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Figure 1 (continued).  Trends at Failed Banks, before and after 1995 
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2.2.  New Directions in Bank-Distress Models 

 In this section we describe some recent attempts by supervisory economists to build 

bank-distress models that adjust to the new banking environment and conform to the risk-

focused approach.  These goals are not mutually exclusive.  Indeed, the risk-focused system was, 

in part, a response to be more agile and to focus resources more efficiently in a world of rapid 

change, growing complexity, and potentially volatile risks.  We group the new models into two 

types: (1) forward-looking early-warning models that detect the conditions in which theory 

suggests that bank problems are likely to occur, and (2) risk-focused models that attempt to 

isolate specific sources of bank risk before the problems become big enough to threaten the 

solvency of the entire institution.  Both of these new approaches permit real-time updating, 

without analysts having to wait until large numbers of failures provide heterogeneous data 

sufficient for adding new variables to traditional early-warning models. 

Another innovation that applies to many of the models in both categories is the use of a 

dynamic econometric framework in which the first differences (rather than just the levels) of the 

relevant variables are used, and variables are allowed to feed into one another intertemporally.  

These techniques, which have their roots in early work by Santomero and Vinso (1977) and 

Avery and Hanweck (1984), allow one to capture information similar to that contained in Figure 

1 by looking at effects beyond the first order. 

 

2.2.1.  Forward-Looking Models 

Some recent early-warning models differ from earlier models in that they do not focus on 

the current condition of the bank.  Rather, they emphasize the circumstances that theoretically 

may lead banks to increase their risk taking.  In addition to focusing on traditional variables like 
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capital ratios, these models have tended to focus on asset growth and liquidity.  The importance 

of these two characteristics stems from two complementary theories. 

One theory views banks as having well-established relationships with a core set of 

customers.  On the liability side of the balance sheet, these customers provide stable low-cost 

funding, while on the asset side the bank has information about the creditworthiness of these 

customers that is generally not available to other lenders.  Banks that pursue a rapid growth 

strategy must move into new markets or offer new products, finding both a new set of borrowers 

and the funds to finance the growth.  Although growth is not a problem per se, a bank suffers 

from adverse selection as its pool of prospective new borrowers is composed disproportionately 

of those who have been rejected by other banks.  The question is whether the bank has sufficient 

expertise and devotes sufficient resources to address the credit problems inherent in rapid 

growth.  These problems are not observable immediately because new credits are unseasoned. 

The second theory reflects standard moral-hazard incentives.  Deposit insurance and 

other sources of collateralized funding allow banks to take risks, keeping the profits should the 

risks pay off, and putting the losses to the FDIC in the event of failure.  Managers of banks with 

relatively high capital ratios have incentives to manage their banks prudently because the owners 

of the bank have their own funds at stake, but if capital ratios begin to slip, those incentives 

erode.  When bank performance begins to deteriorate for whatever reason, managers and owners 

increasingly face the prospect of losing their jobs and wealth should regulators close the bank.  

Rather than watch the bank fail, banks might gamble for resurrection by booking high-risk loans 

funded with insured or collateralized funding. 

Banks have traditionally tried to avoid market discipline by relying on core deposits, and 

some evidence suggests that riskier banks shift to core funding for exactly this reason.14  
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Managers adopting this strategy, however, run up against two constraints.  First, banks that 

deliberately try to sidestep market discipline with FDIC-insured deposits may invite greater 

regulatory scrutiny.  Second, the limited supply of core funding imposes a natural ceiling on 

asset growth.  Since the early 1990s, competition for insured deposits has intensified.  Faced with 

less insured funding and greater demand for bank assets, managers have sought new funding 

sources.  Banks that want to grow quickly but are unwilling or unable to pay the risk premia 

demanded by uninsured liability-holders may turn to noncore, non-risk-priced sources of 

funding, such as brokered deposits and FHLB advances.  Brokered deposits funded much of the 

risky growth at thrifts during the savings and loan crisis of the late 1980s.  FHLB advances, 

which were historically available only to thrifts but, as noted above, became available to 

commercial banks in 1989, have many of the same properties as brokered deposits.15  Both types 

of funding are easily accessible in large quantities, and neither is priced according to the failure 

risk of the borrower.  Brokered deposits are insured by the FDIC, while FHLB advances are fully 

collateralized.  The lenders therefore have little incentive to monitor a borrowing bank’s 

condition. 

As Figure 2 illustrates, bank reliance on brokered deposits and FHLB advances is at a 

historically high level, both in absolute terms and as a percentage of total bank assets.  Advances 

in particular have grown from essentially zero to 3.5 percent of banks’ balance sheets in less than 

ten years.  Furthermore, rapid loan growth has accompanied the growth in noncore funding at 

many institutions.  Between 1992 and 2002, bank lending increased 54 percent faster than total 

national income.  Although aggregate capital levels and asset quality remain relatively sound, 

banks might be assuming high levels of risk.  The FDIC and the Federal Reserve Bank of St. 

Louis have independently developed alternative early-warning models called the Growth 
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Monitoring System (GMS) and the Liquidity and Asset Growth Screen (LAGS), respectively, to 

address the concerns about rapid growth and moral hazard.  We briefly describe each in turn. 

 

Figure 2.  Noncore, non-risk-priced funding at U.S. Banks
(as a percentage of total assets)
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2.2.1.1  Growth Monitoring System 

 The FDIC has used GMS as part of the off-site review process since the mid-1980s.16  

The original model was an “expert system” in that its parameter values were assigned on the 

basis of professional judgment rather than statistical analysis.  Weights were assigned to a 

number of growth-related variables in an attempt to identify those institutions most in danger of 

a downgrade in CAMELS ratings.  In the late 1990s, the FDIC developed a new version of this 

model using statistical techniques.  This newer version of GMS, implemented in 2000, uses a 

logit model of downgrades, much like more traditional models, estimating which institutions that 

are currently rated satisfactory are most likely to be classified as problem banks at the end of 

three years.  Rather than using credit-quality measures as independent variables, GMS includes 

forward-looking variables that can be precursors of problems that have yet to become manifest.  
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The nine variables in the model are indicated in Table 3.17  Two variables have the most effect 

on the results: loan growth and noncore funding.  Although the coefficient magnitudes vary 

somewhat over time, they are significant both statistically and economically.  More rapid loan 

growth and heavy dependence on noncore funding generally lead to higher estimated default 

probabilities. 

Back testing of GMS shows that the model has significant forecasting power.18  Between 

1996 and 2000 approximately 30 percent of the banks with GMS rankings at or above the 98th 

percentile received a rating of 3 or worse over the next five years.19  Among the banks with 

rankings at the 79th percentile or lower, just 8 percent were downgraded, so banks in the top 2 

percentiles were approximately two-and-a-half times more likely to receive a rating of 3 or 

worse. 

The performance of GMS is even better when flagging more severe problems.  Banks 

with GMS rankings at or above the 98th percentile either were downgraded to a CAMELS 4 or 5 

or failed 9.5 percent of the time; in contrast, banks with GMS ratings in the lower 79th percentile 

either were downgraded to a rating of 4 or 5 or failed only 1.3 percent of the time.  Finally, banks 

with GMS rankings at or above the 98th percentile were over eight times more likely to fail (0.76 

percent) than banks with rankings in the 79th percentile or lower (0.09 percent).  It should be 

noted that although the GMS model has notable success in identifying risky institutions, many 

banks with high GMS rankings are never downgraded.  For this reason, the results of the GMS 

model are probably most useful in determining which banks need a closer review at the next 

examination. 
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2.2.1.2.  Liquidity and Asset Growth Screen

Like GMS, LAGS attempts to flag banks that use particular funding vehicles to fuel rapid 

asset growth.20  The central idea is that a bank that experiences a combination of falling capital 

ratios and rapid asset growth funded with noncore, non-risk-priced funding exhibits the classic 

characteristics of moral hazard. 

The LAGS model consists of ten separate panel vector autoregressions (VARs), identical 

in their variables but estimated on banks of different inflation-adjusted asset classes.  The four 

dependent variables in the VARs are the quarterly growth rate of risk-weighted assets, weighted 

by the risk-weighted-to-total-assets ratio; the ratio of brokered deposits and FHLB advances to 

total assets; the CAMELS composite score; and the ratio of equity to total assets.21  The 

equations are estimated on rolling samples of quarterly data, updated every three months to 

include the most recent figures available.  The key variable in the model is the CAMELS score.  

Banks that have worse forecasted CAMELS ratings over a three-year horizon are interpreted as 

being in greater danger of risk induced by moral hazard. 

The charts in Figure 3 show how LAGS works for an anonymous bank as of June 2004.  

In each of the four panels, the data to the left of the vertical black lines represent the bank’s 

behavior over the previous two years.  To the right of the black lines, the graphs show the LAGS 

forecasts.  LAGS predicts that the sample bank’s CAMELS score will rise from its present level 

of 1 to 1.78 over the next three years. 
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Figure 3.  LAGS Forecasts for an Anonymous Bank as of June, 2004
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A closer look at the sample bank’s recent history gives us an idea of why the model 

predicts such a dramatic rise in risk.  The bank grew rapidly between June 2002 and June 2004, 

increasing its assets by half and ratcheting up its risk-weighted-asset ratio.  The bank funded a 

substantial portion of this growth with FHLB advances and brokered deposits.  As of June 2004, 

these liabilities supported over 35 percent of the bank’s total assets, a ratio that rose more than 10 

percentage points during the previous two years.  Meanwhile, capital declined by about 100 basis 

points.  The bank therefore displays key moral-hazard characteristics. 
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Given the narrow focus of the LAGS model, we would not expect its performance to be 

as impressive as that of a more comprehensive model like SEER, yet LAGS does display 

significant discriminatory ability.  Between March 1998 and June 2001, 21.7 percent of 

CAMELS-2 banks with LAGS scores at the 90th percentile or above either were downgraded to 

3, 4, or 5 or failed within the following three years.  In addition, 47.1 percent of the 2-rated banks 

at the 99th percentile or above were downgraded or failed within three years.  By contrast, only 

12.7 percent of banks below the 90th percentile either were subsequently downgraded or failed.22

 

2.2.2.  Risk-Focused Models 

In addition to becoming more forward looking, bank-distress models are also evolving to 

accommodate the relatively new risk-focused framework.  Several off-site monitoring devices 

have already been developed by the FDIC and the Fed, and more are in development.  We 

describe two of these models here. 

 

2.2.2.1.  Real Estate Stress Test 

Real estate crises have been persistent causes of bank failure.23  In 2000, the FDIC 

implemented a Real Estate Stress Test (REST) that attempts to identify those banks and thrifts 

that are most vulnerable to problems in real estate markets.24   

The REST model incorporates the experience of the New England real estate crisis of the 

early 1990s.  Conceptually, the model subjects banks to the same stress as that crisis and 

forecasts the resulting CAMELS ratings.  REST was developed by regressing performance data 

for New England banks in December 1990 on performance and portfolio data for the same banks 

in December 1987.  These regressions identify the factors that were observable in 1987 that later 
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were associated with concerns about safety and soundness.  A concentration in construction and 

developments loans is the primary risk factor, but there are a host of secondary factors, such as 

concentrations in commercial mortgages, commercial and industrial loans, mortgages on 

multifamily housing, reliance on noncore funding, and rapid growth.  These regressions are used 

to forecast measures of bank performance, which are then translated to CAMELS ratings by the 

use of the SCOR model.  The result is a REST rating that ranges from 1 to 5.  The output from 

the model is distributed to FDIC examiners as well as examiners from other federal and state 

banking agencies.  The model has been validated with data from other real estate downturns; it 

can identify banks that are vulnerable from real estate exposure three to seven years in advance.   

Because of the long horizon, banks with poor REST ratings are not an immediate 

concern.  More importantly, the model does not consider the underwriting standards and other 

aspects of risk management that a bank uses to control its exposure to real estate downturns. 

Consequently, examiners use the output from the REST model for examination planning.  The 

model produces a set of “weights” indicating which variables are the most responsible for the 

poor rating, giving examiners a sense of the aspects of a bank’s operations that deserve the most 

attention. 

 

2.2.2.2.  Interest Rate Risk 

The savings and loan crisis of the 1980s heightened the banking industry’s awareness of 

interest rate risk.  Many thrifts became insolvent following the sharp rise in interest rates in the 

early 1980s.  Bank supervisors were challenged to stay abreast of the industry’s ability to take on 

interest rate risk.  Economists at the Board of Governors responded by developing a duration-

based measure of interest rate risk that could be used for surveillance and risk-scoping 
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purposes.25  The model, titled the Economic Value Model (EVM), became operational in the first 

quarter of 1998 when it produced a confidential quarterly surveillance report (called the Focus 

report) for each commercial bank. 

The charge for economists at the Board of Governors was to build a model that, on the 

one hand, was more sophisticated than the simple repricing models used by most banks at the 

time but, on the other hand, did not place an undue reporting burden on banks.  To ease the 

regulatory burden, the Fed’s EVM uses call-report data, most of which are recorded at historical 

cost.  The EVM aggregates balance-sheet items into various groupings.  The model then uses the 

duration from a proxy financial instrument for each grouping to calculate the “risk weight,” or 

the change in economic value of those items to a 200 basis point instantaneous rise in rates.  For 

example, the EVM places all residential mortgages that reprice or mature within five to fifteen 

years in the same grouping.  If the risk weight for the five- to fifteen-year mortgages were 7.0, 

the value of the five- to fifteen-year mortgages would be estimated to decline by 7.0 percent 

following an immediate 200 basis point rate hike.  The change in economic value is repeated for 

each balance-sheet grouping.  The predicted change in economic value of the bank’s equity, 

then, is the difference between the predicted change in assets and the predicted change in 

liabilities. 

Recent research by Sierra and Yeager (2004) shows that the model effectively ranks 

banks by their exposure to rising interest rates.  That is, banks that the model predicts to be the 

most vulnerable to rising interest rates suffer the largest declines in income and equity following 

an interest rate hike.  These banks also show the largest gains in income and equity following 

interest rate declines.  Bank supervisors can use the model’s output to rank banks by interest rate 
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risk.  If a bank is found to be an outlier, the examiner-in-charge will emphasize that risk in the 

upcoming exam. 

 

3.  Conclusion 

After their introduction in the 1970s, studies on the causes of bank distress made rapid 

progress, fueled by considerable academic interest.  In recent years, this interest has waned 

outside the regulatory community, a waning that may reflect the belief that the causes of bank 

distress are well understood.  However, significant legislative, technological, and financial 

innovations may make it necessary to supplement the prevailing academic and regulatory models 

with a new generation of risk-focused monitoring systems.  Indeed, banks that failed between 

1995 and 2003 had quite different characteristics from banks that failed in the 1980s.  The 

banking industry and the deposit insurance fund may pay a high price if researchers wait for the 

next round of failures before moving to the next generation of early-warning systems. 

The continued advancements in computing power, the desire for supervisors to be more 

forward looking, and the switch to the risk-focused supervisory approach have led to new 

generations of models within supervisory agencies.  Forward-looking early-warning models at 

the FDIC and the Fed include the Growth Monitoring System and the Liquidity and Asset-

Growth Screen, respectively.  Risk-focused screens include the Real Estate Stress Test and the 

Economic Value Model.  In addition, ongoing work is focusing on other aspects of risk, such as 

liquidity risk.  By describing current and evolving surveillance models, we hope to bridge the 

gap between regulatory and academic banking research and broaden the search for the causes 

and detection of bank distress. 
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Of course, the use of a variety of models in bank supervision requires judgment by 

supervisors to determine which models are the most relevant in a given set of circumstances.  

Nonetheless, the improvements in off-site monitoring devices give supervisors a deeper tool kit 

with which to detect and contain problem banks. 

 36



References 

Altman, Edward I.  1968.  “Financial Ratios, Discriminant Analysis, and the Prediction of 

Corporate Bankruptcy.”  Journal of Finance 23 (September): 589–609. 

———.  1977.  “Predicting Performance in the Savings and Loan Association Industry.”  

Journal of Monetary Economics 3 (October): 443–66. 

Avery, Robert B., and Gerald A. Hanweck.  1984.  “A Dynamic Analysis of Bank Failure.”  

Board of Governors of the Federal Reserve System, Research Papers in Banking and 

Financial Economics 74 (September): 39. 

Barth, J., D. Brumbaugh, Daniel Sauerhaft, and George H. K. Wang.  1989.  “Thrift Institution 

Failures: Estimating the Regulator’s Closure Rule.”  In Research in Financial Services, 

edited by George Kaufman, 1-23.  Greenwich, CT: JAI Press. 

Billet, Matthew T., Jon A. Garfinkle, and Edward S. O’Neal.  1998.  “The Cost of Market vs. 

Regulatory Discipline in Banking.”  Journal of Financial Economics 48:333–58. 

Bovenzi, John F., James A. Marino, and Frank E. McFadden.  1983.  “Commercial Bank Failure 

Prediction Models.”  Federal Reserve Bank of Atlanta Economic Review (November): 

14–26. 

Claessens, Stijn, Thomas Glaessner, and Daniela Klingebiel.  2002.  “Electronic Finance: 

Reshaping the Financial Landscape around the World.”  Journal of Financial Services 

Research 22 (August–October): 29–61. 

 37



Cole, Rebel A.  1993.  “When Are Thrift Institutions Closed?  An Agency-Theoretic Model.”  

Journal of Financial Services Research 7 (December): 283–307. 

Cole, Rebel A., Barbara G. Cornyn, and Jeffery W. Gunther.  1995.  “FIMS: A New Monitoring 

System for Banking Institutions.”  Federal Reserve Bulletin (January): 1–15. 

Cole, Rebel A., and Jeffery W. Gunther.  1998.  “Predicting Bank Failures: A Comparison of 

On- and Off-Site Monitoring Systems.”  Journal of Financial Services Research 13 

(April): 103–17. 

Collier, Charles, Sean Forbush, Daniel A. Nuxoll, and John O’Keefe.  2003a.  “The SCOR 

System of Off-Site  Monitoring.”  FDIC Banking Review 15 (3rd Quarter): 17–32. 

Collier, Charles, Sean Forbush, and Daniel A. Nuxoll.  2003b.  “The Vulnerability of Banks and 

Thrifts to a Real Estate Crisis.”  FDIC Banking Review 15 (4th Quarter): 19–36. 

Cornett, Marcia M., Hamid Mehran, and Hassan Tehranian.  1998.  “The Impact of Risk-Based 

Premiums on FDIC-Insured Institutions.”  Journal of Financial Services Research 13 

(April): 153–69. 

Demirgüç-Kunt, Asli.  1989.  “Modeling Large Commercial-Bank Failures: A Simultaneous-

Equations Analysis.”  Working Paper 8905, Federal Reserve Bank of Cleveland. 

Embersit, James A., and James V. Houpt.  1991.  “A Method for Evaluating Interest Rate Risk in 

U.S. Commercial Banks.”  Federal Reserve Bulletin (August): 625–37. 

Evanoff, Douglas D., and Larry D. Wall.  2001.  “Sub-Debt Yield Spreads and Bank Risk 

Measures.”  Journal of Financial Services Research 20 (October–December): 121–45. 

 38



Fan, Rong.  2003.  “Getting the Most out of a Mandatory Subordinated Debt Requirement.”  

Journal of Financial Services Research 24 (October–December): 149–79. 

Federal Deposit Insurance Corporation (FDIC).  1997.  History of the Eighties: Lessons for the 

Future.  Vol. 1, An Examination of the Banking Crises of the 1980s and Early 1990s.  

Washington, DC: FDIC. 

Flannery, Mark J.  1998.  “Using Market Information in Prudential Bank Supervision: A Review 

of the U.S. Empirical Evidence.”  Journal of Money, Credit, and Banking 30:273–305. 

———.  2001.  “The Faces of ‘Market Discipline.’”  Journal of Financial Services Research 20 

(October–December): 107–19. 

Flannery, Mark J., and K. Rangan.  2003.  “Market Forces at Work in the Banking Industry: 

Evidence from the Capital Buildup of the 1990s.”  Working paper, University of Florida, 

Gainesville, FL. 

Flannery, Mark J., and Soren Sorescu.  1996.  “Evidence of Bank Market Discipline in 

Subordinated Debenture Yields: 1983–1991.”  Journal of Finance 51 (March): 1347–77. 

Gilbert, R. Alton, Andrew P. Meyer, and Mark D. Vaughan.  1999.  “The Role of Supervisory 

Screens and Econometric Models in Off-Site Surveillance.”  Federal Reserve Bank of St. 

Louis Review 81 (November/December): 2–27. 

———.  2002.  “The Role of a CAMELS Downgrade Model in Bank Surveillance.”  Federal 

Reserve Bank of St. Louis Review 84 (January/February): 47–63. 

 39



Goldberg, Lawrence, and Sylvia Hudgins.  2002.  “Depositor Discipline and Changing Strategies 

for Regulating Thrift Institutions.”  Journal of Financial Economics 63 (February): 263–

74. 

Hall, John R., Thomas B. King, Andrew P. Meyer, and Mark D. Vaughan.  2002.  “Did FDICIA 

Enhance Market Discipline at Community Banks?”  In Research in Financial Services, 

vol. 14, edited by George G. Kaufman, 63–94.  Greenwich, CT: JAI Press. 

Hannan, Timothy H., and Robin A. Prager.  1998.  “The Relaxation of Entry Barriers in the 

Banking Industry: An Empirical Investigation.”  Journal of Financial Services Research 

14 (December): 171–88. 

Hanweck, Gerald A.  1977.  “Predicting Bank Failure.”  Board of Governors of the Federal 

Reserve System, Research Papers in Banking and Financial Economics (November). 

Helwege, Jean.  1996.  “Determinants of Savings and Loan Failures: Estimates of a Time-

Varying Proportional Hazard Function.”  Journal of Financial Services Research 

(December): 373–92. 

Herring, Richard J., and Susan M. Wachter.  1999.  “Real Estate Booms and Banking Busts—An 

International Perspective.”  Occasional Paper No. 58, Group of Thirty. 

Hirtle, Beverly J., and Jose A. Lopez.  1999.  “Supervisory Information and the Frequency of 

Bank Examinations,” Federal Reserve Bank of New York Economic Policy Review 

(April): 1–19. 

 40



Hooks, Linda M.  1995.  “Bank Asset Risk: Evidence from Early-Warning Models.”  

Contemporary Economic Policy 13 (October): 36–50. 

Houpt, James V., and Wright, David M.  1996.  “An Analysis of Commercial Bank Exposure to 

Interest Rate Risk.”  Federal Reserve Bulletin (February): 115–28. 

King, Thomas B.  2003.  “Discipline and Liquidity in the Market for Federal Funds.”  Working 

Paper 2003-02, Federal Reserve Bank of St. Louis. 

King, Thomas B., Mark D. Vaughan, and Timothy J. Yeager.  2004.  “Detecting Moral Hazard at 

Commercial Banks: The Liquidity and Asset-Growth Screen,” Working Paper 2004-06, 

Federal Reserve Bank of St. Louis. 

Korobow, Leon, and David P. Stuhr.  1983.  “The Relevance of Peer Groups in Early Warning 

Analysis.”  Federal Reserve Bank of Atlanta Economic Review (November): 27–34. 

Korobow, Leon, David P. Stuhr, and Daniel Martin.  1976.  “A Probabilistic Approach to Early 

Warning of Changes in Bank Financial Condition.”  Federal Reserve Bank of New York 

Quarterly Review (July): 187–94. 

———.  1977.  “A Nationwide Test of Early Warning Research in Banking.”  Federal Reserve 

Bank of New York Quarterly Review (Autumn): 37–52. 

Lane, William R., Stephen W. Looney, and James W. Wansley.  1986.  “An Application of the 

Cox Proportional Hazards Model to Bank Failure.”  Journal of Banking and Finance 

10:511–31. 

 41



Marino, James A., and Rosalind L. Bennett.  1999.  “The Consequences of National Depositor 

Preference.”  FDIC Banking Review 12 (October): 19–38. 

Martin, Daniel.  1977.   “Early Warning of Bank Failure: A Logit Regression Approach.”  

Journal of Banking and Finance 1 (November): 249–76. 

Meyer, Paul A., and Howard W. Pifer.  1970.  “Prediction of Bank Failure.”  Journal of Finance 

(September): 853–68. 

Pantalone, Coleen C., and Marjorie B. Platt.  1987.  “Predicting Commercial Bank Failure since 

Deregulation.”  Federal Reserve Bank of Boston New England Economic Review 

(July/August): 37–47. 

Pettway, Richard H., and Josepeh F. Sinkey, Jr.  1980.  “Establishing On-Site Bank Examination 

Priorities: An Early-Warning System Using Accounting and Market Information.”  

Journal of Finance 35 (March): 137–50. 

Putnam, Barron H.  1983.  “Early Warning Systems and Financial Analysis in Bank 

Monitoring.”  Federal Reserve Bank of Atlanta Economic Review (November): 6–14. 

Rose, Peter S., and James W. Kolari.  1985.  “Early Warning Systems as a Monitoring Device 

for Bank Condition.”  Quarterly Journal of Business and Economics 24 (Winter): 43–60. 

Rose, Peter S., and William L. Scott.  1978.  “Risk in Commercial Banking: Evidence from 

Postwar Failures.”  Southern Economic Journal 45 (July): 90–106. 

 42



Santomero, Anthony M., and Joseph D. Vinso.  1977.  “Estimating the Probability of Failure for 

Commercial Banks and the Banking System.”  Journal of Banking and Finance 1:185–

205. 

Schuermann, Til.  2004.  “Why Were Banks Better Off in the 2001 Recession?”  Federal Reserve 

Bank of New York Current Issues in Economics and Finance10:1–7. 

Sierra, Gregory E., and Timothy J. Yeager.  2004.  “What Does the Federal Reserve’s Economic 

Value Model Tell Us about Interest Rate Risk at U.S. Community Banks?”  Federal 

Reserve Bank of St. Louis Review 86 (November/December):45–60. 

Sinkey, Joseph F., Jr.  1975.  “A Multivariate Statistical Analysis of the Characteristics of 

Problem Banks.”  Journal of Finance 30 (March): 21–36. 

———.  1978.  “Identifying ‘Problem’ Banks: How Do the Banking Authorities Measure a 

Bank’s Risk Exposure?”  Journal of Money, Credit, and Banking 10:184–93. 

Stojanovic, Dusan, Mark D. Vaughan, and Timothy J. Yeager.  2001.  “Do Federal Home Loan 

Bank Advances and Membership Lead to More Bank Risk?”  In The Financial Safety 

Net: Costs, Benefits, and Implications for Regulations, Proceedings of the 37th Annual 

Conference on Bank Structure and Competition, 165–96. 

Stuhr, David P., and Robert van Wicklen.  1974.  “Rating the Financial Condition of Banks: A 

Statistical Approach to Aid Bank Supervision.”  Federal Reserve Bank of New York 

Monthly Review  (September): 233–8. 

 43



Thomson, James B.  1992.  “Modeling the Bank Regulator’s Closure Option: A Two-Step Logit 

Regression Approach.”  Journal of Financial Services Research 6 (May): 5–23. 

Wang, George H. K., and Daniel Sauerhaft.  1989.  “Examination Ratings and the Identification 

of Problem/Non-Problem Thrift Institutions.”  Journal of Financial Services Research 2 

(October): 319–42. 

West, Robert Craig.  1985.  “A Factor-Analytic Approach to Bank Condition.”  Journal of 

Banking and Finance 9 (June): 253–66. 

Whalen, Gary.  1991.  “A Proportional Hazards Model of Bank Failure: An Examination of Its 

Usefulness as an Early Warning Tool.”  Federal Reserve Bank of Cleveland Economic 

Review 27 (1st Quarter): 20–31. 

Whalen, Gary, and James B. Thomson.  1988.  “Using Financial Data to Identify Changes in 

Bank Condition.”  Federal Reserve Bank of Cleveland Economic Review 24 (2nd 

Quarter): 17–26. 

White, Eugene N.  1992.  The Comptroller and the Transformation of American Banking, 1960–

1990.  Washington DC: U.S. Office of the Comptroller of the Currency. 

 

 44



Notes 

 

 

1 See, for example, Meyer and Pifer (1970), Sinkey (1975), Altman (1977), Martin (1977), 

Santomero and Vinso (1977), Sinkey (1978), Pettway and Sinkey (1980), West (1985), and Lane 

et al. (1986). 

2 Before 1976 the frequency of call-report filing varied, but it has been at least semiannual for 

every bank in the country since 1960.  A strand of literature complementary to the one we focus 

on looks at the ability of market data to forecast banking problems.  Indeed, this strand has led to 

recent calls for mandatory issuance of publicly traded subordinated debt at large banks (see 

Evanoff and Wall, 2001; Fan, 2003).  See Flannery (1998, 2001) for comprehensive overviews. 

3 One strand of the literature models the regulator’s closure decision as endogenous and 

considers institutional factors that may alter the probability of closure.  See Thomson (1992) and 

Cole (1993).  We do not consider these models here, but they support our basic point: that the 

regulatory environment, among other things, may affect the behavior of banks as they head for 

failure. 

4 See Korobow and Stuhr (1983), Korobow et al (1976, 1977), Stuhr and van Wicklen (1974). 

5 Korobow et al. (1977) was also notable for being one of the first to emphasize the role of bank 

size in determinations of overall risk, a finding that would be replicated and used in many 

subsequent papers. 

6 Another output of the NBSS was known as the Bank Performance Report (BPR).  This product 

and the FDIC’s Comparative Bank Performance Report formed the bases for the Federal 

Financial Institutions Examination Council’s (FFIEC) Uniform Bank Performance Report 

(UBPR), which remains an important component of informal off-site surveillance. 
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7 Before 1979, the three federal regulatory agencies assigned banks scores for capital (1–4), asset 

quality (A–D), and management (S, F, or P), as well as a composite score (1–4). 

8 CAMELS is used throughout the paper to refer to the rating system, although before 1997, 

there was no S component. 

9 Two other, related, lines of research begun in this period involve modeling time to failure 

(rather than failure probability) and regulatory closure-decision rules.   Examples of the time-to-

failure models, which typically involve Cox proportional-hazard specifications, can be found in 

Lane et al. (1986), Whalen (1991), and Helwege (1996).  For models of supervisory closure 

behavior see Barth et al. (1989), Demirgüç-Kunt (1989), Thomson (1992), and Cole (1993). 

10West (1985) and Wang and Sauerhaft (1989) model supervisory ratings in a factor-analytic 

framework.  Supervisory ratings were previously used to measure composite risk in a 

discriminant-analysis study by Stuhr and van Wicklen (1974). 

11 See Collier et al. (2003a). 

12 Cole and Gunther (1998) show that a probit model similar to the failure-predictor component 

of SEER does a better job of forecasting failures in the late 1980s than even supervisor-assigned 

CAMELS scores. 

13 Hooks (1995) and Helwege (1996) provide evidence on the parameter instability of traditional 

early-warning models over time. 

14 Billet et al. (1998). 

15 Stojanovic et al. (2001) provide further discussion of why the FHLB might create incentives 

for abnormal risk taking and what the evidence is that supports this hypothesis.  Wang and 
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Sauerhaft (1989) show that thrift reliance on FHLB advances and brokered deposits was 

associated with worse supervisory ratings in the 1980s. 

16 See FDIC (1997), ch. 13. 

17 Noncore funding, loans to total assets, and assets per employee are adjusted for size peers.  

The growth variables and the change in loan mix are not adjusted because there is no evidence 

that the size peers differ.  All growth rates are measured year-over-year in order to avoid 

problems of seasonal adjustment.  The growth rates of loans and assets are adjusted for mergers, 

but the growth rates in noncore funding and equity are not.  This adjustment means that the 

model ignores acquisitions unless the acquisitions have eroded equity or made the bank more 

dependent on noncore funding. 

18 The GMS system has also had particular success identifying recent failures due to fraud, 

although the exact reasons for this success require further investigation. 

19 Of course, the full five years have not passed for ratings assigned in the year 2000.  The results 

are for those banks that survived five years or that filed a September 2003 call report. 

20 For more details on LAGS, see King et al. (2004). 

21 Eight quarterly lags of each of these four variables are included as regressors in each of the 

four equations.  The equations also include intercept terms.  In toto, then, LAGS consists of forty 

linear regression equations each containing thirty-six variables.  Banks are excluded from the 

sample if they are less than eight quarters old or have merged with another institution within the 

previous eight quarters.  As of June 30, 2004, the dataset included approximately 175,000 

observations. 
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22 As noted, the LAGS coefficients are reestimated every quarter.  The numbers reported in this 

paragraph reflect the estimates actually used in each quarter (rather than, say, the most recent 

set).  In other words, they reflect out-of-sample forecasting ability. 

23 See Herring and Wachter (1999). 

24 See Collier et al., 2003b. 

25 See Embersit and Houpt (1991) and Houpt and Wright (1996) for details. 
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