, &
Parr (1982)

4. Merger Prediction

* Logit : Dietrich & Sorensen (1984)

5. Loan Classification, Credit Applicant Classification

* OLS : Dietrich & Kaplan (1982)
* MDA : Grablowsky & Talley (1981)
* Logit : Wiginton (1980)
* Probit: Dietrich & Kaplan (1982)
* CART : Marais, Patell, & Wolfson (1984)

Note: OLS
MDA
RMDA
DECOMP
CART

= Ordinary Least Square Regression
- Multiple Discriminant Analysis
= Ranked MDA;
= Decomposition;
- Classification Tree

.. .; --
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Purpose of the Study

The purpose of this study is to explore the prediction

of bank CD ratings. The methodologies employed in this

study have been used in previous classification studies in

the finance literature. The classification studies include

prediction of bond or commercial paper ratings, bankruptcy

prediction, and prediction of takeover targets. The

methodologies employed consist of multiple discriminant

analysis, regression analysis, probit analysis, logit

analysis, decomposition analysis, ranked multiple

discriminant analysis, and classification tree analysis.

This study applies these methodologies to the prediction of

bank CD ratings and compares and contrasts the methodologies

and models. The results of this study will provide

information about the content of CD ratings to CD investors

who are not automatically covered by deposit insurance

because of the $100,000 limit and to bank managers who would

like to know how to affect deposit ratings.

Limitations of the Study

This study has a set of limitations. This study uses

financial ratios to predict bank CD ratings. Sometimes

financial ratios for a particular bank may not be available

when one wishes to predict its CD rating because the bank

produces financial information infrequently, that is,

quarterly or annually. The investor may have to use non-

,. " _ __
w- -. !. .,.r..«t
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current information that may already be reflected in the

market. In these situations, although the prediction may

not provide the investor with new information, it may

validate the information that is already possessed by the

investor.

This study uses quantitative analysis even though

rating agencies claim that they also focus on qualitative

factors. Quantitative analysis may not explain qualitative

factors of the sampled banks, such as management quality,

choice of accounting methods, business aggressiveness, and

regulatory support. Thus, quantitative analysis may

mismeasure to the extent that it does not reflect subjective

judgement.

This study includes a comparison of the performance of

classification techniques which are based on the accuracy of

bank CD rating prediction. However, it is difficult to

generalize the comparison results because the results may be

specific to data sets; for example, characteristics of the

data set, such as presence of outliers, correlation among

the variables, and presence of influential observations may

affect the results.

Justification of the Study

This study uses seven classification techniques in an

effort to predict bank CD ratings: multiple discriminant

analysis, regression analysis, logit, probit, decomposition

. .
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analysis, ranked MDA and classification tree.8 The first

five parametric techniques have been applied frequently in

previous classification studies.

This study will use MDA, which is most frequently

applied in classification studies. LDA performed

consistently better than QDA in most previous classification

studies, including Altman et al.(1977), Hamer (1983), and

Mahmood and Lawrence (1987). However, QDA requires more

parameters to be calculated and is more sensitive to

departures from normality than LDA. Furthermore, the

inequality of the covariance matrices requires the

application of QDA rather than LDA. Stepwise discriminant

analysis finds significant variables, using the stepwise

procedure, whereas QDA and LDA do not have this capability.

This study includes logit and probit analysis because

they do not require strict normality assumption. Logit

analysis assumes the logistic normal distribution, and

probit analysis assumes the cumulative normal distribution.

Decomposition analysis is employed because it is an

efficient and convenient research device for identifying (a)

whether significant changes in financial constructs have

8 There are no clear-cut theoretical or experiential
bases for choosing one optimal technique over the other in
this classification study with the limited dependent
variable problem of a qualitative or ordinal scale. Hence,
comparison of several classification techniques should
result in the choice of an optimum prediction result in this
study.

T, , ,
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occurred, and (b) where most of the changes are located (Lev

1973). Unstable financial structure may reflect riskier

banks with lower security ratings.

The last two nonparametric techniques, ranked MDA and

classification tree, are utilized in this study because they

do not require a normality assumption among the variables.

Mathematical transformations, such as ranked MDA and log

transformation, would make the marginal distribution of the

variable more symmetric; however, log transformations are

not possible when there are negative or zero values in the

data (Pinches and Mingo 1973). Ranked MDA avoids the

problem of using other mathematical transformation

techniques, such as natural log or standard log.

To predict bank CD ratings, this study employs

financial data as explanatory variables. The literature on

rating prediction studies using financial data is extensive.

Those studies successfully predicted bond, commercial paper,

and municipal bond ratings. Bond rating studies had a

prediction accuracy of 60% in the study by Pinches and Mingo

(1973) and 58% by Gentry, Whitford, and Newbold (1988). A

Municipal bond rating study by Michel (1977) had a

prediction accuracy of 58%. The classification accuracy of

commercial paper ratings using financial data was 70% to 90%

by Peavy and Edgar (1983, 1984, 1985) and about 80% by

Rapport, Murphy, and Parr (1982).
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When the sample was controlled by industry, the

classification accuracy was greatly improved. For example,

the classification accuracy of electric utility and bank

holding company commercial paper ratings was 83.3% (Peavy

and Edgar 1985) and over 90% (Peavy and Edgar 1983),

respectively. On the other hand, the classification

accuracy of commercial paper using samples containing

several industries was only 72.1% (Peavy and Edgar 1984).

This study collects the sample from the banking industry

only. Therefore, this limitation is expected to result in a

higher prediction rate in this thesis.

Organization of the Study

The remainder of this thesis is divided into four

chapters. The second chapter reviews the previous rating

classification studies, a comparison of classification

technique performance, and various financial variables that

reflect a bank's risk. The third chapter describes

hypotheses, problems of financial ratios, and the

classification methodologies to be explored in this

research, along with a discussion of possible explanatory

variables. The fourth chapter explains research design.

The fifth chapter contains results. The final chapter

provides a summary and conclusion.

, _
.



CHAPTER II

LITERATURE REVIEW

This chapter reviews the literature relative to rating

classification studies for different types of securities and

different rating agencies. It also discusses alternative

variables that reflect a bank's riskiness. This chapter is

divided into three sections. The first section reviews

rating prediction models. The second section reviews the

performance of classification techniques examined in

previous studies. The third section lists several financial

ratios that measure a bank's creditworthiness or riskiness.

Review of Previous Rating Classification Studies

Bond Rating Prediction Studies

Horrigan (1966)

Horrigan predicted bond ratings using multiple

regression analysis. His work was one of the earliest in

Finance. He collected the initial estimating sample and the

holdout sample. The former included stable Moody's and

Standard & Poor's rated bonds over six-year periods (1959-

64). The latter included new bond ratings and revised

ratings over the period from 1961 to 1964.

He used a two-step approach. First, he regressed five

financial ratios on the bond quality ratings of the initial

21
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estimating sample. The dependent variable (bond ratings of

Aaa to C) was arbitrarily assigned values from 9 to 1. The

best model was obtained based on the highest R2. The model

arrived at a regression calculated rating (RCR) for each

rating category. Second, Horrigan used the coefficients from

his best model to determine the RCR for each of the holdout

samples. The predicted RCR values were compared with the

RCR values estimated from the initial sample. The closest

rating class determined the prediction of bonds in the

holdout samples.

The results showed that approximately 58% of the

Moody's new ratings and 52% of the Standard & Poor's ratings

were predicted correctly. For the revised ratings, 58% of

the Moody's ratings and 57% of the Standard & Poor's ratings

were predicted correctly.

West (1970)

West criticized Horrigan's methodology because it

relied so heavily on financial ratios and lacked the

theoretical relationship between bond ratings and various

independent variables. West used Fisher's (1959)

multiplicative logarithmic regression model to predict

Moody's industrial bonds ratings. West used 57 bonds in

1949 to establish a model for the prediction of ratings on

holdout samples in 1953 and 1961. West used the Fisher

model's four independent variables and followed a two-step

- - --
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process similar to the one used by Horrigan (1966). He had

a 60% prediction accuracy, and it appeared to be slightly

superior to Horrigan's (1966) study. However, West conceded

that his model was not significantly better than Horrigan's.

The Horrigan (1966) and West (1970) studies had some

problems. Both used dependent variables as if they were on

an interval scale. It is not true that the lowest quality

(C) bond is nine times greater than the risk of the highest

quality (Aaa) bonds. Bond ratings convey ordinal

information with regard to the relative investment quality

of bonds, but these ratings cannot be interpreted as equal

intervals of potential default.

Pogue and Soldofsky (1969)

Pogue and Soldofsky used a series of linear regression

models with a dichotomous (0-1) dependent variable. To

avoid the problem of interval scale in regression analysis,

they used only a 0-1 procedure between two rating categories

at a time. The important explanatory variables were (1)

long-term debt to capitalization (leverage), (2) net income

to total asset (profitability), (3) coefficient of variation

of net income to total assets (earnings instability), and

(4) total assets (size). The prediction accuracy was

greatest when the difference between ratings was greatest

(the Aaa versus the Baa). Eight of the 10 bonds were

correctly classified.
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Their model violated the assumptions of the OLS

regression model. The OLS regression model assumes that the

distribution of error terms is asymptotically normal and

that each independent variable is identically independently

distributed. In addition, since linear techniques pool

covariance matrices in the determination of parameter

estimates, intragroup differentials are not explicit, and

intergroup variances are assumed not equal. Moreover, Pogue

and Soldofsky employed only a sample size of 10. They used

a linear regression model in spite of interdependencies

between explanatory variables. They attempted to avoid the

multigroup interval comparison problems that are inherent in

the Horrigan and West studies. However, they ignored other

groups, and this resulted in a loss of information. For

example, comparison of the Aaa and Aa groups produces

parameters that cannot account for the qualities of the

lower rated bonds. Although tests were made of the

significance of each explanatory variable, they interpreted

the results based on the overall R2. An R2 may increase as

more explanatory variables are included in the model without

increasing the true explanatory power of the model.

Pinches and Mingo (1973 and 1975)

Pinches and Mingo (1973) predicted 180 newly issued

industrial bond ratings employing factor analysis and linear

multiple discriminant analysis (MDA). Thirty-five different

3 ;;,v- :; p, . FkJ.J::t:'r: .kr.:,,-_ .JtrS.: .1-



25

variables were screened by factor analysis resulting in 7

factors. The MDA model used six of the independent

variables obtained from factor analysis: (1) subordination,

(2) years of consecutive dividends, (3) issue size, (4) (net

income + interest)/interest, (5) long-term debt to total

asset, and (6) net income to total assets.

The MDA model correctly predicted 69.70% of the actual

ratings in the original sample and approximately 60 percent

of the ratings for a holdout sample. The model performed

very poorly for low rated (Baa) issues. In the 1973

article, the use of the dummy variable representing

subordination violated the normality assumption of MDA. The

unequal dispersion matrices made linear MDA inappropriate.

In their 1975 article, Pinches and Mingo used a separate

discriminant analysis function for subordinated and non

subordinated bonds, and a quadratic discriminant function

improved the prediction rate by 5%. However, their 1975

results may not be reliable because they predicted the same

bond ratings as the estimated ratings and did not extend the

prediction to a holdout sample.

Perry, Cronan, and Henderson (1985)

Perry, Cronan, and Henderson (PCH) used a rank

transformed MDA (RMDA). The data were rank transformed, and

conventional MDA procedures were applied to the rank

transformed data. The PCH model is the first nonparametric
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bond rating model. The prediction accuracy rates of the PCH

models using industry classified data were 81% for a linear

model and 67% for a quadratic model.

Gentry, Whitford, and Newbold (1988)

Gentry, Whitford, and Newbold used a probit model with

cash-based funds-flow variables and contrasted the effect of

these variables with traditional financial ratios. However,

they did not report significantly better results using

funds-flow variables than did the studies using only

financial ratios. The predictive accuracy rate of this

study using both funds-flow variables and financial ratios

was only 47.6% on the holdout sample.

Table 3 summarizes previous bond rating studies. The

table shows that earlier studies used regression analysis,

whereas more recent studies used logit, probit, and

nonparametric techniques. Most bond rating studies did not

find the prediction model to have a high classification

accuracy rate except Perry, Cronan, and Henderson (1985).

Perry et al. (1985) used ranked MDA, resulting in 81% and

67% classification accuracy rates for ranked linear

discriminant analysis and ranked quadratic discriminant

analysis, respectively.

_ _.
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TABLE 3

SUMMARY OF BOND RATING STUDIES

Author

Horrigan
(1966)

West
(1970)

Pogue &
Soldofsky
(1969)

Pinches &
Mingo
(1973)

Altman &
Katz
(1976)

Pinches &
Mingo
(1975)

Kaplan &
Urwitz
(1979)

Perry,
Cronan, &
Henderson
(1985)

Gentry,
Whitford, &
Newbold
(1988)

Method Results

Regression

Logarithmic
Regression

Regress ion
(dichotomous
dep var. )

LDA
Factor
analysis

QDA

QDA

Logit &
Probit

RMDA

Probit

58%(Moody)

52%(S&P)

60%(S&P)

80%(Moody)

60% (new
issues)

77% (Moody
& S&P)

65% (new
issuers)

59% (logit)
65% (probit)
[new issues]

81% (RLDA)
67% (RQDA)

47.6%(Moody)

Comments

Eual interval
R
Dummy variable

Interval scale

Small sample
R2

2 group model

Dummy var.
- not normal

1st QDA appl.

No dummy var.
No holdout

1st appl. of
logit & probit
Small holdout

1st appl. of
nonparametric.
Industry effect

Cash flow var.

Notes:
RMDA = rank transformed MDA
RLDA = rank transformed linear discriminant analysis
RQDA = rank transformed quadratic discriminant analysis
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Municipal Rating Prediction Studies

Michel (1977)

Michel used stepwise discriminant analysis to assess

the risk of a municipal obligation. Michel tested a holdout

sample from a nonoverlapping period. He employed 12

frequently used ratios for the risk of municipal

obligations, such as debt per capital, debt to assessed

value, revenue per capital, etc., as explanatory variables.

Michel found that the overall classification accuracy

for the holdout sample was 58.2%. The low prediction rate

could be due to the fact that either frequently used ratios

do not reflect the risk of municipal bonds or the ratings do

not convey information commensurate with the ratios chosen.

Giroux and Apostolou (1987)

Giroux and Apostolou addressed the question of whether

the municipal bond ratings of newly rated cities differ

significantly from those of previously rated cities. They

employed linear discriminant analysis, nearest-neighbor

discriminate analysis, and regression analysis in order to

test four hypotheses.

First, the conservative rating hypothesis states that

newly rated municipalities have a downward bias because they

lack a rating history. Secondly, the rating history

hypothesis posits that investors may demand higher interest

rates for bonds without rating histories. Thirdly, the
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investment grade rating hypothesis expects newly rated

municipalities to be rated at the lowest of the investment

categories. Finally, the fiscal prudence hypothesis

anticipates higher ratings for the newly rated cities

because of their fiscal prudence.

Giroux and Apostolou selected a sample of 109 old

cities and 62 new cities in Minnesota from 1977 through

1980. They used Moody's ratings. The old-city sample was

used to estimate the prediction model. The model then was

used to classify the new-city bonds, as a holdout sample,

into rating categories. The variables in the model included

revenue, expenditure, debt, and income.

Linear discriminant analysis led to a classification

accuracy of 74% and 51% for old cities and the holdout

sample, respectively. Due to normality violations of

independent variables in LDA, nearest-neighbor discriminant

analysis (NNDA) was performed. NNDA resulted in a

classification accuracy of 61% and 58% for old cities and

new cities, respectively. Thus, NNDA predicted better than

LDA for holdout samples. Regression analysis was used to

test the rating history hypothesis, employing bond ratings

as independent dummy variables and net interest cost as

dependent variables. The coefficient of a new rating dummy

variable was not significant.

The results suggested that there was no significant

difference between the bond ratings of newly rated

, _.. - -
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municipalities and those of previously rated municipalities.

The authors rejected the hypotheses of the conservative

rating hypothesis, rating history hypothesis, and investment

grade hypothesis.

Table 4 presents a summary of previous bond rating

studies. These studies predict municipal bond ratings with

less than 60% of prediction accuracy rates.

TABLE 4

SUMMARY OF MUNICIPAL BOND RATING STUDIES

Author Method Results Comments

Michel LDA 58.2% Low prediction
(1977)

Giroux & LDA & NNDA 51%(LDA) Holdout - new
Apostolou issues &
(1987) same year

Note:
LDA = linear discriminant analysis
NNDA = nearest neighborhood discriminant analysis

Split Rating Studies

Most corporate and municipal bonds are rated by one or

both of the two major rating agencies -- Standard and Poor's

and Moody's Investor Service. Disagreement between these

two agencies leads to split ratings. Split ratings became

more common when S&P's and Moody's changed the definitions

of their rating categories on August 1, 1974, and April 26,

1982, respectively. The purpose of the revisions was to

. . ..:; ,..'Ss tiM : ::Y -,,.'six;: .. : - .. 7
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give investors a more precise indication of relative

investment quality. However, the modified ratings led to

more frequent split ratings.

Analyses of split ratings offer insights into the

evaluation of bond creditworthiness and the information

content of ratings. Several studies have addressed the

issue of split ratings with inconclusive results.

Ederington (1986)

Ederington explored the possible reasons for split

ratings in new issues of corporate bonds. He used an

ordered probit model with six independent variables: (1)

subordination, (2) total assets, (3) long-term debt to total

capitalization, (4) interest coverage, (5) pretax income to

total assets, and (6) cash flow to long-term debt. He found

that his model explained Moody's ratings slightly better

than S&P's. The model correctly classified 72% of S&P's

ratings and 76% of Moody's ratings using the initial sample

of data.

Ederington also showed that the two agencies, Moody's

and S&P's, have identical rating standards and equivalent

weighting factors for public accounting information. The

author explained that the possible reason for split rating

may be the agency's subjectivity about rating judgement.

Whether the second rating brings new information to the

market was not solved in his study. Furthermore, Ederington

. , .,u> a _ .. r ,.. ., ., v ... ,. .
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tested only the initial sample rather than using a holdout

sample, thus reducing the reliability of the results.

Perry (1985)

Perry addressed the problem of bond rating

discrepancies and their effect on bond rating prediction MDA

models employing modified bond ratings. He found that

Moody's and Standard & Poor's disagreed 58% of the time and

that Moody's tended to rate bonds lower than did Standard &

Poor's. MDA performed poorly with modified ratings. The

poorer results could be due to (1) the increased probability

of misclassification because of more classes and (2) the

qualitative factors that hamper a quantitative statistical

model. This study compared the ratings assigned by the two

major agencies. It was difficult to match the ratings from

the two different agencies because they have different

definitions and use different procedures in assigning their

ratings.

Liu and Moore (1987)

Liu and Moore used split ratings to assess the

information content of bond ratings. They found that when a

split-rated bond's S&P rating is lower than that of similar

Moody's rated bonds, the yield premium on such a bond was

significantly higher. However, when a bond's S&P rating was

higher than that of a bond rated equally by Moody's, the

yield premium differential was not significant. The results

- Ifll - - _ - ® -_ _
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indicated that a downside split appeared to have greater

bond-yield impact than an upside split and conveyed

information that is not priced in the market.

In summary, split rating studies did not find clear

answers about the information content of split ratings in

corporate or municipal bonds. The information content of

split rating studies in other security ratings, including

commercial paper and bank CD ratings, could be of interest

for future research.

Commercial Paper Rating Prediction Studies

Rapport, Murphy, and Parr (1982)

Quadratic MDA was used to classify industrial

commercial paper ratings jointly when the paper was equally

rated by both Moody's and S&P. The study suggested that a

quadratic MDA model was appropriate in order to capture the

intragroup interaction effects as well as the intergroup

associations as long as the group dispersion matrices were

not equal. The study was applied to only two sample groups,

the highest rated and second highest rated industrial

corporation issuers. This restriction in sample was due to

a limited number of lower rated issuers. The significant

explanatory variables were (1) the number of investment

companies holding shares, (2) P-E ratio, (3) times interest

earned, (4) acid test ratio, (5) beta, and (6) current

ratio. The model had a classification accuracy in excess of

-,
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80%, but the accuracy may be biased upward because the

prediction test was made using the estimation sample.

Peavy and Edgar (1983)

Peavy and Edgar used MDA to classify bank holding

company commercial paper ratings. They also selected five

financial variables via stepwise procedures: (1) net income,

(2) common equity to total assets, (3) growth rate of

assets, (4) return on equity, and (5) reserves for loan

losses. Their model correctly classified 91.6% of BHC

issuers into their proper Moody's commercial paper rating

groups.

Peavy and Edgar generated a model based on the market

rating schemes used by Goldman, Sachs & Co. This model had

a 87.8% predictive capability.

The results of this study are not reliable because no

holdout samples were used in checking prediction accuracy.

This could lead to an upward bias in the prediction accuracy

of the model. In addition, the prediction accuracy rate for

a market rating scheme could reflect a downward bias. The

reason is that the explanatory variables to predict market

ratings were obtained from the estimation of S&P's ratings.

In addition, Murphy and Rapport (1986) claimed that measures

of international risk exposure should be included in

commercial. paper rating prediction models when evaluating

bank holding companies.

.
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Peavy and Edgar (1984)

Peavy and Edgar used MDA to classify industrial issuers

based on the detailed ranking schemes used by Goldman, Sachs

& Co. They found six explanatory variables using the F-to-

enter/F-to-remove procedure with the stepwise procedure: (1)

total assets, (2) long-term debt to capital, (3) net sales

to cash, (4) receivables to total assets, (5) net income to

total assets, and (6) sales to total assets. The

significant independent variables included the short-term

liquidity factor (cash and receivables), which was not found

to be important in predicting bond ratings. A derived MDA

model classified 72.1% of industrial paper issuers into

their proper market rating groups.

Peavy and Edgar (1985)

Peavy and Edgar (1985) predicted electric utilities

rated by S&P and Goldman, Sachs & Co. They found four

explanatory variables for the MDA model to predict electric

utilities: (1) fixed-charge coverage, (2) sales to working

capital, (3) Value Line's safety ratings, and (4) return on

equity. The most important variables were profitability

(ROE) and earnings stability (Value Line's safety index).

The second most important explanatory variable for rating

commercial paper was a measure of corporate liquidity (sales

to working capital). The importance of this liquidity ratio
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suggests that commercial paper investors are more concerned

with an issuer's liquidity status than are bond buyers.

The MDA model, using S&P's ratings and Goldman, Sachs &

Co's ratings, classified correctly 83.3% and 80.5% of the

issuers, respectively. These results were consistent with

their 1983 results. The results still lacked validity

because they used the same explanatory variables in the MDA

model even though S&P and Goldman, Sachs & Co. might have

different standards or procedures to rate the issuers.

Table 5 summarizes the previous commercial paper rating

studies. Since commercial paper ratings are designed to

TABLE 5

SUMMARY OF COMMERCIAL PAPER RATING STUDIES

Author Method

Rapport, QDA
Murphy, &
Parr
(1982)

Peavy & MDA
Edgar
(1983)

Peavy & MDA
Edgar
(1984)

Peavy & MDA
Edgar
(1985)

Results

80% (orig.
sample)

91.6% (Moody)
87.8%(G.S)

72.1%(G.S)

83.3% (S&P)
80.5%(G.S)

Comments

No holdout

No holdout
Bank holding Co.

No holdout
Liquidity ratio

Pub. Elec. Util.

Note:
G.S. = Goldman, Sach & Co.'s ratings

..
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measure the ability of the issuer to meet the repayment

schedule of a very short-term instrument, the classification

studies for commercial paper are different from that for

bond ratings. Commercial paper rating studies found that

short-term liquidity ratios were quite important to the

forecasts of commercial paper ratings. For example, Peavy

and Edgar (1983) found cash to sales and receivables to

sales to be significant explanatory variables. Rapport,

Murphy, and Parr (1982) found the acid-test ratio and

current ratio to be significant explanatory variables. The

classification accuracy was increased when the sample was

controlled for industry effect. The prediction accuracies

for bank holding companies and for electric utility

companies were 90% and 80%, respectively (Peavy and Edgar

1983 and 1985).

Review of Classification Performance Studies

Appendix A lists studies that use more than one

classification technique in finance related classification

research. Most authors did not compare technique

performance. Rather, they used more than one classification

technique to address their research questions. In this

section, classification techniques are compared on the basis

of the classification accuracy of the listed studies.

The comparison of classification technique performance

is inconclusive because the classification accuracy in the
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previous studies was inconsistent. However, the

classification accuracy of logit and probit was equal to or

greater than linear discriminant analysis.

Multiple discriminant analysis (MDA) is one of the most

popular techniques in classification studies. In theory,

LDA is the optimum classification technique if the variables

have equal dispersion matrices in each population, and QDA

is optimal if the dispersion matrices are unequal. Contrary

to theoretical expectations, the Altman et al. (1977), Hamer

(1983), and Mahmood and Lawrence (1987) studies found that

the linear discriminant analysis performed better than the

quadratic discriminant analysis. Gilbert (1969) and Marks

and Dunn (1974) suggested that LDA might outperform QDA if

the parameters are unknown and the sample is small relative

to the size of the variable set. In addition, QDA is more

sensitive to departures from normality than LDA (Lachenbruch

1975).

In studies involving the comparison of logit and LDA,

the conclusion was mixed. Despite the assumed advantage of

logit, Hamer (1983) and Casey and Bartczak (1985) showed

similar results for logit and linear discriminant

analysis(LDA). However, Collins and Green (1982) showed the

superiority of logit with a higher classification accuracy

rate and lower type 1 error when compared with LDA.

Wiginton's consumer credit behavior study (1980) and Lau's

bankruptcy prediction study (1987) also showed that logit
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outperformed MDA using two categories and five categories,

respectively.

Classification studies that used LDA and probit

simultaneously found similar performance between them. For

example, El-gazzar, Lilien, and Pastena (1986) and Lilien

and Pastena (1982) found similar results between probit and

LDA. Pastena and Ruland (1986) also found that LDA slightly

outperformed probit in classification accuracy rate, but

after using LDA's jackknife procedure, the classification

accuracy rate of LDA was slightly less than that of probit.

Overall results between LDA and probit were similar.

Studies comparing OLS regression and probit models were

inconclusive, but OLS regression was at least as powerful as

the probit model in performance. Kaplan and Urwitz (1979)

showed that OLS regression performed slightly better than

the probit equation although OLS regression violated its

assumptions when there was a dichotomous dependent variable.

The OLS equation predicted correctly 55% of the issues and

the probit model 50%. On the other hand, Noreen (1988)

found that OLS regression was as powerful as probit using

simulation analysis.

The limited distribution assumptions of parametric

statistics made researchers pay attention to the use of

nonparamatric statistics, such as ranked discriminant

analysis. In general, ranked discriminant analysis

performed better than traditional discriminant analysis,
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such as LDA or QDA. For instance, Skomp et al. (1986) and

Mahmood and Lawrence (1987) found that ranked transformed

discriminant analysis classified better than multivariate

discriminant analysis (MDA). However, Mahmood and Lawrence

could not reach a conclusion regarding the performance

comparison between ranked transformed discriminant analysis

and logit because their classification accuracies were mixed

depending on the years prior to the bankruptcy.

The application of the classification tree technique to

the finance related classification studies was relatively

new compared to the use of other multiple discriminant

techniques. The classification tree is a nonparametric

technique that eliminates many of the statistical problems

attributed to parametric discriminant analyses. For

example, linear discriminant analysis assumes that (1)

variables describing the members of the group observations

are multivariate normally distributed within each group, and

(2) group covariances are equal across all groups. However,

the classification tree does not require those strict

assumptions that most financial ratios violated. The

classification studies using actual data, such as Frydman et

al. (1985), showed that the classification accuracy of

classification trees was superior to the linear discriminant

analysis.

Decomposition analysis studies did not compare the

performances with other techniques. Most decomposition

,....
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studies in finance examined bankruptcy prediction. Lev

(1971) and Walker et al. (1979) showed that the information

measures have some discrimination power for the failed and

non-failed firms. On the other hand, Booth (1983) and Booth

and Hutchinson (1989) found an inability to predict

financial failure.

Variables Reflecting Bank Risk

This study selects financial ratios to explain bank CD

ratings. Financial ratio analysis is more justified for

banks than for industrial companies because their principal

balance sheet items are closer to market values. For

example, the true (market) value of a commercial loan seems

to diverge much less from its stated value than do the plant

and equipment carried at historical cost by industrial

companies. The financial soundness of banks tends to lend

itself to evaluation by financial ratios.

Bank CD ratings assigned by rating agencies reflect

bank creditworthiness over the short-term, however, no

published studies have dealt with variables that reflect

bank CD ratings. Several related studies, such as studies

on problem banks, bank failures, and bank performance,

identified risk factors that might reflect a bank's

creditworthiness. The first part of this section reviews

these related studies. Although bank CDs are short-term

liabilities to banks, these studies did not focus on short-
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term bank risk characteristics. The second part of this

section attempts to collect potential risk factors based on

theoretical and empirical research.

Review of Bank Risk-Related Studies

A bank's creditworthiness can be decomposed into two

parts: those that are caused by general factors affecting

all banks and those that are caused by specific factors

affecting only the bank under study. The specific risk

factor (estimated value of P) is the main concern in this

study; it can be derived from the estimation procedure of

the market model as follows.

A A

R1 t = a +f 1 Rmt +g

Where, R.t = observed rate of return on the bank j CD for
period t

Rmt = observed rate of return on an all bank CD
portfolio for period t

In this study, the CD ratings assigned by a rating agency

can be used as a proxy for the systematic risk of bank

credit worthiness. Several studies attempted to find

financial variables for the explanation of risk using two

main methodologies: (1) the association between financial

variables and systematic risk and (2) the association

between financial ratios and specific events, such as bank

Ball and Brown (1969) and Beaver et al.(1970) found
the significant correlations between financial variables and
systematic risk. However, they did not address the risk of
bank creditworthiness.
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failure and problem bank announcements. The following

empirical studies found the explanatory variables reflecting

banks' risk characteristics.

Sinkey (1975)

Sinkey identified financial characteristics which

distinguish between the problem and nonproblem banks using

quadratic discriminant analysis. He tested the importance

of specific variables in the discriminant function. The

four tests are (1) conditional-deletion selection, (2)

scaled-weighted selection, (3) stepwise-forward selection,

and (4) stepwise-backward selection. The important

variables include (1) other expenses/total revenue, (2)

loans/total revenue, (3) operating expense/operating income,

and (4) loan revenue/ (capital+reserves). The Lachenbruch

method was employed because a holdout sample was not used.

The Lachenbruch misclassification rates were 35.91% in 1961

and 24.76% in 1972.

Martin (1977)

Martin constructed an early-warning model for bank

failure using a logit regression approach. He found four

independent variables such as net income/total assets, gross

charge-offs/net operating income, commercial loans/total

loans, and gross capital/risk assets. The logit model had a

classification accuracy of approximately 90%.

4
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West (1985)

West found risk factors to predict problem banks using

factor analysis and logit regression. The risk factors

include capital, asset quality, earnings, liquidity,

commercial loan, real estate loan, commercial loan, and the

source of bank deposits.

Zietlow (1989)

Zietlow attempted to find important variables to

explain bank CD ratings. Those variables include total

assets, price/book, bond par value, equity, net income,

sales, standard deviation of assets, and bond ratings. The

model had classification accuracy of 86%. But the results

were biased upward because he did not test the holdout

sample independent of the estimating sample. Also, this

study collected data from Compustat tape, which contains

mostly large bankholding companies. Thus, the variables

found in this study may not represent the specific kind of

bank creditworthiness with which rating agencies are

concerned.

Risk Factors for Bank CDs

Because this study explores the variables reflecting

the creditworthiness of a bank for the prediction of bank CD

ratings, the variables found from the previous bank-related

empirical studies may be inadequate. Thus, this section

lists several risk factors affecting bank CD ratings.
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Profitability Ratio

Profitability measures are generally an important

indicator of management competence. It is a crucial factor

in the continuing ability of a bank to service its debt over

the long term. Profitability measures include the return on

gross-earnings assets, return on total assets, return on

equity, charge-off coverage, and fixed-charges coverage.

Return on gross-earnings assets is net operating income

(income after taxes but before gains or losses on security

transactions) divided by average gross-earnings assets (that

is,-daily average loans, leases, investment securities,

trading account securities, time deposits with other banks,

federal funds sold, and other money-market investments).

Because gross-earnings assets are the assets that should be

generating the return that is being measured, return on

gross-earnings assets is a good measure of profitability.

However, if banks engage in essentially riskless, but low-

margined business, return on gross-earnings assets may not

be as meaningful; return on basic-earnings assets is a more

appropriate measure. Return on basic-earnings assets is net

operating earnings divided by average loans and investment

securities.
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Return on equity is another important profitability

measure.2 However, this ratio can be raised by high

leverage as well as by good profitability. The

decomposition of the return-on-equity ratio may help to

interpret this ratio. The return-on-equity ratio can be

broken down into ROE = profit margin (PM) X asset

utilization (AU) X equity multiplier (EM), where ROE = net

income / average equity, PM = net income / operating income,

AU = operating income / average assets, and EM = average

assets / average equity.

Charge-off coverage (or loan-loss coverage ratio) is

income before taxes and loan-loss provision divided by loan

charge-offs. This measures how much greater loan charge-

offs the company could have incurred while remaining at or

above the break-even level in earnings.

Fixed-charge coverage ratios are another profitability

measure. However, they are not emphasized for banks because

interest cost for a bank is equivalent to the cost of goods

sold for an industrial company, not a financing cost to be

paid out of the gross profit on sale. The ratio also tends

to fluctuate significantly with the level of interest rates.

2 The return on equity ratio is used in calculating the
internal growth rate (IGO). IGO is equal to the return on
equity times one minus the dividend payout ratio. IGO is an
important indicator of the future direction of capital
ratios.

._
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In addition, profitability measures may include the

following:

Noninterest efficiency = noninterest income / noninterest
expense

Net interest margin = [total interest income - total
interest expense]/total assets

Net operating margin = total operating income - total
operating expense

Tax rate = [total taxes paid / net profit before tax] x
100.3

Capital Ratios

Bank capital acts as a cushion or buffer to absorb

losses associated with credit and interest rate risks. There

is an inverse relationship between bank capital and risk

exposure. Thus, capital ratios measure a bank's ability to

maintain confidence. Capital affects a bank's liquidity,

safety, and growth. Adequate capital assures that growth of

the bank and holding company is not constricted to the point

of stagnation in the future. However, the adequate amount

of bank capital needed to ensure the confidence of

depositors, creditors, investors, and regulators has been

unresolved. On March 11, 1985, the 0CC (Office of the

Comptroller and Currency) and the FDIC announced a common

3 The tax rate is a measure of tax exposure and the
bank's ability to minimize taxes.
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definition of bank capital for commercial banks.4 On

January 27, 1988, the United States federal banking agencies

announced their new definitions for risk-based capital

standards. The new definitions of bank capital include two

types of capital: core capital and supplementary capital.

Core capital is defined- as common stockholder's equity plus

minority interest in consolidated subsidiaries minus

goodwill. Supplementary capital consists of losses on loans

and leases, perpetual and long-term preferred stock, hybrid

capital instruments, subordinated debt, and intermediate-

term preferred stock. The new capital standards require

that United States banks must have a total capital of 8

percent of risk-adjusted assets and a core capital of 4

percent of risk-adjusted assets by the end of 1992. Due to

regulatory pressure, a bank's capital can constrain its

growth.

Following the new regulatory definition for a bank

capital, capital ratios include core capital to total

assets, total capital to total loans, and nonperforming

loans to total capital. Other capital ratios may include

equity to loans, ratio of equity plus reserves (loan-loss

4 Primary capital consists of shareholder' equity,
perpetual preferred stock, reserves for loan and lease
losses, some mandatory convertible debt, minority interests
in consolidated subsidiaries, and net worth certificates.
Secondary capital includes limited-life preferred stock and
subordinated notes and debentures. Total capital consists
of primary capital and secondary capital.
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reserves) to loans, long-term debt usage, double leverage

ratio, and ratio of capital to total assets.

The ratio of equity to loans is defined as the

stockholder's equity divided by loans. This ratio serves

the purpose of both maintaining the confidence of the public

and the regulators and acting as a cushion to absorb losses.

The ratio of equity plus reserve for loan losses to

loans assumes that loan loss reserves are the equivalent of

equity. This ratio is an appropriate measure in case banks

have conservative loss reserves relative to their loan loss

experience.

Liquidity Ratios

Liquidity ratios measure the ability of a bank to meet

deposit run-offs. For a bank holding company, liquidity

ratios measure the ability to pay all of its debt as it

comes due. The loan to deposit ratio is a traditional

liquidity ratio; however, this ratio may be misleading if

the bank holding company has nonbank subsidiaries.

Standard and Poor's (1979) rating guide suggested the

consideration of specific balance sheet assets and

liabilities to measure liquidity.

On the asset side, U.S. government securities and

money-market investment are good indicators of liquidity

because of their marketability. A bank's cash consists of

demand deposit accounts with other banks, vault cash,

__
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required reserves at the Federal Reserve, and items in the

process of collection. The cash flow from loans coming due

can provide liquidity, depending on the type of loan. To

the extent that loans are not collected but rolled over on

the due date, the expected cash flows may not be a good

liquidity indicator. Accordingly, liquid assets to total

assets may be used as a liquidity ratio. Liquid assets

include federal fund sold and unpledged investment

securities, and money market investments.

On the liability side of balance sheets, stability of

its sources of funds is a liquidity indicator. For example,

if a majority of the bank's funds were derived from core

deposits (demand deposits and consumer savings), this would

be a positive factor for liquidity. The ability to tap the

money market for funds is another liquidity measure. When a

bank can access several markets, any abnormalities in one of

the markets should be compensated for by the other markets.

The maturity structure of a bank holding company's long-term

debt is also a liquidity measure. For instance, the amount

of debt coming due in any one year that will have to be

either paid off or refinanced can affect liquidity. A large

liability-to-asset ratio represents the bank's equity base

and borrowing capacity in the money markets. If two banks

hold similar assets, the one with the greater equity and

lower financial leverage can take on more debt with less

chance of becoming insolvent.
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It is possible to determine the ability of a bank's

liquidity to repay its potentially volatile large

liabilities using short-term assets. The liquidity ratios

include short-term assets less large liabilities, liability

to assets, loans to total assets, core deposits to assets,

loan and leases to core deposits, market to book value of

investment securities, pledged securities to total

securities, temporary investments to assets, and temporary

investments to volatile liabilities.

Asset Risk Ratios

Asset risk ratios measure the past and current quality

of assets and the likelihood that this quality will be

maintained. This ratio includes the loan-loss ratio, the

ratio of recoveries to gross charge-offs, protection ratios,

and the ratio of nonperforming loans to total loans.

The loan-loss ratio is defined as charge-offs, net of

recoveries, divided by average loans, net of unearned

discount, but gross of the reserve for loan losses. This

ratio is a good indicator of the current condition of the

loan portfolio and expected future charge-offs.

The ratio of recoveries to gross charge-offs indicates

the bank's charge-off policy.5  The faster loans are

5 Gross charge-offs (gross loan losses) equal the
dollar value of loans actually written off as uncollectible
during the period. Recoveries refer to loans initially
charged off that are repaid. Net charge-offs is the
difference between recoveries and gross charge-offs.
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charged off, the more likely it is that they will be

recovered later. The charge-off coverage ratio and the

ratio of loan-loss reserves to year-end loans assess the

degree of protection from future losses. The former

measures earnings protection, and the latter measures

balance-sheet protection. The ratio of nonperforming loans

to total loans and loan yields are also indicators of risk

in a loan portfolio. Higher ratios reflect greater risks.

Operational Risk

According to Koch (1988, 80), operational risk refers

to "the possibility that operating expenses might vary

significantly from what is expected, producing a decline in

net income and firm value." This risk might be due either

to the bank's inefficiency in controlling direct costs or to

employee and customer theft.

A number of ratios can be calculated to provide

information on operational risk by simply dividing various

expense accounts by total operating expenses. For example,

the financial ratios reflecting operational risk include

interest expenses and noninterest expenses, such as wages

and salaries, occupancy expense, and the provisions for loan

losses as a percentage of total operating expenses.

Interest Rate Risk

Interest rate risk refers to the potential variability

in a bank's net interest income and the market value of

,.: 
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equity due to changes in the level of market interest rates

(Koch 1988). Interest rate risk can be calculated by the

following dollar-gap ratio (Gup et al. 1989, 68):

Interest rate- Interest rate-
sensitive assets sensitive liabilities

Dollar-gap =------------------------------------------- 
X 100

ratio Total assets

By calculating gap ratios for assets and liabilities of

different maturity ranges, the analyst can determine the

extent to which a change in interest rates would affect bank

profitability. If interest rates were to increase

(decrease) in the future, a positive gap ratio would cause

the bank's profitability to increase (decrease). The

opposite result would occur with a negative gap ratio.

Size

Commercial banks of different sizes can exhibit

different operating characteristics because of government

regulations and variances in the markets served. For

example, regulators enforced minimum equity requirements

that varied inversely with bank size during 1983.6

However, percentage equity requirements were equalized in

1985.

In terms of risk comparisons, small banks are less able

to diversify credits and frequently lend heavily within a

6 In 1983 large money center banks operated with equity
capital-to-asset ratios near 5 percent. The small banks, incontrast, were required to finance assets with about 8
percent equity capital.
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specific industry and geographic market. If economic

conditions deteriorate, loan losses can erase any interest

earnings. Small banks generally cannot borrow in the money

markets with the same ease and low cost as large banks, and

they also cannot easily alter the magnitude of rate-

sensitive assets to adjust the GAP. This indicates that

small banks have fewer sources of liquidity and greater

proportionate interest rate risk.

Location

Location can be another important risk factor. A

particular regional economy may depend on agriculture or the

oil industry. The recession in such industries may increase

the riskiness of the banks in that region. Table 6 shows

that the southwest region of the United States had the

largest number of failed banks (106 banks) and deposits of

failed banks ($4 billion). This region includes Texas,

Louisiana, Oklahoma, Arkansas, and New Mexico states that

are dependent upon the oil industry. On the other hand, the

northeast region including New York, had only one failed

bank with deposits of only $36 million.
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TABLE 6

TOTAL BANK DEPOSITS FOR FAILED COMMERCIAL BANKS
BY REGIONS AS OF DEC. 1988

($ THOUSAND)

Deposits Number of
Regions ($ thousand) Failed Banks

West 292,320 19

Southeast 678,200 3

Northeast 36,600 1

North Central 364,300 25

Southwest 4,345,100 106

Midwest 114,700 4

Source: Sheshunoff Bank Quarterly, December 1988.

Summary

The ratios listed in this section address the key areas

of banking risk. The ratios can be summarized as follows:

1. Profitability

a) Return on gross earnings assets

b) Return on total assets

c) Return on equity

d) Charge-off coverage

e) Fixed-charges coverage

2. Capital ratios

a) Equity to loans

b) Ratio of equity plus reserves for loan

loss to loans

i t eiaP p.
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3. Liquidity ratios

a) U.S. government securities and money-

market investments (not cash): liquid

assets/total assets

b) Stability of its sources and funds

c) Ability to tap markets for funds

d) Maturity structure of a bank holding

company's long-term debt

e) Liability to asset ratio

4. Asset risk ratios

a) Loan-loss ratio

b) Ratio of recoveries to gross charge-

offs

c) Protection ratios

d) Ratio of nonperforming loans to total

loans

5. Operational risk ratios

a) Interest expenses/total operating expenses

b) Non-interest expenses/total operating

expenses

6. Interest rate risk ratio

a) Dollar-gap ratio

7. Size

8. Location



CHAPTER III

METHODOLOGY

This chapter describes problems associated with

classification methodologies. The first section derives the

hypotheses for this study. The second section lists several

problems arising from financial ratios used in

classification studies. The third section describes the

assumptions, contents, advantages and disadvantages of each

classification technique.

Hypotheses

This study tests two main hypotheses by examining

classification accuracies and searching for significant

variables. The two hypotheses include:

Hal : There is no statistically significant difference

in bank CD classification rates between

alternative statistical techniques. The

alternative statistical techniques include the

following:

1. Multiple discriminant analysis (MDA)

a) Linear discriminant analysis (LDA)

b) Quadratic discriminant analysis (QDA)

c) Stepwise discriminant analysis (STEPDISC)

57
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2. Regression analysis

a) Ordinary least square (OLS) regression

b) Ridge regression analysis

3. Probit

4. Logit

5. Decomposition

6. Ranked MDA (RMDA)

a) Ranked linear discriminant analysis (RLDA)

b) Ranked quadratic discriminant analysis

(RQDA)

7. Classification trees

H02 :There is no statistically significant relationship

between a given bank's financial ratios and its CD

ratings.

Problems Associated with Financial Ratios

Financial ratios have been used for various

classification studies in the finance area. These include

evaluation of business success, prediction of bankruptcy and

takeover targets, and the classification of security

ratings.

A major reason for using financial ratios is to control

for the systematic effect of size on the variables under

examination. Whether the use of financial ratios provides

adequate control for size depends on the nature of the

relationship between the numerator variable and denominator
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variable, which can be derived from theory or empirical

evidence. However, most researchers use financial ratios

for convenience and by tradition rather than based on a

specific and empirically verifiable theory behind the

relationship.

The other reasons for examining financial ratios

include the following: (1) to satisfy the assumptions

underlying statistical tools, such as regression analysis

(for example, homoscedastic disturbances); (2) to probe a

theory in which a ratio is the variable of interest; and (3)

to exploit an observed empirical regularity between a

financial ratio and the estimation or prediction of a

variable of interest (for example, the development of a

prediction model for bank CD ratings).

An important assumption in the use of ratios is strict

proportionality between the numerator and the denominator.

The strict proportionality is assumed both in cross-

sectional comparisons of ratios and comparisons of the

ratios over time.

Methodological problems, such as (1) non-normality, (2)

negative denominators, and (3) outliers may arise. Many

researchers focus on the normal distribution of financial

ratios in classification studies. One reason is that the

normal distribution has the appealing property that

knowledge of only two statistics, such as the mean and the

standard deviation, is sufficient to characterize the whole
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distribution. The other reason is that many of the

statistical tools available for classifying ratings,

including multiple discriminant analysis and regression

analysis, are based on the assumption that the data are

normally distributed.

When financial ratios in a study are not normally

distributed, there are alternatives available. First, the

normality of financial ratios can be achieved by ranking all

the observations and then converting these ranks to points

on a standardized normal distribution. Second, a

mathematical transformation such as a logarithmic

transformation may reduce the deviation from normality for

financial ratios. However, this option loses the economic

meaning of the transformed data. For example, when the

logarithmic transformation is used, the transformed

variables give less weight to equal percentage changes in a

variable as the values of the variable become larger.'

Third, normality can be achieved by winsorizing the data.2

For instance, normality would be obtained by resetting

extreme financial ratios below the .02 percentile and above

the .98 percentile to the values of the .02 percentile and

1 If the logarithmic transformation is used, there is
less difference between a $1 million size and a $2 million
size firm than there is between a $1,000 size and a $2,000
size firm.

2 Winsorizing is an attempt to impose normality by
resetting extreme observations to less extreme values.
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the .98 percentile, respectively. Fourth, trimming the

sample (deleting the outliers) can reduce deviations from

normality; however, this alternative may result in a smaller

sample size. Fifth, distribution-free statistical tools

(nonparametric statistics) or data analysis (the fractiles

or percentiles of the distribution) do not require the

normality assumption.

Some financial ratios within many of the various

categories (that is, cash position, capital structure, and

profitability) are often highly cross-sectionally correlated

over time. Correlations between financial ratios may result

in statistical problems. For example, in multiple

regression analysis, cross-sectional correlation leads to a

multicollinearity problem.3 One consequence of

multicollinearity between independent variables is that it

is difficult to distinguish the influence of each variable.

However, Foster (1986) states that if the concern is with

predicting the dependent variables, then including two

correlated ratios may well explain more variation than using

an uncorrelated ratio as a single independent variable. The

correlations of ratios within each category (that is,

profitability, liquidity etc.) are higher than the

3 The two main statistics for examining the correlation
between two variables are the Pearson moment correlation
statistic and the Spearman rank correlation statistic. The
former requires the normal distribution of the variables,
whereas the latter does not.
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correlation of ratios across different categories. For

example, Foster (1986) found that the cross-sectional

correlation between the quick ratio and the current ratio

which belong to the same category was .79. On the other

hand, the correlation of the current ratio and the net

income to equity ratio which were in different categories

was .11. This evidence shows that a smaller set of ratios

may be able to capture much of the information contained in

the numerous financial ratios.4

Negative numerators and/or denominators in ratios can

result in ratios that have no obvious interpretation. For

example, suppose that the return on equity of firm A is 16%

and that of firm B is 14%, and the components of the ratio

are as follows:

Firm A Firm B

Net Income -$40,000 $28 million
Equity -$25,000 $200 million

In this example, firm A's return on equity ratio looks

better than firm B's even though firm A has negative income

4 Gombola and Ketz (1983) found the following eight
factors, along with ratios that have the highest correlation
with each factor to possess considerable time series
stability: (1) cash position: cash/current debt, (2) cash
flow: cash flow/assets, (3) cash expenditures: cash/cash
expenditure, (4) financial leverage: total debt/net worth,
(5) return on investment: income/equity, (6) inventory
intensiveness: cost of goods sold/inventory, (7) return on
sales: working capital from operations/sales, and (8)
capital intensiveness: current assets/total debts.
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and equity. Accordingly, the ratio including a negative

denominator does not always provide meaningful information.

The existence of outliers has made the use of financial

ratios in the classification studies more difficult.5 If

sample data includes outliers, the researcher needs to

examine several sources of outliers. First, there may be

recording errors in annual reports or computerized data

bases. Second, the extreme value may be due to the

denominator or numerator of the ratio approaching zero.

Third, a firm's structural changes such as merger and plant

closing may result in outliers of ratios.

When outliers exist, Foster (1986, 101) suggests the

following alternatives: (1) delete the extreme observation

on the grounds that it represents a true outlier, (2) retain

the extreme observation on the grounds that it represents an

extreme state of the underlying characteristics, (3)

winsorize the sample (for example, change the value of the

extreme observation to the value of the nearest observation

not viewed as suspect), and (4) trim the sample by deleting

the top and the bottom.observations.

In summary, two principal reasons for using financial

ratios are to control for the effect of size on the

financial variables under examination and to control for

s Barnes and Lewis (1978, 4) defined outlier as an
observations which appears to be inconsistent with the
remainder of that set of data.
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industry-wide factors (Lev and Sunder 1979). However,

financial ratios require strict proportionality between

variables. Methodological problems in using financial

ratios are associated with non-normality, correlations

between ratios, negative denominators, and extreme outlier

observations. Researchers addressed those problems by using

nonparametric statistics of techniques and winsorizing, or

trimming data.

Classification Techniques

In this section, classification techniques are

examined. Each classification technique is explained, using

its own assumptions, decision rules, advantages,

disadvantages, and its application to classification

studies.

The principal idea of the classification is to classify

a sample into one of the populations by comparing the value

of a sample with the value of a dividing point (C). The

value of a sample is obtained from a scoring function like

the Fisher discriminant function. The value of a dividing

point is measured from the discriminant function which

maximizes D2. D2 is the squared distance between the means

of the standardized value of sample scores, Z. D2 is called

the Mahalanobis distance. A larger value of D2 indicates

that it is easier to discriminate among the groups. The

coefficients of the discriminant function and D2 are

,._
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functions of the group means and the pooled variances and

covariance of the variables. Consequently, group means,

variances, and covariances affect the decision rule for a

classification.

In order to unify the notation used in this chapter,

some assumptions are made. Suppose that a sample of N

observations was drawn randomly from a population. Assume

that there are M categories and K explanatory variables.

Let X be the NxK matrix of explanatory variables and let Z

be the Nxl vector of observed category labels. Let arm be

the prior probability of an observation in the population

being in category m. Let C(mjj) be the cost of

misclassifying an observation to category m given that it is

actually in category j. Let f=F(X) be a scoring function

for the classification model. The f is a NxM matrix

consisting of M scores for each observation. Let z=D(f) be

a decision rule that assigns the set of scores given by f

into an Nxl vector of z predicted category labels.

Multiple Discriminant Analysis (MDA)

MDA uses linear or quadratic combinations of the

explanatory variables to discriminate among categories. The

decision rule for MDA is based on the means, variances, and

covariances among the explanatory variables for the

observations in each category.
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MDA procedures assume that the dependent variables of

observed categories are measured on a nominal scale. The

explanatory variables are measured on at least an interval

scale. The K explanatory variables in category m are

assumed to have a multivariate normal distribution with

expected value vector m and covariance matrix Em where m is

a lxK vector and Em is a KxK matrix. As can be seen from

figure 1, linear MDA assumes that the covariance matrices

for the categories are equal, whereas quadratic MDA assumes

that the covariance matrices differ across categories.

Misclassification costs and prior probabilities in MDA may

be equal or unequal.

FIGURE 1

DISTRIBUTION OF THE DISCRIMINANT FUNCTION FOR MDA MODELS
(FOR TWO GROUPS)

Linear Discriminant Analysis

y' Cutoff 2 X
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FIGURE 1--Continued

Quadratic Discriminant Analysis

Cutoff 2 X

Linear Discriminant Analysis (LDA)

The linear discriminant analysis calculates scores in

two ways: a K-space scoring function or a linear

discriminant function. The K-space scoring function

calculates M scores for an observation based on the means of

each category. The score for observation n and category m

is defined as:

(3.1) fn,m - (Xn- m) (Xn-Lm)

where m and E are estimates of the group mean ( m) and

common covariance matrix (E), respectively. This score

measures the squared distance from observation n to the mean

of category m. The score fnam has a chi-square distribution

with K degrees of freedom.
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A discriminant function may be used to reduce the

dimensionality of the problem from K space to D space, and

then use the functions to calculate scores. There are D

discriminant functions where D min(m-1,k). Let rd be the

Kx1 vector of coefficients for the Dth discriminant

function, and let r be the KxD matrix of these coefficients

for all D functions. Mathematically, the parameter vector

Td is the characteristic (eigen) vector associated with the

Dth largest characteristic root of En where E is the within

category covariance matrix and n is the weighted among

category covariance matrix. The parameters rd are

calculated to maximize the ratio of among category variance

to within category variance. The D discriminant functions

result in M scores. The score for observation n and

category m is defined as the following:

(3.2) fnm =(X'r - Omi7) (r'Ir) 1 (Xnr - Mr)

The score from the discriminant function also measures the

squared distance from observation n to the centroid of

category m. It has a chi-square distribution with D degrees

of freedom.

The use of D discriminant functions has some advantages

compared with the use of the previous K-space function. The

former reduces computation costs, and it also can be used

for hypothesis testing of variable or function significance.

On the other hand, the use of D discriminant functions

14 _
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requires estimation of more parameters [MXK+.5K(K+1)+KxD]

whereas the K-space scoring function requires estimation of

only [MxK+.5K (K+1)] parameters.

The general decision rule for linear discriminant

analysis uses the M scores calculated in the above equation

(3.1) or (3.2) to classify an observation into a category.

The decision rule for linear discriminant analysis assigns

observation n to category m* if

(3.3) fnm* fn,m - 2 ln(em ,m)

for m=1, ... ,M, mm*

where the variable Em is an adjustment for the prior

probability of category membership and the cost of

classification errors. The adjustment variable equals

rm/rm*, if prior probabilities are unequal and

misclassification costs are equal, or C(m*Im)7rm / C(mlm*)7rm

if both the prior probabilities and misclassification costs

are unequal. In other words, the decision rule assigns

observation n to category m* if the distance from X to the

centroid of category m* is less than the distance to the

centroids of the other categories, adjusted for unequal

prior probabilities and misclassification costs.

According to the above decision rule, equation (3.3),

the misclassification costs and prior probabilities of

category membership can affect results. However,

researchers commonly assume that all misclassifications are

equally costly and that the category proportions are equal.
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If prior probabilities and classification costs are equal,

then em ,m in equation (3.3) equals one, and the second term,

2ln(Em ,) will be zero.

Quadratic Discriminant Analysis (QDA)

The scoring function and the decision rule for

quadratic discriminant analysis are similar to those for

linear discriminant analysis. The QDA scoring function for

observation n and category m is defined as

(3.4) fnm = (X, - Mm) Zm 1 (Xn M- m)

where Em is the estimated covariance matrix for category m.

The scoring function for QDA is similar to the K-space

scoring function used for LDA except for the inclusion of

distinct covariance matrices (Em) for each category in place

of the common covariance matrix (E). The score for QDA

(fnm) has a chi-square distribution with K degrees of

freedom.

The decision rule for QDA assigns observation n to

category m* if

(3.5) f,* fnm + ln Im mI| - 2 ln(Em*m)

for m=1, ... ,M, mom*

where lnIEm EM1| is the adjustment factor for the relative

dispersions of observations in each category. The decision
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rule for QDA differs from the rule for LDA by the inclusion

of the second term, ln|Em Zm* 1

Stepwise Discriminant Analysis (STEPDISC)

STEPDISC performs a discriminant analysis between two

or more groups like LDA. The difference between STEPDISC

and LDA is that the former analysis chooses the variables

used in computing the linear classification functions in a

stepwise manner. The statistical package, BMDP7M performs

the stepwise discriminant analysis by the forward or

backward selection of the variables.

MDA has some advantages in classification research.

The use of MDA to calculating scores may reduce computation

costs because of the reduced dimensionality of the problem.

MDA also allows for the test of a discriminant function or

the significance of the variables. The disadvantage of MDA

is that more parameters must be estimated. Another

potential defect of MDA is the inability to screen out

insignificant variables through significance tests on

individual coefficients.

A number of statistical computer software packages have

procedures for MDA. The procedures include MANOVA and

DISCRIMINANT in SPSSX (SPSS Inc. 1983), DISCRIM, NEIGHBOR,

CANDISC, and STEPDISC in SAS (SAS Institute Inc. 1985), and

P7M in BMDP (Dixon et al. 1985). Unlike other procedures,

the NEIGHBOR procedure is a nonparametric method. The
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NEIGHBOR procedure classifies observations into groups on

the basis of the so-called nearest-neighbor rule. Table 7

summarizes the features for each MDA procedure.

TABLE 7

SUMMARY OF COMPUTER OUTPUT FROM MDA STATISTICAL PACKAGES

OUTPUT SAS

DISCRIM STEPDISC

Canonical plot
Classification

function
Classification table
Cross-validation
D2

F statistics
Jackknife estimates
Means
Pooled correlation
Pooled covariance
Posterior

probabilities
Prior probabilities
Standardized classifi-

cation function
Standard deviations
Stepwise
Wilks' lamda

YY
Y

Y

Y
Y
Y

Y
Y

Y

Y

Y
Y
Y

Y
Y
Y

SPSS-X

DISCRIMINANT

Y

Y
Y
Y

Y

Y
Y
Y

Y
Y

Y
Y
Y
Y

Regression Analysis

Earlier classification studies frequently used OLS

regression analysis. Multicollinearity among the

independent variables may bias the estimated coefficients of

the OLS model. To solve multicollinearity, the ridge

regression analysis is preferred. This section describes

both OLS regression and ridge regression analysis.

r

BMDP

P7M

Y

Y
Y
Y

Y
Y
Y
Y
Y

Y
Y

Y
Y
Y

...... ,._.
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Ordinary Least Square (OLS) Regression

OLS regression techniques assume that the dependent

variables and the explanatory variables are measured on at

least an interval scale. The error term in the regression

equation is assumed to be homoscedastic.

The scoring function in OLS regression is a linear

function of the explanatory variables. The scoring function

is defined as

(3.6) f = X/

where ( is a (K+l)xl vector of estimated parameters and X is

the Nx(K+1) matrix of explanatory variables. The estimate

of the parameter p is calculated from a linear regression

model of the form Y = XP + U where U is an Nxl vector of

error terms. If the error term U is heteroscedastic, it

results in inefficient estimators and biased estimates of

the variance of the least square estimators.6

The decision rule for OLS regression lacks theoretical

justification. The rule converts a continuous score into a

discrete category label; that is, it equates the category

labels (1,2,...,M) with the scores (1,2,...,M). However, if

a score falls between two labels (i.e. m < fn < m+1) or

outside the range of labels (i.e., fn < 1 or fn > M), there

6 Generalized least squares (GLS) estimation can be

used to deal with the problem of heteroscedasticity.
However, GLS requires estimation of additional parameters
which may be a problem with small data sets.
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may be a problem with this rule. Two possible solutions for

this problem may be either to assign the score to the

nearest integer of the category label or to round the real

score down (up) to the integer label. There is no

theoretical justification for selecting a specific decision

rule for OLS regression. The OLS regression technique is

well known and readily available. Furthermore, it is

relatively simple and inexpensive to use. Unfortunately,

the OLS regression may be inappropriate for classification

problems because of its assumptions.

The major problem faced in applying OLS regression to

rating classifications is the model assumption of interval

scale for the measurement of the dependent variable. For

example, in CD rating classification problems, the

categories of CD ratings can be ordered, but it is unlikely

that the ratings are separated by equal intervals. When the

dependent variable is nominal and the explanatory variables

are fixed, the regression errors are heteroscedastic. As a

consequence, OLS estimates of parameters are inefficient,

and the test statistics may be unreliable. Another problem

with OLS regression is the arbitrary nature of the decision

rule. The decision rule may be based on continuous scores

which are derived from the regression. There is not,

however, a theoretical justification for selecting a single

correct decision rule.
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As can be seen from figure 2, regression analysis

assumes linearity. The incorrect assumptions of linearity

will lead to least squares estimates which (1) have no known

distributional properties, (2) are sensitive to the range of

the data, (3) may grossly understate the magnitude of the

true effects, (4) systematically yield probability

predictions outside the range of 0 to 1, and (5) grow worse

as standard statistical practices for improving the

estimates are employed.

FIGURE 2

OLS REGRESSION MODEL DISTRIBUTION (FOR TWO GROUPS)

f = a+/X

f

f=1

f=0
/(l-x)/# X
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Ridge Regression Analysis

When a high degree of multicollinearity is present, the

OLS estimates are inflated and can have the wrong sign. In

addition, the OLS estimates are highly sensitive to the data

sets because of their extremely large variances. Ridge

regression analysis solves the multicollinearity problem.

For example, the following regression is assumed.

Y = X p + U

where Y is a nxl vector of observations on a dependent

variable, X is a nxp matrix of nonstochastic regressor with

rank p, 0 is a pxl vector of unknown regression

coefficients, and U is a nxl vector of unknown disturbances.

An unbiased estimator of p and its variance are calculated

from OLS regression as follows:

p = (X'X)~1 X'Y with Var(p) = Q(X'X)~"

If X's are highly collinear, the variance of the estimator

becomes large. By adding a small positive quantity K to

each of the diagonal elements of X'X, the ridge regression

reduces the variance of the regression estimate, but at the

expense of introducing some bias. The resulting estimator

for ridge regression is (Kasarda and Shih 1977):

#* = (X'X+KI)< X'Y with Var(p*) = (X'X+KI) 1 X'X(X'X+KI) 1

where 0 < K < 1.

Thus, the use of ridge regression decreases the

variance of the ridge regression coefficient estimator at

sr; . u. , ,:. .:; w -. .. ,r ; .. ,tom ,
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the expense of increasing bias. When the mean squared error

of the estimator is given, a decrease in the variance

increases the bias of the estimator. It is necessary to

select the value of K at the point where the ridge

regression coefficients stabilize. However, the

stabilization point is very subjective.

Probit Analysis

N-chotomous probit was developed by Mckelvey and

Zavoina (1975). Probit assumes that the theoretical

response variable W is a continuous random variable

measurable on an interval scale. The variable W satisfies

the linear model W = XB + U.7 The explanatory variable X

is measured on at least an interval scale or is a

dichotomous nominal variable. N-chotomous probit also

assumes that the error vector U has a multivariate normal

distribution with mean 0 and covariance matrix a2*I. It is

not possible to observe the theoretical response variable W

7 W and U are Nxl vectors and X is Nx(K+1) matrix. The
probit equation is different from the regression equation as
follows: Y = EbkXnk - u . The main difference between a
linear regression and the non-linear models such as logit
and probit is that the latter models employ normalizations
to fix the arbitrary scale of the unobserved variable W,. In
probit, the convenient normalization is one that fixes the
standard deviation u., at one, and in logit, the
normalization fixes the standard deviation of u., at
1.81389. Accordingly, the probit model has the distribution
function of a normal random variable with mean zero and
variance one, while the logit model has the distribution
function of a logistic random variable with variance phi2 /3.
Thus, the variables, W and bk have only ordinal, not
cardinal, meaning.
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because of measurement difficulties. Accordingly, McKelvey

and Zavoina assume that the theoretical variable W, is

transformed into the observable variable Y. The

theoretical response variable W is a continuous variable

with the range of -Co to +o. The observed response variable

is measured on an ordinal scale and is a discrete variable

with the range of 1 to M. All classification errors are

assumed to be equally costly.

The scoring function of probit is a linear expression

as follows:

(3.7) f = X/3

Figure 3 shows the scoring function of probit model for two

group cases. The decision rule assigns the elements of

score vector f to categories. The rule assigns an

observation n to category m* if

(3.8) nm*-l1 < f n nm*

where nm*- 1 and nm* are category boundaries.

Using the scoring function and decision rule, the

probit technique can predict category membership and

determine probability distributions for category membership

for new observations. The predicted probability Pk,m that a
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FIGURE 3

PROBIT MODEL DISTRIBUTION (FOR TWO GROUPS)

a+1x
f = F(a+1X) =S p(z)dz

where p(z) = {1/(27r) }12exp(-z 2/2)
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new observation k falls in the category m is as follows
8:

(3.9) Pk,m = ( nm - X) - (nm-1 - XP)

for m =1,...,M

The predicted probability distribution function requires the

calculation of the K+I Q parameters (,'11,...,k) and the M-

2 n parameters (n2, ... , nM-.) .

The use of probit in classification studies has some

advantages. Probit can generate the probability

distribution for assigning new observations to category

membership. On the other hand, the scales of the parameters

are indeterminate since the observed values of the dependent

variable are invariant to proportional changes in all the

parameters. To facilitate probit applications, the

technique has been implemented for computer use. The

8 The derivation of the predicted probability Pkm is as

follows: The theoretical dependent variable W, belongs to
interval m if

W _= nm-1 < Wn < nm
=n < XG+gAn S nm

nm-1 XQf<MAn <nm-XnP

n-1i -XnQ8 nm - Xn#

a a a
Since /y/a has a standard normal distribution, the
probability that Wn belongs to interval m is:

nm - Xfi nm - XnQ
*() - #( )

a a
where f is the cumulative normal distribution.
If a is 1 and n1 equals zero, the probability distribution
reduces to (3.9). That is,

-(nm - X ,8) - ' (nmi - Xry3)
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programs for probit include Mckelvey and Zavoina's IBM

FORTRAN IV program (1971) and Avery's CRAWTRAN (1980).

N-chotomous probit has been used for bond rating

predictions and for the choice of accounting methods. The

former studies include Dietrich and Kaplan (1982). The

latter studies include Zimijewski and Hagerman (1981) and

Lilien and Pastena (1982).

Logit Analysis

A logit model is appropriate when one is interested in

models that assess the effects of categorical variables on a

dichotomous response variable. The idea for the logit model

is based on the logistic function. The posterior

probability that a given observation is classified into one

of a group of populations is assumed to follow a logistic

function (PZ) :

1
PZ = --- +----

z 1 + e-

Where C is a dividing point between groups,
Z is a discriminant function value for a given

observation.

The odds are defined for the interpretation of

probabilities as the following ratio.9

9 The equation for the odds can be justified by a
simple example. If we say that the odds are 3 to 1 that a
bank will be insolvent in the future, the odds will be

.75/(1 - .75) = 3 / 1
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pz
odds=_---------

1 - PZ

As the value of Pz varies from 0 to .5, the odds vary from 0

to 1. On the other hand, values of Pz from .5 to 1 result

in odds of .5 to oo. The natural logarithm of the odds will

cure this asymmetry.10

Pz
ln(odds) =ln (--------) =- C + Z

1 - PZ

Suppose that C = -a and Z = /31X1 + p 2 X2 + ... + #kXk'

Pz
ln (---------) = - C + Z = - a + 3X + /32X2 + ... + I3kXk

1 - PZ

An assumption underlying logit analysis is that the

logarithm of odds ratio is linearly related to the

independent variables. As can be seen in figure 4, the

logit analysis does not require strict normality assumption

regarding the distributions of the independent

variables (X's). The bottom panel of figure 4 also shows the

logit model has more fat tailed distributions compared to

the probit model that assumes the cumulative normal density

distribution. Another advantage of this analysis is that

the independent variables may be discrete or continuous.

10 The natural logarithm of odds is called logit.

;>
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FIGURE 4

LOGIT MODEL DISTRIBUTION (FOR TWO GROUPS)

f = F(a+#X) =.W" +

1
p(z)dz =-----------------------------
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Consequently, the probability that an observation is

classified into a category is as follows:

1
P =--------------------------------------

z 1 + e-a + $1X1 + P2X2 + ... + kXk

The above equation is called the logistic regression

equation. It produces the scoring function. The method of

maximum likelihood produces estimates of the parameter a,

1 , P21 . f' P k . The procedure is iterative. When the

number of independent variables is large, the computer

processing time may be prohibitively large. Mathematical

transformations like log transformation would make the

marginal distribution of the variable more symmetric.

However, log transformation is not possible when there are

negative or zero values in the data. The logit analysis

includes two variations: Walker and Duncan (WD) ordinal

logit and multinomial logit.

Walker and Duncan (1967) developed an ordinal logistic

procedure by assuming that the observed response variable is

measured on an ordinal scale and the explanatory variables

are measured on at least an interval scale or are

dichotomous (0,1) nominal variables. Walker and Duncan

ordered logit is required for labeling categories. The

1 Halperin, et al. (1971) and Press and Wilson (1978)
found that the maximum likelihood estimates of the
probabilities of belonging to one population or the other
are preferred to the discriminant function estimates when
the explanatory variables are nonnormal.

.: ... . ;. .L:ercw,:...a. .; ; .-. w. _: ... ,,.. . k.;:::k. s:1a [ 0.1wY- 

-- "-'-- ---- _.
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levels may be numbered in ascending or descending order.

The flexibility in labeling affects parameter estimates

generated by the WD ordinal logit technique, but it does not

affect the category probabilities. This technique is

accessed using the procedure LOGIST of the statistical

software system SAS (SAS Institute Inc. 1985).

Multinomial logit techniques are general regression

techniques for use with unordered categories. It assumes a

multivariate logistic distribution. The MNL technique

assumes that the response variable is measured on a nominal

scale and the explanatory variables are measured on at least

an interval scale or are dichotomous (0,1) nominal

variables.

The scoring function for multinomial logit is based on

the probability distribution P .12 The probability Pn,m has

12 The probability Pn 1m that the observation n is in
category m is as follows:

Pn, = {e (Xnem +Anm6) M (Xeh + Anh&) }

(m=1, ... ,M)

where X, is the lx(K+l) vector of characteristics of
observation n and An~m is the 1xL vector of attributes of
category m for observation n. em is a parameter vector
which has dimension (K+1)xl and assigns weights to the
observation characteristics. 6 is a Lxl coefficient vector
which assigns weights to the category attributes.

The numerator is a function of the characteristics of
observation n and the attributes of category m. The
denominator is the sum across the M categories of the terms
in the numerator. The probability equation Pn, produces the
scoring function for multinominal logit analysis (i.e.,
Pn, f ) .

p
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a logistic distribution and is a function of both the

characteristics of observations and the attributes of

categories. The decision rule for MNL assigns an

observation to the category with the highest score; that is,

the observation n is assigned to category m* if

fn,m* > f for m=1, ... , M, m+M*

Several statistics test how well the derived multiple

logistic regression equation fits the data: goodness-of-fit

chi-square, improvement chi-square, and model chi-square.

Goodness-of-fit statistic is described as follows:

M (O - E1)
Goodness-of-fit chi-square = EZ------------

i=1 E

where 0 = observed numbers of observations classified into
the population, and

E = the expected numbers of observations to be
classified into the population.

The BMDPLR program provides the researcher with both

goodness-of-fit chi square and its P value. This statistic

requires a large sample size. A large goodness-of-fit chi-

square (or a small P value) indicates that the fit may not

be good.

The chi-square statistic tests whether one new variable

entered in a stepwise fashion significantly improves

prediction. The BMDPLR program prints this statistic.

The model chi-square statistic may be used to test the

null hypothesis that the set of the variables is useless in

classifying observations. The LOGIST procedure in SAS
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computes the model chi-square statistic. A large value for

this statistic indicates that the variables are useful in

classification.

Computer programs for the logit analysis are available

in SAS and BMDP. Their features are summarized in table 8.

The SAS programs include PREDICT and LOGIST; however, they

are both author-supported, not SAS-supported.

TABLE 8

SUMMARY OF COMPUTER OUTPUT FROM LOGIT STATISTICAL PACKAGES

OUTPUT SAS

Beta coefficients
Category assignment
Classification table
Cost matrix
D statistic
Goodness-of-fit chi-

square
Improvement chi-square
Individual probabilities

of event
Intercept
Means
Model chi-square
Probability of correct

prediction plot
Standard errors of

estimates
Stepwise

LOGIST

Y
0,1
Y

Y

Y

Y
Y
Y
Y

Y

Y
Y

PREDICT

Y

Y
Y

Y

BMDP

BMDPLR

Y
-1,+1, or 0,1

Y
Y

Y
Y

Y
Y
Y

Y

Y
Y

_.. .

I r l l tl I rl l I
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The PREDICT procedure first performs a discriminant

function analysis. Then it uses the function to obtain

starting values for the logistic regression analysis.

The LOGIST procedure can be used if either a forward or

backward elimination procedure is desired. One unique

feature of the LOGIST procedure is the mahalanobis D

statistic.

The BMDPLR procedure has two computation options:

Asymptotic Covariance Estimate (ACE) and Maximum Likelihood

Ratio (MLR) .13 Since the logit analysis is iterative, the

computing procedure can be expensive if the number of

variables is large. The default option in BMDP, ACE, is

less expensive than the MLR option because the former

performs initial variable selection using discriminant

analysis.

Decomposition Analysis

Decomposition analysis is a classification tool

associated with information theory. This analysis shows the

degree of changes over time in the allocation of the firm's

inputs and outputs as reflected in its financial statements

(Lev 1974, chap. 4). Decomposition measures can be

calculated for the balance sheet, the income statement, or

3 MLR method estimates the log of the ratios of the
maximized likelihood functions, from which an approximate
chi-square statistics is computed. ACE method estimates the
asymptotic covariance of parameter, from which an
approximate F value is computed.
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any combination of account balances.14 Three decomposition

measures are often used: the balance sheet decomposition

measure (BSD), the asset decomposition measure (ASD), and

the liability decomposition measure (LID). Assume that a

bank has three classes of asset and three classes of

liability accounts as shown in table 9. Pi is a particular

asset, liability, or equity account expressed as a

proportion of the sum of assets, liabilities, and equity.

TABLE 9

BANK XYZ'S BALANCE SHEET

Assets Liabilities

Cash and due from banks P11  Deposit P12

Net loans P21  Other debt P22

Other assets P31  Equity P32

Thus, the three asset and two liability plus one equity

fractions will sum to 1/2, respectively. The balance sheet

decomposition measure(BSD) is defined as follows:

3 2
BSD = E Z Qj Ln(Q.. / P..)

i=1 j=1

Where Pk = the fraction from last year's balance sheet,
Q.. = the fraction from the current year's balance

sheet.

14 The scores of discriminant measures are discriminant
scores of decomposition analysis.

.:.:
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The larger the BSD, the more the structure of the balance

sheet has changed between the two points in time. The BSD

is always non-negative and indicates only the amount of

change, not the direction. The ASD and LID can be found by

disaggregating the balance sheet into assets and liabilities

as follows:

3
ASD = E (2Q1,) Ln(2Qj 1/2Pj 1) and

i=1

3
LID = E (2Qi 2 ) Ln(2Qi 2/2Pi 2 )

i=1

The BSD is equal to the average of the ASD and LID.

The discriminant decision rule is based on the

significant differences of decomposition measures. The test

statistics for significance include Wilcoxon Matched-Pairs

Signed-Rank test (Booth and Hutchinson 1989) and the t-test.

Decomposition analysis has advantages when compared

with other classification techniques. Other discriminant

models may have legitimate statistical questions about (1)

the sample used.to construct discriminant models, (2) the

stationarity of the variables and coefficients of the

models, and (3) the homogeneity of the firms being scored.

Decomposition analysis avoids the statistical problems as it

is not a statistical procedure; that is, it can be applied

to nominal variables. Decomposition measures have the

additivity property providing useful disaggregation of the

measures. The disaggregation allows the analyst to trace
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the overall variation to the individual contribution of each

component. However, decomposition measures cannot be

applied to the studies that require the indication of

direction. For example, the measures are not able to

discriminate whether a change in capital structure directs

away or toward the optimal position.

Decomposition analysis has been applied to the

prediction of bankruptcy (Lev 1971), (Moyer 1977), (Walker

et al. 1979), (Booth 1983), and (Booth and Hutchinson 1989)

and prediction of take-over targets (Belkaoui 1976). Most

bankruptcy prediction studies including Lev (1979), Walker

et al. (1979), Booth (1983), and Booth and Hutchinson (1989)

report that decomposition measures differed for failed firms

and nonfailed firms. However, Booth and Hutchinson (1989)

encountered an inability to successfully clarify nonfailed

firms because their sample contained different types of

changes in financial structure including growth firms.

Ranked Multivariate Discriminant Analysis (RMDA)

Ranked MDA replaces each variable value of the

multivariate sample with its rank, from one for the smallest

to rank n for the largest. The sample means and sample

covariance matrices are then computed for the ranks. From

these, traditional parametric discriminant computer programs

are utilized. The idea of replacing the data with the ranks

is to transform the original observations into numbers that
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more nearly satisfy the assumptions of the parametric model

and at the same time retain all of the ordinal information

contained in the original data.

Ranked MDA has several advantages. First, it

circumvents the data-nonnormality problem. Second, ratios

are treated as ordinal data. This is consistent with the

manner of rating agencies that ratios are used as relative

measures. Third, it eliminates the need for extensive data

editing, and it saves information because outliers need not

be discarded.

Conover and Iman (1980) found that when the sample

sizes were equal for the two-group situation, the ranked

data performed better than the nonranked data in almost

every nonnormal instance. However, unequal sample sizes did

reduce the effectiveness of the ranked MDA. RMDA can be

described as being the closest to the conventional

parametric classification approaches because it attempts to

find the optimal set of discriminants by considering all the

independent variables simultaneously.

Classification Tree (CT)

Classification tree is a nonparametric technique that

uses recursive binary partitions of the independent

variables and generates a tree-like structure to classify

observations. This technique is a part of the

! :,-A...3[ C..v :i., ,. ,. ,.., ,:".asadk «w ,:..,: .- ^<c_.-:,r<-_., hi+. .i. .. , .. ^: y..; , ,,, i.,.,, +'hr.au::.::, .'.c, 
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classification and regression trees (CART) procedure

developed by Breiman et al. (1984).

The classification tree technique assumes that

explanatory variables are measured on a nominal, ordinal, or

interval scale. The response variable is measured on a

nominal scale. It also assumes that the prior probability

distribution for each class category is known or is

estimated from the data.

A classification tree consists of a series of nodes,

branches connecting the nodes, and binary splits of the

nodes, which are also factors for its scoring function.

figure 5 is an example of a binary classification tree. The

t1 in figure 5 is the root node of the tree. Node t, is

partitioned into nodes t2 and t3 using a splitting rule.15

The nodes that are to be further split are nonterminal

nodes. The circles in figure 5 are nonterminal nodes (t1,

t2 t 3 , t5, t1 0). The nodes that are not split are terminal

nodes. The rectangles in figure 5 represent terminal nodes

(t4, t6 , t8, t9, t11, t1 2 , t13). Each terminal node is

designated by a group label. For example, terminal node t4

belongs to group 1. More than one terminal node may have

the same group label. In figure 5, terminal nodes t4 and t12

have the same group label one. A new observation is

15 In figure 1, splitting rule allocates observations
to node t2 or t3 comparing the values of explanatory
variable x2 of observations with the decision score of 10.

,; .
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FIGURE 5

A BINARY CLASSIFICATION TREE

ti

x2_10 x2 >10

t2  t3

x1<5 x1 >5 x4 20 x4 >40

t4  t5  t6  t 7

1 3

x3<40 x3 >40 x2 20 x2 >20

t8  t9  t10 til

2 3 2

x1 10 x>10

t 1 2  t1 3

1 4

Notes:
* The x's represent explanatory variables.
* The rectangles are terminal nodes and the circles are

nonterminal nodes.
* The numbers shown below the terminal nodes are group

labels.
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assigned to the group label for the terminal node into which

the observation descends.

The score for an observation n is determined by passing

the observation down the tree from the root node to a

terminal node. The decision rule uses the category of the

terminal node to assign observations to categories in such a

way as to minimize the observed expected cost of

misclassification of each assignment. Another term for the

expected cost of misclassification is resubstitution risk.

Suppose a terminal node t has n (t) objects from group i and

let Ni be the size of the entire original sample for the ith

group, i=1,2. For simplicity, only two groups are assumed.

Let P(2,t) be the probability that an object is from group 2

and falls into node t and P(t|2)=n2 (t)/N2 be the conditional

probability of a group 2 object falling into node t. The

risk of assigning node t to group 1 is defined as R,(t) =

C2 1P(2,t) = C2 1 ir2P(t|2) = C21 7r2n2 (t)/N2 . Similarly, R2 (t) =

C12ir1n1(t) /N,. The resulting resubstitution risk of a

terminal node t is R(t) = min{R1(t),R2 (t)}.

There are three phases in the construction of a

classification tree. The first phase is to build a maximum

sized tree. The second one is to prune the maximum sized

tree into a sequence of subtrees of decreasing size. The

third one is to select the optimal tree which has the lowest

expected misclassification cost from among the sequence of

pruned subtrees.

_.. .- : dKnsS KaS i r'._3i%.: _:.. ' '11._i+- e: fr .
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The building algorithm begins with node ti and searches

the K explanatory variables to find the binary split that

leads to the greatest decrease in impurity by comparing

I(t1) to a weighted sum of I(t2 ) and I(t3 ) . The observations

in ti are assigned to nodes t2 and t3 using the chosen

splits. The splitting process stops when each node in the

tree is a pure node or contains less than a specified number

of cases. The building algorithm creates the maximum sized

tree. Each node in the tree is assigned a category label

using a simple plurality rule. The rule classifies node t

as category m* if

p(m*It) > p(mlt) for m =1, ... ,M, m*m*

The partitioning procedure used in the building phase

selects the binary split. The best splitting rule for a

subsample is selected when the decrease in the combined

impurity of the two resulting nodes is maximized compared

with the impurity of the parent sample. Node impurity

refers to the degree to which multiple categories are

present in a node. Node impurity is greatest when the M

categories are present in equal proportions in a node, and

smallest when the node contains only observations from one

category. A node with the smallest node impurity is called

a pure node. The Gini diversity index measures impurity for

node t as follows:

I(t) = Emul p(mlt)P(j It)

= 1 - ZM p2(mjt)

.
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where p(mjt) is the estimated probability that an

observation is in category m given that it is in node t.

The use of all observations in the building phase

results in an overfitted tree. The overfitted tree refers

to the fact that the classification tree constructs an

optimal tree that has minimum misclassification cost only

for the given set of observations. To put it differently,

for other samples from the same population, the resulting

tree is not necessarily optimal because it involves splits

specific to the original sample characteristics but not

necessarily representative of the population structure.

Hence, the resubstitution risks of the overfitted trees

underestimate their true risks.

In order to avoid the problem of overfitting, test

sample estimation and cross-validation techniques are

available. 16 In the test sample method, the data set is

16 In addition, there are other procedures, such as
bootstrap analysis and expert judgment concerning the
appropriate complexity of the model. Breiman et al.(1984)
found that estimates resulting from V-fold cross validation
with V=5 or 10 are satisfactorily close to the true risk of
classification trees. V-fold cross-validation is preferred
to the test (holdout) sample method of estimating risk if
the sample size is not large. It is also preferred to the
bootstrap method of estimating risk because theoretical and
simulation studies show that bootstrap estimates of the true
risks of classification trees are substantially downwardly
biased for some data structure, especially for complex
trees. Hence, unless variances of cross-validated estimates
are unacceptably large, which may be the case where the
sample size is small, cross-validated estimates are
preferred to bootstrap estimates. However, Marais et
al.(1984) preferred the bootstrap procedure to estimate true
risks of the model because the sample size is very small

A Ceuc::x .;;;1aWe:;i .. ,_..-a.: ;:- .o-t- v,.>~.;~ram-~c'
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split randomly into two subsets: an estimation sample that

is used to build the tree and a test sample that is used to

estimate the expected misclassification cost. The cross-

validation method uses the full data set as an estimation

sample to build the tree. The data set is then randomly

split into V subsets (usually 10). One of the subsets is

classified using a tree constructed from an estimation

sample consisting of the other V-1 subsets. This procedure

is repeated for each of the subsets yielding V estimates of

the misclassification cost. The average of these estimates

is a reasonable estimate of the expected misclassification

cost.

The test sample method is computationally cheaper, but

uses only a subset of the data in building the tree. It is

desirable that the test sample method be used with large

data sets and the cross validation method with small data

sets.

The pruning process minimizes a cost complexity measure

RK (T) to create a sequence of subtrees. RK (T) measures both

the cost of misclassifying observations and the cost of

using a complex tree. The cost complexity measure, RK (T),

is defined as follows:

RK(T) = R(T) + KIT|

(less than 10). Efron (1983) addressed modified bootstrap
procedures.

Y .:
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where R(T) is the resubstitution estimate of the expected

misclassification cost in tree T and is the sum of the risk

of its terminal nodes; K is a penalty for tree complexity;

ITt is the number of terminal nodes in tree T. The

resubstitution estimate, R(T) is calculated by comparing

predicted categories with actual categories. R(T)

underestimates the true misclassification cost because the

same sample is used to construct the tree and calculate the

misclassification cost. R(T) is a non-increasing function

of the number of nodes in the tree. The complexity penalty

K is a nonnegative constant representing a per-unit

complexity penalty for each node in a tree. When K is near

zero, the penalty for tree complexity is relatively small in

comparison to misclassification costs and the cost

complexity measure, RK(T), is minimized by large trees.

Hence, for each value of K, there exists a subtree that

minimizes a cost complexity measure RK(T). As the

complexity penalty, K, increases from 0 to 1, there exists a

finite sequence of subtrees with associated complexity

penalty that minimize RK (T) .

The final step in tree construction is selecting the

optimal tree from among the sequence of subtrees. The test

sample is used to obtain an unbiased estimate of the true

misclassification cost for each of the subtrees. The

estimate of the misclassification cost for a subtree is

obtained by passing the test sample down the tree and

, , . .,. . -.. may ,.. . ,,.,



100

comparing the predicted category labels against the actual

labels. This estimate is the total proportion of

observations in the test sample misclassified by the tree.

The optimal tree is the subtree with the lowest value of the

estimated misclassification cost.

Classification tree technique has some advantages. It

eliminates statistical problems such as normality

distribution and equal covariance assumptions. The tree

technique simultaneously determines the variable selection

and group assignments based on misclassification costs and

prior probabilities helping to determine the splitting

rule. 17

On the other hand, classification tree analysis lacks

the interpretation of the relative importance of individual

variables. The reason is that the same variable may be used

more than once as the partitioning variable.

The computer procedure for classification tree analysis

is CART (classification and regression tree) (Brieman et al.

1984). CART procedure has several options, such as

classification or regression, and test method or cross-

validation method.

17 MDA establishes the model first by group separation
criteria, that is, by maximizing group variances, and then
used a classification rule established for assigning
observations into the specified groups based on
misclassification costs and prior probabilities. Hence,
classification tree analysis is more sensitive to costs and
prior probabilities than MDA.

" __ "
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Measurement Scales for Classification Techniques

Table 10 summarizes the measure scales for the

dependent and independent variables of the classification

techniques. This study uses nominal dependent variables and

TABLE 10

SUMMARY OF MEASUREMENT SCALES FOR VARIABLES

Explanatory Variables

Nominal Ordinal Interval
Dependent
Variables

Nominal CT CT CT
RMDA RMDA

Logit
MDA

Ordinal CT CT CT
RMDA Probit

RMDA

Interval None None Regression

Notes:
CT = Classification trees
MDA = Multiple discriminant analysis
RMDA = Ranked multiple discriminant analysis
Regression = Ordinary least square regression analysis

interval independent variables. The useful techniques

include classification tree, ranked MDA, logit, and MDA.

When this study includes nominal variables in the model, the

classification tree technique is the best alternative. On
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the other hand, regression analysis is a useful technique

only when the model contains interval variables.



CHAPTER IV

Research Design

This chapter explains the research design of this

study. The first two sections describe the data collection

and variable selection procedure. The final section

explains the method of applying classification techniques to

this study.

Data

Source of Data

This study uses quarterly financial data from 1987 and

1988. The banks selected include only United States

banks.1  Bank CD ratings are from Standard & Poor's Bank:

CD Ratings and Moody's Bank Credit Opinions. Financial

information is obtained from the NTIS (National Technical

Information Service) Call and Income Report Tape.

Standard & Poor's (S&P) rates bank CD ratings more

exhaustively than Moody's.2 S&P ratings include A-l, A-2,

1 Foreign banks are excluded from the sample because
they employ different accounting standards from those of
U.S. banks. The simultaneous use of financial statements for
foreign banks and U.S. banks might lead to biased
classification results.

2 The definitions of the rating categories are listed
in appendix C.

103
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A-3, B, C, and D. On the other hand, Moody's rating

consists of only 3 classes: P-i, P-2, and P-3.

Frequency Distribution of the Sample

As shown in table 11, the initial sample distribution

itself is interesting. Moody's assigns a P-2 rating to only

a few banks compared to the number of banks receiving

Standard & Poor's A-2 rating. For example, Moody's P-2

class represents 9% and 13% of the total sample in 1987 and

1988, respectively, whereas Standard & Poor's comparable A-2

class represents 28% in both years. We also find that the

top two ratings, such as P-i and P-2, or A-1 and A-2,

contain more than 90% of the total sample. This study does

not use the rating classes with small samples. Only the top

two rating classes for each data set are employed. Because

parametric techniques are very sensitive to multivariate

outliers, multivariate outliers have been deleted. As

suggested by Tabachnick and Fidell (1983), multivariate

outliers are identified as observations with very large

Mahalanobis D2, evaluated as chi-square with degrees of

freedom equal to the number of independent variables.3 The

7M procedure in BMDP statistical package shows Mahalanobis

D2 statistics for each observation.

3 Mahalanobis D2 is the squared distance between the
means of the standardized value of observations. This
statistic is the same as the scoring function of the linear
discriminant analysis that was discussed in chapter 3.

,.. 
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TABLE 11

INITIAL SAMPLE DISTRIBUTIONS

Distribution of Moody's Short-term CD ratings

CD rating 1987 1988 Total

P-1: 92 (91%) 102 (86%) 194 (88%)
P-2: 9 ( 9%) 15 (13%) 24 (11%)
P-3: 1 ( 1%) 1 ( 1%) 2 ( 1%)

Total: 102 (101%)* 118 (100%) 220 (100%)

Distribution of Standard and Poor's Short-term CD ratings

CD rating 1987 1988 Total

A-1: 100 (67%) 117 (69%) 217 (68%)
A-2: 42 (28%) 47 (28%) 89 (28%)
A-3: 5 ( 3%) 4 ( 2%) 9 ( 3%)
B : 2 ( 1%) 2 ( 1%)
C: 1 ( 1%) 1 ( 1%) 2 ( 1%)

Total: 150 (100%) 169 (100%) 319 (10i%)*

* The sum of the column is not 100% because of the rounding
errors.

Table 12 lists the final sample distributions to be

used in this study after eliminating observations with

missing values and multivariate outliers. To validate the

results of this study, the sample is divided into an initial
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TABLE 12

FINAL SAMPLE DISTRIBUTIONS

Distribution of
Moody's Short-term CD ratings

CD rating Estimation Holdout Total

P-i: 104 (91%) 70 (91%) 174 (91%)
P-2: 10 ( 9%) 7 ( 9%) 17 ( 9%)

Total: 114 (100%) 77 (100%) 191 (100%)

Distribution of
Standard and Poor's Short-term CD ratings

CD rating Estimation Holdout Total

A-i: 117 (69%) 81 (73%) 198 (70%)
A-2: 53 (31%) 30 (27%) 83 (30%)

Total: 170 (100%) 111 (100%) 281 (100%)

estimating sample and a test (holdout) sample.4 First,

both 1987 and 1988 samples are combined. Then, the

employment of the stratified random sampling technique

results in the extraction of an estimation sample consisting

4 Conventionally, most studies selected the estimation
and the holdout samples over different time horizons. The
financial characteristics of the sample in this study can be
highly sensitive to interest rate changes over time.
Accordingly, the estimated coefficients may not predict the
financial structure change of the holdout samples in time
periods that differ from the estimation period.
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of 60% of the combined sample and a holdout sample

consisting of the remaining 40%.5 The estimation sample is

used to estimate a prediction model. The holdout

prediction) sample is used to test and validate predictive

capabilities of the model. The holdout sample can help

assess the model's reliability as well as provide some

evidence of predictive accuracy.

Characteristics of the Sample Banks

Financial characteristics of the sample banks are shown

in table 13. Deposits and loans are the main liabilities

and assets of banks. For Moody's, the average deposit

amount is about $10 billion; that is somewhat higher than

Standard and Poor's $7.6 billion. Total loans for the

sample banks are slightly less than deposit amounts: $8.9

billion and $6.6 billion for Moody's and Standard and

Poor's, respectively. Total average assets for both samples

are above $10 billion. Capital to total asset ratio shows

the bank's capital adequacy. The two groups have similar

capital adequacy: 7.9% and 8.1% for Moody's and Standard and

Poor's, respectively. Nonperforming loan to total loans

shows a bank's asset risk. The Moody's average asset risk

5 The stratified random sample method stratifies the
combined sample into subsamples, which are estimation and
holdout samples for this study, and randomly selects
observations from each rating group by the same proportion.
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ratio is 2.9%; that is slightly higher than Standard and

Poor's 2.5%.

TABLE 13

CHARACTERISTICS OF THE SAMPLE BANKS

Variables

Deposits

Loans

Assets

Capital
to total assets

Nonperforming loan
to total loans

Moody' s
Average

$10.2 Billion
(15.7)

$ 8.9 Billion
(13.6)

$14.1 Billion
(21.8)

7.9%
(0.013)

2.9%
(0.021)

Standard and Poor's
Average*

$ 7.6 Billion
(12.9)

$ 6.6 Billion
(11.3)

$10.5 Billion
(18.2)

8.1%
(0.021)

2.5%
(0.023)

* The numbers in the parenthesis are standard deviations.

Table 14 shows the size characteristics of the sample

banks for this study. Both Moody's and Standard and Poor's

data sets have similar size distributions. However, the

average size of the P-1 rating banks from the Moody's data

are lower than that of the P-2 rating banks. On the other

hand, the average sizes of the top CD rating banks from

Standard and Poor's data sets are much bigger than that of

the low rating banks. This indicates that a size variable

may be significant in explaining the classification of the

bank CD rating groups.

.r...
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TABLE 14

SIZE CHARACTERISTICS OF THE SAMPLE BANKS

Moody's Standard and Poor's

Total Assets
(in bil. $) P-1 P-2 A-1 A-2

Frequency
Distribution:

Less than 1 0( 0)
1-3 20(11)
3-10 102(59)

10-20 25(14)
20-50 16( 9)
50-100 9( 5)

More than 100 2( 1)

174(100)

Average (in bil. $) 13.5

Standard Deviation 21.1

Maximum 152.9

Minimum 1.2

0( 0)
6(35)
5(29)
1( 6)
2(12)
3(18)
0( 0)

17(100)

19.8

28.1

84.9

2.3

3( 2)
36(18)

103 (52)
29(27)
17( 9)

9( 5)
2( 1)

198 (100)

12.3

20.1

152.9

0.2

* The numbers in the parenthesis are the percentage.

Because performance of bank operation depends on the

regional economy, location can be another indicator showing

the characteristics of the sample banks. Table 15 shows

locations of the sample banks for Moody's and Standard and

Poor's data sets. For both sample groups, most observations

are from the southeast, northeast, midwest, and western

regions consisting of about 90%. Most regions have a larger

sample size in the high CD rating group. However, the north

central and southwestern regions have equal sample sizes

4( 5)
40(48)
30(36)

3( 4)
4( 5)
2( 2)
0( 0)

83(100)

6.4

11.8

82.0

0.5

... ..... ... ... ... ...
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Table 15

Location of the Sample Banks

Locations*

West

North
central

Southeast

Southwest

Northeast

Midwest

Money
center

Total:

P-1

29

2

54

1

49

29

10

174

Moody's

P-2 Total

8 37 (19.4%)

2

0

1

2

2

2

17

4

54

2

51

31

( 2.1%)

(28.3%)

( 1.1%)

(26.7%)

(16.2%)

12 ( 6.3%)

191 ( 100%)

Standard and Poor's

A-1 A-2 Total

26 15 41 (14.6%)

10

59

3

56

34

10

198

5

28

4

17,

13

1

83

15

87

7

73

47

( 5.3%)

(31.0%)

( 2.5%)

(26.0%)

(16.7%)

11 ( 3.9%)

281 ( 100%)

* West region includes AZ, CA, ID, WA, CO, AK, HI, MT, NV,
OR, UT, and WY;

North central region includes IA, MN, NE, KS, MO, ND, and
SD;

Southeast region includes KY, TN, FL, DC, MS, GA, AL, SC,
DE, MD, NC, and VA;

Southwest region includes TX, AR, LA, NM, and OK;
Northeast region includes PA, MA, NH, NJ, NY, CT, ME, RI,

and VT;
Midwest region includes IL, IN, WV, OH, WI, and MI;
Money center banks are separately categorized because they

operate in more than one state.

across the CD rating groups from the Moody's data set. On

the other hand, Standard and Poor's southwestern region has

more banks in the low CD rating group. Most money center

banks are classified into the top rating for the both sample

groups. Money center banks consist of 6.3% and 3.9% of the

IV
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total samples from Moody's and Standard and Poor's data set,

respectively.

Selection of the Explanatory Variables

This study selected explanatory variables from

significant financial ratios suggested by previous bank

performance studies.6 The availability of the data was the

only limiting factor. We were able to develop a list of 36

financial variables, which are listed in table 16.

TABLE 16

LISTS OF PREDICTOR VARIABLES*. IN ALPHABETIC ORDER

Variable
Symbol Variable Name

ALTA --- Agricultural Loans to Total Assets
ASD --- Asset Decomposition Measure
BSD --- Balance Sheet Decomposition Measure
CCTA --- Core Capital to Total Assets
COC --- Charge-Off Coverage
CODTA --- Core Deposits to Assets
DOGAP --- Dollar-Gap Ratio
ELRTL --- Ratio of Equity plus Reserves for Loan

Losses-Loans
EQD --- Equity Decomposition Measure
ETL --- Equity to Loans
FLTA --- Foreign Loans to Total Assets
IETOE --- Interest Expenses/Total Operating Expenses
LID --- Liability Decomposition Measure
LLTCOD --- Loans and Leases to Core Deposits
LRTL --- Loan-Loss Reserves to Year-End Loans

(Protection ratio)
LSIZE** --- Logarithm of Total Asset Size
MVBVIS --- Market to Book Value of Investment

Securities
NIE --- Non-interest Efficiency

6 The financial variables are discussed in chapter 2.
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TABLE 16---Continued

Variable
Symbol Variable Name

NIETOE --- Non-interest Expenses/Total Operating
Expenses

NIM --- Net Interest Margin
NLTC --- Nonperforming Loans to Total Capital
NOM** --- Net Operating Margin
NPLTL --- The Ratio of Nonperforming Loans to

Total Loans
PSTS --- Pledged Securities to Total Securities
RCTGC --- The Ratio of Recoveries to Gross Charge-

Offs
RELTA --- Real Estate Loans to Total Assets
ROE --- Return on Equity
ROGA --- Return on Gross Earnings Assets
ROTA --- Return on Total Assets
SIZEGRO6 --- Asset Growth (% change in total assets

measured over the most recent six months.
STATA --- Short-Term Assets less Large Liabilities

to Total Assets
STDUM --- Bank Location Dummy Variable
TCTL --- Total Capital to Total Loans
TITA --- Temporary Investment to Assets
TITVL --- Temporary Investments to Volatile

Liabilities
TLTA --- Liability to Asset Ratio (Debt Capacity)
TLTD --- Loans to Total Deposit

* The derivations of the above variables are
explained in appendix D.

** The following variables were transformed
to reduce the magnitude of their standard
deviations.

LSIZE --- Logarithmic transformation
NOM --- Reciprocal transformation

Initially, this study uses the forward selection

stepwise analysis procedure (in SAS PROC STEPWISE) and the

step discriminant procedure (in SAS PROC STEPDISC) to find

statistically significant explanatory variables for the

,.
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prediction of bank CD ratings.7 These procedures use the F

statistic and Wilks' lambda statistic as selection criteria.

With the F statistic, a variable is selected by the

specification of a value for the F-to-enter and F-to-remove

values.8 With Wilks' lambda, the variable to be entered is

selected to maximize the lambda. Both procedures found the

set of significant explanatory variables from each of the

Moody's and Standard and Poor's data sets, respectively.

The significant variables for Moody's CD rating prediction

include NLTC, LSIZE, NIM, RELTA, LRTL, ROTA, STATA, CCTA,

and NOM at the significance level of 10%. The seven

significant predictor variables for the Standard and Poor's

data set include LSIZE, MVBVIS, ALTA, RCTGC, FLTA, SIZEGRO6,

and RELTA at the significance level of 10%.

In the Standard and Poor's data set, the variable FLTA

is highly correlated with the variables LSIZE and LRTL. The

issue of multicollinearity in parametric classification is

unclear. Eisenbeis (1977) and Altman et al. (1981) suggest

that multicollinearity is a largely irrelevant concern. On

the other hand, Pinches (1973) implies that collinearity

7 Many classification studies used stepwise procedure
to find important predictor variables. They include Sinkey

(1975), Betts and Belhoul (1987), and Hatfield and Davidson
(1990).

8 For the F-to-enter, Costanza and Afifi (1979)

recommended a value corresponding to a P-value of 0.15. For
the F-to-remove, Afifi and Clark (1984) suggested a P-value
of .30.
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needs to be dealt with. With the employment of both

parametric and nonparametric statistics, this study is

concerned with collinearity. Accordingly, the correlated

variable FLTA in the Standard and Poor's data set was

eliminated in the final predictor variable lists because

LSIZE was a more important variable from the stepwise.

procedure.

The statistically significant variables do not

represent all bank risk characteristic categories that were

discussed in chapter 2. For example, our statistical

procedures did not identify these factors found in previous

studies, such as interest risk factor (DOGAP), operating

risk (NIETOE), decomposition measure (EQD), growth

(SIZEGRO6), and location (STDUM) for the Moody's CD rating

prediction. This study includes these variables for Moody's

CD rating prediction. For the prediction of Standard and

Poor's CD rating prediction, this study also adds these

factors: Interest risk (DOGAP), capital ratio (ELRTL),

profitability (ROE), operating risk (NIETOE), and

decomposition measure (BSD). For the prediction of bank CD

ratings, Moody's predictor variables are listed in table 17

and the Standard and Poor's variables in table 18.

Tables 17 and 18 indicate what each variable measures.

In addition, the relationship between each variable and CD

rating predictions is also shown. These ratios measure

capital adequacy, liquidity, profitability, loan exposure,
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growth, size, location, interest risk, and operational risk

categories. Liquidity measures such as STATA (from table

17) and MVBVIS (from table 18) have positive signs in rating

assignments. If market to book value of investment

TABLE 17

INDEPENDENT VARIABLES FOR MOODY'S RATING PREDICTION

Variable
Symbol

NLTC

LSIZE

NIM

RELTA

LRTL

ROTA

STATA

CCTA

NOM

DOGAP

NIETOE

Variable

Nonperforming Loans to
Total Capital

Logarithm of Total Assets

Net Interest Margin

Real Estate Loans to
Total Assets

Loan Loss Reserves to
Loans

Return on Total Assets

Short-Term Assets Less
Large Liabilities to
Total Assets

Core Capital to Assets

Net Operating Margin

Dollar-Gap Ratio

Non-interest Expenses to
Total Operating Expenses

Measures E~
Measures E)

of

Capital Ratio

expected
Sign*

Size

Profitability
(Non-interest)

Loan Exposure
(Loan
Distribution)

Loan Exposure
(Protection)

Profitability
(Operating
Income)

Liquidity

Capital Ratio

Profitability
(Operating Risk)

Interest Risk

Operating Risk

+

+

+

+

+

+

... ....

,.. _ _
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TABLE 17---Continued

Variable Measures Expected
Symbol Variable of Sign

EQD Equity Decomposition Decomposition +
Measures (Growth)

SIZEGRO6 Asset Growth over the Growth ?**
Six Month Period

STDUM Location Location ?**

* A positive sign implies direct relationship with a higher
rating category and a negative sign implies the opposite
relationship.

** The question mark indicates that the sign of the variable
is uncertain.

TABLE 18

INDEPENDENT VARIABLES FOR STANDARD AND POOR'S
RATING PREDICTION

Variable

Symbol

LSIZE

MVBVIS

ALTA

RCTGC

SIZEGRO6

RELTA

Variable

Logarithm of Total Assets

Market to Book Value of
Investment Securities

Agricultural Loans to
Total Assets

Recoveries to Gross
Charge-offs

Asset Growth over the
6 Month Period

Real Estate Loans to
Total Assets

Measures

of

Size

Liquidity

Expected

Sign

+

+

Location

Loan Exposure
(Recoveries)

Growth

Loan Exposure
(Loan
.Distribution)

+

........

. .
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TABLE 18---Continued

Variable Measures Expected
Symbol Variable of Sign

DOGAP Dollar-Gap Ratio Interest Risk ?

ELRTL Equity plus Reserves for Capital Ratio +
Loan-Losses to Loans

ROE Return On Equity Profitability +

NIETOE Non-interest Expenses to Operating Risk -
Total Operating Expenses

BSD Balance Sheet Decomposition Decomposition ?
Measure (Growth)

securities (MVBVIS) is less than one, a capital loss would

occur. It indicates a lack of liquidity until interest

rates drop enough to raise market values. Ceteris paribus,

this should be reflected in a lower rating.

The increase in profitability measures such as ROE,

ROTA, NIM, and NOM should support a higher rating., as

implied by positive signs. Dollar-gap ratio (DOGAP) is a

measure of interest rate risk. If interest rates increase

(decrease), a positive gap ratio would improve (deteriorate)

the bank's profitability. The sign of DOGAP depends on

economic situations. The variable LSIZE measures the size

of the bank as the logarithm of total assets. There appears

to be reluctance on the part of the FDIC and the Comptroller

of the Currency to allow large banks to fail. The size
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variable should have a positive impact on a bank's CD

rating.

The measures of growth variables such as SIZEGRO6 and

BSD may have an uncertain relationship to the bank CD

ratings because an increase in size growth rate indicates a

bank's good outlook but increases its instability. On the

other hand, equity decomposition measure (EQD) should be

positively related to the bank CD ratings because an

increase in equity proportion reduces an incapability of a

bank's repayment of deposits. The number of problem banks

and bank failures varies across locations. Factor analysis

identified STDUM (regional dummy variable) and ALTA

(agricultural loans to total assets) as location factors

with a high correlation between them. STDUM was selected

for the Moody's set whereas ALTA was selected for Standard

and Poor's. The agricultural loans were a trouble spot in

the banking system during the 1980s, as implied by a

negative sign.

Among the loan exposure risk variables, LRTL (loan-loss

reserves to loans) and RCTGC (recoveries to gross charge-

offs) have positive signs. The loan-loss reserves provide

some cushion against unexpected loan-losses. The increase

in recoveries reduces loan-losses. On the other hand, RELTA

(real estate loans to total assets) may negatively influence

the bank CD ratings because these loans reduce liquidity,

especially in a period of recession. Additionally, during
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the late 1980s, a concentration of real estate loans tended

to be a weakness in bank portfolios.

Capital ratios measure safety and soundness for banks

because they act as a buffer or cushion for absorbing

losses. Core capital to total assets (CCTA) and equity plus

loan-loss reserves to loans (ELRTL) are measures of capital

adequacy. Core capital is the key component of bank

capital, which is defined as common stockholder's equity

plus minority interests in consolidated subsidiaries minus

goodwill. Nonperforming loans to total capital (NLTC) also

measures capital adequacy. Loans past due 90 days or more

are usually described as nonperforming loans. An increase

in nonperforming loans indicates potential charge-offs and

would be reflected in lower CD ratings.

Application of Classification Techniques

To compare techniques used in this study, it is

important to distinguish between type I and type II errors.

As can be seen from table 19, a type I error occurs if the

second rated bank is classified as the top rated bank when

it is actually rated as the second rating. Type II errors,

on the other hand, represent the top rated banks that are

misclassified as the second rating groups. Type I errors

are critical to this study because of risk averse investors'

preference for better rated CD's.

k .. c : t ;.M:+ .. rk:-,mow
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TABLE 19

ILLUSTRATION OF ERROR TYPES

Predicted

Actual High CD Rating Low CD Rating

High CD Rating No. Error Type II Error

Low CD Rating Type I Error No Error

The classification efficiency of various models can be

measured by several tools. They consist of the level of

classification accuracy, the weighted efficiency measure

(Korobow and Stuhr 1983), the expected actual error rate

(Johnson and Wichern 1988), goodness-of-fit measures,

coefficient values, or the significance levels of

coefficient values. Any one of the measures, by itself,

cannot fully explain the classification performance of the

models. This study uses several measures.

In principle, this study evaluates the classification

accuracy rate as a measurement of technique performance.

This is a procedure that can be applied across

classification techniques.9 For the verification of the

discriminant functions, this study tests the significance

level of both the discriminant functions and the

coefficients. With the importance of the type I errors in

9 Each technique has a different goodness-of-fit
measure. Classification techniques do not generate
coefficient estimates.

b
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mind, the weighted efficiency measure (WEM) and the expected

actual error rate (EAER) are also examined. The weighted

efficiency measure (WEM) is defined by Korobow and Stuhr

(1983) as

R2CC R2CC
WE = ------- * ------ * CC

PR2 AR2

Where WE is the weight efficiency,
R2CC is the number of the lower rated (P-2 or A-2)

banks correctly classified,
PR2 is the number of banks predicted as the lower

rating,
AR2 is the number of banks accurately rated as the

lower group, and
CC is the percentage of all banks correctly

classified.

The weighted efficiency measures may not be consistent

across techniques and studies. For unequal sample sizes, an

especially large number of banks with high CD ratings may

result in low-weighted efficiencies because the numerator

mainly reflects the low rated groups.

The expected actual error rate (EAER) can be computed

from the holdout procedure as follows10:

R1MC + R2MC
EAER =-----------------------* 100%

Total Number of Cases

Where R1MC is the number of the A-1 or P-l rating banks
misclassified,

10 The EAER is different from the APER (apparent error
rate). APER is defined as the fraction of observations in
the estimating sample that are misclassified by the sample
classification function. The APER tends to underestimate an
EAER that is determined by the proportion misclassified in a
validation sample.

,,. .
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R2MC is the number of the A-2 or P-2 rating banks
misclassified.

This study goes beyond the basic results obtained from

the initial predictor variables by considering a number of

factors that affect the performance of classification

techniques. These factors include the following:

1. the nature of the distributions of explanatory

variables;

2. correlations among the explanatory variables;

3. inequality of the covariance matrices across the

categories;

4. a priori probability distribution for category

membership;

5. goodness of fit for the scoring functions;

6. the presence of dichotomous explanatory variables;

7. the number of explanatory variables;

8. the number of observations in the (estimation)

sample;

9. the distance between the centroids of the

explanatory variables in each category;

10. the existence of ordering among the categories;

11. the number of categories;

12. the distribution of the population across the

categories; and

13. the cost of classification errors.

.:
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This study attempts to find the best classification

technique and model for the prediction of bank CD ratings

for the first eight factors above. Factors 1 to 4 identify

the effect of the distribution of explanatory variables.

Factor 5 tests the reliability of the technique performance.

Factor 6 tests how dummy variables influence the prediction

performance. Factors 7 and 8 are examined in order to test

the sensitivity of the results to these factors. The other

factors may affect the technique performance, but this study

avoids an examination of these factors for simplicity. The

following section discusses each of the factors in detail.

Distribution of Explanatory Variables

MDA assumes that the explanatory variables have a

multivariate normal distribution.. On the other hand, logit,

probit, classification tree, and non-parametric techniques

do not require strict normality assumptions. Most studies

show that company size measures such as sales and total

assets and financial ratios have skewed and nonnormal

distributions.11 Lachenbruch (1975) proposed the use of a

jackknife procedure if data are not multivariate normal, if

the variance and covariance matrices are unequal, or if the

samples are small. The distribution of financial ratios is

11 Deakin(1976) and Frecka and Hopwood (1983) found
nonnormality of most financial ratios used in classification
studies. Barnes (1982 and 1983) and Horrigan(1983) suggest
methodological implications of non-normally distributed
financial ratios.

: . k . : .. _. , -
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examined by using chi-square statistics, skewness, and

kurtosis.

Correlations

Previous research typically assumes that explanatory

variables are independent, resulting in a diagonal

covariance matrix. Earlier studies have shown that several

of the explanatory variables were correlated. However, the

importance of multicollinearity in classification techniques

is not clear. Eisenbeis (1977) and Altman et al. (1981)

suggested that multicollinearity is not a problem in MDA,

whereas Pinches (1978) and Belkaoui (1980) asserted it is a

problem. This study examines the level of correlation among

the explanatory variables and deletes highly correlated

variables.

Equality of Covariance Matrices

The equality of the covariance matrices across

categories affects the choice between linear and quadratic

discriminant analysis. LDA is theoretically appropriate

when the covariance matrices are equal, and QDA is

appropriate when the matrices are unequal. Most

classification studies have applied LDA without testing the

equality of covariance matrices. This study examines the

equality of covariance matrices across categories.

<<
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A Priori Probability Distribution of Category Membership

The prior probability distribution is the probability

distribution for category membership used by the researcher

when applying the classification technique. The number of

banks with high CD ratings (A-1 or P-1) is much greater than

that with lower ratings as seen from table 12. In this

case, most individual banks may fall into the high CD rating

group whereas very few fall into the low CD rating group.

The procedure whereby an individual bank is allocated to a

group is biased in favor of the high CD rating group.

Consequently, the prior probability distributions across

categories in this study will differ. This study assigns

prior probabilities for the discriminant analysis and

classification tree techniques based on the category

proportion of the estimation sample size.

In practice, the prior probability distribution in the

population is difficult to estimate precisely. Errors in

the estimates of prior probabilities may affect the

parameter estimates and lead to incorrect measures of

technique performance. Considering errors in the estimated

prior probabilities, this study uses both equal and unequal

prior probabilities in each category for the comparison of

prediction results.
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Goodness of the Scoring Function

This study predicts bank CD ratings based on the

coefficients of parameters which were estimated from the

initial sample. If the ratings are estimated and predicted

from the same sample, the true probabilities of

misclassification will be underestimated since the

coefficient estimates of the discriminant (or scoring)

function are biased. In this circumstance, the cross-

validation procedure, the jackknife procedure, and the

holdout sample method are recommended by previous research.

The cross-validation procedure can be achieved by

randomly splitting the original sample from each group into

two subsamples: one for deriving the discriminant function

and one for cross-validating it. The cross-validation

procedure is impractical when the sample size is small.

The jackknife procedure is an alternative method for

the research problem involving a small sample size. This

procedure excludes one observation from the first group and

computes the discriminant function on the basis of the

remaining observations. It then classifies the excluded

observation. This procedure is repeated for each

observation in the first sample. The proportion of

misclassified samples is the jackknife estimate of the

probability of misclassifying samples from population one

into population two. This procedure produces nearly

unbiased estimators. It is also distribution-free and does

I 4Q"4mwww$mw wax"'a - lll ,, , '-Wm," ,
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not require multivariate normality, equal dispersion

matrices, and other restrictive assumptions of multiple

discriminant analysis (Pastena and Ruland 1986). To avoid

biased results, this study also employs the holdout sample

method. It estimates the discriminant function from the

estimation sample and predicts the classification from the

holdout sample.

Number of Explanatory Variables

The number of explanatory variables affects technique

performance since it changes the degrees of freedom. Wahl

and Kronmal (1977) found that increasing the number of

explanatory variables improves the performance of QDA

relative to LDA when the estimation sample is large. On the

other hand, the variable reduction procedure, such as

principal component analysis and multiple correlation

analysis, reduces multicollinearity. If multicollinearity

matters, the variable reduction may affect the technique

performance. This study examines this issue by using

different numbers of explanatory variables.12

Dichotomous Explanatory Variables

The presence of binary variables may affect the

performance of a technique to the extent that they correlate

12 This study compares the performance of the
prediction model with all variables and then a model withonly statistically significant variables.
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with continuous explanatory variables. Some previous

classification studies included dichotomous variables (for

example, the subordination status of a bond).13 This study

includes a location dummy variable in Moody's rating

prediction. The performance is compared between the

inclusion and exclusion of the dummy variable.

Sample Size

Estimation sample size may affect the performance of

classification studies. So long as a sample size is too

small to rely on the central limit theorem, the covariance

matrices may differ across categories. Under this

circumstance, QDA is theoretically preferable to LDA. In

practice, previous research shows that LDA often has a

greater classification accuracy than QDA in studies with

small estimation samples.14 This study attempts to address

this controversy by using different sample sizes.

The test sample size may affect the measurement of

classification accuracy. A large test sample size may

reduce the variability of the estimate of classification

accuracy. However, the large test sample may increase the

13 Horrigan (1966) and Pinches and Mingo (1973) used
dummy variables in the prediction model.

14 Bayne et al. (1983) and Wahl and .Kronmal (1977)
showed that LDA performed better than QDA with smaller
sample sizes.

. i 
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computational cost. This study will use 1988 bank CD

ratings as the test samples.

Other Factors

Besides the above, several other factors may affect the

performance of a classification technique: (1) the distance

between the centroids of the explanatory variables in each

category; (2) the existence of ordering among the

categories; (3) the number of categories; (4) the

distribution of the population across the categories; and

(5) the cost of classification errors. However, this study

assumes that the above factors (1) to (5) are held constant

for simplicity.

Distance between Categories

Previous classification research has shown that the

distance among the categories affects the performance of the
techniques. 15 The distance can be measured by the squared

Euclidean distance and the Mahalanobis D2 measures. 16

Mahalanobis D2 is different from the squared Euclidean

distance because the former includes an adjustment for the

presence of either unequal variances or covariance between

predictors. Thus, Mahalanobis D2 is a generalization of the

15 Gilbert (1969) showed that the performance of QDAperformed better than LDA for small distance between
categories.

16 Green (1978) describes the distance measures indetail.
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squared Euclidean distance that adjusts for pooled within-

group covariance matrices that are not scalar matrices.

Existence of Ordering among the Categories

The distinction between ordered and unordered

categories may be meaningful when the categories are

correctly ordered. For example, a CD with a rating of A-1

is less risky than a CD with a rating of A-2. N-chotomous

probit and Walker and Duncan ordinal logit techniques assume

that the categories are ordered. The other classification

techniques, such as MDA, multinomial logit, and

classification trees, assume that the categories are

unordered.17 This study does not address the ordering

issue because it involves only two categories.18

Number of Categories

Bank CD ratings are classified into seven categories by

Standard & Poor's and into three categories by Moody's. 19

Since this study includes only two categories, it is assumed

that the constant number of categories does not affect the

classification accuracy.

17 The classification trees techniques allows forordered categories by using the ordered-towing rule. SeeBrieman et al. (1984).

18 At least three categories are required to testordering among categories.

19 Standard & Poor's ratings include A-l+, A-1, A-2, A-3, B, C, and D. Moody's ratings are P-l, P-2, and P-3.

I Sao
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Population Distribution across Categories

Rating agencies tend to assign a top rating to most

banks that issue negotiable CDs. Consequently, the

population distribution should not be equal across

categories. This study uses the estimation sample

distribution as a surrogate for the population because the

initial sample includes most banks which Standard & Poor

rated.

Misclassification Costs

Previous research has shown that the choice between

equal and unequal misclassification costs affects the

classification accuracy of the techniques.20

Misclassification costs may not be equal in this bank CD

rating study. For example, the prediction of a top CD

rating for a bank that actually declares insolvency in the

future is a more costly classification error than the other

way around. The use of unequal misclassification costs

introduces additional complexity into this study. To make

this study more tractable, equal misclassification costs are

assumed.

20 Altman et al. (1977) and Marais et al. (1984) foundunequal misclassification costs across categories in abankruptcy prediction and a bank loan classification,
respectively.
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CHAPTER V

RESULTS

The first section of this chapter shows characteristics

of the predictor variables. The second section deals with
the results of the study and the interpretation. The final
section extends the basic models, considering several

factors that may affect the performance of the model.

Characteristics of Predictor Variables

Univariate Statistics

Parametric classification techniques require that
independent variables be multivariate normal. If any one
variable to be employed in the multivariate classification

model is not normal, then multivariate normality does not

exist. The univariate normality test can be used

effectively since it avoids the need for complicated

multivariate normality tests.

Table 20 shows univariate statistics for independent

variables such as skewness, kurtosis, and Kolmogorov D
Statistics. Skewness is a measure of asymmetry of the

distribution. The expected value of the skewness is zero
for a symmetric distribution. A significant nonzero value

132
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TABLE 20

UNIVARIATE NORMALITY TEST

For Moody's Rating Predictors

Rating P-1 Rating P-2
Variable
Symbol Skewness Kurtosis D** Skewness Kurtosis D**

NLTC 0.943 0.308 0.098* 0.990 0.874 0.928
LSIZE 0.927 0.858 0.113* 0.780 -0.890 0.840*
NIM -0.105 0.636 0.059 -1.034 1.037 0.914
RELTA 0.151 -0.052 0.040 -0.742 0.828 0.919
LRTL 1.241 0.789 0.175* 0.366 -1.372 0.879*
ROTA -2.348 5.577 0.249* -1.416 0.793 0.783*
STATA -0.386 0.403 0.060 -1.265 1.787 0.889*
CCTA 0.008 1.194 0.076* -0.876 -0.099 0.913
NOM -8.607 100.207 0.282* 0.093 2.748 0.885*
DOGAP 0.478 0.651 0.085* 0.762 -0.188 0.912
NIETOE 0.045 2.641 0.080* -1.596 2.872 0.854*
EQD 7.599 72.691 0.383* 2.287 4.148 0.553*
SIZEGRO6 0.861 3.624 0.091* 3.138 11.663 0.624*
STDUM -0.213 -1.061 0.222* 0.589 -1.477 0.780*

For Standard and Poor's Rating Predictors

Rating A-1 Rating A-2
Variable
Symbol Skewness Kurtosis D** Skewness Kurtosis D**

LSIZE 0.362 1.085 0.074* 0.800 1.408 0.118*
MVBVIS 5.641 45.635 0.189* -0.601 2.171 0.100*
ALTA 3.011 10.029 0.283* 3.399 11.037 0.338*
RCTGC 4.003 26.384 0.174* 2.039 5.581 0.141*
SIZEGRO6 8.565 78.070 0.391* 9.110 82.995 0.520*
RELTA 0.457 0.415 0.052 0.936 3.723 0.076
DOGAP 0.500 0.794 0.074* 0.095 0.987 0.073
ELRTL 4.852 31.090 0.244* 3.552 19.336 0.175*
ROE -3.456 13.047 0.315* -2.656 10.337 0.300*
NIETOE 0.272 2.027 0.096* -0.535 1.576 0.071
BSD 5.212 36.709 0.260* 2.828 10.753 0.203*

Significant at the alpha of 10% level.
** Kolmogorov D Statistics.
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of skewness is an indication of asymmetry.1 A significant

positive value of skewness indicates a long right tail and a

significant negative value a long left tail. The

coefficients for skewness are positive for some variables.

In the Moody's data set, EQD is the only positively skewed

variable from the P-i rating group, and EQD and SIZEGRO6

from the P-2 rating. In the Standard and Poor's data set,

the significantly positively skewed variables include

MVBVIS, ALTA, RCTGC, SIZEGRO6, ELRTL, AND BSD from the

rating A-1, and ALTA, RCTGC, SIZEGRO6, ELRTL, and BSD from

the rating A-2. These variables indicate that they have

right-skewed distributions. On the other hand, ROTA and

NOM, from the P-1 rating group in the Moody's data sets, and

ROE, from both the A-i and A-2 rating groups in the Standard

and Poor's data sets, have significantly negatively skewed

variables. These variables indicate left-skewed

distributions.

Kurtosis measures the heaviness of the tails of a

population. A value of kurtosis significantly greater than

zero indicates a distribution that is more fat-tailed than

the normal distribution. In the Moody's data set, ROTA,

NOM, EQD, and SIZEGRO6 have significant positive kurtosis

1 There are no significance levels for skewness and
kurtosis. The departure from value of zero in skewness and
kurtosis indicates the degree of the asymmetry and the
heaviness, respectively, of the distribution. This study
assumes that absolute values exceeding two are significant.
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from the P-i rating group while NOM, NIETOE, EQD, and

SIZEGRO6 from the P-2 rating group. The Standard and Poor's

data sets include many variables with a significantly

positive kurtosis: MVBVIS, ALTA, RCTGC, SIZEGRO6, ELRTL,

ROE, NIETOE, and BSD from the A-1 rating group and MVBVIS,

ALTA, RCTGC, SIZEGRO6, RELTA, ELRTL, ROE, and BSD from the

A-2 rating group. The positive kurtosis indicates that the

distribution is fat-tailed.

The Kolmogorov D Statistics indicate that the

distributions are nonnormal. Many variables in Moody's and

Standard and Poor's data set are significantly nonnormal at

the 10% level. However, the variable RELTA is normally

distributed in both sample groups. The NIM in the Moody's

data set is also normally distributed regardless of the

rating groups.

With the exception of the variable NOM, the Moody's

data set has a smaller degree of skewness and kurtosis, and

it includes more normally distributed variables relative to

the Standard and Poor's data set. With normality as a

concern, the Moody's data set is more normal than the

Standard and Poor's data set. However, both data sets

cannot satisfy strict multivariate normality assumption.

This indicates that the application of parametric

classification techniques may not be appropriate for this

study. Nevertheless, parametric techniques are incorporated
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in search of a superior prediction model rather than a model

based solely on the satisfaction of statistical assumptions.

Homogeneity of the Covariance Matrices

The equality of the covariance matrices across

categories may affect the performance of the classification

techniques.2 A likelihood ratio chi-square test statistic

(Kendall & Stuart 1961) is used to examine homogeneity

within covariance matrices. The test statistic is

NPN/ 2 * v
-2 RHO LOG [-------------------

U N(I) PNC/2

Note: P = Number of variables;

N = Total number of observations;

N(I) = Number of observations in the Ith groups;

II (Within sum of square matrix(I)}N(I)/2V = ---------------------------------------------
(Pooled sum of square matrix(I) }N/2

1 1 2P2 + 3P- 1
RHO = 1.0 - [ SUM ------ - ---- 1 --------------- ;

N(I)-1 N-K 6(P+1) (K-1)

K = Number of groups;

Degrees of freedom = .5 (K-l) P (P+i) .

The chi-square value for the Moody's data set is 5.904

with the degrees of freedom of 105, which is not significant

at the 0.10 level. It implies that the covariance matrices

of the Moody's data set are significantly equal across

2 Especially, linear discriminant analysis assumes
equal covariance matrices across groups.
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groups at the 0.10 level. Linear discriminant analysis can

be applied to the Moody's data set without violating its

covariance assumption.

On the other hand, the value of the test statistics for

Standard and Poor's data sets is 252.85, with the degrees of

freedom of 66. This value is statistically significant at

the 0.10 level. It implies that the within covariance

matrices of the Standard and Poor's data sets are not

significantly equal at the 0.10 level. Unequal covariance

matrices violate the assumption of the linear discriminant

analysis. For the Standard and Poor's data sets, quadratic

discriminant analysis or the use of within covariance

matrices are preferred when we use classification

techniques.

The Results of Classification Techniques

This section analyzes and interprets the results of

classification techniques. All models assume equal prior

probabilities and misclassification costs. For Moody's CD

rating prediction, the classification models use fourteen

explanatory variables: NLTC, LSIZE, NIM, RELTA, LRTL, ROTA,

STATA, CCTA, NOM, DOGAP, NIETOE, EQD, SIZEGRO6, and STDUM.

On the other hand, Standard and Poor's CD rating prediction

models include eleven explanatory variables: LSIZE, MVBVIS,

ALTA, RCTGC, SIZEGRO6, RELTA, DOGAP, ELRTL, ROE, NIETOE, and
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BSD. The results from each classification technique are

shown in appendix E.

Multivariate Discriminant Analysis (MDA)

Linear Discriminant Analysis (LDA)

For the prediction of Moody's bank CD ratings, LDA

showed an accuracy rate of 88.5% in rating P-1 and 71.4% in

rating P-2. The overall prediction accuracy of Moody's

ratings was 87.0%. For Standard and Poor's bank CD ratings,

LDA predicted A-1 rated CD's with an accuracy of 66.7% and

rating A-2 CD's with an accuracy of 60%, respectively. The

type I error of 40% for Standard and Poor's data is much

higher than Moody's, 28.6%. The total classification

accuracy of Standard and Poor's ratings was 64.9%. The

results showed that LDA predicted the Moody's CD ratings

better than the Standard and Poor's CD ratings.

MDA classifies observations into groups based on the

Mahalanobis D. The statistic shows the distance between

the group centroids. For a two group classification, the D2

statistics can be transferred to F statistics as follows

(Green 1978, 168):

Approximate -(n,m-n-1) statistic =

m1 * m2 * ( m1 + m2 -n -1)

n * (m1 + m 2) * ( m1 + m2  - 2)

Where,
n is number of predictor variables,
m1 , m2 are numbers of cases in each group.

___
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Mahalanobis D2 (corresponding F value of 1.83) is

significant in Moody's data set at the 10% level, whereas

for Standard and Poor's rating prediction, it (corresponding

F value of 155.8) is highly significant at the 1% level. It

indicates that the discriminant function for Standard and

Poor's set performs better in a statistical sense. However,

its classification accuracy rate was lower than Moody's data

set. Whereas the significance test for the discriminant

function from Standard and Poor's data set is highly

significant, operational significance of the discriminant

function (in correctly assigning holdout samples) is not

high. Hence, the separation effected by the discriminant

function is not good from a practical point of view.

LDA predicted the Moody's CD ratings by weighing

heavily on the capital ratio (CCTA) and the profitability

ratios (NIM and ROTA) and for the Standard and Poor's rating

mainly on the liquidity ratio (MVBVIS). Most variables have

their expected signs, but ROTA in Moody's data had the

opposite sign.

Quadratic Discriminant Analysis (QDA)

In the prediction of Moody's ratings, QDA had the

perfect accuracy (100%) for the rating P-1 but only 14% for

the rating P-2. The overall prediction accuracy of 92.2%,

may be misleading because it had a type I error of 86%.

The small sample size in the lower-rated group led to the

1 -1 - - .I I- , Ll- 4 -;" - 17-
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biased overall classification accuracy rate. The type I

error of 85.71% from QDA is considerably higher than 28.57%

from LDA.

In the case of Standard and Poor's CD rating

prediction, QDA had the accuracy rate of 39.5% for the

rating A-i and 83.3% for the rating A-2, respectively. The

average classification accuracy rate was only 51.4%.

Theoretically, the heterogeneity of the covariance matrices

of Standard and Poor's data sets requires the use of QDA.

However, the empirical evidence showed that LDA with the

average accuracy rate of 64.9% outperformed QDA with the

rate of only 51.4%. The superior performance of LDA

supports the previous studies such as Altman et al. (1977),

Hamer (1983), and Mahmood and Lawrence (1987).

Stepwise Linear Discriminant Analysis

The stepwise discriminant analysis was performed using

the BMDP7M statistical package. This package uses only

significant variables to classify observations and the

jackknife procedure for validation of the results.

The stepwise linear discriminant functions for Moody's

and Standard and Poor's were significant at the 1% level.

This indicates that both discriminant functions

significantly discriminate the two rating groups. The

overall classification accuracy rates are 79.6% and 68.0%

for Moody's and Standard and Poor's, respectively. For
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Moody's, the capital ratio (NLTC) and the size (LSIZE)

variables discriminate the two CD rating groups. For

Standard and Poor's, the order of the important variables is

size (LSIZE), liquidity (MVBVIS), location (ALTA), and loan

exposure (RCTGC). A positive sign in the P-1 or A-l group

discriminant model indicates that an increase in that

variable increases the Z score and the probability that the

bank will be classified as the CD rating P-1 or A-1 group.

Unexpectedly, the variable ALTA from Standard and Poor's had

positive coefficients, indicating that the larger

agricultural loans a bank has, the higher the probability of

its being classified as an A-l rated bank.

Regression Analysis

Ordinary Least Square Regression Analysis

OLS regression analysis shows high overall

classification accuracy rates: 90.91% for Moody's and 79.28%

for Standard and Poor's. The models are significant at 1%

level with R-squares of 0.311 and 0.107 for Moody's and

Standard and Poor's, respectively. For Moody's, the capital

adequacy ratio (NLTC), the profitability ratio (NIM and

NOM), the loan-loss exposure ratio (LRTL), and the growth

(EQD) are significant predictors at the 5% level. Of the

significant variables, LRTL, NOM, and EQD have positive

signs, which is contrary to expectations. For Standard and



142

Poor's, the size (LSIZE) and the liquidity ratio (MVBVIS)

are significant at the 5% level.

In spite of the good overall prediction accuracy rate,

the OLS regression model cannot predict the low CD ratings,

resulting in type I errors of 85.71% and 66.67% for Moody's

and Standard and Poor's, respectively. The high type I

errors question the validity of the OLS models in the

prediction of bank CD ratings.

Ridge Regression Analysis

The ridge regression resolves the multicollinearity

problem without removing any predictor. Compared to the OLS

model, the ridge regression model reduces the type I errors

to 28.57% and 40% for Moody's and Standard and Poor's,

respectively. However, the model sacrifices overall

classification accuracy, resulting in expected actual rates

of 52% for Moody's and 48% for Standard and Poor's.

Decomposition Analysis

Decomposition measures describe the changes in the

composition of firm balance sheets. Lev (1974) offered an

economic rational for the usefulness of decomposition

measures in bankruptcy prediction. The argument is that the

business organizations seek to maintain equilibrium

relationships. Any structural changes, whether planned or

unplanned, are of interest to the financial analyst for

identifying changes in management strategy or signalling an
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inability by management to maintain a desired structure.

Accordingly, riskier firms are expected to have higher

decomposition measures.

However, this argument may not be true with the short

term bank CD rating prediction because the decomposition

measure calculated over the short-term (six month period)

may not represent any structural change by the bank.

Rather, the increase in asset proportion (ASD) can be a

proxy for the size of the bank, and the increase in EQD

measures equity improvement in the capital ratio. On the

other hand, an increase in liability proportion (LID)

increases the risk of insolvency. For the prediction of

bank CD ratings, the change in the sign of a balance sheet

decomposition measure (BSD) may depend upon the size of an

asset, equity, or liability proportion change.

Tables 21 and 22 show summary data on the decomposition

measures for Moody's and Standard and Poor's data sets.

From Moody's data sets, all decomposition measures are

generally larger for the P-1 rating groups than for the P-2

rating groups. For example, the equity decomposition

measure of the median P-l rated banks is in the 64th

percentile of the P-2 rating groups, whereas that of the

median P-2 rated banks is in only the 23th percentile of the

P-l rating groups. Contrary to expectations, the liability

decomposition measures are higher for the P-l rating groups

than for the P-2 rating groups. The decomposition measures
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from the Moody's data set may have the ability to

discriminate bank CD ratings based on table 21.

From Standard and Poor's data sets (table 22), the

decomposition measures for quartiles and the percentile

ratings for median A-1 rating and A-2 rating banks in the

opposite category are not considerably different. Thus,

the decomposition measures from Standard and Poor's data

sets may not have the ability to discriminate bank CD

ratings.

LDA with Decomposition Measures

The decomposition analysis using LDA cannot

significantly classify either Moody's or Standard and Poor's

CD ratings at the p-value of 0.10. The Models have the

higher classification accuracies for the top CD ratings than

for the low CD ratings. The Moody's and Standard and Poor's

top CD rating prediction accuracies are 92.9% and 70.4%,

respectively, whereas their low CD rating accuracies are

only 14.3% and 23.3%, respectively. The type I errors from

LDA models are very high: 86% for Moody's and 77% for

Standard and Poor's. The high type I errors make the use of

the LDA models difficult for the prediction of bank CD

ratings.
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ODA with Decomposition Measures

The quadratic discriminant functions using

decomposition measures as predictors classify both Moody's

and Standard and Poor's CD ratings at the significance level

of one percent. This model reduce the type I errors

considerably to 14% and 40% for Moody's and Standard and

Poor's, respectively. However, the low prediction accuracy

for the top CD ratings reduces the overall classification

accuracy rates: only 44.2% for Moody's and 34.2% for

Standard and Poor's. The low classification accuracies

reduces the usefulness of QDA models for the prediction of

bank CD ratings.

Logit Analysis

The stepwise logit model includes two and four

variables for Moody's and Standard and Poor's, respectively.

The variables are included in the order they entered the

model. The chi-square values show significant overall

discriminant powers for the models based on p-values of 1.0

and 0.14 for Moody's and Standard and Poor's, respectively.

Standard and Poor's logit model has more significant

discriminant power than Moody's. However, the Moody's

overall classification accuracy rate of 79.2% is much better

than the Standard and Poor's 62.2% accuracy rate. A

positive sign in the variable in the logit model indicates

that an increase in that variable increases the odds of
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being rated in the P-i or A-i group. Only the variable

NIETOE from Standard and Poor's data set has a sign, which

is contrary to expectations.

Probit Analysis

The probit models for Moody''s and Standard and Poor's

are significant at p-values of 0.25 and 0.005, respectively.

The overall classification accuracy rates are high relative

to those of other models: 94.8% for Moody's and 77.5% for

Standard and Poor's. However, the type I errors are very

high: 57.1% for Moody's and 70% for Standard and Poor's.

Also, the signs of the significant variables from the probit

model are contrary to expectations: NIM from Moody's and

MVBVIS and LSIZE from Standard and Poor's. Thus, the probit

models do not classify as well as the logit model. This

might be due to the fat-tailed distributions of the

explanatory variables. Under this circumstance, the logit

model with fat-tailed logistic distribution performs better

than the probit model.

Rank Multivariate Discriminant Analysis

Rank Linear Discriminant Analysis (RLDA)

Moody's RLDA function significantly discriminates the

CD ratings at the 1% significance level. The overall

prediction accuracy rate is 93.5%, but the inability of the

prediction of the P-2 rating group makes the model useless.

Standard and Poor's RLDA function does not have significant
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discriminant power, with an overall classification accuracy

rate of only 36%. Both models do not provide a significant

t-value for the coefficients.

Rank Quadratic Discriminant Analysis (RODA)

The RQDA functions for both Moody's and Standard and

Poor's data sets are significant, with a p-value of 0.01.

For Moody's, RQDA does not predict the P-2 rating CDs at

all. For Standard and Poor's, the overall classification

accuracy rate is 56.8%.

The nonparametric RMDA does not discriminate bank CD

ratings. Parametric linear discriminant analysis performs

better than nonparametric RMDA in the prediction of the

short-term bank CD ratings.

The Classification and Regression Tree (CART)

The Holdout Sample Method

The CART procedure using the holdout sample method

results in the low type I errors: 0% for Moody's and 26.7%

for Standard and Poor's. The overall classification

accuracy rates are 64.9% and 67.6% for Moody's and Standard

and Poor's, respectively. For Moody's, the capital ratio

(nonperforming loan to total capital) is the most important

significant variable. For Standard and Poor's, the most

important predictor is the liquidity ratio (market value to

book value of investment securities). Other important

predictors for the prediction of Standard and Poor's bank CD
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ratings include the balance sheet decomposition measure and

total assets, with the relative importance of more than 80%.

The Cross-Validation Method

For Moody's data sets, the overall classification rates

from the CART procedure using the cross-validation sample is

62.8%, which is slightly less than the accuracy rate of

64.9% from the holdout sample method. On the other hand,

the cross-validation procedure for the prediction of

Standard and Poor's ratings shows a small improvement in the

overall classification rate from 67.57% to 67.62%. The most

important variables are the capital ratio (nonperforming

loans to total capital) for Moody's data sets and the size

(total assets) for Standard and Poor's. The liquidity ratio

(market value to book value of investment securities) is

also important in predicting Standard and Poor's CD ratings,

with a relative importance of 79%.

Comparison of Classification Techniques

For the selection of the best prediction model, the

criteria are based on the overall classification accuracy

rate and the expected actual error rate subject to the type

I error. As long as the type I error is more than 40% (a

rule of thumb), the technique cannot be a candidate for the

selection because the type I error is more serious in the

bank CD prediction than the type II error. In addition, the

candidates for the best model also need to show more than

+Hia&i t4i rosx :;_iti:16 k<- ;St 6{: j;, aa' " ww -1tH dt: _ A-_

-,mss-:., .. f+ ': : .,.,.. ... <-. wf Etl.Y c:YY:^tiz s S43i;....L:;
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60% overall classification accuracy rates. Tables 23 and 24

show the validation test results of the various prediction

models using the original explanatory variables listed in

tables 17 and 18.

For Moody's, the techniques that meet the criteria

include the linear discriminant analysis, the step

discriminant analysis, the logit analysis, and the CART

procedures. Among them, the linear discriminant analysis

model is the best, with the expected actual error rate of

only 12.99% and the overall classification rate of 87%. The

second-best Moody's CD rating prediction model is the

stepwise linear discriminant model, with the expected actual

error rate of 20.4%. The other useful prediction models

include the logit model and the CART procedure using the

holdout sample method and cross-validation method in order.

For Standard and Poor's, the models that satisfy the

selection criteria include the stepwise discriminant

analysis, the linear discriminant analysis, the logit

analysis, and the CART procedures. Of the models, the

stepwise discriminant analysis model is the best Standard

and Poor's CD rating prediction model, with the expected

actual error rate of 32.03% and the overall classification

rate of 68.0%. The second-best prediction model is the CART

procedure, which uses the cross-validation sample method

with the expected actual error rate of 32.4%. The other

useful prediction models consist of the CART procedure with

ipp",'Ioio'llll loilim
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TABLE 23

THE COMPARISON OF VALIDATION TEST RESULTS
FOR THE MOODY'S CD RATING PREDICTION

(WITH ALL VARIABLES)

Classification Classification
Accuracy Rate (%) Efficiency Rate (%)

Technique P-1 P-2 Overall Type Ii EAER2

OLS

Ridge Reg

LDA

QDA

STEPDISC

Decomp w/LDA

Decomp w/QDA

Logit

Probit

RLDA

RQDA

CART4

CARTS

98.57% 14.29%

45.71% 71.43%

88.57% 71.43%

100.00% 14.29%

81.03% 64.71%

92.86% 14.29%

40.00% 85.71%

80.00% 71.43%

100.00% 42.86%

100.00% 28.57%

97.14% 0.00%

61.43% 100.00%

61.49% 76.47%

90.91%

48.05%

87.01%

92.21%

79.58%

85.71%

44.16%

79.22%

94.81%

93.51%

88.31%

64.94%

62.83%

85.71%

28.57%

28.57%

85.71%

35.29%

85.71%

14.29%

28.57%

57.14%

71.43%

100.00%

0.00%

23.53%

9.09%

51.95%

12.99%

7.79%

20.42%

14.29%

55.84%

20.78%

5.19%

6.49%

11.69%

35.06%

37.17%

1 These variables are listed in table 17;
2 Type I Error;
3 Expected Actual Error Rate (see Johnson and Wichern

1988);
4 CART with Test Sample Method;
5 CART with Cross-Validation Method;
For brevity, Weight Efficiency Measure (see Korobow and
Stuhr 1983) is not reported because it has the same order
as the Expected Actual Error Rate.
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TABLE 24

THE COMPARISON OF VALIDATION TEST RESULTS FOR
STANDARD AND POOR'S CD RATING PREDICTION

(WITH ALL VARIABLES)

Classification Classification
Accuracy Rate (%) Efficiency Rate (%)

Technique A-1 A-2 Overall Type I2 EAER 3

OLS

Ridge Reg

LDA

QDA

STEPDISC

Decomp w/LDA

Decomp w/QDA

Logit

Probit

RLDA

RQDA

CART4

CARTS

96.30%

49.38%

66.67%

39.51%

65.15%

70.37%

24.69%

62.96%

95.06%

12.35%

53.09%

65.43%

70.71%

33.33%

60.00%

60.00%

83.33%

74.70%

23.33%

60.00%

60.00%

30.00%

100.00%

66.67%

73.33%

60.24%

79.28%

52.25%

64.86%

51.35%

67.97%

57.66%

34.23%

62.16%

77.48%

36.04%

56.76%

67.57%

67.62%

66.67%

40.00%

40.00%

16.67%

25.30%

76.67%

40.00%

40.00%

70.00%

0.00%

33.33%

26.67%

39.76%

20.72%

47.75%

35.14%

48. 65%

32.03%

42.34%

65.77%

37.84%

22.52%

63.96%

43.24%

32.43%

32.38%

These variables are listed in table 18;
2 Type I Error;
3 Expected Actual Error Rate (see Johnson and Wichern

1988);
4 CART with Test Sample Method;
5 CART with Cross-Validation Method;
For brevity, Weight Efficiency Measure (see Korobow and
Stuhr 1983) is not reported because it has the same order
as the Expected Actual Error Rate.

- ---------
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the holdout sample method, the linear discriminant analysis,

and the logit model, in that order.

Table 25 shows the lists of important predictor

variables for the useful prediction models. For Mood's CD

rating prediction, the capital adequacy ratio (nonperforming

loan to total capital and core capital to total assets) is

the most important factor across all prediction models. In

addition, other important predictors listed more than one

time in table 25 include the loan exposure ratio (loan-loss

reserves to total loans) and the interest risk ratio

(dollar-gap ratio).

On the other hand, the size (logarithm of total assets)

and the liquidity ratio (market to book value of investment

security) are the most important variables to predict

Standard and Poor's bank CD ratings. The other important

predictors include the location (agricultural loan to total

assets), the loan exposure ratio (recoveries to gross charge

off), the capital ratio (equity plus loan loss reserves to

loans), the growth (balance sheet decomposition measure),

and the operational risk ratio (non-interest expenses to

total operating expenses).

poww"" "I I I- - . . - I ", *,, & ", :V- " , - g
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TABLE 25

LIST OF SIGNIFICANT PREDICTOR VARIABLES
FROM THE CD RATING PREDICTION MODELS

For Moody's CD Rating Prediction:

Prediction Models

LDA :

STEPDISC :

LOGIT

CART WITH HOLD-OUT

CART WITH CROSS VALIDATION:

Important Variables*

CCTA, NIM, ROTA, NIETOE,
LRTL, EQD, STATA, DOGAP

NLTC, LSIZE

NLTC, DOGAP

NLTC

NLTC, LRTL

For Standard and Poor's CD Rating Prediction:

Prediction Models

STEPDISC :

CART WITH CROSS VALIDATION:

CART WITH HOLD-OUT :

LDA :

LOGIT"

Important Variables*

LSIZE, MVBVIS, ALTA, RCTGC

LSIZE, MVBVIS

MVBVIS, BSD, LSIZE, ELRTL,
RCTGC, ROE

MVBVIS, ELRTL, NIETOE, ALTA,
RELTA, DOGAP, BSD

LSIZE, MVBVIS, ALTA, NIETOE

* The variables are listed in the order of the importance.

. .. .... . .. ....... o.. . ., ...
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Extension of the Models

This section extends the basic model, which uses

predictor variables listed in tables 17 and 18, by

considering several factors that might change the technique

performance. The best parametric and nonparametric models

found from the previous section are used for the further

examination of the factors. That is, the linear

discriminant analysis and the CART procedure using the

cross-validation sample are used for Moody's.3 For

Standard and Poor's data sets, the stepwise discriminant

analysis and the CART procedure using the cross-validation

sample are used. The results of the models using various

options for this section are shown in the appendix F.

Distribution of Explanatory Variables

From table 20, we found that there are many nonnormal

variables in Moody's and Standard and Poor's data set. This

shows that both data sets do not have the multivariate

normal distribution of the independent variables. This

indicates that the study needs to use the nonparametric

techniques. However, the results of this study do not

follow the statistical expectation. The parametric

3 The small sample size in the P-2 rating groups made
the cross-validation sample method instead of the holdout
sample method applied to the CART procedure for the
prediction of Moody's CD rating prediction.
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techniques performed better than nonparametric techniques

for both data sets.

Nevertheless, the parametric technique is very

sensitive to the distribution of the independent variables.

Table 20 shows that the variable NOM from the Moody's data

set is significantly left-skewed and fat-tailed. The

deletion of the variable NOM in the linear discriminant

analysis model improved the overall classification rate from

87.01% to 89.6%. The other parametric techniques, such as

the stepwise discriminant model and the logit model, did not

improve the performance because they had already dropped the

variable NOM in their own built-in stepwise procedure. For

the Standard and Poor's data set, the deletion of the

variable SIZEGRO6 which is most significantly skewed and

fat-tailed does not improve the overall performance of the

linear discriminant model. The type I error is decreased

from 40% to 37% with the sacrifice of the overall

classification accuracy rate from 64.86% to 62.16%.

Multicollinearity

Multicollinearity results in several problems: (1)

Reduced precision in estimating the coefficients of

discriminant functions; (2) Incorrect elimination of the

predictor variables in stepwise discriminant analysis; (3)

Highly sensitive discriminant coefficients to the specific

sample. Thus, the incorrect estimation of discriminant

1 _ ...... ,"'.' fi r:..'..,:.-..,:.nom- ... ,.. . w a:tr a. iw ,ca: h-
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functions may result in low performance in the prediction of

the holdout sample. The one solution for resolving a

multicollinearity problem is the ridge regression. However,

the ridge regression model had poor overall performance

compared to the linear discriminant model for both Moody's

and Standard and Poor's data sets. This study has already

screened the independent variables by the stepwise

procedures and the Pearson correlation analysis. As long as

these prior screening steps have been done,

multicollinearity should not be a significant problem in

linear discriminant analysis. Therefore, this study

supports the studies of Eisenbeis (1977) and Altman et al.

(1981) that multicollinearity is not a problem in MDA.

Equality of the Covariance Matrices

Linear discriminant analysis assumes the homogeneity of

the covariance matrices across categories. If the condition

is not satisfied, the quadratic discriminant analysis (QDA)

should be applied in theory. Moody's data sets satisfied

the homogeneity condition, whereas Standard and Poor's data

sets did not. The statistical implication indicates that

the quadratic discriminant analysis should perform better

than the linear discriminant analysis (LDA) for the

prediction of Standard and Poor's CD ratings. However, the

results of the study are contrary to the statistical

expectation. Although QDA reduced the type I error from 40%

fwx,,mw--- "1 .11,
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to 16.7%, the overall classification accuracy rate of QDA

was decreased from 64.9% to 51.4% relative to LDA. For the

prediction of Moody's CD ratings, the use of QDA

considerably increased the type I error from 28.6% to 85.7%

relative to LDA. Thus, the homogeneity test can be

justified when the detection of type I errors is an

important issue.

Priori Probability Distribution of Category Membership

This study uses unequal sample sizes across groups.

Banks are more likely to be rated as the top CD rating.

Under this circumstances, the statistical implication

recommends the use of unequal prior probability distribution

for the better prediction.

However, as shown in table 26, the results of this

study show that the use of the unequal priori probability

proportional to the estimating sample size increases the

type I errors considerably although the overall

classification accuracy rates are improved. With the use of

the unequal prior probability option, this study does not

improve the prediction performance because the type I errors

are more than 40%, regardless of the kinds of the

techniques, parametric or nonparametric models.
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TABLE 26

COMPARISON OF THE MODEL PERFORMANCES
WITH DIFFERENT PRIOR PROBABILITY OPTIONS

Technique

Moody's Data:

LDA w/equal

LDA w/unequal

CART w/equal

CART w/unequal

Classification Classification
Classification

Accuracy Rate (%)

P-1 P-2 Overall

88.57%

100.00%

61.49%

100.00%

71.43% 87.01%

42.80% 94.81%

76.47% 62.83%

0.00% 91.10%

Classification
Efficiency Rate (%)

Type I2 EAER3

28.57%

57.20%

23.53%

100.00%

12.99%

5.19%

37.17%

8.90%

Standard and Poor's
Data:

STEPDISC
w/equal 65.15%

STEPDISC
w/unequal 97.00%

CART w/equal 70.71%

CART w/unequal 100.00%

74.70% 67.97% 25.30% 32.03%

15.70%

60.24%

0.00%

72.95%

67.62%

70.46%

84.30%

39.76%

100.00%

27.05%

32.38%

29.54%

Note:

Each classification model is compared, using the
different prior probability options: equal and unequal
probability; unequal probability is calculated from the
proportions of the estimating sample rating groups;

2 Type I Error;
3 Expected Actual Error Rate (See Johnson and Wichern
1988).
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Goodness of the Discriminant Function

Most models discussed in the previous section are

significant and can be used to classify the CD ratings.4

Furthermore, this study uses the Jackknife and cross-

validation procedure for the validity of the discriminant

model. This validation procedure avoids the overfitting

problems that occur when we estimate and predict using the

same sample. Thus, the significance level of the prediction

model is not an important issue as long as the accuracy rate

of the holdout sample is adequate.

The Existence of a Dummy Variable

Moody's prediction model includes a dummy variable,

STDUM. The existence of a dummy variable in a parametric

technique violates the assumptions of its normality. Table

27 compares the performance difference with or without a

dummy variable in the models for the prediction of Moody's

CD rating.5 In a parametric technique, LDA model, the

deletion of the dummy variable STDUM improves the

performance slightly from 87.01% to 88.31% in the overall

classification accuracy rate. On the other hand, the

4 The CART procedure does not show the significance
level of the discriminant function because it uses recursive
partitioning algorithm.

5 Standard and Poor's CD rating prediction models are
not examined for the test of a dummy variable because these
models do not include any dummy variable as explanatory
variables.
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nonparametric, CART model performed worse when the dummy

variable was deleted from the model. It indicates that the

deletion of a dummy variable reduces the explanatory power

of a nonparametric technique whereas it increases the

discriminatory power of a parametric technique.

TABLE 27

COMPARISON OF THE MODEL PERFORMANCES
WITH OR WITHOUT A DUMMY VARIABLE

Classification

Accuracy Rate (%)

Technique1  P-1 P-2 Overall

Moody's Data:

LDA
w/Dummy 88.57% 71.43% 87.01%

LDA
w/No Dummy 90.00% 71.43% 88.31%

CART
w/Dummy 61.49% 76.47% 62.83%

CART
w/No Dummy 61.49% 76.47% 62.83%

Classification
Efficiency Rate (%)

Type I2 EAER3

28.57% 12.99%

28.57% 11.69%

23.53% 37.17%

23.53% 37.17%

Note:

1 The classification models are compared by including a
dummy variable STDUM, or by deleting the dummy variable;
Type I Error;

3 Expected Actual Error Rate (See Johnson and Wichern
1988).

Number of Explanatory Variables

Table 28 compares the results of the full model with

all independent variables and the reduced model with only

® - --
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TABLE 28

COMPARISON OF THE MODEL PERFORMANCES WITH
DIFFERENT NUMBER OF INDEPENDENT VARIABLES

Technique)

Moody's Data:

LDA w/Full

LDA w/Reduced I

CART w/Full

CART w/Reduced

Standard and Poor's
Data:

LDA w/Full

LDA w/Reduced

CART w/Full

CART w/Reduced

Classification Class i ficat ion
Classification

Accuracy Rate (%)

-1 P-2 Overall

88.57%

80.00%

61.49%

61.49%

66.67%

61.73%

70.71%

70.71%

71.43%

71.43%

76.47%

76.47%

60.00%

63.33%

60.24%

60.24%

87.01%

79.22%

62.83%

62.83%

64.86%

62.16%

67.62%

67.62%

Classification

Efficiency Rate (%)

Type I2 EAER3

28.57%

28.57%

23.53%

23.53%

40.00%

36.67%

39.76%

39.76%

12.99%

20.78%

37.17%

37.17%

35.14%

37.84%

32.38%

32.38%

Classification models are compared by the different
numbers of explanatory variables; full models include all
variables listed in tables 17 and 18. Reduced models
include only significant variables: For Moody's,
explanatory variables include NLTC, CCTA, LRTL, and DOGAP.
For Standard and Poor's, explanatory variables include
LSIZE, MVBVIS, ALTA, RCTGC, ELRTL, BSD, and NIETOE.
Type I Error;
Expected Actual Error Rate (See Johnson and Wichern
1988) .

2
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the important variables. The full models include fourteen

and eleven variables listed in tables 17 and 18 for the

Moody's and Standard and Poor's prediction models,

respectively. The reduced models include only four

important independent variables for Moody's and seven

variables for Standard and Poor's. These important

variables are used more than once in the prediction models

found by the comparison of the performance of the models.

Table 28 shows that the performance of the CART model is not

affected by the change in the number of variables as long as

the model includes the important variables. On the other

hand, the parametric technique, the LDA model, is influenced

by the change in the number of independent variables. For

example, the expected actual error rate of the LDA model

increased from 12.99% to 20.78% from Moody's data set by

reducing the number of independent variables, whereas the

error rate from Standard and Poor's LDA model increased from

35.14% to 37.18%. This indicates that an increase in the

number of independent variables improves only the

performance of the parametric techniques as long as

multicollinearity is not a serious problem.

Sample Size

Table 29 shows how the performance of the models

changes with different sample sizes. In the original

models, the total estimating sample sizes are 114 and 170

- _ .. - s.w;::,.;::.. .R'... .:,:,=ter,+:a...-'".t. .W. ---- 
--



165

TABLE 29

COMPARISON OF THE MODEL PERFORMANCES
WITH DIFFERENT SAMPLE SIZES

Classification Classification
Accuracy Rate (%) Efficiency Rate(%)

Technique P-i P-2 Overall Type I2 EAER3

Moody's Data:

LDA w/Total 88.57% 71.43% 87.01% 28.57% 12.99%

LDA w/Subsample 70.00% 71.43% 70.13% 28.57% 29.87%

CART w/Total 61.49% 76.47% 62.83% 23.53% 37.17%

CART

w/Subsample 70.12% 77.78% 70.83% 22.22% 29.17%

Standard and Poor's
Data:

STEPDISC
w/Total 65.15% 74.70% 67.97% 25.30% 32.03%

STEPDISC
w/Subsample 63.00% 61.91% 62.68% 38.10% 37.32%

CART w/Total 70.71% 60.24% 67.62% 39.76% 32.38%

CART

w/Subsample 63.00% 57.14% 61.27% 42.86% 38.73%

1 Classification models are compared using different
sample sizes; the subsample size is reduced by 50% from
total sample size;

2 Type I Error;
3 Expected Actual Error Rate (See Johnson and Wichern

1988).
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for Moody's and Standard and Poor's data sets, respectively.

The subsample size for Moody's CD rating prediction model is

reduced from 114 to 57 through the stratified random

sampling method. The other models, such as CART and

stepwise discriminant models use the jackknife procedure and

cross-validation sample method that estimate the estimation

samples and predict the holdout samples. For Moody's CART

model, the subsample is reduced from 191 to 96. For

Standard and Poor's stepwise discriminant and CART model,

the subsample is reduced from 281 to 142. Most models lose

their performances with the decreased sample size except for

the CART model for the Moody's CD rating prediction. The

better performance of the CART model from Moody's data set

can be explained by the stratified random sampling method by

which the subsample was randomly drawn. The stratified

random sampling method selects samples on the basis of the

reduction of the variance from the population. Thus, the

subsample for the Moody's data sets may have a smaller

variance relative to the original sample since the subsample

includes only a small number of cases in the P-2 rating

groups. The decrease in variance is not enough to improve

the performance of the LDA model for the Moody's data set;

rather, the decrease in sample size may violate the

normality assumption when using the central limit theorem.

Generally speaking, a decrease in sample size reduces the

performance of the prediction models.



CHAPTER VI

SUMMARY AND CONCLUSIONS

This study attempts to find the best models to predict

Moody's and Standard and Poor's bank CD ratings. The models

developed here could predict Moody's CD ratings with the

accuracy rate of 89.6% (LDA model from table 56) and

Standard and Poor's CD ratings with that of 68.0% (stepwise

linear discriminant model from table 35). Thus, we reject

two null hypotheses that are developed in chapter III.

There was a significant difference in the performances of

the alternative statistical techniques and a significant

relationship between a given bank's financial variables and

its CD ratings.

For Moody's CD rating prediction, the best model was

the linear discriminant analysis model. The model includes

thirteen variables: core capital to total assets, net

interest margin, return on total assets, non-interest

expense to total operating expenses, loan-loss reserves to

loans, equity decomposition measures, short-term assets less

large liabilities to total assets, dollar-gap ratio, asset

size, real estate loans to total assets, nonperforming loans

to total capital, bank location, and asset growth. The most

significant variables were the capital adequacy ratios
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(nonperforming loan to total capital and core capital to

total assets). Other important predictor variables include

the loan exposure ratio (loan-loss reserves to total loans)

and the interest risk ratio (dollar-gap ratio).

For Standard and Poor's CD rating prediction, the

stepwise linear discriminant analysis model is the best

model. The model includes four explanatory variables: total

assets, market to book value of investment securities,

agricultural loan to total assets, and recoveries to gross

charge-off. The most important variables are the size

(logarithm of total assets) and the liquidity ratio (market

to book value of investment securities). The other

important predictors identified are the location

(agricultural loan to total assets), the loan exposure ratio

(recoveries to gross charge-off), the capital ratio (equity

plus loan loss reserves to loans), the growth (balance sheet

decomposition measure), and the operational risk ratio (non-

interest expenses to total operating expenses).

The parametric models perform better then nonparametric

models in the prediction of bank CD ratings. However, the

performance of the parametric models varies with several

factors. For example, the distribution of the explanatory

variables and the number of explanatory variables

considerably affect the performance of the parametric

models. On the-other hand, multicollinearity is not a

serious problem in the parametric model because the LDA

I
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model predicts well compared to the ridge regression model

and the stepwise discriminant model.1 The homogeneity of

the covariance matrices does affect the performance of the

parametric techniques.2 However, regardless of the

homogeneity of the covariance matrices, the LDA model

performed better than the QDA model. The prior probability

proportional to the sample size and the reduced sample size

deteriorate the performance of both the parametric and

nonparametric models.

This study deleted some observations and variables that

contributed to the multivariate nonnormality. The sample

screening helped the performance of the parametric models in

this study. However, nonparametric techniques might be

safer to use, to the extent that the sample is not screened

for the multivariate normality and it does not include a

sufficient number of explanatory variables.

The results of this study indicate that rating agencies

rate bank CD ratings using different criteria. Moody's

heavily weighs the capital adequacy ratio in rating bank

CD's whereas Standard and Poor's emphasizes the size and

liquidity ratio. These criteria are quite different from

1 The ridge regression model and BMDP stepwise linear
discriminant analysis model avoid the problem of
multicollinearity.

2 Moody's LDA model performed better than Standard and
Poor's LDA model because the Moody's data set has
significantly equal covariance matrices across groups
whereas the Standard and Poor's does not.

-
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the bond and commercial paper rating prediction studies

discussed earlier.

The prediction models found in this study predict

Moody's CD ratings better than Standard and Poor's. This

indicates that Standard and Poor's rate CD ratings with more

subjective judgment (qualitative factors), which will not

show up in any quantitative model.

__ ... ,



APPENDIX A

COMPARISON OF CLASSIFICATION TECHNIQUES

' 
-



APPENDIX A

COMPARISON OF CLASSIFICATION TECHNIQUES

Accounting Method Choice Studies

El-gazzar, Lilien, and Pastena (1986)

*Publication: Journal of Accounting and Economics
*Prediction: Accounting choices for leases
*Techniques: N-chotomous probit, LDA
*No. of categories: 2
*Variables: leverage, tax rate, size, and incentive plan
dummy variable.
*Results: Probit and LDA had similar classification
accuracy.
*Comments: LDA was used with the Lachenbruch holdout
procedure to avoid biasing results by testing the model
on the same data used to develop the model.

Lilien and Pastena (1982)

*Publication: Journal of Accounting and Economics
*Prediction: Accounting method in the oil and gas
industry
*Techniques: N-chotomous probit, LDA, OLS regression
*No. of categories: 2, 4 ( 2 analyses)
*Variables: revenue, age, exploratory risk, leverage.
*Results: Probit and LDA had similar level of
classification accuracy. Probit and regression had
similar significance levels for their models.

Bankruptcy Studies

Mahmood and Lawrence (1987)

*Publication: Decision Sciences
*Prediction: Bankruptcy
*Techniques: LDA, QDA, RLDA, RQDA, Logit, LP
*No. of categories: 2
*Variables: liquidity, turnover, interest coverage,
leverage, profitability, and cash flow ratios.
*Results: QDA performed less well than LDA because of
the problem of nonnormality. The ranked and logit
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models compared favorably to the parametric and linear
programming approach. LP performed worst.

Pastena and Ruland (1986)

*Publication: Accounting Review
*Prediction: Merger and Bankruptcy
*Techniques: LDA, probit
*No. of categories: 2
*Variables: ownership concentration, leverage, tax loss
carry over, and size.
*Results: LDA predicted more accurately than probit but
the results for LDA were biased upward because of its
statistical properties. LDA with the Lachenbruch
jackknife procedure predicted less accurately than the
probit model.
*Comments: The results of the Jackknife procedure are
more convinced than that of standard LDA because of the
latter's statistical properties.

Casey and Bartczak (1985)

*Publication: Journal of Accounting Research
*Prediction: Bankruptcy
*Techniques: LDA, logit
*No. of categories: 2
*Variables: 2 operating cash flow ratios and 6 financial
ratios
*Results: The classification accuracy was similar for
LDA and logit.
*Comments: The employment of operating cash flow as a
predictor variable did not improve the
classification accuracy in this study.

Frydman, Altman. and Kao (1985)

*Publication: Journal of Finance
*Prediction: Bankruptcy
*Techniques: LDA, CT
*No. of categories: 2
*Variables: 20 financial ratios
*Results: CT outperformed LDA because the former has
less misclassification costs.

Hamer (1983)

*Publication: Journal of Accounting and Public Policy
*Prediction: Bankruptcy
*Techniques: LDA, QDA, logit
*No. of categories: 2



174

*Variables: 4 different variable sets used in studies of
Altman (1968), Deakin (1972), Blum (1974), and Ohlson
(1980) .

*Results: LDA and logit performed at least as well as
the QDA and these two techniques were not sensitive to
the 4 different variable sets.
*Comments: Since prediction accuracy does not appear to
be affected by the choice between LDA and logit or the
choice of variable sets, the analyst should consider a
variable set which minimizes the cost of data
collection.

Collins and Green (1982)

*Publication: Journal of Economics and Business, Vol. 4
*Prediction: Bankruptcy
*Techniques: OLS regression, LDA, logit
*No. of categories: 2
*Variables: Dividend rate, cash and securities/assets,
credit union (CU) members, trend in liquidity ratio.
*Results: OLS and LDA had a similar classification
accuracy of 91.9%. Logit model performed better with an
accuracy rate of 93.8% than OLS or LDA. The logit model
also produced lower type 1 error.

Altman. Haldeman. -and Narayanan (1977)

*Publication: Journal of Banking and Finance
*Prediction: Bankruptcy
*Techniques: LDA, QDA
*No. of categories: 2
*Variables: Log of total assets, return on assets,
current ratio, retained earnings/total assets,
EBIT/interest.
*Results: The original sample's classification
accuracy was identical for LDA and QDA. However, in the
holdout tests, LDA was superior to QDA. The
classification accuracy of LDA depended on changes in
prior probabilities and misclassification costs, which
lead to the cutoff score for ZETA model.

Bond Rating Studies

Skomp, Cronan, and Seaver (1986)

*Publication: Financial Review
*Prediction: Bond ratings
*Techniques: QDA, MQDA, RQDA
*No. of categories: 3
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*Variables: years of consecutive dividend, issue size,
times interest earned-mean, debt to total asset-mean,
return on assets.
*Results: The assumption of normality plays a critical
role in predicting bond ratings. MQDA performed better
than QDA because the former improved relevant sample
characteristics. The rank transformation approach
(RQDA) offered considerable prediction advantages over
traditional the mathematical transformation procedure
(MQDA).

Kaplan and Urwitz (1979)

*Publication: Journal of Business
*Prediction: bond ratings
*Techniques: OLS, probit
*No. of categories: 6
*Variables: subordination dummy, total assets, common
stock market beta coefficients, and 3 financial ratios.
*Results: OLS performed slightly better than the probit
even though OLS may not be appropriate for a ordered
dependent variable. OLS predicted correctly 55% and
probit 50% for new issues.

Credit Behavior Studies

Wiginton (1980)

*Publication: Journal of Financial and Quantitative
Analysis
*Prediction: Consumer credit behavior
*Techniques: MDA, logit
*No. of categories: 2
*Variables: 8 quantitative variables representing
demographic and economic factors and 2 qualitative
variables such as living status and years in present
employment.
*Results: Logit performed better than LDA.

Holt, Scarpello, and Carroll (1983)

*Publication: Decision Sciences
*Prediction: Bank loans
*Techniques: LDA, MLDA, CHAID
*No. of categories: 2
*Variables: industry comparison of debt-coverage ratio
using cash flow, loan officer's knowledge of credit,
credit documentation, previous year's classification,
and past-due status.
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*Results: LDA, CHAID, and MLDA had similar
classification accuracy. However, CHAID and MLDA
provided better understanding of the relationships
between the classification process and the
classification outcome. For example, key variables
during the classification process changed depending on
the value of the previous key variables.

Simulation Analysis

Noreen (1988)

*Publication: JAR
*Prediction: N/A
*Techniques: OLS regression and probit
*No. of categories: 2
*Variables: Sales, current ratio, leverage ratio, dummy
variable drawn from Monte Carlo trial.
*Results: OLS regression performs at least as well as
probit.
*Comments: Author used simulation analysis. The
comparison was made by an F-test for probit and R2 for
OLS regression.

Notes:
*LDA = linear discriminant analysis;
QDA = quadratic discriminant analysis;
MQDA = mathematically transformed quadratic

discriminant analysis;
RLDA = ranked linear discriminant analysis;
RQDA = ranked quadratic discriminant analysis;
CT = classification tree;
LP = linear programming;
CHAID = the chi-squared automatic interaction detector.

**CHAID is the method to partition the group successively
into subgroups with similar probability of outcome
based on the significance of Pearson's chi-square
statistic. Morgan and Sonquist (1963) originally
proposed AID (Automatic Interaction Detector).
Sonquist, Baker, and Morgan (1970) modified AID and
developed CHAID.

, _ .
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APPENDIX B

SUMMARY OF CLASSIFICATION TECHNIQUES

Ordinary Least Square (OLS) Regression

1. Assumptions:
* Dependent variable - at least interval scale
* Independent variable - at least interval scale &

normal distribution
* The expected value of the error term is zero
* The variance of each error is identical

(Homoskedasticity)

2. Discriminant function:

f=ix

where, p = (X'X) 1 X'Y with Var(6) = a2 (X'X)1

3. Decision rule:
* No theoretical justification for cutoff point

4. Advantage:
* Well-known and commonly available
* Easy and inexpensive to use

5. Disadvantages:
* Interval scale for the measurement of the
dependent variable - heteroscedastic

* Arbitrary decision

6. Applications:
* Bond rating prediction studies

7. Availability of Computer Program:
* Most statistical packages

178
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Ridge Regression

1. Assumptions:
* Dependent variable - at least interval scale
* Independent variable - at least interval scale &

normal distribution

2. Discriminant function:

f = IX
where, A

# = (X'X+KI)1 X'Y with
A

Var(p*) = (X'X+KI)~X'x(x'x+KIy1

3. Decision rule:
* No theoretical justification for cutoff point

4. Advantage:
* Solves Multicollinearity problem
* Correlated variables can be included in the model

without sacrificing information

5. Disadvantages:
* Subjective selection of the K value
* Arbitrary decision rule

6. Applications:
* Nothing published in Finance

7. Availability of Computer Program:
* SAS

rimmomp J 6. , C-A **, - ,,,
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Multiple Discriminant Analysis

1. Assumptions:
* Dependent variable - nominal scale
* Independent variable - at least interval scale &

normal distribution
* LDA - equal covariance matrix
* QDA - unequal covariance matrix across categories
* Misclassification cost - equal or unequal

2. Discriminant function:
* LDA:

* QDA: n,m = (Xn m)(n - sm)

fn" =EXn m -X~n,m =(Xn m)E (n -IAm)

3. Decision rule:
* LDA: category m* if: fnm. <fm - 2 ln(e* )

* QDA: category m* if:

fn*< f + ln imm 1
1 - 2 ln(Em*m)

4. Advantage:
* Reduce computation costs - reduce dimensionality

5. Disadvantages:
* Require strict normality assumption
* Inability to screen out insignificant variables

6. Applications:
* Bankruptcy and bond rating prediction studies

7. Availability of Computer Program:
* SPSS" (MANOVA and DISCRIMINANT) ,

SAS (DISCRIM, NEIGHBOR, CANDISC, AND STEPDISC), and
BMDP (P7M)

, 
max.
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Logit Analysis

1. Assumptions:
* Dependent variable - nominal scale
* Independent variable - at least interval scale or

nominal (0,1)
* Distribution - cumulative multivariate logistic
* Misclassification cost - equal

2. Discriminant function:

(Xnem + AnS6)
e

n,m m=l, ... ,M
M (xfleh + An,)
E e
h=1

3. Decision rule:
category m* if : fnm* > fn, for m=l, ... , M, moM*

4. Advantage:
* Fat-tailed logistic distribution

5. Disadvantages:
* Require normality of variables

6. Applications:
* Bond rating prediction studies
* Bankruptcy prediction studies
* Merger target prediction studies

7. Availability of Computer Program:
* SAS (PREDICT and LOGIST) and BMDP
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Probit Analysis

1. Assumptions:
* Dependent variable - ordinal scale
* Independent variable - at least interval scale or

nominal (0,1)
* Distribution of error - multivariate normal
* Misclassification cost - equal

2. Discriminant function:

f = XI
(cumulative normal density function)

3. Decision rule:
category m* if:

nm-1 < fn 5nm*
4. Advantage:

* Generate the probability distribution for assigning
new observations to category membership

* Does not require strict normality assumption

5. Disadvantages:
* Scale of the parameters are indeterminate

6. Applications:
* Bond rating prediction studies

7. Availability of Computer Program:
* Mckelvey and Zavoina's IBM FORTRAN IV program (1971),

Avery's CRAWTRAN (1980) , and SAS (probit).

r



183

Decomposition Analysis

1. Assumptions:
* No strict statistical assumption

2. Discriminant function:
3 2

BSD = Z ZE QgJLn(Q;1 / P;1 )
i=1 j=l

Where BSD = balance sheet decomposition measure,
Pi. = the fraction from last year's balance

sheet, and
Q;1 = the fraction from the current year's

balance sheet.

3. Decision rule:
* Compares median of each group

4. Advantage:
* Avoids the statistical problems such as distributions

and measurement scale
* The additivity property - allow to locate where is
most of the change

5. Disadvantages:
* Decomposition measures do not indicate direction
* Not permit a negative component because the logarithm

of a negative number is undefined

6. Applications:
* Takeover target prediction studies
* Bankruptcy prediction studies

7. Availability of Computer Program:
* No built-in statistical software but easy to set-up
the equation in any statistical software or fortran
program

' ~ ..
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Ranked Multivariate Discriminant Analysis (RMDA)

1. Assumptions:
* Nearly satisfy the assumptions of the parametric
model

2. Discriminant function:
* Same as MDA

3. Decision rule:
* Same as MDA

4. Advantage:
* Circumvents the data nonnormality problem.
* Ratios are treated as ordinal data.
* Eliminates the need for extensive data editing and
saves information because outliers need not be
discarded.

5. Disadvantages:
* Considers all the independent variables

simultaneously - complicated.

6. Applications:
* Bond rating prediction studies

7. Availability of Computer Program:
* Same as MDA

__
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Classification Tree

1. Assumptions:
* Dependent variable - nominal scale
* Independent variable - at least interval scale

2. Discriminant function:
* Construction of tree based on recursive partitioning
algorithm

3. Decision rule:
* Category m* if

p(m*it) > p(mjt) for m =1, ... /M, mom*

4. Advantage:
* A nonparametric technique which eliminates many
statistical properties attributed to parametric
techniques

* Simultaneously determine the variable selection and
group assignments based on misclassification costs
and prior probabilities.

5. Disadvantages:
* Ambiguous interpretation of individual variable
contribution

6. Applications:
* Bankruptcy prediction studies

7. Availability of Computer Program:
* CART
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APPENDIX C

SHORT-TERM CERTIFICATES OF DEPOSIT RATING DEFINITIONS

Moody's
Investment Grades:
Prime-1 Ability for repayment of senior short-term debt

obligations is superior.

Prime-2 Ability for repayment of senior short-term debtobligations is strong but earnings trends and
coverage ratios may be more subject to variations
than higher grade.

Prime-3 Ability for repayment of senior short-term debt
obligations is acceptable but the effect of
industry and market is more vulnerable than higher
grades.

Standard & Poor's
Investment Grades:
A-1: Safety regarding timely payments is overwhelming

or very strong. If overwhelming, rating is
denoted with a plus (+) sign reflecting the
relative standing within the rating category.

A-2 Capacity for timely payment is strong, but the
relative degree of safety is not as high as A-1.

A-3 Capacity for timely payment is satisfactory, butsomewhat more vulnerable to the change in economic
or business conditions than higher grades.

Speculative Grades:
B Capacity for timely payment is only adequate withrisk of damaged capacity because of changing

conditions or short-term adversities.

C Capacity for timely payment is doubtful.

D The issue is in default or is expected to be in
default upon maturity.

187
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APPENDIX D

THE DERIVATION OF PREDICTOR VARIABLES

(1) . Profitability

1. Return on gross earnings assets(ROGA)
*gross earning assets=federal funds sold+repos+interest
bearing deposits+net loans+investment
securities+trading account assets

2. Return on total assets (ROTA)
3. Return on equity (ROE)
4. Charge off coverage (COC)

*Charge off coverage=(income before taxes and loan loss
provision) / net charge-offs
*Net Charge-offs=gross charge-off - recoveries

5. Noninterest efficiency(NIE)
*Noninterest efficiency=noninterest income /
noninterest expense

6. Net interest margin(NIM)
* Net interest margin = [total interest income-total
interest expense]/total assets

7. Net operating margin (NOM)
* Net operating margin = total operating income - total
operating expense
* NOM = Reciprocal transformation times 1000

(2). Capital ratios

1. Core capital to total assets (CCTA)
*Core Capital =common equity - preferred

stock - goodwill
2. Total capital to total loans (TCTL)
3. Nonperforming loans to total capital (NLTC)

* Nonperforming loans = nonaccrual loans + renegotiated
loans + other real estate owned + loans 90 day past due

4. Equity to loans (ETL)
5. Ratio of equity plus reserves for loan loss to

loans (ELRTL)
* Loan loss reserves = provision for loan losses +
provisions for allocated transfer risk
* Loan loss reserves = allows for possible loan losses

189
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(3) Liquidity Ratios

1. Short Term Assets less Large Liabilities to total assets
(STATA)
*Short term assets = Cash and balance due from
depository institutions: interest bearing balances +
Federal funds sold and securities purchased under
agreements to resell + Assets held in trading accounts
+ Fixed rate debt securities with a remaining maturity
of: (three months or less + Over three months through
12 months) + Floating rate- debt securities with a
repricing frequency of:(Quarterly or more frequently +
Annually or more frequently, but less frequently than
quarterly)
*Large Liabilities = Time certificates of deposit of
$100,000 or more + deposits in foreign offices, edge
and agreement subsidiaries, and IBFs + Federal funds
purchased and securities sold under agreements to
repurchase + demand notes issued to the US treasury +
other borrowed money [Sheshunoff]
*Fixed rate debt securities with a remaining maturity
of: (three months or less + Over three months through
12 months) + Floating rate debt securities with a
repricing frequency of:(Quarterly or more frequently +
Annually or more frequently, but less frequently than
quarterly).
*deposits in foreign offices, edge and agreement
subsidiaries, and IBFS are not excluded for
calculation.

2. Liability to asset ratio .... debt capacity (TLTA)
3. Loans to total deposit (TLTD)
4. Core deposits to Assets (CODTA)

* Core deposits = total deposits - time deposits over
$100,000 - deposits in foreign office

5. Loan and Leases to Core Deposits (LLTCOD) (Sinkey, 432)
6. Market to Book Value of Investment Securities (MVBVIS)

(Sinkey, 434)
7. Pledged Securities to Total Securities (PSTS) (Sinkey,

434)
8. Temporary investment to assets (TITA) (Sinkey, 433)

*Temporary investment = interest bearing balances due
from depository institutions+federal funds sold+trading
accounts and investment securities with maturities of
one year or less

9. Temporary investments to Volatile Liabilities (TITVL)
(Sinkey, 433)

* Volatile Liabilities=all time deposits of $100,000 ormore + deposits in foreign office + Federal funds
purchased + interest-bearing demand notes issued to theU.S. Treasury + Other liabilities for borrowed money
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(4). Asset Risk and Loan Exposure Ratios

1. The ratio of recoveries to gross charge-offs (RCTGC)
2. Loan loss reserves to year-end loans: Protection

ratios (LRTL)
3. The ratio of nonperforming loans to total loans (NPLTL)

* Nonperforming loans = nonaccrual loans + renegotiated
loans + other real estate owned + loans 90 day past due

4. Real Estate Loans to Total Assets (RELTA)
5. Foreign Loans to Total Assets (FLTA)

(5). Operational Risk Ratios

1. Interest expenses/total operating expenses(IETOE)
*Total operating expenses=noninterest
expenses+provisions for loan losses+interest
expenses+income taxes

2. Non-interest expenses/total operating expenses
(NIETOE)

(6). Interest Rate Risk Ratio

1. Dollar gap ratio (DOGAP)
* Dollar gap ratio = {(interest rate sensitive assets -
interest sensitive liabilities)/total assets)

(7). Size

1. Logarithm of the Asset Size (LSIZE)

(8) Growth

1. Asset Growth (SIZEGRO6) : The percentage change in total
assets measured over the most recent six months.

2. Asset Decomposition Measure (ASD)
3. Balance Sheet Decomposition Measure (BSD)
4. Equity Decomposition Measure (EQD)
5. Liability Decomposition Measure (LID)

(9). Location

1. Bank Location Dummy Variable (STDUM)
STDUM is classified into 7 categories: West, North
Central, Southeast, Southwest, Northeast, Midwest,
Money Center Banks.

2. Agricultural Loans to Total Assets (ALTA)

_, .- ,
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APPENDIX E

THE RESULTS OF THE BASIC MODELS: WITH ALL INDEPENDENT
VARIABLES AND EQUAL PRIOR PROBABILITY

TABLE 30

RESULTS OF LINEAR DISCRIMINANT ANALYSIS MODEL
(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2
F Statistics(df=14,62) =
P-Value

B) Discriminant Coefficients:

4.86
1.83
0.10

Variable
Symbol

CCTA
NIM
ROTA
NIETOE
LRTL
EQD
STATA
DOGAP
LSIZE
NOM
RELTA
NLTC
STDUM
SIZEGRO6
Constant

P-1 Group
Coefficients

1639.230
694.849

-579.061
284.887

-281.125
238.754

-203.932
-129.691

46.739
24.757

-20.759
-2.276
-3.261

1.065
-503.232

P-2 Group
Coefficients

1710.530
318.163

-473.712
296.815
-95.275
296.815

-204.808
-137.017

45.860
34.974
-9.459
8.437

-3.612
1.088

-505.147
-505. 147
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TABLE 30---Continued

C) Classification Table:

Predicted as

P-1 P-2

62 8

2 5

64 13

Total

70

7

77

Prediction
Accuracy
Rate (%)

88.5

71.4

87.0

Actual

P-1

P-2

Total

;;
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TABLE 31

RESULTS OF LINEAR DISCRIMINANT ANALYSIS MODEL
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Mahalanobis Dl2 =
F Statistics (df=11,99) =
P-Value

B) Discriminant Coefficients:

86.19
155.80

0.001

Variable
Symbol

MVBVIS
ELRTL
NIETOE
ALTA
RELTA
DOGAP
BSD
LSIZE
ROE
RCTGC
SIZEGRO6
Constant

P- 1 Group
Coefficients

2339.418
354.774
269.340
205.889
166. 149

-163.416
103.343

39.999
17.524
0.318

-0.298
-1611. 453

P-2 Group
Coefficients.

2319.138
351. 676
265.259
238.217
166. 916

-162.746
103.430
39.223
17.238
-0.694
-0.306

-1577. 170

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-1 A-2 Total Rate (%)

A-1 54 27 81 66.7

A-2 12 18 30 60.0

Total 66 45 111 64.9

OWN 0 NO-
.
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TABLE 32

RESULTS OF QUADRATIC DISCRIMINANT ANALYSIS MODEL
(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2  = 62.32
F Statistic (df=14,62) = 23.42
P-Value = 0.001

B) Discriminant Coefficients:

Coefficients are not available from SAS program.

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 70 0 70 100.0

P-2 6 1 7 14.3

Total 76 1 77 92.2



197

TABLE 33

RESULTS OF QUADRATIC DISCRIMINANT ANALYSIS MODEL
(FOR STANDARD AND POOR' S)

A) Summary Statistics:

Mahalanobis D2  = 43.229
F Statistics (df=ll,99) = 78.140
F-Value = 0.005

B) Discriminant Coefficients:

Coefficients are not available from SAS program.

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-l A-2 Total Rate (%)

A-1 32 49 81 39.5

A-2 5 25 30 83.3

Total 37 74 111 77.0

. = - -
--
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TABLE 34

RESULTS OF STEPWISE LINEAR DISCRIMINANT ANALYSIS MODEL

(FOR MOODY'S)

A) Summary Statistics:

Wilks' Lambda = 0.807
F-statistic (df=2,188) = 22.469
P-Value = 0.001

B) Discriminant Coefficients:

Variable
Symbol

NLTC
LSIZE
Constant

P-i Group
Coefficients

-50.292
20.825

-160.639

P-2 Group
Coefficients

-37.151
20.021

-152.166

F-Values
(df=1, 188)

37.85
6.07

C) Classification Table (Jackknifed):

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 141 33 174 81.0

P-2 6 11 17 64.7

Total 147 44 191 79.6
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TABLE 35

RESULTS OF STEPWISE LINEAR DISCRIMINANT ANALYSIS MODEL
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Wilk's Lambda
F-Statistics (df=4, 276)
P-Value

= 0.872
= 10.134
= 0.01

B) Discriminant Coefficients:

Variable
Symbol

LSIZE
MVBVIS
ALTA
RCTGC
Constant

A-1 Group
Coefficients

18.294
864.771
349.167
18.898

-579.739

A-2 Group
Coefficients

17.615
855.678
374.546
17.563

-560.075

F-Values
(df=1, 279)

25.22
5.13
4.27
4.15

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-i A-2 Total Rate (%)

A-1 129 69 198 65.2

A-2 21 62 83 74.7

Total 150 131 281 68.0
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TABLE 36

RESULTS OF ORDINARY LEAST SQUARE REGRESSION ANALYSIS MODEL
(FOR MOODY'S)

A) Summary Statistics:

R-SQUARE = 0.311
F Value (df=14,99) = 3.190
P-Value = 0.0004

B) Discriminant Coefficients:

Variable
Symbol

NLTC
LSIZE
NIM
RELTA
LRTL
ROTA
STATA
CCTA
NOM
DOGAP
NIETOE
EQD
SIZEGRO6
STDUM
Constant

Coefficients

0.567
-0.049

-21.406
0.671

10.844
13.300
-0.004
3.518
0.561
-0.482
0.638
1.248
-0.000
-0.023

0.070

T-Values

2.421
-1.274
-2.287
1.564
2.720
1.933

-0.013
1.217
2.274

-1.481
1.350
2.004

-0.098
-1.574
0.095

P-Values

0.017
0.206
0.024
0.121
0.008
0.056
0.989
0.226
0.025
0.142
0.180
0.047
0.922
0.118
0.924

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-l P-2 Total Rate (%)

P-i 69 1 70 97.1

P-2 6 1 7 14.3

Total 75 2 77 90.9
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TABLE 37

RESULTS OF ORDINARY LEAST SQUARE REGRESSION ANALYSIS MODEL

(FOR STANDARD AND POOR'S)

A) Summary Statistics:

R-SQUARE = 0.107
F Value (df=ll,154) = 2.754
P-Value = 0.0028

B) Discriminant Coefficients:

Variable
Symbol Coefficients T-Values P-Values

LSIZE -0.136
MVBVIS -3.741
ALTA 5.939
RCTGC -0.182
SIZEGRO6 -0.002
RELTA 0.211
DOGAP 0.115
ELRTL -0.577
ROE -0.043
NIETOE -0.737
BSD 0.998
Constant 6.511

C) Classification Table:

-3.403
-2.445

1.882
-1.181
-1.015
0.435
0.305

-0.575
-0.179
-1.493
0.784
3.544

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 78 3 81 96.3

P-2 20 10 30 33.3

Total 98 13 111 79.3

0.0008
0.0156
0.0617
0.2392
0.3118
0.6643
0.7608
0. 5663
0.8583
0.1375
0.4341
0.0005

= --- -
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TABLE 38

RESULTS OF RIDGE REGRESSION ANALYSIS MODEL
(FOR MOODY'S)

A) Summary Statistics:

Sum of Squared Error for Ridge
Mean Squared Error for Ridge
Sum of Squared Error for OLS
Mean Squared Error for OLS

B) Discriminant Coefficients:

= 6.571
= 0.066
= 6.287
= 0.064

Variable
Symbol

NLTC
LSIZE
NIM
RELTA
LRTL
ROTA
STATA
CCTA
NOM
DOGAP
NIETOE
EQD
SIZEGRO6
STDUM
Constant

OLS
Coefficients

0.567
-0.049

-21.406
0.671

10.844
13.300
-0.004
3.518
0.561

-0.482
0.638
1.248

-0.000
-0.023
0.070

Ridge Reg.
Coefficients

0.288
-0.086
-0.158
0.101
0.251
0.142
0.013
0.062
0.156

-0.109
0.081
0.164
0.015

-0.130
0.000

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 32 38 70 45.7

P-2 2 5 7 71.4

Total 34 43 77 48.1

wrid'rs!{ yn+:F.i..tu..3ti..; r ,.,... ,".Rs:ss.a y inadF-a, .
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TABLE 39

RESULTS OF RIDGE REGRESSION ANALYSIS MODEL
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Sum of Squared Error for Ridge
Mean Squared Error for Ridge
Sum of Squared Error for OLS
Mean Squared Error for OLS

B) Discriminant Coefficients:

= 30.814
= 0.195
= 30.607
= 0.194

OLS
Coefficients

LSIZE -0.136
MVBVIS -3.741
ALTA 5.939
RCTGC -0.182
SIZEGRO6 -0.002
RELTA 0.211
DOGAP 0.115
ELRTL -0.577
ROE -0.043
NIETOE -0.737
BSD 0.998
Constant 6.511

C) Classification Table:

Ridge Reg.
Coefficients

-0.243
-0.155
0.121
-0.078
-0.073
0.033

-0.015
-0.028
-0.016
-0.088
0.056
0.000

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 40 41 81 49.4

P-2 12 18 30 60.0

Total 52 59 111 52.3

Variable
Symbol
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TABLE 40

RESULTS OF DECOMPOSITION ANALYSIS USING
LINEAR DISCRIMINANT MODEL

(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2

F Statistics (df=4,109) =
P-Value >

B) Discriminant Coefficients:

0.745
1.654
0.10

Variable
Symbol

ASD
LID
EQD
BSD
CONSTANT

P-1 Group
Coefficients

-13.314
-14.684
58.304
3.148
-0.371

P-2 Group
Coefficients

-3.959
-8.878
33.178
19.705
-0.762

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 65 5 70 92.9

P-2 6 1 7 14.3

Total 71 6 77 85.7

WAO %gom a WWA eggs= A
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TABLE 41

RESULTS OF DECOMPOSITION ANALYSIS USING
LINEAR DISCRIMINANT MODEL
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Mahalanobis D2  -
F Statistics (df=4,165) =
P-Value

B) Discriminant Coefficients:

0.013
0.116
0.10

Variable
Symbol

ASD
LID
EQD
BSD
CONSTANT

A-1 Group
Coefficients

-22.053
-22.043

67.102
1.281

-0.291

A-2 Group
Coefficients

-27.409
-24.668
78.123

1.096
-0.359

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 57 24 81 70.4

P-2 23 7 30 23.3

Total 80 31 111 57.7

+r ._:. ", sa +aa Hair: YFEfri;7Pta#i + : " ktri
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TABLE 42

RESULTS OF DECOMPOSITION ANALYSIS USING
QUADRATIC DISCRIMINANT MODEL

(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2  =-
F Statistics (df=l,109) =
P-Value

B) Discriminant Coefficients:

Not Available

C) Classification Table:

29. 478
65.429
0.001

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 28 42 70 40.0

P-2 1 6 7 85.7

Total 29 48 77 44.2

21..lJ K
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TABLE 43

RESULTS OF DECOMPOSITION ANALYSIS USING
QUADRATIC DISCRIMINANT MODEL
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Mahalanobis D2

F Statistics (df=4,165)
P-Value

29.512
264.318

0.001

B) Discriminant Coefficients:

Not Available

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 20 61 81 24.7

P-2 12 18 30 60.0

Total 32 79 111 34.2
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TABLE 44

RESULTS OF LOGIT ANALYSIS MODEL
(FOR MOODY'S)

A) Summary Statistics:

Log Likelihood Ratio = -25.829
Chi-Square Statistic (df=ll1) = 51.658
P-Value = 1.000

B) Discriminant Coefficients:

Variable
Symbol

NLTC
DOGAP
Constant

Coefficients

-8.766
7.188
8.930

T-Values

-3.400
1.756
3.107

C) Classification Table (Cut point=0.89) :

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 56 14 70 80.0

P-2 2 5 7 71.4

Total 58 19 77 79.2
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TABLE 45

RESULTS OF LOGIT ANALYSIS MODEL
(FOR STANDARD AND POOR' S)

A) Summary Statistics:

Log Likelihood Ratio =
Chi-Square Statistic (df = 165) =
P-Value =

B) Discriminant Coefficients:

-92.45
184.90

0.14

Variable
Symbol

LSIZE
MVBVIS
ALTA
NIETOE
Constant

Coefficients

0.740
21.781
-32.224

4.469
-33.742

C) Classification Table (Cut point = 0.67):

Predicted as Prediction
Accuracy

Actual A-1 A-2 Total Rate (%)

A-1 51 30 81 63.0

A-2 12 18 30 60.0

Total 63 48 111 62.2

T-Value

3.648
2.686

-1.530
4.469
-3.539
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TABLE 46

RESULTS OF PROBIT ANALYSIS MODEL
(FOR MOODY'S)

A) Summary Statistics:

-2 Times Log Likelihood Ratio =
(Chi-Square Statistic, df=14)
P-Value =o

B) Discriminant Coefficients:

-18.525

0.25

Variable
Symbol

STDUM
SIZEGRO6
ROTA
NIM
NOM
CCTA
NLTC
STATA
LRTL
RELTA
NIETOE
DOGAP
LSIZE
EQD
Constant

Coefficients

-0.094
-0.003
12.278

-251.255
5.647

35. 798
2.843

-1.098
:106.440

7.809
6.317

-7.370
-0.465
-3.645
-3.114

T-Values

-0.606
-0.078
0.202

-2.047
1.121
1.141
1.190

-0.265
2.207
1.507
1.074

-1.923
-1.000
-0.272
-0.365

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 70 0 70 100.0

P-2 4 3 7 42.9

Total 74 3 77 94.8

1 ' .
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TABLE 47

RESULTS OF PROBIT ANALYSIS MODEL
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

-2 Times Log Likelihood Ratio =
(Chi-Square Statistic, df=11.)
P-Value

B) Discriminant Coefficients:

29.558

0.005

Variable
Symbol

SIZEGRO6
ROE
ELRTL
MVBVIS
RCTGC
RELTA
ALTA
NIETOE
DOGAP
LSIZE
BSD
Constant

Coefficients

-0.007
0.024

-3.499
-12.509
-0.702
0.189

21.409
-2.415
0.411

-0.474
0.203

20.816

T-Values

-0.601
0.026

-0.838
-2.493
-1.184

0.124
1.635

-1.440
0.340

-3.500
0.174
3.337

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 77 4 81 95.1

P-2 21 9 30 30.0

Total 98 13 ill 77.5
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TABLE 48

RESULTS OF RANK LINEAR DISCRIMINANT ANALYSIS MODEL
(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2  -
F Statistic (df=14,109) =
P-Value

B) Discriminant Coefficients:

4.095
2.597
0.01

Variable
Symbol

NLTC
LSIZE
NIM
RELTA
LRTL
ROTA
STATA
CCTA
NOM
DOGAP
NIETOE
EQD
SIZEGRO6
STDUM
CONSTANT

Coefficients

0.210
0.248
0.028
0.168
0.172
0.140
0.080
0.247
0.287
0.178
0.046
0.127
0.155
0.027

-60.57

T-Values

0.271
0.255

-0.016
0.197
0.209
0.173
0.083
0.254
0.320
0.158
0.070
0.118
0.149
0.020

-70. 794

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 70 0 70 100.0

P-2 5 2 7 28.6

Total 75 2 77 93.5

141 mowwwwwo Mol 14 11 m t
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TABLE 49

RESULTS OF RANK LINEAR DISCRIMINANT ANALYSIS MODEL
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Mahalanobis D2  =
F Statistic (df=11,158) =
P-Value

B) Discriminant Coefficients:

0.942
2.938
0.005

Variable
Symbol

LSIZE
MVBVIS
ALTA
RCTGC
SIZEGRO6
RELTA
DOGAP
ELRTL
ROE
NIETOE
BSD
CONSTANT

Coefficients

0.087
0.061
0.050
0.012
0.059
0.111
0.075
0.071
0.061
0.016
0.055

-28.945

T-Values

0.069
0.050
0.054
0.010
0.056
0.110
0.073
0.068
0.057
0.013
0.058

-25. 682

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 10 71 81 12.4

P-2 0 30 30 100.0

Total 10 101 111 36.0
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TABLE 50

RESULTS OF RANK QUADRATIC DISCRIMINANT ANALYSIS MODEL

(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2  = 44.137
F Statistic (df=:L4,109) = 27.991
P-Value = 0.001

B) Discriminant Coefficients:

Coefficients are not available from SAS program.

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 68 2 70 97.1

P-2 7 0 7 0.0

Total 75 2 77 88.3
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TABLE 51

RESULTS OF RANK QUADRATIC DISCRIMINANT ANALYSIS MODEL
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Mahalanobis D2  = 83.396
F Statistic (df=l1,158) = 260.084
P-Value = 0.001

B) Discriminant Coefficients:

Coefficients are not available from SAS program.

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-l P-2 Total Rate (%)

P-1 43 38 81 53.1

P-2 10 20 30 66.7

Total 53 58 111 56.8
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TABLE 52

RESULTS OF CART MODEL: HOLDOUT SAMPLE METHOD
(FOR MOODY'S)

A) Summary Statistics:

Not available.

B) Discriminant Coefficients:

Variable Symbol

NLTC
LRTL
NOM
NIM
CCTA
ROTA
EQD
RELTA

Relative Importance

100
34
33
33
29
26
19
10

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 43 27 70 61.0

P-2 0 7 7 100.0

Total 43 34 77 64.9

1.1 .!. 1. . .. . .....
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TABLE 53

RESULTS OF CART MODEL: HOLDOUT SAMPLE METHOD
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Not available.

B) Discriminant Coefficients:

Variable Symbol

MVBVIS
BSD
LSIZE
ELRTL
RCTGC
ROE
RELTA
SIZEGRO6
DOGAP
ALTA
NIETOE

Relative Importance

100
86
85
69
68
61
51
43
36
32
29

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 53 28 81 65.4

P-2 8 22 30 73.3

Total 61 50 111 67.6
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TABLE 54

RESULTS OF CART MODEL: CROSS-VALIDATION METHOD
(FOR MOODY'S)

A) Summary Statistics:

Not available.

B) Discriminant Coefficients:

Variable Symbol

NLTC
LRTL
RELTA
NIM
CCTA
ROTA
LSIZE
SIZEGRO6

Relative Importance

100
62
52
44
35
34
22
20

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-i 107 67 174 61.5

P-2 4 13 17 76.5

Total 111 80 191 62.8
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TABLE 55

RESULTS OF CART MODEL: CROSS-VALIDATION METHOD
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Not available.

B) Discriminant Coefficients:

Variable Symbol

LSIZE
MVBVIS
RCTGC
NIETOE
RELTA
ROE
BSD
ELRTL
DOGAP
SIZEGRO6
ALTA

Relative Importance

100
79
38
33
32
31
26
22
19
18
13

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 140 58 198 71.0

P-2 33 50 83 60.0

Total 173 108 281 67.6
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APPENDIX F

THE RESULTS OF THE EXTENDED MODELS:
WITH VARIOUS OPTIONS1

TABLE 56

RESULTS OF LINEAR DISCRIMINANT ANALYSIS MODEL:
DELETE A VARIABLE, NOM* FROM THE BASIC
VARIABLES AND EQUAL PRIOR PROBABILITY

(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2  =
F Statistics(df=13,100) =
P -V a l ueB=f

B) Discriminant Coefficients:

3.943
2.471
0.01

Variable
Symbol

CCTA
NIM
ROTA
LRTL
NIETOE
EQD
STATA
DOGAP
LSIZE
RELTA
NLTC
STDUM
SIZEGRO6
Constant

P-1 Group
Coefficients

1626.199
852.715
-597.496
-293.709
275.939
235.534

-201.858
-128.913

46.598
-20.171
-7.139
-3.123

1.044
-500.528

P-2 Group
Coefficients

1692.121
541.185
-499.755
-113.053
284.175
228.704

-201.878
-135.918

45.661
-8.663
1.566
-3.417
1.058

-499.751

1 If other options are not specified, it is assumed that the
model uses the same options as the basic models listed in
appendix D.
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TABLE 56---Continued

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-l P-2 Total Rate (%)

P-1 62 8 70 88.6

P-2 0 7 7 100.0

Total 62 15 77 89.6

* Delete a skewed and fat-tailed variable, NOM.

w,-. .. : ,: ._v.N . -- -



223

TABLE 57

RESULTS OF CART MODEL:DELETE A VARIABLE, NOM*
FROM THE BASIC VARIABLES AND

EQUAL PRIOR PROBABILITY
(FOR MOODY'S)

A) Summary Statistics:

Not available

B) Discriminant Coefficients:

Variable Relative
Symbol Importance

NLTC 100
LRTL 62
RELTA 52
NIM 44
CCTA 35
ROTA 34
LSIZE 22
SIZEGRO6 20
NIETOE 18
EQD 15
DOGAP 13
STATA 12
STDUM 4

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-1 A-2 Total Rate (%)

A-1 107 67 174 61.5

A-2 4 13 17 76.5

Total 111 80 191 62.8

* Delete a skewed and fat-tailed variable, NOM.

~ w::
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TABLE 58

RESULTS OF LINEAR DISCRIMINANT ANALYSIS MODEL:
DELETE A VARIABLE, SIZEGRO6* FROM THE BASIC

VARIABLES AND EQUAL PRIOR PROBABILITY
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Mahalanobis D2  =
F Statistics(df=10,159) =
P-Value

B) Discriminant Coefficients:

0.844
2.914
0.005

Variable
Symbol

MVBVIS
ELRTL
NIETOE
ALTA
DOGAP
RELTA
BSD
LSIZE
ROE
RCTGC
Constant

A-1 Group
Coefficients

2321.480
332.818
270.652
197.783

-164.958
146.043
102.602
39.745
18.418
1.013

-1598.583

A-2 Group
Coefficients

2300.728
329.143
266.606
229.897

-164.328
146.280
102.700
38.961
18.166
0.018

-1563.613

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 50 31 81 61.7

P-2 11 19 30 63.3

Total 61 50 111 62.2

* Delete the most considerably skewed and fat-tailed
variable, SIZEGRO6.

POW
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TABLE 59

RESULTS OF CART MODEL: DELETE A VARIABLE, SIZEGRO6* FROM
THE BASIC VARIABLES AND EQUAL PRIOR PROBABILITY

(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Not available

B) Discriminant Coefficients:

Variable
Symbol

LSIZE
MVBVIS
RCTGC
NIETOE
RELTA
ROE
BSD
ELRTL
DOGAP
ALTA

Relative
Importance

100
79
38
33
32
31
26
22
19
13

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-1 A-2 Total Rate (%)

A-1 140 58 198 70.7

A-2 33 50 83 60.2

Total 173 108 281 67.6

Delete the most considerably skewed and fat-tailed
variable, SIZEGRO6.
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TABLE 60

RESULTS OF LINEAR DISCRIMINANT ANALYSIS MODEL:
UNEQUAL PRIOR PROBABILITY

(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2  =
. Statistics(df=14,99) =
P-Value

B) Discriminant Coefficients:

5.048
2.908
0.005

Variable
Symbol

CCTA
NIM
ROTA
NIETOE
LRTL
EQD
STATA
DOGAP
LSIZE
NOM
RELTA
STDUM
NLTC
SIZEGRO6
Constant

P-1 Group
Coefficients

1639.230
694.849

-579.061
284.887

-281.125
238.754

-203.932
-129.691

46.739
24.757

-20.759
-3.261
-2.276
1.065

-503.323

P-2 Group
Coefficients

1710.530
318.163
-473.712
296.815
-95. 275
233.254

-204.808
-137. 017
45.860
34.975
-9.495
-3.612
8.437
1.088

-507.580

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 70 0 70 100.0

P-2 4 3 7 42.9

Total 74 3 77 94.9
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TABLE 61

RESULTS OF STEPWISE LINEAR DISCRIMINANT ANALYSIS MODEL:
UNEQUAL PRIOR PROBABILITY
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Wilk's Lambda = 0.872-
F Statistics(df=4,276) = 10.134
P-Value = 0.001

B) Discriminant Coefficients:

Variable
Symbol

LSIZE
MVBVIS
ALTA
RCTGC
Constant

P-1 Group
Coefficients

18.294
864.772
349.167
18.898

-579.403

P-2 Group
Coefficients

17.615
855.678
374.546
17.563

-560.586

F Values
(df=l, 279 )

25.22
5.13
4.64
4.16

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 192 6 198 97.0

P-2 70 13 83 15.7

Total 262 19 281 73.0
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TABLE 62

RESULTS OF CART MODEL: UNEQUAL
PRIOR PROBABILITY

(FOR MOODY'S)

A) Summary Statistics:

Not available

B) Discriminant Coefficients:

Variable
Symbol

NLTC
LRTL
SIZEGRO6
STATA
NOM
NIM

Relative
Importance

100
31
21
3
2
1

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 174 0 174 100.0

P-2 17 0 17 0.0

Total 191 0 191 91.1

} ~ . - .,
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TABLE 63

RESULTS OF CART MODEL: UNEQUAL PRIOR PROBABILITY
(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Not available

B) Discriminant Coefficients:

Variable
Symbol

LSIZE
MVBVIS
RELTA
ROE
NIETOE
SIZEGRO6
DOGAP
RCTGC
BSD
ALTA
ELRTL

Relative
Importance

100
57
23
12
10
9
7
7
5
5
4

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 198 0 198 100.0

P-2 83 0 83 0.0

Total 281 0 281 70.5

J
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TABLE 64

RESULTS OF LINEAR DISCRIMINANT ANALYSIS MODEL:
DELETE A DUMMY VARIABLE* FROM THE BASIC
VARIABLES AND EQUAL PRIOR PROBABILITY

(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2  =-
F Statistics (df=13,100) =
P-Value =

B) Discriminant Coefficients:

4.569
2.863
0.005

Variable
Symbol

CCTA
NIM
ROTA.
LRTL
NIETOE
EQD
STATA
DOGAP
LSIZE
NOM
RELTA
NLTC
SIZEGRO6
Constant

P-1 Group
Coefficients

1600.351
824.266

-505.775
-421.184
276.649
273.414

-190.079
-126.492

44.576
19.827

-14.939
7.734
0.979

-490.492

P-2 Group
Coefficients

1667.469
461.500
-392.543
-250. 398
287.691
271.641

-189.465
-133.474
43.464
29.514
-3.048
19.523
0.993

-489.519

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 63 7 70 90.0

P-2 2 5 7 71.4

Total 65 12 77 88.3

* Delete a location dummy variable, STDUM.

_ 
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TABLE 65

RESULTS OF CART MODEL: DELETE A DUMMY
VARIABLE* FROM THE BASIC VARIABLES

(FOR MOODY'S)

A) Summary Statistics:

Not available

B) Discriminant Coefficients:

Variable
Symbol

NLTC
LRTL
RELTA
NIM
CCTA
ROTA
LSIZE
SIZEGRO6
NIETOE
EQD
DOGAP
STATA
NOM

Relative
Importance

100
62
52
44
35
34
22
20
18
15
13
12
9

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-1 A-2 Total Rate (%)

A-1 107 67 174 61.5

A-2 4 13 17 76.5

Total 111 80 191 62.8

Delete a location dummy variable, STDUM.

. .A ,
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TABLE 66

RESULTS OF LINEAR DISCRIMINANT ANALYSIS MODEL: ONLY
IMPORTANT VARIABLES* AND EQUAL PRIOR PROBABILITY

(FOR MOODY'S)

A) Summary Statistics:

Mahalanobis D2  = 2.269
F Statistics(df=4,109) = 5.036
P-Value = 0.001

B) Discriminant Coefficients:

Variable
Symbol

CCTA
LRTL
DOGAP
NLTC
Constant

P-1 Group
Coefficients

849. 374
666. 347
-62.874
23.466
-50.082

P-2 Group
Coefficients

888.330
704.811
-68.449
33.080

-59.269

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 56 14 70 80.0

P-2 2 5 7 71.4

Total 58 19 77 79.2

* Important variables include CCTA, NLTC, LRTL, and DOGAP.
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TABLE 67

RESULTS OF CART MODEL: ONLY IMPORTANT VARIABLES* AND
EQUAL PRIOR PROBABILITY (FOR MOODY'S)

A) Summary Statistics:

Not available

B) Discriminant Coefficients:

Variable
Symbol

NLTC
LRTL
CCTA
DOGAP

Relative
Importance

100
71
50
6

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-1 A-2 Total Rate (%)

A-1 107 67 174 61.5

A-2 4 13 17 76.5

Total 111 80 191 62.8

* Important variables include CCTA, NLTC, LRTL, and DOGAP.
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TABLE 68

RESULTS OF LINEAR DISCRIMINANT ANALYSIS MODEL: ONLY
IMPORTANT VARIABLES* AND EQUAL PRIOR PROBABILITY

(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Mahalanobis D2  = 0.840
F Statistics (df=7,162) = 4.221
P-Value = 0.001

B) Discriminant Coefficients:

Variable
Symbol

MVBVIS
ALTA
NIETOE
BSD
LSIZE
ELRTL
RCTGC
Constant

P-1 Group
Coefficients

2140.979
365.555
221.853

30.388
26.313
19 .774
-3.489

-1317.309

P-2 Group
Coefficients

2120.262
396.681
217.971

30.761
25.564
16. 640
-4.459

-1283.342

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 50 31 81 61.7

P-2 11 19 30 63.3

Total 61 50 111 62.2

* Important variables include LSIZE,MVBVIS,ALTA, RCTGC, BSD,
LRTL, and NIETOE.
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TABLE 69

RESULTS OF CART MODEL: ONLY IMPORTANT VARIABLES* AND
EQUAL PRIOR PROBABILITY (FOR STANDARD AND POOR'S)

A) Summary Statistics:

Not available

B) Discriminant Coefficients:

Variable
Symbol

LSIZE
MVBVIS
BSD
RCTGC
ELRTL
ALTA
NIETOE

Relative
Importance

100
58
49
34
25
25
13

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-1 A-2 Total Rate (%)

A-1 140 58 198 70.7

A-2 33 50 83 60.2

Total 173 108 281 67.6

* Important variables include LSIZE,MVBVIS,ALTA,RCTGC, BSD,
LRTL, and NIETOE.

I
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TABLE 70

RESULTS OF LINEAR DISCRIMINANT MODEL: USE A
SUBSAMPLE AND ALL INDEPENDENT VARIABLES

(FOR MOODY ' S)

A) Summary Statistics:

Mahalanobis D2
F Statistics (df=14, 41)
i-Value

8.947
2.226
0.025

B) Discriminant Coefficients:

Variable
Symbol

CCTA
ROTA
NIM
NIETOE
STATA
DOGAP
LRTL
EQD
RELTA
LSIZE
STDUM
NLTC
NOM
SIZEGRO6
Constant

P-i Group
Coefficients

2834.959
-1778.191
-589.265
350.368

-292.106
-286.898
248. 678
-92.538
-74.836
54.884
-6.626
-4.932
-0.884
0.709

-630.036

P-2 Group
Coefficients

2931. 378
-1413.987
-1098.193

379.639
-298. 963
-320.404

582.478
-65.984
-83.515
53.722
-7.199
7.147

11.804
0.620

-647.571

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-1 A-2 Total Rate (%)

A-1 49 21 70 70.0

A-2 2 5 7 71.4

Total 51 26 77 70.1
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TABLE 71

RESULTS OF CART MODEL: USE A SUBSAMPLE
AND ALL INDEPENDENT VARIABLES

(FOR MOODY'S)

A) Summary Statistics:

Not available

B) Discriminant Coefficients:

Variable
Symbol

NLTC
ROTA
LRTL
SIZEGRO6
LSIZE
STDUM
RELTA
NIM
DOGAP
NIETOE
STATA
CCTA
NOM
EQD

Relative
Importance

100
72
71
60
40
34
28
26
19
16
8
7
3
1

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

P-1 61 26 87 70.1

P-2 2 7 9 77.8

Total 63 33 96 70.8

t_ 
_
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TABLE 72

RESULTS OF STEPWISE LINEAR DISCRIMINANT MODEL: USE
A SUBSAMPLE AND ALL INDEPENDENT VARIABLES

(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Wilk's Lambda =
F Statistics(df=2,139) =
P-Value

B) Discriminant Coefficients:

0.885
9.062
0.001

Variable
Symbol

LSIZE
DOGAP
Constant

A-i Group
Coefficients

20.399
-95.854

-186.311

A-2 Group F Values
Coefficients (df=1, 139)

19.922
-99.613

-181.013

5.23
5.03

C) Classification Table:

Predicted as Prediction
Accuracy

Actual A-1 A-2 Total Rate (%)

A-1 63 37 100 63.0

A-2 16 26 42 61.9

Total 79 63 142 62.7
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TABLE 73

RESULTS OF CART MODEL: USE A SUBSAMPLE
AND ALL INDEPENDENT VARIABLES

(FOR STANDARD AND POOR'S)

A) Summary Statistics:

Not available

B) Discriminant Coefficients:

Variable
Symbol

LSIZE
RCTGC
ROE
ELRTL
ALTA
RELTA
MVBVIS
DOGAP
BSD
SIZEGRO6
NIETOE

Relative
Importance

100
82
76
75
73
70
67
66
43
18
15

C) Classification Table:

Predicted as Prediction
Accuracy

Actual P-1 P-2 Total Rate (%)

A-1 63 37 100 63.0

A-2 18 24 42 57.1

Total 81 61 142 61.3

-
_____________________________________________________
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