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Abstract

Presented are new failure-prediction models for detecting a bank's
troubled status up to two years prior to insolvency using publicly available
data and a new category of explanatory variable to capture the elusive,
yet crucial, element of institutional success: management quality. Quality
is assessed using data envelopment analysis (DEA), which views a bank as
transforming multiple inputs into multiple outputs, focusing on the primary functions of attracting deposits and making loans. The new models
are robust and accurate, as veri ed by in-depth empirical evaluations, cost
sensitivity analyses, and comparisons with other published approaches.

Bank failures have increased at an alarming rate in the past decade. The
number of commercial bank failures averaged less than seven per year from
1950 to 1980, but has since escalated to an annual average of 175 from 1986
through 1991. This rapid increase raises many questions regarding the safety
and soundness of the banking industry: Why has there been a sudden increase
in the number of bank failures? What can be done to slow the bank failure rate?
How can the likely collapse of an institution be anticipated and prevented?
Often the failure of a bank can be avoided, or the bailout costs minimized,
by early detection of a bank's troubled status and subsequent intervention by
regulatory authorities. Key to this e ort is the identi cation of the bank's
potential for failure. To this end, researchers have sought mathematical models
that predict institutional failure in an accurate and timely manner.
Interest in predicting bank failures dates from Secrist's classic study [21]. It
examined 741 national banks that failed in the late 1920s and early 1930s and
111 banks that did not fail prior to 1933 to \secure indications of likely survival
or of death." This comparative analysis was the rst of its kind and sought to
discover the symptoms of failure and non-failure.
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Not until the early 1970s did interest in predicting bank failures return. This
renewed interest stemmed from the development of \newer" classi cation techniques, such as discriminant analysis and nonlinear regression, for separating
\potential failures" from \probable survivors." Now, with the number of failures surging, the need for more e ective prediction models has become evident.
While an early-warning system cannot replace the on-site examination, which
allows for personal interaction with the bank's management and employees and
permits rst-hand evaluation of operating procedures, levels of risk-taking, and
long-range strategic planning. However, an e ective warning system can complement the on-site examination process by identifying troubled institutions that
need early examination or possible intervention.
As outlined in [25], for an early-warning (failure-prediction) model to be
useful to regulators it must have the following ingredients:
 Understandability. For the model to be accepted and used by the examination sta , it must be understandable and t their intuitive perceptions
of how banks fail; the model will not be trusted if it is considered a \black
box" where banks are rated according to some highly complex process.
 Ease of use/quickness. To yield the greatest bene ts, an early-warning
system's data must be timely and accurate . Fortunately, banks are already required to submit quarterly balance sheet and income statement
information to banking regulators, and models built around this database
can rely on up-to-date, reliable inputs.
One means of enhancing the regulators' understanding of a model is to build
it around familiar factors. When examiners evaluate a bank's health, they develop an overall rating based on Capital adequacy, Asset quality, Management
quality, Earnings ability, and Liquidity position|hence the term CAMEL rating. Federal regulators developed the numerical CAMEL rating system in the
early 1970s to help structure their examination process. Since then, the use of
CAMEL factors has become widespread, due to its simplicity and use by regulators. Financial data and relationships are the principal ingredients for scoring
capital, asset quality, earnings, and liquidity. Assessing management quality,
however, requires professional judgment of a bank's compliance to policies and
procedures, aptitude for risk-taking, development of strategic plans, and the
degree of involvement by the bank's ocers and directors in making decisions.
Most failure-prediction models include variables that can be categorized under four of the ve CAMEL factors; the variable that is typically missing is the
one which assesses management quality. This is a rather curious paradox since
the quality of management is often cited as the leading reason for failure.
In this paper, we present a bank failure prediction model that is developed around a new paradigm for assessing a bank's management quality. This
paradigm views a bank as processing multiple inputs to produce multiple outputs, and focuses on its key nancial intermediation functions of acquiring de2

posits and making loans and investments. Using data envelopment analysis
(DEA), a management quality metric is established that is designed as a proxy
for the `M' in the CAMEL rating.
For failure prediction, the management quality metric is combined with variables representing the other four factors in the CAMEL rating, as well as a
proxy for local economic conditions. The resultant probit-regression model is
compared with the leading alternative approaches and evaluated for sensitivity
to prediction error. The empirical testing not only shows the new model to be
dramatically superior to all other approaches, but underscores the validity and
importance of the management quality metric in forecasting. This study not
only advances the state-of-the-art in institutional failure prediction, but pioneers
the use of DEA as a predictive factor that has far-reaching applications.

1 The Role of Management in Banking
Clearly, the quality of a bank's management is key to its long-run survival, and
one of management's greatest challenges is coping with the industry's increasing uncertainties and accompanying risks. Internally, this means that bankers
must e ectively allocate scarce resources, implement controls and procedures to
minimize risks and control costs, and be open to the use of new technologies to
increase operating eciencies. Externally, they must keep pace with new regulatory actions, economic uctuations, societal trends, technological advances,
and changes taking place in the global economy.
Kaufman [13] postulated that \to survive in a risky world, banking rms
must cope with risk and manage it." This management of risks seems to be
the key factor in bank failure. Consider the following statements from recent
research studies:
\...apart from fraud, a single event rarely cripples a bank fatally. Instead, the culprit is consistent mismanagement or risky strategies."[6]
\...bank failure, which a ects only a handful of banks, is caused
by mismanagement; mismanagement, furthermore, of the basic, oldfashioned risks of banking like lending, liquidity, and controls." [9]
\Management factors generally explain why one bank survives while
another fails when facing almost identical circumstances." [7]
\It is the management of the bank that determines success or failure." [18]
\...management incompetence in its broad sense is a major cause of
bank failure." [15]
\...the ultimate determinant of whether or not a bank fails is the
ability of its management to operate the institution eciently and
to evaluate and manage risk." [20]
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Many studies of bank performance and bank failure cite management quality
as the most important factor to long-run survival. For a bank to continue to
survive, its management must understand, manage, and control the increased
risks inherent in today's nancial environment. This means that bankers must
e ectively allocate resources and eciently control the bank's operations.

2 How Can Management Quality Be Measured?
In 1993, Barr, Seiford, and Siems [2] (BSS) presented an approach to measuring
a bank's managerial quality using only its nancial statements. Their model
considers the essential nancial intermediation functions of a bank and computes
a scalar measure of eciency. This measure of transformational eciency is
considered a proxy for management quality and is derived using a multipleinput, multiple-output model as follows.

2.1 Data Envelopment Analysis: an Overview

In standard microeconomic theory, an enterprise can be viewed as a decisionmaking unit (DMU) that is concerned with transforming a set of m di erent
inputs into s di erent outputs. For example, BSS models a bank as a DMU
with six inputs (full-time-equivalent employees, salary expense, premises and
xed assets, other noninterest expense, total interest expense, and purchased
funds) and three outputs (core deposits, earning assets, and total interest income). Decision units of the same kind can be compared for their relative transformational eciency|this is often performed in traditional analyses using a
series of simple ratios of individual outputs to individual inputs.
DEA is a non-parametric method initiated by Charnes, Cooper and Rhodes[10],
which uses a generalized ratio to consider multiple inputs and outputs simultaneously. Speci cally, if DMU k consumes amounts Xik of inputs, i = 1; : : : ; m, and
produces amounts
: ; s, then its overall eciency can be
P Yjk of outputs,
Pi=1jX=ik1v;ik: :where
given as: Ek = sj=1 Yrk urk = m
ujk and vik are positive scaling
factors, or weights, that are to be determined by the DEA process. Rather than
using preset weights to evaluate all banks, an optimal set of weights is computed
for each bank that makes its ratio as large as possible. These weights are found
for an individual bank k by solving the following fractional linear programming
problem:
Maximize Ek
subject to: Ed

1; d = 1; : : : ; n
uj ; vi
0; i = 1; : : : ; m; j = 1; : : : ; s
By solving the above problem for each decision unit, an empirical production
surface (or ecient frontier) is constructed that shows the maximum amount
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of outputs that can be achieved by combining various quantities of the inputs,
based on the observed behavior of a population. DEA uses linear programming
with observed data to locate these frontiers and determine the eciency of each
organizational unit. It determines which of the n DMUs de ne the surface and,
hence are most ecient. Ecient DMUs lie on the surface and have a relative
eciency measure of 1; inecient DMUs are not on the surface, have an Ek < 1.
Note that, unlike regression analysis, DEA is not limited to a single output,
and is directed to identify the \best practice" units, not central location of the
data. See [23] for a survey of DEA methods, and [22] for a 500-entry bibliography
on DEA. Standard computer programs are available to solve such models (see
[11]).

2.2 Using DEA as a Management Quality Metric

As described above, BSS model a bank as a transformer of six inputs into three
outputs. Since such a process re ects the key activities of management, the
DEA eciency metric was expected to be a good proxy for managerial quality
and empirical evidence in the BSS study supported this view. Speci cally, the
research revealed that signi cant statistical di erences in average management
quality scores existed up to three years prior to failure. Figure 4 illustrates the
study's nding that from December 1984 to June 1987 the average DEA scores
for a sample of surviving banks ranged between 0.8142 and 0.8315; whereas, for
banks which failed the rst half of 1988, the average scores dropped from 0.7986
in December 1984 to 0.6694 in June 1987.
Furthermore, when pooling the data to compute average scores for one year
prior to failure, 94.6% of the survivors had scores above 0.7, but only 50% of the
failed banks. Additionally, over 50 percent of the survivors scored above 0.8,
while only 13.9 percent of the failures did. The average DEA score for failures
one year prior to failure was 0.7032 and for survivors it was 0.8203.
Similarly, for banks that are two years prior to failure, there is again a
demarcation between surviving banks and failed institutions. However, the
di erentiation in DEA scores is not as pronounced. For failures, the average
DEA score two years prior to failure was 0.7637 and for survivors it was 0.8394.
The empirical results of the BSS study \con rm that the quality of management is crucial to a bank's survival. Scores for surviving institutions are
statistically higher than the scores for failed banks. Furthermore, banks that
are nearer failure are found to have lower eciency scores." These results are
signi cant in that banks that survive can be statistically di erentiated from
banks that fail based on the management quality scores generated by the DEA
model. Hence, the use of these scores as a variable in a bank-failure prediction
model seems promising.
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3 Early-Warning Models
An early-warning model is simply an established procedure (usually statistical)
for classifying banks into groups (usually failure and non-failure). This is typically done using only nancial characteristics of candidate institutions. The
goal of an early-warning model is to identify an institution's nancial weakness
at the initial stage in its process of deterioration so as to warn interested parties
of its potential failure. Banking regulators have recognized the usefulness of
early-warning models and have conducted intensive research e orts in this area
for nearly two decades so that they can classify problem institutions before they
have a major nancial impact on the federal deposit insurance fund.
Modern studies of institutional failure began with Beaver [4] who used nancial ratios to predict bankruptcy of non- nancial rms; this was also the rst
model to forecast solvency from accounting data . Altman [1] and Sinkey [25]
subsequently developed discriminant models for predicting corporate bankruptcy.
Early-warning models for banks began with Meyer and Pifer [17]; since then,
various researchers have used multivariate techniques to explain past closures
and predict future failures. While discriminant models have evolved over the
years, the variables used to predict failure have largely remained constant. For
nancial institutions, they generally fall into the CA EL categories and, more
recently, included variables to capture operating eciencies and local economic
conditions. (For other readings on early-warning models, see [8, 12, 17, 21, 26].)
Generally, the measures used to evaluate operating eciencies are regarded
as proxy variables for the quality of management. The major complication,
however, is that it takes many ratios to encompass the operating characteristics
of an organization. Hence, to measure management quality, most recent studies
have focused on the ratio of total operating income to total operating expense.
Three prominent models are compared with the new models developed in
this study: those appearing in [12, 16, 18]. These were selected because they
use economic and publicly-available nancial data, none of which require on-site
examination. While all three studies did not de ne \failure" the same way, the
traditional view that failure occurs through a declaration of insolvency by one
of the regulatory agencies is adhered to for this test. All models utilize probit
or logit regression as the statistical classi cation technique and the data used
for the survivors in each analysis were randomly selected. Table 1 provides a
comparison of the three models using information presented in their respective
articles.
These three models have many other similarities: (1) all re ect capital adequacy with a single ratio of capital to assets; (2) each contains two asset quality
variables; and (3) each represents earnings with a net-income-to-total-assets
ratio. (Hanweck includes an additional earnings variable to capture the percentage change in net operating income.) The models are di erentiated by the
fact that Hanweck included an institutional scale variable and Pantalone and
Platt included a local economic conditions term.
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Martin [16], 1970-76 Data: 5642 Survivors, 58 Failures
Logit Model Variables
Coe
Constant
-5.33
Net income / total assets
-120.86
Gross charge-o s / net operating income
2.20
Commercial & industrial loans / total loans
7.89
Gross capital / risk assets
-35.63

Siga
**
**
**
**
**

Hanweck [12], 1973-75 Data: 177 Survivors, 32 Failures
Probit Model Variables
Coe
Constant
-4.14 *
Net operating income / total assets
-69.49 **
Equity capital / total assets
14.86
% change in net operating income / total assets
-0.01
% change in total assets
-1.18
Loans / capital
0.26 **
Size: log(assets)
0.02
Pantalone & Platt [18], 1983-84 Data: 226 Survivors, 113 Failures
Logit Model Variables
Coe
Constant
-0.01
Net income / total assets
-71.39 **
Equity capital / total assets
-11.79 **
Total loans / total assets
7.71 **
Commercial & industrial loans / total loans
3.72 **
j%j change in residential construction
0.10
a Coecient

is signi cant: * = at the 0.05 level; ** = at the 0.01 level

Table 1: Summary of the Test Set of Bank-Failure-Prediction Models
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4 Developing New Early-Warning Models to Predict Bank Failure
For an early-warning model to be reliable and useful, other facets of a bank
should be analyzed in harmony with the quality of management. To date, the
most e ective early-warning models attempt to replicate the regulators' CAMEL
rating scheme. Thus, a model that identi es variables to represent the factors in
the CAMEL rating should not only prove to be among the most accurate, but
have a greater chance of acceptance by regulatory bodies. Additionally, since
it appears that local economic conditions play an important role in the success
or failure of nancial institutions, a variable to proxy a bank's local economic
conditions is also considered.
The models in this paper are developed from the regulator's viewpoint and
designed to operate on current data. In other words, for a model devised to
predict failure t periods ahead, the variables considered in the model must be
available at least t periods prior to the time of failure.
The new models embody two forecast lead-times: prediction 12 to 18 months
prior to failure (referred to as a \one-year-ahead" model) and 24 to 30 months
prior (referred to as a \two-year-ahead" model). For both lead-times, models
based on the probit regression classi cation methodology are implemented.
We hypothesize that the quality of management is important to a bank's survival. Hence, the DEA eciency measure should be a highly signi cant variable
in the failure-prediction equation. We expect that our new model will classify
survivors and failures more accurately when the management quality metric is
included, and will out-perform previously published classi cation schemes.

4.1 Data Sets Used for Model Construction and Validation

For both the one-year-ahead (1YA) and two-year-ahead (2YA) models, commercial banks which failed from 1986 through 1988 and a random sample of
banks which survived through 1989 composed the population. The following
restrictions were in place: (1) banks had to have been in operation for at least
three years, and (2) only banks with total asset size of between $20 and $300
million were included.
The age limitation was intended to keep de novo institutions from entering
into the failure equations. New institutions often have anomalous balance sheets
and income statements that could negatively a ect the reliability and usefulness
of a failure-prediction model. Also, since the regulatory agencies charter new
nancial institutions, they already have controls in place to meet their goal of
fostering a safe and sound banking system by restricting entry to the industry
to only those with strong prospects for success.
The size limitations were invoked because of the tremendous di erences in
8

the managerial operations between small, medium-sized, and large banks. The
largest banking institutions (i.e., those with over $300 million in total assets)
were eliminated from the sample population because they are generally watched
more closely and examined more frequently by banking regulators. In general,
the larger the bank, the more frequent and thorough the examination. In fact,
it is common for bank examiners to be occupied in an on-site examination of
a large bank for months, sometimes years. With near-continuous monitoring,
there is no real need for an early-warning model.
The smallest banks (those under $20 million in assets) were dropped from
the population for the following reasons.








Managing a small bank is much di erent than managing a larger bank.
Research has identi ed major di erences in performance, markets, and
operating costs (see [5, 14, 19]). Smaller banks have internal operating
disadvantages, primarily related to the absence of economies of scale.
These smaller banks often behave di erent from \traditional" banks. By
accepting deposits and buying securities, some act as investment houses or
mutual funds. Others use borrowed money predominantly to make loans,
relying little on core deposits.
The deposits for the smallest banks are small relative to larger institutions: only 1.3% of total banking deposits. One could argue that on-site
examinations may not be worth their cost and e ort for the smallest institutions.
As banks grow through increased mergers and acquisitions, the smallest
banks are gradually disappearing, while the percentage of medium-sized
and large banks has increased.

The population used in this study includes over 70% of the nancial institutions in operation in the United States, and most of the \at risk" banks.
Economic and nancial statement data were employed for each six-month period
beginning with December 31, 1984 and ending with June 30, 1988.
As shown in Table 2, the data for failing institutions were divided into eight
time periods, based on their failure date. Thus, if failure occurred during the
last six months of 1988, economic and nancial gures for June 30, 1987 were
used as the one-year-ahead data. Data for time periods 1 through 6 were then
pooled and, together with data from the survivors, used to build each model.
Data for the survivors were divided into the same eight time periods and
grouped so that no bank would be represented in two di erent time periods.
In other words, of the 611 survivors in the population, banks were sampled
at random without replacement and placed into one of the eight time periods.
This grouping was done to ensure that the data for the surviving banks would be
independent and identically distributed. This random selection scheme reduced
9

Time
Period
1
2
3
4
5
6
7
8

Statement
Date
Dec. 31, 1984
June 30, 1985
Dec. 31, 1985
June 30, 1986
Dec. 31, 1986
June 30, 1987

Failure Date
1/86{6/86
7/86{12/86
1/87{6/87
7/87{12/87
1/88{6/88
7/88{12/88

Model Construction Totals:
Dec. 31, 1987 1/89-6/89
June 30, 1988 7/89{12/89

Holdout Sample Totals:

No. of
No. of Total
Survivors Failures Banks
71
40
111
74
46
120
75
40
115
74
48
122
75
51
126
76
69
145

445

294

739

76
76

54
65

130
141

152

119

271

Table 2: Summary of Test Data for One-Year-Ahead Models
the total number of survivors represented in the model to 597 because of missing
observations for some of the banks. (Due to the size boundaries, some banks
move into and out of the population at various dates in their time series. This
could result in a bank not being represented in the data used to build and test
the model. Because this predicament exists when using the model in practice,
the slight reduction in the number of survivors represented in the population
was not seen as a problem.)
To develop the 1YA failure-prediction model, the data were aggregated for
time periods 1 through 6. Hence, there were 445 survivors and 294 failures
in the population with all observations independent and identically distributed
random variables. The holdout sample consisted of time periods 7 and 8, with
a total of 152 survivors and 119 failures.For the 2YA model, a similar selection
process was used, but it resulted in a slightly di erent number of banks in the
population. To construct the 2YA model, there were 391 survivors and 211
failures. The holdout sample consisted of 202 survivors and 126 failures.

4.2 Variable Selection

Our new models include only six variables: one for each factor of the CAMEL
rating and another to proxy local economic conditions. This restriction was designed to keep them parsimonious and understandable to regulators and bankers.
A large number of variables were analyzed statistically (see Barr and Siems [3]
for details] before selecting those described in Table 3.
While some of the variables have appeared in earlier models, this is the rst
study in which the DEA eciency score has been used in a bank forecasting
model, or any regression model in the literature. All values|including DEA|
10

One Year Ahead
Two Years Ahead
Variable
Survivors Failures Survivors Failures
Equity Capital/Total Loans
18.85% 8.56%
18.65% 10.83%
Nonperforming Loans/Total
Assets
1.42% 5.63%
1.28% 3.27%
DEA Eciency Score
0.8203 0.7033
0.8394 0.7637
Net Income/Total Assets
0.89% -2.18%
0.93% -0.62%
Large Deposits/Total
Assets
10.03% 24.97%
9.98% 26.12%
% Change In Residential Construction
-1.68% -15.55%
0.33% -12.55%
Table 3: Comparison of Variable Averages for One-Year and Two-Years Prior
To Failure
are based on publicly available data, and many are from the Federal Reserve
System's Call Report Database. Table 3 shows, for each variable included in the
1YA and 2YA models, the mean and standard deviation for both the survivors
and failures. Also given are the results of a t-test on each variable, testing the
hypotheses that the true survivor and failure means are equal: the t-statistic
and the signi cance level, or probability of identical means.
All of the selected variables show signi cant di erences in means between
the survivor and failure groups, in both 1YA and 2YA cases. All of the selected
variables have signi cantly di erent means for survivors versus failures and the
di erences in mean values follow natural expectations: survivors had higher
capital, better quality assets, more ecient management, higher earnings, and
more liquidity.
In summary, the six variables selected for our failure-prediction models were:
Variable
Proxy for
Equity Capital/Total Loans
Capital Adequacy
Non-performing Loans/Total Assets
Asset Quality
DEA Eciency Score
Management Quality
Net Income/Total Assets
Earnings Ability
Large Dollar Deposits/Total Assets
Liquidity
Percentage Change in Residential Construction Local Economic Conditions
A comparison of the 1YA and 2YA mean values gives insight into di erences
between the surviving and failing populations. Except for the liquidity measure,
the gap between the mean values for survivors and failures widens as failure
approaches. Also, there is little di erence in mean values for the survivors, but
a noticeable deterioration for failures (except for the liquidity variable). Thus,
one might expect the 1YA model to predict failure with greater accuracy than
the 2YA model.
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One Year Ahead Two Years Ahead
(LR Index: .72)
(LR Index: .58)
Coe . t-ratio Coe . t-ratio
5.1395 6.747y 2.9100 3.901y
-9.6993 -4.982y -9.4078 -4.854y
-7.7682 -8.457y -4.6943 -5.500y

Variable
Constant
Equity Capital/Total Loans
DEA Eciency Score
Nonperforming Loans/
Total Assets
17.8065 5.442y
Net Income/Total Assets
-22.0646 -4.080y
Large Deposits/Total
Assets
5.8907 7.060y
% Change in Residential
Construction
-2.7024 -4.567y
Percent Correctly
InOutClassi ed
Sample Sample
Survivors
94.4% 96.1%
Failure
89.5% 96.6%
Total
92.4% 96.3%
y Signi

cant at the 0.01 level.

24.5388
-3.9871

4.990y
-.635y

5.9031

8.209y

-3.0982 -4.850y
InOutSample Sample
92.1% 92.1%
82.9% 94.4%
88.9% 93.0%

Table 4: Full Models and Classi cation Results

4.3 Empirical Testing: The One-Year-Ahead Model

The standard probit methodology was used to develop models that would classify banks as either survivors or failures. The models were con gured so that
the dependent variable took on the value of zero (0) for survivors and one (1)
for failures. Hence, a negative (positive) coecient means that the variable is
inversely (directly) related to failure and directly (inversely) related to survival.
When used for classi cation, a fractional cut-o value for the computed dependent variable|usually 0.5|assigns an observation to either the survivor or
failure group.
The 1YA model, with the coecients and t-ratios, is presented in Table 4.
To develop this model (and others in the study), a pooled time-series crosssectional dataset was constructed. Tests for aggregation bias concluded that a
structural shift in the data was detected in time period 6. However, because
the shift did not classify banks better than the holdout sample, the structural
shift model was discarded.
For this model, all variables were signi cant at the 0.01 level and the signs
on the variables' coecients are appropriate. Speci cally, for the variables with
positive coecients|ratios of non-performing loans to total assets, and large
dollar deposits to total assets|one would expect that the higher the variable
12

level, the higher the probability of failure (because the expected score becomes
larger). Similarly, for the variables with negative coecients|equity-capitalto-total-loans ratio, the DEA eciency score,ratio of net income to total assets,
and the percentage change in residential construction|one would expect that
the higher the variable level, the lower the probability of failure.
The variable with the highest t-ratio, in absolute value terms, was the DEA
eciency score with a t-ratio of -8.457. Thus, it appears that the quality of
management added the most information to the new 1YA bank-failure prediction
model.
The likelihood ratio index (identi ed as the LR index in the table) measures
the goodness of t as a pseudo-r2 . For this model the likelihood ratio index was
0.72|a much better t than the Martin [16], Hanweck [12], and Pantalone and
Platt [18] models with LR indices of 0.42, 0.40, and 0.51, respectively, on the
same dataset.
The classi cation results for this new 1YA bank failure-prediction model
were exceptionally accurate. As shown in the lower portion of Table 4, using a
classi cation cut-o of 0.5, the model correctly identi ed 94.4% of the survivors
and 89.5% of the failures for a total classi cation accuracy of 92.4% (the total
number of correct classi cations divided by the total number of banks in the
sample).
The results for the holdout sample were even stronger. For the two holdout
time periods combined, the new model correctly classi ed 96.1% of the survivors
and 96.6% of the failures for an overall classi cation accuracy of 96.3%. The
classi cation results for all of the models discussed in this paper were statistically
signi cant at the 0.01 level as compared to the results of a naive forecast based
on sample proportions.

4.4 Empirical Testing: The Two-Year-Ahead Model

For the models which predict bank failure 24 to 30 months ahead, the proxy
variable for earnings was no longer signi cant, as shown in Table 4. Additionally,
the most signi cant variable (in terms of greatest absolute t-ratio) is no longer
the management quality term but, rather, liquidity: large-dollar deposits over
total assets.
The 2YA model had an LR index of roughly 0.58 compared to 0.72 for the
1YA model. This is lower because by using data that are further from the actual
failure date, the two groups (survivors and failures) tend to look more similar.
Also, as expected, the classi cation results of the 2YA model were not as
accurate as those for the 1YA model. Using a classi cation cut-o of 0.5, the
percentage of correctly identi ed banks for the in-sample group was 88.9%, with
92.1% of the survivors and 82.9% of the failures correctly classi ed. However for
the holdout sample, the 2YA model correctly identi ed 92.1% of the survivors,
and 94.4% of the failures, for a strong 93.0% overall accuracy.
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One Year Ahead
(LR Index: .62)
Coe .
t-ratio
-.8165
-3.037y
-9.4796
-5.575y

Two Years Ahead
(LR Index: .54)
Coe .
t-ratio
-.7913
-2.515y
-9.8316
-5.369y

Variable
Constant
Equity Capital/Total Loans
Nonperforming Loans/
Total Assets
19.9399
6.747y
23.2073
5.114y
y
Net Income/Total Assets
-18.1565
-3.931
-2.8936
-.490y
Large Deposits/Total
Assets
5.4826
7.752y
6.0231
8.785y
% Change in Residential
Construction
-2.3222
-4.520y
-3.1322
-5.247y
Percent Correctly Classi ed In-Sample Out-Sample In-Sample Out-Sample
Survivors
92.4%
96.1%
91.3%
90.6%
Failure
84.0%
93.3%
80.6%
95.2%
Total
89.0%
94.8%
87.5%
92.4%
y Signi

cant at the 0.01 level.

Table 5: Model Results without the Management Quality Metric

4.5 E ect of Removing the Management Quality Variable

Of concern in this study is the impact of the DEA eciency score on the model.
Since it is the most signi cant variable in the 1YA instance, one might expect
that the t and classi cation results would deteriorate if this variable were
eliminated.
To test the impact of the management quality variable, it was removed from
the models and a second analysis performed. The coecients and classi cation
result are given in Table 5 for the \reduced" 1YA and 2YA models. For the 1YA
case, the original variables all remain signi cant with the expected signs. The
LR index of t drops from 0.72 for the full model to 0.62 for the reduced model,
and the classi cation accuracy is lower. With a 0.5 classi cation cut-o , 89.0%
of all in-sample banks were correctly classi ed and the out-of-sample accuracy
dropped from 96.3% to 94.8%. Removing the DEA eciency variable from the
2YA model has a similar e ect: the signi cance of each variable remains roughly
the same as before, the t metric drops, and the classi cation results are lower.
These results demonstrate the importance of bank management in the success or failure of a bank. The models which included the management quality
variable t the original data much better and classi ed failures and survivors
more accurately for both in-sample and holdout-sample tests.
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Model
One Year Ahead:
Martin
Hanweck
Panalone & Platt
New model w/o DEA
New model with DEA
Two Years Ahead:
Martin
Hanweck
Panalne & Platt
New model w/o DEA
New model with DEA

In-Sample
Out-of-Sample
Correct
Correct
LR
Classi
cation
Classi
cation
index Survi- Fail- Total Survi- FailTotal
vors % ures % % vors % ures % %
.42
.40
.51
.62

.72

.22
.18
.38
.54

.58

93.0
92.8
89.7
92.4

94.4
94.1

93.9
89.8
91.3
92.1

71.1
70.1
77.9
84.0

84.3
83.8
85.0
89.0

89.5 92.4

96.1
96.1

46.0
41.7
71.1
80.6

77.2
75.6
83.2
87.5

97.0

82.9 88.9

89.5
94.7
90.1
96.5
92.6
90.6
92.1

94.1
86.6
90.8
93.3

91.5
91.1
90.4
94.8

61.9
54.8
84.1

83.2
80.8
89.3
92.4

96.6 96.3
95.2

94.4

Table 6: Comparative Classi cation Accuracy Results for All Models

4.6 Classi cation Accuracy Analysis

Table 6 summarizes the classi cation results on our data sets for the Martin,
Hanweck , Pantalone and Platt, and all of our new models (with and without the
DEA variable). For each model, the table shows the LR index of t, in-sample
classi cation accuracy rates, and holdout sample classi cation accuracy rates for
both survivors and failures. All classi cations are based on a 0.5 logit/probit
cut-o point (discussed further in the next section).
For the 1YA data, the two new models classi ed both failures and survivors
more accurately than the previously developed models from the literature. In
addition, the model which includes the management quality variable was the
most accurate of all.
Similarly, classi cation accuracy comparisons are shown for the 2YA models.
Again, the new bank-failure prediction model which incorporates the management quality variable has the best t and classi ed banks more accurately both
in-sample and out-of-sample.
To demonstrate the robustness of the new models, Figure 1 compare the
overall in-sample classi cation accuracy rates at cut-o points ranging from 0.1
to 0.9 for all of the models for the 1YA and 2YA models, respectively. In both
cases, our models that include the managerial quality variable out-perform all
of the other models analyzed for overall accuracy. In fact, the worst case for
our 1YA model is more accurate than the best cases of the Hanweck, Martin,
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Figure 1: E ect of the cuto value on the 1YA models' classi cation accuracy.
and Pantalone and Platt models.

5 Costs of Misclassi cations
Most published studies assert that the cost of misclassifying a bank that fails (a
Type I error) is greater than the cost of misclassifying a bank that continues to
survive (a Type II error). The reasoning is that the cost to perform an on-site
examination that results in signi cant operating improvements is less than the
cost to bail out the same bank if it was not examined and had failed. Although
this is the conventional wisdom, researchers have not identi ed the actual costs
of misclassi cations to permit minimization of the total expected costs.
The likelihood of both types of errors is a ected by the selection of the probit
cut-o point. A lower cut-o will decrease the probability of a Type I error,
while increasing the likelihood of a Type II. Table 7 shows the number and type
of in-sample misclassi cations for di erent cut-o points applied to the 1YA
model. Hence most researchers have taken the stance, advocated by Pantalone
and Platt, that a cut-o less than 0.5 should be used but have not justi ed their
chosen value.
The \best" probit classi cation cut-o point minimizes the total cost of
misclassifying banks. We analyzed four di erent scenarios, where the ratios
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Cut-o
Point
0.1
0.2
0.3
0.4
0.5

Number of
Relative Cost Magnitude
Misclassi cations Type I Error:Type II Error
Type I Type II 1:1
2:1
5:1
10:1
7
104 111
118
139
174
12
66
78
90
126
186
15
45
60
75 120
195
23
31
54
77
146
261
31
25
56
87
180
335

Table 7: Relative Costs Of Misclassi cations for the One-Year-Ahead Model
of Type I error costs to Type II error costs are: 1:1, 2:1, 5:1, and 10:1. For
example, the 10:1 ratio assumes the cost of misclassifying a bank that in fact
fails is ten times the cost of misclassifying a bank that survives; 1:1 assumes
that the two costs are equal.
Shown in Table 7 is the total misclassi cation cost, de ned as the relative
cost of a Type I error multiplied by the number of failures misclassi ed, plus the
cost of a Type II error multiplied by the number of survivors misclassi ed. For
the 1:1 scenario, the total cost is the sum of the number of banks misclassi ed.
When misclassifying failures is twice as costly as examining survivors (column
2:1), the total cost is equal to twice the number of failures misclassi ed (Type
I error) plus the number of survivors misclassi ed (Type II error).
Under the four cost magnitudes, a minimum value can be found that corresponds to the cut-o value that should be chosen. For the 1:1 case, a cut-o
of 0.4 will yield the minimum total cost of 54. For the 2:1 and 5:1 scenarios,
a cut-o point of 0.3 should be used, and a value of 0.1 should be used for the
10:1 scenario. Search procedures could be applied to nd the optimal cut-o
point.

6 Policy Implications
More accurate bank failure-prediction models, such as those developed in this
study, have four key implications for policy makers. First, more accurate models
allow banking regulators to deploy their examination resources more eciently.
An e ective early-warning model will detect and classify the weakest nancial
institutions. With banks rated on a survival/failure likelihood scale, regulators
can focus on those that are the greatest threat to the deposit insurance fund.
The impacts not only include a reduction in expenses for the regulatory agencies
(through more ecient resource allocation) but a potential savings to the taxpayers through early identi cation of weak banks that can be \turned around"
before threatening the deposit insurance fund.
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Second, the models developed in this study can be used by regulators and
bankers to gain a better understanding of the reasons for bank failure. The 1YA
model shows that management quality has the greatest impact on bank failure;
banks receiving the highest DEA eciency scores are much more likely to survive
than banks which have relatively low scores. The 1YA model identi es ve
additional variables that are signi cant in di erentiating between failures and
survivors: low capital (as a percentage of loans), a high level of non-performing
loans, low net income, a high level of large dollar deposits, and slow growth (or
rapid decline) in the annual rate of residential construction in the bank's home
state.
If regulators have a better understanding of why banks fail, they will be
better able to o er bankers suggestions on how to become more stable. In
addition, managers will be alerted to threatening conditions so that action can
be taken before more serious problems arise.
A better bank failure-prediction model strengthens the entire examination
process by identifying banks more objectively. Bankers can have a better understanding when examiners suggest changes in their operations. Additionally,
the value of the quarterly call report data would be greatly enhanced.
Finally, the new early-warning models developed in this study could be used
to develop a variable-rate deposit-insurance-premium structure. The banks at
the greatest risk of failure would be required to pay the highest premiums for
deposit insurance, much like smokers pay higher life insurance premiums than
nonsmokers.

7 Conclusions
In this paper, two new bank-failure prediction models were developed. Both the
one-year-ahead and two-year-ahead models use proxy variables for each factor in
the CAMEL rating plus a variable to capture local economic conditions. For the
rst time, bank failure-prediction models were developed using a DEA eciency
variable to proxy management quality.
The results of these models indicate that management is, indeed, important
to the successful operation of a bank. When the management variable was
removed from the full model, the results were worse in terms of the model's
t to the data and its classi cation accuracy. The newly-developed models
also show superior results to leading published approaches, as analyzed using a
standardized dataset.
From a policy standpoint, these early-warning models can be used to detect
and classify the weakest nancial institutions, while providing regulators and
bankers insight into the reasons for bank failure. Their high accuracy should
allow banking regulators to allocate more eciently their resources to perform
on-site examinations, and should strengthen the entire examination process by
providing a simple and objective detection mechanism for failure-prone banks.
18

Such new tools will ably assist those striving to ensure a safe and secure future
for the nation's banking system.
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