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Abstract: Several recent studies have recommended greater reliance on subordinated debt as a tool to
discipline bank risk taking. Some of these proposals recommend using sub-debt yield spreads as triggers for
supervisory discipline under prompt corrective action (PCA). Currently such action is prompted by capital
adequacy measures. This paper provides the first empirical analysis of the relative accuracy of various capital
ratios and sub-debt spreads in predicting bank condition, measured as subsequent CAMEL or BOPEC ratings.
The results suggest that some of the capital ratios, including the summary measure used to trigger PCA, have
almost no predictive power. Sub-debt yield spreads performed slightly better than the best capital measure, the
Tier-1 leverage ratio, albeit the difference is not significant. The performance of sub-debt yields satisfies an
important prerequisite for using sub-debt as a PCA trigger. However, the prediction errors are relatively high
and further work to refine the measures would be desirable.
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Sub-Debt Yield Spreads as Bank Risk Measures

The Federa Deposit Insurance Improvement Act of 1991 (FDICIA) contained a number of
provisions intended to discourage banks from taking excessive risk, and to protect the deposit insurance
fund from losses a failed banks. One important provison of FDICIA isits requirement that the
supervisors implement prompt corrective action (PCA).! PCA provides a series of optiona and
mandatory actions by the supervisors as a bank’s capital adequacy declines. The intent isto protect the
deposit insurance by limiting supervisory forbearance, and thereby reduce the subsidy to risk-taking
provided by deposit insurance.

A potential weakness of PCA isits reliance on book value capitd adequacy ratios measured
using historic costs as required by generaly accepted accounting principles (GAAP). As White (1997)
indicates. “The GAAP definitions and rules are generdly oriented toward backward-looking, cost-
based va uations—which are more appropriate for a“ sewardship” notion of accounting than for using
the accounting information as an indicator of whether a bank may be diding toward (or may have
dready reached) true (market value) insolvency...”.? For example, GAAP does not permit recognition
of the effect of interest rate changes on the value of abank’ sliabilities or on the vaue of assetsthat it
intends to hold until maturity.

One dternative to relying on capita adequacy ratios to trigger PCA isto use a market-based
measure. A potentia advantage of using equity or debt pricesis that market participants have an
incentive to look through reported accounting figures to the redl financia condition of abank and to
price abank’ s securities based on their best estimates of the distribution of the security’ s future cash
flows. Thus, security prices have the potentia to be a better sgna for preventing forbearance than do

bank capital adequacy ratios. A possible disadvantage of using market-based measures such asthe



yields on uninsured debt obligations or equity prices are that these measures are available only for the
largest banks. However, the share of assets held by the largest banksis large and increasing.
Additiondly, these banks pose the greatest danger of systemic risk and the largest risk to the deposit
insurance fund.

The market risk measure that has probably received the most attention thus far is subordinated
debt (sub-debt) yield spreads.” Indeed, the existing empirical evidence provides some support for the
use of these spreads. These Sudies estimate the difference between the yield on sub-debt and the yied
on a comparable maturity Treasury security as afunction of a number of accounting ratios that are
believed to be corrdated with the riskiness of the bank. The results, which are summarized in Kwast, et
a. (1999), find mixed evidence on the relationship between sub-debt yields and bank risk measuresin
the early to mid-1980s. Flannery and Sorescu (1996) note that the bailout of al of the creditors of
Continentd Illinois, and subsequent statements by the Comptroller of the Currency about banks that
were “too-big-to-fall,” may have led sub-debt investors to believe that they would not suffer credit
losses on the debt issues of the largest banks. However, they note that by the late 1980s, the FDIC
was imposing losses on sub-debt holders at large failed banks and the least cost resolution provisions
passed in 1991 as part of FDICIA strongly suggested that sub-debt holderswould remain at risk in
future failures® Thus, when Flannery and Sorescu look at the late 1980s and early 1990s, they find that
sub-debt yield spreads are related to a bank’ s risk exposure in the manner predicted by theory.
Jagtiani, Kaufman and Lemieux (2001) find smilar resultsin the pos-FDICIA period. Smilarly,
Covitz, Hancock and Kwast (2000) find that financially weaker banks are less likely to issue sub-delt,

which is congstent with the market charging these banks arisk premium.



While the use of sub-debt as arisk measure is supported by these sudies, they are not designed
to answer the question of whether sub-debt spreads are better measures of abank’ s financial condition
than are the current capital adequacy ratios. A strong theoretica case may be made that the credit risk
portion of the sub-debt yield spread is amore accurate risk measure, and less likely to be influenced by
forbearance, than is the current capital adequacy measure. However, as shown by Hancock and
Kwast (2001), non-credit risk factors aso appear to influence observed sub-debt prices.

This study takes the first step in evaluating the potentid usefulness of sub-debt yied spreads by
testing whether these spreads are better predictors of abank financia condition as proxied by
supervisory ratings than are the existing capita ratios. Both the sub-debt yield spreads and the capita
adequacy ratios are measured as of the quarter end prior to the assgnment of the supervisory rating.
Supervisory ratings are typically assgned after an examination, and, hence, may reflect both public and
nonpublic information about the bank.

One potentid disadvantage of this approach is that information from the examination may lesk
out before the assgnment of the examination rating. This potentid biasin favor of sub-debt yidd
Spreads may be offset by the potentia for exam findings to be partidly reflected in banks accounting
capitd in the quarter prior to the assignment of the rating.® Another potential problem is that sub-debt
yield spreads depend both on the probability that a bank will fail and itsloss given fallure. On the one
hand, dmog dl of the soread may reflect the probability of failure given that relatively smdl lossesby a
bank will result in the debt becoming worthless because of itsjunior atus and the relaively smal
amount of sub-debt issued. On the other hand, the variation in the loss given default component may be
large and more important if market participants believe that the supervisors will follow the spirit of PCA

and try to close banks before their going-concern value becomes negative.” Another potentia problem



is that whenever the supervisors are exercising forbearance, they aso are likely to assgn examination
ratings that understate the riskiness of the bank. Despite this potentid disadvantage, the use of exam
retings as arisk measure may be judtified if forbearance, while costly when it occurs, is relatively rare®

Before the empirica andys's, we discuss why using sub-debt yield spreads may be preferred to
using dternative market risk measures. The first section, therefore, expands on the discussion of Evanoff
and Wall (2000a) concerning the relative merits of sub-debt yield spreads and other possible substitutes
for capita adequacy measures. The second section discusses the data and empirical methods. The
third section presents the empirica results and the last section provides concluding remarks.

1. Alternative market risk measures

One advantage of obtaining signas from the sub-debt market is that the interests of
subordinated creditors are closely aigned with those of the supervisors. Subordinated creditors stand
immediately behind equity holdersin exposure to lossif abank fals, but they do not fully sharein the
up-sde gainsif abank’srisky strategies succeed. However, credit risk signas may aso be extracted
from other sources. For example, numerous bank balance sheet variables may be andyzed to identify
problem banks. Alternatively, athough equity prices may reflect potentia gains from a successful
gamble, the credit riskiness of the bank may be estimated with models that digtinguish the potentia for
both gain and loss’

Why choose sub-debt yields as amarket sgnd over dternative measures? The naturd criteria
for evauating dternative measures is their associated costs and benefits, where benefits are measured in
terms of their ability to identify problem banks and costsin terms of the burden imposed on banks solely

to obtain a supervisory risk measure. The following sections consider the potential merits of sub-debt-



based measures, equity-based measures and combinations of ba ance sheet variables dong these
dimensons.
1.1  Benéefits: Accuracy in predicting problem banks

If the sole criterion for evaluaing the different risk measures were thair historicd ability to
identify problem banks, the best approach would be to use a combination of accounting and market risk
measures where the weights on individual variables are determined in an daborate econometric modd. ™
The mode could be structured to minimize the cost of the prediction errors. Moreover, such modeling
would aso produce gtatitics to indicate the extent of the contribution each variable makes to the
prediction of problem banks.

The use of accounting data in such econometric modedsis subject to two fundamentd problems.
Fird, the causes of bank distress and failure may vary over time. For example, anumber of large banks
faled in the 1980s when they pursued strategies based on continuing high energy prices. Other banks
became distressed during this period due to loans to less developed countries, principaly Latin
American countries. In the early 1990s banks became distressed and in some cases failed due to their
red estate lending, epecidly their commercid red ettate activity.

An econometric model that predicted problems based on a particular type of lending might do
well for any one of these time periods, but the predictions from gpplying such amodd to a future period
may not be very accurate™ One advantage of using asmple capital adeguacy measure to trigger PCA
by supervisorsisthat regardiess of the source of the problem, the consequences of the problem must
ultimately appear in the bank’ s capitd account if it is of a magnitude to threaten the bank’ s viahility.

The second problem with relying on econometric models using accounting information is thet of

banks manipulating the data. At present, banks have an incentive to manage capital because that isthe



measure used to trigger PCA. If banks know that other accounting variables dso play an important role
in PCA, they will have an incentive to manage those aswell. For example, if abank knows that non-
performing loan ratios are a key measure it has an incentive to work with borrowers before the loan
becomes non-performing, or to shift the [oan to its market risk portfolio to avoid having to classfy it as
non-performing.’? As another example, supervisors often point to rapid asset growth asasigna of
likely future problems. If this variable were important in the modd, the bank would have an incentive to
reduce its measured growth rate, perhaps by becoming more aggressive in sdlling off loans and
emphasizing off-baance sheet activities.

Thus, the use of econometric models that rely on accounting variables are subject to
manipulation by banks and forbearance by supervisors, the same problem that motivated Evanoff and
Wall (2000a, 2000c) to look for a substitute for capital adequacy measures. Moreover, depending on
their gpecification, these models may dso have atendency to “fight the last war” by identifying banks
that would have gotten into trouble during the previous business cycle. Thus, any apparent superiority
of econometric modelsin predicting the future problem banks based on historical accounting data may
disappear if used for PCA in the future. In contrast, as noted above, market participants have an
incentive to see through bank manipulation of accounting data to assess the true condition of the bank.
Thus, the use of market Sgnds extracted from debt yields, equity prices, or both has at least the
potentia to provide a superior risk measure for the purposes of PCA.

1.2  Costs: Regulatory burden imposed on banks

Although basing PCA on market Sgndsis potentidly a better way to deter forbearance,

obtaining such signasis likdly to impose more costs on banks than is relying on accounting data.™®

Almogt dl of the required accounting data are currently being reported to the federal bank supervisors.



Both sub-debt and equity prices may be more costly to generate because PCA applies to banks and
not to the banks holding company parents. Y et most publicly traded sub-debt, and virtudly al traded
equity, isissued by the parent holding company rather than the bank subsidiary. The bank’s subsidiary
could issue these obligations, but in most cases have not done so under the current system suggesting
that bank issuanceis perceived to be more costly than having the parent issue the obligation.

One potential solution to the cost issue would be to gpply PCA to the holding company parent
rather than to the bank subsidiary. However, PCA was initidly applied to the bank rather than to the
consolidated organization because bank deposits are insured, whereas holding company obligations are
not. Expanding PCA to cover the entire holding company would require reversing the generd
philosophy underlying the recent Gramm:-Leach-Bliley (GLB) Act which removed most of the barriers
to bank affiliation with other financid services. One of the basic gods of the GLB Act wasto dlow
nonbank financid firms, such as securities and insurance firms, to own banks without subjecting thelr
entire operations to bank-like supervison. Thus, the Act alowed non-traditiond financid activitiesto
be conducted within a holding company framework and explicitly limited the ability of the Federd
Reserve, the “umbrella supervisor,” to supervise the nonbank parts of the organization. While the merits
of the philosophy underlying the GLB Act may be debated, applying PCA to the holding company
would require mgor changes in the supervisory status of holding companies, a change that would have
to be judtified in its own right.

An dternative means to address the cost issue would be to require banks to issue elther
subordinated debt or equity instruments from which market risk measures could be derived. Kwast et
a. (1999) note that while banks sometimes issue publicly traded subordinated debt, most such issues

are done by the parent. They report that the issues are made at the holding company level despite the



fact that bank sub-debt issuestypicdly sdl at lower yidds. The explanation provided by market
participants to Kwast et a. (1999) for issuance a the holding company level isthat doing so provides
the parents more discretion in alocating the funds raised by the debt issue. Neverthdess, the fact that
some banks issue sub-debt suggests that the cost difference between the two dternatives may not be
large.™

Although some banks issue sub-debt, virtudly no large bank subsidiary hes publicly traded
stock. We are not aware of any evauation of why banks do not issue equity, but two related
hypotheses are that minority shareholders would supply funds only at areduced price to reflect the risk
that the holding company would divert profits, and the holding company would be concerned that its
efforts to exploit synergies may be hindered by minority shareholder law suits™ Either effect could
discourage issuance a the bank level.

If one shareholder owns a controlling interest in afirm, but less than 100 percent of the equity,
the shareholder has an incentive to divert profits to other firmsin which he has alarger ownership stake.
Inafinancid holding company this task would be facilitated by the common practice of organizing
management structure around customer needs rather than legal charters. This style of organization
dlows the holding company to maximize the synergy gains fromits different subsdiaries, such asby
providing wholesd e customers with one-stop shopping for deposit, loan, and investment banking
products. However, this style also facilitates transfers of profits out of the bank. The holding company
may use its dlocation of revenue from bundled products, aswell asits control over transfer pricing
across subsdiaries, to shift profits from the partiadly owned bank subsdiary to the wholly owned

nonbank subsdiaries. Minority shareholders may sue if they perceive tha the banking subsidiary’s



management is not fulfilling its fiduciary responghilities to dl of the shareholders. However, such suits,
and the threat of such suits, are likely to raise the cost of co-operation across affiliates.
1.3  Evaluation of alternative risk measures

A combination of accounting variables, equity returns and sub-debt yields are dl possble
supplementsto the capitd ratios currently used for PCA. If on€ sgod isto produce the single best
measure of the likelihood of failure then a combination of these variables will dmost surely dominate any
individud varidble. However, if the god isto find a Sraightforward risk measure to supplement the
capital ratio triggersin PCA in order to deter forbearance then other issues must be considered.

The reason for supplementing the capitd triggersin PCA is that supervisors may forbear in
forcing banks to recognize losses, with the consequence that the capital measures may be overstated. |If
the stakes are high enough, banks may aso seek to manage other accounting variables, and if the
supervisors chose to forbear then banks will not be discouraged from engaging in such management.

A second condderation in deciding on a market measure to augment capital triggersin PCA is
the burden placed on banking organizations to generate the measure. The absence of publicly traded
equity by bank subsdiaries suggests that the cost of requiring such issues may be sgnificant and theory
provides agood reason for believing that the costs would be high. The issuance of sub-debt by some
banks and the above discussion suggests that the costs of requiring bank issuance of sub-debt may be
ggnificantly less

Thus, sub-debt yield spreads seem to provide the single best opportunity in the foreseeable
future to supplement the capitd triggersin PCA. The problem with using accounting measures results
from measurement error. Bank initiated, supervisory tolerated financid accounting Statement

management may create an inherent flaw in the use of these variables for PCA purposes. The problem



of having holding companies issue minority sharesin ther banking subgdiaries results from the
potentialy high costs. While these issues may turn out to be less of a problem upon closer ingpection,
any attempit to force such bank issuance until the costs are better understood would seemill advised.

2. Empirical methodology and data

21  Methodology

Our objectivein this section isto empiricaly evauate whether usng market information
embedded in sub-debt yield spreads could improve upon current procedures used for prompt
corrective action. That is, can debenture spreads outperform the capital ratios that are currently being
used to trigger bank supervisory action? Testing this does not require the development of a
sophidticated, multivariate statistical modd. While these models may add vaue to the supervisory
process, for example, through scheduling examination resources, they may not be dl that accurate in
forecadting if the determinants of future bank problems differ from those of the past. Additiondly,
econometric models may be too complex and “black box” in nature to be readily understandable by
relevant parties in the bank resolution process. e.g., eected officids, investors, and the courts. More
fundamentdlly, it is not our objective to build a comprehensive falure prediction modd, but rather to test
the performance of sub-debt relative to the signaing measures that are currently being utilized to
initiate supervisory action. Thus, as was done for prompt corrective action, our focusis on rdatively
smple uses of the capital and sub-debt yield spreads. However, even this approach results in a number
of complications due mainly to the nature of the data.

One way of comparing the accuracy of the two signals would be to contrast the predictive

accuracy of the two measures independently:
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Rik' = &, + b, (capitd ratio) "™ + e (1)

Risk' = & + by, (sub-debt signd) ** + g, 2
An dternative way to conduct the test is to include both measures as explanatory variables:

Risk' = as + g (capital ratio) ™ + g, (sub-debt signd) ™ + e, ©)
and to test the contribution of each risk sgna. We use each approach.

Data complications arise from potentid problems with dl three variables in the modd. Perhaps
the mogt difficult issue is that of determining the accuracy of the risk sgnd redizing that none of the
avalladle risk measures are entirdly free from error; even the decision to close an insolvent bank may be
partialy determined by other factors. As the risk measure used in this study we settle on the composite
rating assgned to the debt issuer by its federd supervisor: the composite CAMEL for banks and the
composite BOPEC for bank holding companies. The supervisory ratings have the advantage of being
issued at reatively high frequency and being based on the most comprehensive public and private data
avalable. Nevertheess, the ratings may contain both random error and systematic biases if supervisory
forbearanceis reflected in the ratings.

An additiona measurement issue, and one that has receved rether limited attention in the
literature, concerns how best to extract the credit risk sgnd from sub-debt yields. The most common
approach in existing empiricd work isto adjust for the time value of money by caculating the soread
between the yield on a sub-debt issue and the yield on comparable maturity Treasury obligations.
Unfortunately, even if sub-debt yield spreads over Treasuries were the best risk measure during our
sample period, they may not be in the future as the supply of Treasury obligations decreases. Therefore,
in addition to evauating the traditional spread over Treasuries, as atest for robustness and to capture

any peculiarities associated with non-Government debt issues, we aso conduct the analyss using the
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yield spread over corporate bonds. We consider the bank debenture spreads relative to two categories
of corporate bonds: Aaa bonds and, in line with the arguments of Evanoff and Wall (20004), the lowest
investment grade bond category (i.e.,, Baa).*®

The obvious choice for the capital adequacy measure is the risk-based capital adequacy ratios.
These have the virtue of having been internationaly endorsed and currently being used as a measurein
the regulationsimplementing PCA. An additiond virtue is that the data for calculating the measureis
readily available after 1994 for banks and can be estimated from Call Report Data for earlier years.

Thus, the hypothesis that more accurate credit risk measures may be extracted from sub-debt
yields than from capitd adequacy ratiosis tested by evauating the reative ability of sub-debt yields and
risk-based capitd measures to predict supervisory ratings. The form of these testsis dictated in part by
thedata. Supervisory ratings are most accurate at the end of an examination and existing evidence
suggests that their accuracy tends to decline over time!” The financia data required to generate bank
capitd ratios are available on a quarterly basis and sub-debt prices (transactions or estimated) are
avalable on adaily basis, but the daily changesin these prices are unlikely to be dominated by changes
in credit risk condderations. Given the timing of the data, the empiricd tests use the yidd spreads and
capitd ratios as of the end of a quarter to predict the supervisory rating in the following quarter.
2.2 Data

The data are quarterly observations obtained from 1985 to 1999 from four sources. The sub-
debt yidd data are from Bloomberg. The yield, when available, is obtained for each of the largest 100
banking organizations using the following process. 1) the largest outstanding bond issuance with pricing
information on Bloomberg isidentified, 2) that bond is tracked for the remainder of the sample, 3)

however, if theinitid bond matures during the sample period then data are gathered on a replacement
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bond issue (the largest dternative outstanding bond at the time the initid bond matures) and 4) data for
the replacement bond are subgtituted for theinitid bond starting from the issuance of the replacement
bond. Yield datafrom theinitid bond must be replaced with data from the replacement bond when the
initial bond matures. However, we use data from the replacement bond starting when that bond is
issued to reduce the potentia problems associated with obtaining pricing deta from the relatively illiquid
market of maturing bonds and, hence, reduces the noise in the sub-debt yield spread signal. Indeed,
Hancock and Kwadt (2001) find that market liquidity isimportant in determining the information content
of sub-debt spreads and that more recently issued bonds tend to be more liquid. When sufficient data
are available, Bloomberg reports volume-weighted average transaction prices. When debt is not
traded, or isthinly traded, “matrix generated” prices based on price quotes from informed market
traders are reported.*®

Yields on Treasury securities and corporate bonds are obtained from the data files at the Board
of Governors of the Federd Reserve System’ sweb site. Two risk measures are obtained from these
data. The variable Sub-debt spread over Treasuriesis calculated as the spread of each sub-debt issue
over a comparable maturity Treasury security. Treasury yields are linear interpolations of the term
structure across 3 month, 6 month, 1 year, 2 year, 3 year, 5 year, 7 year, 10 year and 30 year
securities. The variable Baa less Aaa yield is the difference between the yield on Moody’ s Baa bond
index and the Aaabond index. The Moody’s bond yield indices contain bonds of avariety of maturity.
The variadble Baa less Aaa yield may provide ameasure of market illiquidity if during illiquid periods
demand for higher quaity bonds increases relative to the demand for lower quality bonds.™

The two other yield-spread variables are the oread of bank bonds over roughly maturity-

matched corporate bonds rated either Aaaor Baa. Yield indicesfor Aaa and Baa bonds of various
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maturities (1-5 years, 5-10 years, and 10 years or more) are constructed from the universe of banksin
the Warga-Lenman Brothers Fixed Income Database, for the years 1990 and later.?® Then the
spreads, Sub-debt spread over Aaa maturity-matched bonds or Sub-debt spread over Baa
maturity-matched bonds, are caculated by subtracting the maturity-matched corporate yield from the
sub-debt yield.

The capital adequacy ratios are caculated from information on the Report of Condition data
(CAdl Reports) filed by banks and Y-9 data filed by consolidated bank holding companies. The Call
Reports did not provide the information required to precisdy calculate the banks' risk weighted
exposure under the risk-based capitd requirements until 1994. Thus, we estimated the risk-weighted
exposure using items available in the Cal Reports over the earlier period. Four capitd adequacy
measures are generated: 1) Total risk based capital ratio, 2) Tier 1 Leverage Ratio, 3) Tier 1
capital to risk-weighted exposure, and 4) PCA capital adequacy status. The PCA capital
adequacy status measure takes values from 1 to 5 depending on whether the bank is considered Wl
Capitdized, Adequately Capitdized, Under Capitdized, Significantly Undercapitdized or Criticaly
Undercapitalized, respectively, under the PCA guiddines This measureis of particular interest Snceit is
the measure currently being used to trigger PCA.

The supervisory ratings are the composite CAMEL(S) rating for banks or the composite
BOPEC rating for bank holding companies obtained from confidentia Supervison Department data.
Although most of our sample are holding companies (about 70% of firm-quarter observations) we use
the more familiar term CAMEL as the variable name for the supervisory rating.

The full sample congsts of 452 supervisory ratings assgned to banking organizations with

outstanding subordinated debt issues. The full sample contains complete information for dl variables
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except Sub-debt spread over Aaa maturity-matched bonds and Sub-debt spread over Baa
maturity-matched bonds, which were not available prior to 1991 or after mid-year 1998. Wedso
evduate an dternative bags for the debt spread, using a subsample of 321 observations containing the
bond spreads over Aaaand Baaiindices. The number of banks rated 3 or lower fdlsfrom 13 in the full
sampleto 8 in the restricted sample.

3. Empirical findings

An important preliminary question is the extent to which the various risk measures convey
different information. Table 1 provides Spearman rank order corration coefficientsin the upper triangle
and Pearson corrdation coefficientsin the lower triangle to contradt, in arather generd and
graightforward manner, the relationship between the CAMEL, debt spread, and various capital
adequacy measures.

Using the Pearson correlations, as expected, the various capital adequacy ratios are closdy
associated with each other; the only exception being the Total risk based capital ratio and PCA
capital adequacy status. However, given that both the CAMEL and PCA capital adequacy status
variables are ordina measures, the more relevant correations are the Spearman rank order correlations
that do not assume the variables are cardind measures. The PCA capital adequacy status is ill
sgnificantly corrdlated with both of the Tier 1 measures, but is ill not closdy associated with the Total
risk based capital ratio. Apparently the Tier-1 equity capitd requirement was generaly more binding
on the banks that issued sub-debt than was the tota capita requirement. Spearman correlations with

the bank risk measure (CAMEL) are somewhat mixed. CAMEL is sgnificantly corrdated with the Sub-
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debt spread over Treasuries, Tier 1 capital to risk-weighted exposure, and the Tier 1 Leverage
Ratio, but not with the Total risk based capital ratio or the PCA capital adequacy status.

Table 2 provides Spearman rank corrdations for the various yied spreads used in the andysis.
Thisincludes sub-debt spreads over maturity-matched Treasuries as well as spreads over both
maturity-matched and non-maturity-matched corporate bonds. Most of the spread measures are
sgnificantly corrdated with each other dthough there are substantid differencesin thelr association with
the CAMEL measure. Somewhat surprisingly, with one exception, the Sub-debt spread over
Treasuriesis not significantly correlated with the capital measures using ether correlation measure.
Thus, generdly, sub-debt spreads gppear to contain different information.

Although the correlaions provide some interesting ingghts, we may obtain more informeation
using abinomia or multinomia choice modd. For this purpose we estimate ordered logit models, thus
assuming the cumulative distribution function to be logistic.?* The first subsection below presents the
logit andlyss for abinomia choice mode based on supervisors categorizing banks as either problem
banks (CAMEL = 3, 4 or 5) or high-rated banks (CAMEL = 1 or 2). The second section summarizes
results from multinomia choice modds using the full range of CAMEL ratings. Within each section we
present results based on both the full sample with al of our observations and the more restricted sample
that contains only observations for which we have spreads over maturity-matched Aaa and Baaindices.
3.1  Thebinomial choice model: the full sample

While using the full range of CAMEL vaues has the virtue of exploiting dl of theinformationin
the data, it ds0 has an important disadvantage in evaluating dternative risk sgnasfor usein triggering
supervisory discipline. The overwheming mgority of the banking organizations in our sample, 439 of

452 organizations, were rated 1 or 2 by the supervisory authorities. Thus, the estimation results from
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using amode to estimate the full range of CAMEL vauesis necessarily going to place great weight on
separating the 1 and 2 rated banks. However, the supervisors rarely discipline banksrated 1 or 2, and
seldom distinguish between them over safety and soundness concerns. Thus, in this part of our anayss,
banking organizations rated 1 or 2 are combined into asingle, “high-rated” category to focus on the
relative ability of the sub-debt spread and various capital measures to predict banks that should be
disciplined. The gppropriate form of supervisory disciplineislikely to be more severe astherating fdls
from3to4 and from4to 5. Thus, idedly we would like to retain the 3, 4 and 5 ratings as separate
categories. However, given the small number of banks rated 3 and 4, and the absence of 5 rated banks
in our sample, we combine the 3 and 4 rated banks into asingle “low-rated” category. Thus, if dl the
regulators are interested in is categorizing banks into two broad groups instead of the finer breakdown,
this anayss will capture the potentid of the predictive power of dternative explanatory variables within
that framework. To test this power we run a number of Smple models with each of our predictive
variables.

The results from the binomid models are presented in Table 3. Single variable models are
presented in the firgt five columns where CAMEL ratings are related to the predicting variable valuesin
the previous period. For example, in column 5 of Table 3 the sub-debt yield at the end of the previous
quarter, Sub-debt spread over Treasuries, is shown to be postively related to the CAMEL rating, and
the associated p-vaue indicates that the parameter estimate is highly sgnificant. Smilarly, the criteriafor
asessing thefit of the model, the Chi-square for covariates and the associated p-vaue indicates that
ggnificant information is being added by incluson of the soread.

The results are not as good for the single variable modd s using the current prompt corrective

action categories, PCA capital adequacy status, or dternative measures of capita adequacy (columns
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1-4). While PCA capital adequacy status comesin sgnificant a the 10% level in Table 3, the modd
fit criteria (Chi-square for covariates) indicates that incluson of this variable adds to thefit of an
intercept-only model only & the 10% levd of sgnificance. Infact, a the 5% leve of Sgnificance, the
only capitd variablein Table 3 that performs gatisticaly significantly better than the intercept-only
mode isthe Tier 1 Leverage Ratio.?? Table 3 aso presents evidence on the impact of including
dternative capital measures along with the sub-debt spread (columns 6-9).% The results suggest thet
with the possble exception of the Tier 1 Leverage Ratio, little additiond information is being added by
including the dternative capitd ratios. Although PCA capital adequacy status is sgnificant a the 10%
level, it appears to add little predictive power.?* This wesk performance suggests that PCA capital
adequacy status is not very effective in sgnding troubled banks prior to intervention by the supervisors.
At the bottom of each column in the tables is a measure of the correlation between the observed
and predicted probabilities of the dependent variable. This correlation index is based on the number of
concordant, discordant and tied pairs. Concordance is calculated by first taking dl pairs of
observations with different rankings. In Table 3, for example, these pairs would consst of each of the
high-rated banks (ratings of 1 or 2) being paired with each of the low-rated banks (ratings of 3 or 4). A
predicted event probability is then obtained for both observations, say the probability of being low-
rated. If the observation that has alow rating has a sufficiently higher probability of being rated as such
then the rankings are concordant. If the high-rated bank observation has a higher probability of being
low-rated then the observations are discordant. If the probabilities of the low- and high-rated banks are
sufficiently close then the pair is categorized as atie” A summary correlation index, the Goodman-

Kruskd Gammaindex, is aso included for use in making comparisons across models. Generdly, the
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index approaches one as the number of discordant observations goes to zero, and zero as the number
of concordant and discordant observations becomes equal.?®

Of the single variable modds presented in Table 3, the one using sub-debt spreads has the
highest concordance; and once again the Tier-1 leverage measure is the best performing of the capitd
measures. Although the “percentage correct” is high for PCA capital adequacy status, the high levd of
“tied” observations suggests the modd is not very confident of its assgnment of individua observetions
and the low percentage of correct 3-4 classfications suggests the modd is doing very poorly in
identifying problem banks. Vaues for the Gamma index aso indicate that the sub-debt soread mode is
uperior to those uang dternative capitd measures. While the Gamma vdue isreatively high for the
PCA capital adequacy status modd, the measure is somewhat mideading asit is cdculated ignoring
the "tied" observations which condtitute the bulk of the observations. With the possble exception of the
gnglevariable Tier-1 leverage model, the rather low concordance found using the dternative capita
measures raise concerns about their usefulness to foresee future problem banks.

The logistic models dso correctly identify over one-hdf of the low-rated banksin dl of the
models that include Sub-debt spread over Treasuries. But even in these moddsthereis ill alarge
fraction of banks being misclassified. More problematic, with the possible exception of Tier-1 leverage
measure, the modd s with single variable capitd measures do ardatively poor job of capturing the low-
rated banks. However thisraises an interesting point in deciding how to weight the classfication errors.
We have estimated the relationship between the aternative risk measures and the CAMEL ratings and
used those estimates to predict the probability of abank recelving acertain rating. If one wanted to
decrease a particular type of prediction error, for example, supervisors may be more concerned about

‘missng’ troubled banks, then they could dter the critica probability vaue to capture more of the
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targeted firms. There is an obvious tradeoff, however, in that more of the dternative misclassfications
would occur. Aswe stated earlier, our purpose is not to develop a comprehensive bank failure modd,
but rather to compare the relative predictive power of sub-debt versus capital adequacy models using
the same predictive criteria. Based on these criteria, the sub-debt-based models seem to dominate
most of the capita-based modds, particularly the PCA capital adequacy status measure actualy being
used today.
3.2  Thebhinomial choice model: the restricted sample with spreads over corporate bond
yields

Using the redtricted data set permits the andlysis to be extended to look at spreads over Aaa
and Baa bonds of roughly comparable maturity. A basic finding from the results presented in Table 4 is
that based on measures of concordance or the ability to predict poor-rated banks the Sub-debt spread
over Baa maturity-matched bonds is adightly better predictor of bank risk than is the corresponding
spread over Aaabonds?’ Therefore, in the discussion that follows we emphasize the results found
using the spread over the Baabond. Aswith the larger sample and the more traditiond yield spreads
discussed above, the Sub-debt spread over Baa maturity-matched bonds isdso sgnificant in
explaining risk differences and when used as asingle variable modd correctly predicts bank risk ina
manner Smilar, or perhaps dightly superior, to that found using dternative debt spreads. However, the
results in the second column show that Baa less Aaa yield (the difference between the yield on Baa
and Aaarated debt) enters satigticaly sgnificantly and improves the predictive accuracy of the
model—albeit, not the ability to predict problem banks. The statigtically sgnificant postive coefficient
on this variable suggests a higher probability of banks being down-rated when overdl market risk is

high. The results from combining the capital adequacy variables with the debt spreads are cons stent
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with those obtained using the spreads over Treaauries, i.e,, only the Tier 1 Leverage Ratio is
datigicaly sgnificant when included as an explanatory varigble with Sub-debt spread over Baa
maturity-matched bonds. Moreover, the combination of the Sub-debt spread over Baa maturity-
matched bonds and Baa less Aaa yield gppears to be substantidly better than the combination of Sub-
debt spread over Baa maturity-matched bonds and the Tier 1 Leverage Ratio in terms of the
Gamma measure.
3.3  Testsfor robustness

We have tried to keep the specifications relatively smple, since the current procedure used to
initiate supervisory action istied to ardatively ample model. However, concerns about data quaity
lead us to conduct a number of robustness checks with dternative subsamples and yield spreads. Since
the*CAMEL” data can be obtained from ether the bank or the holding company, depending on where
the debt isissued, we account for potentia systematic differences by including a binary variable to
account for this difference. The coefficient was not sgnificantly different from zero in any of the auxiliary
runs and none of the basic results reported above were affected by theinclusion of thisvariable.
Additiondly, to see if market disruptions may affect the andyss we dlowed for varying effects through
time by introducing fixed time effects. The fixed effects have rdaivdy little impact on the findings
Across the various specifications, the time effects are inggnificant for most years except for 1992 when
the results indicate that ratings are systematically higher. None of the other variables or the basic results
of the andyss are Sgnificantly affected by the incluson of these time variables. We dso generated
estimates excluding matrix-generated prices, a price generating practice somewhat common for certain
infrequently traded issues. Again, the basic findings were not affected. Findly, we reestimated the

models for which the results are presented in Table 4 usng spreads based on non-maturity-adjusted
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corporate bond yields (i.e., Sub-debt spread over Baa non-maturity-matched bonds and Sub-debt
spread over Aaa non-maturity-matched bonds). Thisbassfor cdculating the soread is generaly
thought to be inferior to the maturity-adjusted measure and could perhaps result in relatively large
random error in the estimated gpreads. However, thisis one additiona piece of information that we
evauae to seeif we find sgnificant differencesin the estimates. While the estimates obvioudy differed
for the non-maturity-adjusted yield spreads, the basic findings remained unchanged. Thus, the findings
discussed above are rdlatively robust to changes in modd specification.
3.4  Themultinomial choice model

We next report, in more summary fashion, the findings based on the full range of CAMEL
ratings. That is, we estimate ordered logit models based on al the CAMEL ratings ingtead of just the
“good-bank” and * problem-bank” categories. Based on this ordering we again run a number of
reaively smple modes to evaduate the margind impact of debt spreads rdative to that of the dternative
capital adequacy measures. These results are presented in Table 5 and are summarized below.

Genedly the results are Smilar and sometimes stronger for the full set of CAMEL raings. The
variable PCA capital adequacy status isinggnificant, but the other three capitd adequacy measures
are datidicaly sgnificant. The debt spread, Sub-debt spread over Treasuries, aways enters
ggnificantly whether in asingle variable modd or in conjunction with the other explanatory variables,
whereas the sSngle variable modes using the aternative capital adequacy measurestypicaly perform less
satifactorily. What is most reveding from the single variable resultsis the poor performance of the
capital adequacy measure used for triggering prompt corrective action (column 6). Not only do the
criteriafor measuring modd fit indicate that the measure adds very little to an intercept-only modd, but

the concordance measure indicates that the model was essentidly unable to distinguish between banksin
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the various risk ratings. However, while the Sngle variable modds for the dternative capitd ratios
(columns 7-9) do not fit the data as well as does the sub-debt spread, each variable issgnificant in
explaning variationsin the bank risk measure.

When the dterndtive capitd ratios are used as additiond explanatory variables dong with the
sub-debt spread they add relatively little to the predictive power of the modd (columns 2-5). However,
again, the mogt glaring result from the andysisis the rdatively poor performance of the capitd adequacy
measure presently used to trigger prompt corrective action.

Findly, usng the restricted data set permits analyss of the more detailled CAMEL ratingsto be
extended to look at spreads over Aaa and Baa bonds of roughly comparable maturity. The logit results
from this analysis are not presented in the tables but may be summarized asfollows. Aswith the
binomiad logit results, the spread over Baa rated bonds again produces more accurate predictions than
does the spread over Aaarated bonds. The logit results also show that the variable Baa less Aaa yield
isgatidicaly sgnificant in modeswith Sub-debt spread over Aaa maturity-matched bonds and in
moddswith Sub-debt spread over Baa maturity-matched bonds. The capital adequacy variables,
except PCA capital adequacy status, did about as well as the combination of the Sub-debt spread
over Baa maturity-matched bonds and Baa less Aaa yield in terms of Satigticd sgnificance and
predictive accuracy. PCA capital adequacy status was ddidicdly inggnificant with very low
predictive accuracy

4, Conclusion

As banking organizations have become more complex, greater reliance on market discipline has

become attractive to many policy andysts. Although additional market discipline could be obtained in a
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variety of ways, increased reliance on subordinated debt has attracted considerable interest because
sub-debt iswidely perceived to be outside the federd safety net. This paper focuses on oneway in
which sub-debt may help generate increased discipline: using risk measures obtained from sub-debt
pricing to trigger supervisory action. In particular, the PCA provisons of the FDIC Improvement Act
of 1991 dready use bank capita adequacy ratiosto trigger supervisory action, and some recent
proposals recommend that sub-debt yields dso be used astriggers for PCA. This paper provides an
empirica evduation of the absolute and relative accuracy of the risk measures derived from cepita
adequacy ratios and sub-debt prices.

Thereis no error free measure of the true riskiness of a banking organization. The measure
used in this study isthe examiners overdl rating of each banking organization’s financid condition;
termed the BOPEC rating for bank holding companies and the CAMEL rating for banks. Thetests
evauate the ability of four capitd adequacy measures and sub-debt yield spreads at the end of a quarter
to predict the rating that will be assgned by the examinersin the following quarter. The purposein
predicting supervisory ratings using lagged capita adequacy ratios and sub-debt yields spreadsisto
reduce the extent to which the capita and sub-debt measures are merdly reflecting the findings of the
bank examiners.

The results suggest that sub-debt yield spreads do as well or better at predicting supervisory
ratings than any of the capitdization ratios. This result stisfies an important pre-requidte for usng sub-
debt asa PCA trigger. In part, thisresult is obtained because most of the capitad measures, including
the risk-based measures, were poor predictors of future supervisory ratings. Indeed, the results suggest
the surprising result that abank’ s capita adequacy status under PCA in one quarter is virtualy

uncorrel ated with the examination rating that the bank will receive the next quarter.
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Sub-debt yield spreads are not sgnificantly better than one of the capitalization ratios, the Tier-1
leverage ratio. However, when the bank examination ratings are divided into two categories, high-rated
and low-rated banks, both of these risk measures misclassify alarge fraction of the observations.
Whether the current proposal to improve the capital adequacy measures--the Basd Committee on
Bank Supervisoninternd models proposd for risk measurement--would result in asgnificant
improvement in practice dmost surely cannot be evauated using these tests for many yearsto come?®
Moreover, Evanoff and Wall (2000b) argue that the Basdl proposals may create an incentive for banks
to systematicaly underestimate their risk exposure. On the other hand, practica opportunities may exist
for improved measures of sub-debt yield spreads both now and in the future. One direction for
improving upon a potential sub-debt risk measure would be to better match sub-debt issues with
corporate bond indices of comparable maturity, e.g., calculating ayield spread using a sub-debt issue
with seven years to maturity and a portfolio of Baa corporate bonds with seven years until maturity.
Another direction, as suggested by Hancock and Kwast (2001) would be to collect improved measures
of sub-debt prices and yieds. Thismay be donein part, as they show, by judicious choice of bonds
and data sources. Findly, it may aso be the case that if a sub-debt proposal is adopted then changesin
the marketplace will lead to better pricing. More regular and possibly more frequent issues might lead
to greater market depth. Moreover, the increased supervisory attention to sub-debt yields may lead to

greater transparency of transaction prices.
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Endnotes

! The prompt corrective provisions are in Section 131 of the Federal Deposit Insurance Corporation
Improvement Act of 1991 and they are codified at 12 U.S.C. 18310. The federa bank regulatory
agencies have each adopted regulationsto implement PCA. For example, the Federd Reserve's
implementation may be found at 12 C.F.R. 208.40-45. PCA is based on an earlier proposa cdled
structured early intervention and resolution (SEIR) by Benston and Kaufman (1988).

2 White (1997) advocates the use of market value accounting (MVA) as the solution to the problems of
using GAAP. While MVA may reduce some of the problems, it may only exacerbate others. For
example, MV A would make the measurement of capital even more dependent on the judgement of
bankers that do not want to be disciplined, and on supervisors that may be hesitant to impose
discipline.

3 Kane (1985, chapter 4) documents the extent of the mismeasurment of changesin asset values due to
interest rate movementsin the thrift industry over the 1970s and early 1980s.

* A variety of recent papers have discussed the potential for increased reliance on sub-debt to
discipline banks including Benink and Schmidt (2000), Calomiris (1997, 1998), Ferguson (1999),
Kwast et d. (1999), Meyer (1999), and Moskow (1998). The use of sub-debt yield spreads asa
trigger for PCA is endorsed by the U. S. Shadow Financia Regulatory Committee (2000). Evanoff and
Wall (2000a, 2000c) provide a specific proposal on how the signas from sub-debt markets may be
used as supplements to the existing capita ratios used in PCA.

> Indeed, Benston and Kaufman (1998) find that losses have been imposed.

® One example in which examination findings may become known isin cases where the supervisors
delay assgning a CAMEL rating if they find problems. However, to the extent thisexigts, it most likely
resultsin a bias toward finding a relationship between risk and the capital measures. This results because
as the supervisors ‘work’ with the problem bank they most likely require adjustments to loan loss
dlocations, to asset vauations and to the resulting capitd ratios. When therating is assigned, it comes
after the adjustments when the capital measure should more accuratdly reflect the true condition of the
bank. Smilarly, to the extent that the financid data have been revised there exists a potentia biasin
favor of the capitd ratios. The financid accounting reports filed with the bank supervisors are revised
after theinitid filing if deficiencies are found in the origind data. Gunther and Moore (2000) evduate
the impact of changes in reported accounting information on the accuracy of models designed to provide
an early warning of impending problems at the bank. They find that the use of revised data does
sgnificantly improve the predictive ability of these early warning modds. We are aso employing the
most up-to-date data available, including revisons.

’ Going concern value isthe value of the bank’s assets net of its ligbilities in the hands of its existing

managers. Thisvaue may be reduce if the bank is resolved by the FDIC because of the direct costs of
resolution and any discount in the price paid by an acquirer.
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& Moreover, it is possible to compare the relative ability of capita adequacy ratios and yield spreadsto
predict asubset of exam ratings that may not be biased by forbearance. Examiners assign banks to one
of five categories, numbered 1 through 5. Banksthat arerated 1 or 2 are highly unlikely to be subject
to supervisory discipline for safety and soundness reasons, whereas banks rated 3, 4 or 5 will amost
surely be subject to discipline, with the disciplinary measures increasing in severity as the numeric exam
rating increases. Thus, forbearance is mogt likely to be associated with a biased examination rating if a
bank should have beenrated 3, 4 or 5. Supervisors have far lessincentive to assgn a“1” rating to a
bank that should have been rated a“2.” Thus, the tests of the relative ability of yield soreads and capita
adequacy to predict banks that should be disciplined are supplemented by tests of their relative ability to
discriminate between banks rated “1” and those rated “2”.

® See Pettway and Sinkey (1980) for an example of the use of equity returns to identify banks that are
likely to fall. While the vast event study literature in finance suggests that equity is a sendtive indicator of
changesin the expected vaue of returns, how accurately the variability of the bank returns can be
extracted from options on its equity has received less atention.

19 For example, see the analysis of Cole and Gunther (1998) in predicting bank failures and that of
Shumway (2001) for predicting the falure of nonfinancid firms.

" Gilbert, Meyer, and VVaughan (1999) make this point in the context of using econometric modes to
identify agriculturd banks (which are dmogt al smdl banks) at risk of fallurein the 1980s.

12 Jones (2000) suggests that banks are manipulating their risk as messured under the 1988 Basd
Supervisors Accord. The analysis of Gunther and Moore (2000) suggests that banks may aready
manage a variety of other variables to obscure potentia problems.

3 Thisis not to suggest that the supervisors should not be willing to impose any costs on banks. By
definition, binding regulation imposes costs on banks and bank supervisors dready impose alarge
number of binding regulations on banks.

14 Moreover, the recent trend may be towards more issuance of sub-debt by banks. Jagtiani, Kaufman
and Lemieux (2001) examine sub-debt issued by the 100 largest banks and their bank holding company
(BHC) parentsin 1997. They report that “the few bank bonds issued prior to 1992 had matured by
1997.” However, after gpplying dl of their sample selection criteriathey found 19 banks and 39 BHCs
had qudifying sub-debt issues. Thus, while more banking organizations issue debt through the BHC, a
Substantial number also issue sub-debt through their bank subsidiaries.

> The issuance of subsidiary shares with control rights in equity carve-outs is examined in a series of
sudies; see for example Allen and McConndl (1998). Similarly the issuance of shares that are intended
to track the performance of a subsidiary without granting control rights is examined by severa papers
including D’ Souza and Jacob (2000) and Billett and Vijh (2000). Studiesin both literatures find
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datigtically sgnificant abnorma returns for the parent’s sock upon the announcement of a carve-out or
issuance of tracking stock. However, these literatures focus on firms that voluntarily choose to engage
in such transactions, presumably because such transactions were expected to produce benefits for the
managers and/or shareholders of the parent. Thus, any favorable results of these studies may not extend
to aregulatory policy of forcing bank holding companies to engage in carve-outs or to issue tracking
gock. That Sgnificant costs may arise from such transactions may be inferred from the rdaively small
number of firmsthat engage in carve-outs and that issue tracking stock. Moreover, some of the firms
that engage in such transactions subsequently revert back to asmpler Sructure by ether divesting the
subsidiary or buying out the shareholdersin the subsdiary. Klein, Rosenfeld and Beranek (1991)

examine firms that undo carve-outs by ether repurchasing the stock or sdlling the subsdiaries. Billett
and Vijh (2000) report that three of the firmsin their universe of 28 tracking stocks had undone or were
reported to be in the process of undoing their tracking stock.

1 Critics of sub-debt proposals have argued that such programs will be procydlica in that they will
restrict bank behavior during economic dowdowns [see Kwast et d. (1999) Appendix D]. Evanoff and
Wal (20008) argue that utilizing Soreads over corporate bonds may partialy address this “problem”
dthough, by its very nature, any form of regulation can be expected to be somewhat procyclica.

17 See Cole and Gunther (1998) and Berger, Davies and Flannery (2000).

18 Prices are weighted averages based on aminimum of two price sources and they must be within an
“acceptable’ tight range.

19 Kwast et a. (1999) report statements from market participants that the sub-debt market became
highly illiquid in the wake of the East ASafinancd criss, Russan bond default and failure of Long Term
Capital Management in late 1998. In part based on this concern, Evanoff and Wall (2000c) provide for
the suspengion of using sub-debt yieldsif the market becomes sufficiently illiquid.

0 The data are indices crested for Bliss and Flannery (2001), and kindly provided, by Robert Bliss and
Mark Hannery.
21 Similar findings were generated using an ordered probit modd.

22 The superior performance of Tier-1 leverage, relative to aternative capital measures, was aso found
in Estrdla, Park and Perigtiani (2000).

% Thisis similar to the methodology of Smirlock, Gilligan, and Marshall (1984) and Smirlock (1985).
2 This statement is based on changes in the Gamma messure going from the single varisble modd using

the sub-debt spread to the two variable model including the PCA capital adequacy measure. We also
note that it is not the measure of association between the actud and predicted valuesthat is being
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optimized (the Gamma measure) as seen in the decrease in the Gamma vaue as some of the capita
adequacy measures are added to the single variable spread models.

% To classfy observations asties the SAS Logistic routine uses probability buckets of length 0.002. A
smilar procedure is followed below when the observations are solit into more than two risk categories.
The procedureis till vaid for two reasons. First, the dependent variable is an ordered variable; a
higher rating implies ariskier bank. Second, the logigtic regression estimates asingle set of coefficients
for each of the categories, with only the intercept coefficient varying across the categories.

% If ncisthe number of concordant pairs and nd the number discordant pairs then the Goodman-
Kruskad Gamma = (nc-nd) / (nc+nd). See Goodman and Kruskal (1972).

%" The predictive powers using this spread, however, does not seem to be significantly grester than
those found using the more traditional spread over Smilar maturity Treasuries for the same sample. We
aso conducted smilar analysis using the PCA capital adequacy status measure. The results were Smilar
to those found using the larger sample with the PCA capital adequacy measure typicaly being less
sgnificant than before.

%8 The latest work of the Basel Committee on Banking Supervision may be found at the Bank for
Internationa Settlements (BIS) publications web page: http://mww.bis.org/publ/index.htm
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Table 1: Simple correlation coefficients for risk measures, debt spreads and capital measures

CAMEL rating

Sub-debt spread over
Treasuries

Total risk based
capital ratio
Tier 1 leverage
ratio

Tier 1 capital to
risk-weighted
exposure

PCA capital
adequacy status

Upper triangle: Spearman rank correlation coefficients (in italics)

CAMEL rating

1.00000
(0.0)

0.23468
(0.0001)

-0.10798
(0.0217)

-0.18085
(0.0001)

-0.18659
(0.0001)

0.05528
(0.2408)

Lower triangle: Pearson correlation coefficients

Sub-debt spread
over Treasuries

0.24425
(0.0001)

1.00000
(0.0)

-0.03511
(0.4565)

-0.05159
(0.2737)

-0.02788
(0.5544)

0.00008
(0.9987)

Total risk based
capital ratio

-0.07205
(0.1216)

-0.09616
(0.0410)

1.00000
(0.0)

0.16782
(0.0003)

0.79455
(0.0001)

-0.03647
(0.4393)

Tier 1 leverage
ratio

-0.18704
(0.0001)

-0.05855
(0.2141)

0.33874
(0.0001)

1.00000
(0.0)

0.43523
(0.0001)

-0.41675
(0.0001)

Tier 1 capital to
risk-weighted
exposure

-0.18071
(0.0001)

-0.06355
(0.1774)

0.79073
(0.0001)

0.44107
(0.0001)

1.00000
(0.0)

-0.12158
(0.0097)

The significance probability of the correlation is provided in parentheses beneath the coefficients.
Number of observations = 452

PCA capital

adequacy
status

0.02752
(0.5595)

-0.00260
(0.9560)

-0.03941
(0.4032)

-0.31793
(0.0001)

-0.09612
(0.0411)

1.00000
(0.0)
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Table2: Spearman rank correlation coefficients for alternative debt yield spreads

Sub-debt spread Sub-debt spread  Sub-debt spread Sub-debt spread

over Baa over Aaa over Baa non- over Aaa nhon-
. Sub-debt spread
CAMEL rating over Treazries maturity- maturity- maturity- maturity-
matched bonds matched bonds matched bonds matched bonds
CAMEL ratin 1.00000 0.38625 0.22675 0.14890 0.06101 0.10893
9 (0.0) (0.0001) (0.0001) (0.0075) (0.2758) (0.0512)
%:;eﬁzpreed over 1.00000 0.18492 0.30346 0.45425 0.54412
(0.0) (0.0009) (0.0001) (0.0001) (0.0001)
?a?ﬁibt_fnp;tesﬁ;"; Sea 1.00000 0.58027 -0.05867 -0.04777
y (0.0) (0.0001) (0.2947) (0.3937)
?att’jibt_fnp;tesﬁezvi hea 1.00000 0.42259 0.47618
y (0.0) (0.0001) (0.0001)
ﬁgg:ﬂqﬁﬁ:ﬁngg‘;& 1.00000 0.96330
b (0.0) (0.0001)
Sub-debt spread over Aaa 1.00000
Non-maturity-matched (0.0)
bonds '

The significance probability of the correlation is provided in parentheses beneath the coefficients.
Number of observations = 321.



Table 3: Binomial model predicting CAMEL ratings as afunction of capital ratios and debenture spreads over the Treasury rate

Parameter Parameter Parameter Parameter Parameter Parameter Parameter Parameter Parameter
Variable Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate
(1) (2 (3 (4) (5) (6) (7) (8) (9)
Intercent -5.2195 -3.0839 1.2028 -1.3070 -4.5877 -6.3409 -4.2802 -0.0959 -2.4323
P (0.0001) (0.1008) (0.5061) (0.4499) (0.0001) (0.0001) (0.0268) (0.9611) (0.1641)
. 1.1047 1.1159 1.1032 1.0205 1.1135
Sub-dlebt spread over Treasuries (0.0038) (0.0035) (0.0039) (0.0088) (0.0039)
. 1.5700 1.6056
PCA capital adequacy status (0.0525) (0.0519)
. . . -0.0352 -0.0247
Total risk based capital ratio (0.8155) (0.8695)
. . -0.7052 -0.6876
Tier 1 leverage ratio (0.0119) (0.0198)
Tier 1 capital to risk-weighted -0.2622 -0.2570
exposure (0.2083) (0.2127)
Association of Predicted Probabilities and Observed Responses
Concordant 14.8% 43.2% 65.9% 54.8% 76.8% 77.9% 74.9% 75.0% 73.4%
Discordant 3.1% 35.4% 30.8% 40.3% 19.0% 17.9% 20.3% 22.5% 23.1%
Tied 82.1% 21.4% 3.3% 4.9% 4.2% 4.2% 4.8% 2.5% 3.5%
Gamma 0.656 0.099 0.363 0.152 0.604 0.625 0.574 0.539 0.521
% Correct 94.0% 23.2% 55.3% 38.9% 58.0% 70.1% 59.1% 63.3% 58.2%
% 3 - 4 Correct 15.4% 0% 69.2% 53.8% 69.2% 69.2% 61.5% 76.9% 61.5%
% 1 - 2 Correct 96.4% 23.9% 54.9% 38.5% 57.6% 70.2% 59.0% 62.9% 58.1%
Chi-square for covariates 2.259 0.058 6.402 1.797 6.475 9.283 6.504 12.049 8.198
(p - value) (0.0967) (0.8098) (0.0114) (0.1801) (0.0109) (0.0096) (0.0387) (0.0024) (0.0166)

The dependent variable takes a value of 0 for CAMEL (or BOPEC) ratings 1 and 2, and a value of 1 for ratings 3 and higher. The PCA capital adegquacy status ranges from 1
for the best capitalized banks (well capitalized) to 5 for the least well capitalized (critically undercapitalized). The p-values for the maximum likelihood parameter estimates are in
parentheses below the coefficients. The “Chi-square for covariates’ statistic is based on the log likelihood statistic, and tests the marginal explanatory power of the independent
variables relative to a model with only a constant term. The associated p-values are included in parentheses.

Concordance is a measure of the correlation between the observed and predicted probabilities of the dependent variable. A pair of observationsis said to be concordant if, based on the
model, the observation that has a particular rating has a sufficiently higher probability of receiving that rating than does the other observation. A pair is discordant if the reverseis
true. A pair istied if the probability interval between the two observations is sufficiently small, 0.002. A correlation index, the Goodman-Kruskal Gamma index, is also included for
assessing the predictive power of the model and for making comparisons across models. If nc isthe number of concordant pairs and nd the number of discordant pairs, then the
Goodman-Kruskal Gamma = (nc - nd) / (nc + nd). See Goodman and Kruskal (1972). Generaly, the index approaches zero as independence between the two measures increases.
Number of observations = 452.
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Table 4: Binomial model predicting bifurcated CAMEL ratings as afunction of capital ratios and debenture spreads over Baa and Aaabond indices

Parameter Parameter Parameter Parameter Parameter Parameter Parameter Parameter Parameter Parameter
Variable Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate
(1) (2 (3) (4) (5) (6) (7) (8) (9) (10)

Intercent -3.9322 -8.9797 -3.4383 2.6748 -1.8384 -4.0496 -6.4383 -4.3577 2.0470 -1.6701

P (0.0001) (0.0001) (0.0602) (0.2626) (0.3854) (0.0001) (0.0001) (0.0460) (0.3857) (0.4461)
Sub-debt spread over Baa 1.7941 1.9189 1.8077 1.7573 1.7792
maturity-matched bonds (0.0343) (0.0097) (0.0330) (0.0413) (0.0367)
Sub-debt spread over Aaa 1.0045 0.3293 1.0067 0.8125 1.0395
maturity-matched bonds (0.0476) (0.6047) (0.0471) (0.1063) (0.0433)
Baaless Aaayield 6.9990 3.7040

(0 0ON1R) (0 NARR9)
Total risk based capital 0.0554 0.0241
ratio (0.7694) (0.8848)
. . -1.0069 -0.9200
Tier 1 leverageratio (0.0087) (0.0142)
Tier 1 capital to risk- -0.2434 -0.2792
weighted exposure (0.3265) (0.2843)
Association of Predicted Probabilities and Observed Responses

Concordant 73.3% 88.9% 74.3% 80.2% 63.8% 58.9% 84.0% 58.2% 76.6% 61.0%
Discordant 24.0% 10.2% 23.5% 17.7% 31.9% 36.1% 12.3% 36.5% 21.3% 35.1%
Tied 2.8% 1.0% 2.2% 2.0% 4.3% 4.9% 3.7% 5.3% 2.1% 3.9%
Gamma 0.507 0.794 0.519 0.638 0.332 0.240 0.745 0.229 0.564 0.270
% Correct 64.8% 78.2% 64.8% 72.9% 66.4% 66.7% 84.1% 66.7% 69.5% 63.6%
% 3 - 4 Correct 75.0% 62.5% 62.5% 62.5% 50.0% 37.5% 50.0% 25.0% 50.0% 37.5%
% 1 - 2 Correct 64.5% 78.6% 64.9% 73.2% 66.8% 67.4% 85.0% 67.7% 70.0% 64.2%
Chi-square for covariates 4.083 12.818 4.164 11.529 5.122 3.088 5.921 3.108 9.408 4.343
(p - value) (0.0433) (0.0016) (0.1247) (0.0031) (0.0772) (0.0789) (0.0518) (0.2114) (0.0091) (0.1140)

The dependent variable takes a value of 0 for CAMEL (or BOPEC) ratings 1 and 2, and a value of 1 for ratings 3 and higher. The p-values for the maximum likelihood parameter estimates
are in parentheses below the coefficients. The “Chi-square for covariates’ statistic is based on the log likelihood statistic, and tests the marginal explanatory power of the independent variables relative
to amodel with only a constant term. The associated p-values are included in parentheses.

Concordance is a measure of the correlation between the observed and predicted probabilities of the dependent variable. A pair of observationsis said to be concordant if, based on the model,
the observation that has a particular rating has a sufficiently higher probability of receiving that rating than does the other observation. A pair isdiscordant if thereverseistrue. A pairistied if the
probability interval between the two observations is sufficiently small, 0.002. A correlation index, the Goodman-Kruskal Gamma inde, is also included for assessing the predictive power of the model
and for making comparisons across models. If ncisthe number of concordant pairs and nd the number of discordant pairs, then the Goodman-Kruskal Gamma = (nc - nd) / (nc + nd). See Goodman and
Kruskal (1972). Generally, the index approaches zero as independence between the two measures increases. Number of observations = 321.
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Table 5: Ordered logit model predicting the full range of CAMEL ratings as afunction of capital ratios and debenture spreads

Parameter Parameter Parameter Parameter Parameter Parameter Parameter Parameter
Variable Estimate Estimate Estimate Estimate Estimate Estimate Estimate Estimate
(1) (2 (3) (4) (%) (6) (7) (8)
Interceptl -6.1568 -6.5308 -4.9173 -3.7823 -4.1632 -5.3244 -3.7125 -3.0276
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Intercept2 -4.6532 -5.0256 -3.4137 -2.2678 -2.6555 -3.8346 -2.2232 -1.5346
(0.0001) (0.0001) (0.0001) (0.0023) (0.0001) (0.0001) (0.0007) (0.0080)
Intercept3 -0.8463 -1.2153 0.4066 1.6096 1.2118 -0.1896 1.4357 2.1696
(0.0001) (0.0289) (0.5306) (0.0208) (0.0358) (0.7079) (0.0190) (0.0001)
Sub-debt spread over 1.1838 1.1878 1.1739 1.1717 1.1904
Treasuries (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
. 0.3532 0.3027
PCA capital adequacy status (0.4707) (0.5272)
. . . -0.1000 -0.1055
Total risk based capital ratio (0.0411) (0.0304)

. . -0.3463 -0.2343
Tier 1 leverage ratio (0.0002) (0.0001)
Tier 1 capital to risk-weighted -0.2361
exposure (0.0001)

Association of Predicted Probabilities and Observed Responses

Concordant 47.8% 48.2% 50.4% 52.3% 56.2% 4.6% 27.1% 48.1%
Discordant 24.0% 24.6% 24.1% 26.1% 24.0% 3.6% 20.8 % 28.1%
Tied 28.2% 27.20 25.5% 21.6% 19.8% 91.8% 52.1% 23.9%
Gamma 0.332 0.325 0.353 0.334 0.402 0.126 0.130 0.263
Chi-square for covariates 23.425 23.910 27.796 37.435 38.874 0.372 4.952 15.742
(p - value) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.5419) (0.0261) (0.0001)

Parameter
Estimate
(9
-2.5769
(0.0026)
-1.0808
(0.1180)
2.6252
(0.0001)

-0.3543
(0.0001)

46.0%
28.4%
25.5%
0.236

14.949
(0.0001)

The dependent variable takes a value of 0 for CAMEL (or BOPEC) ratings 1 and 2, and a value of 1 for ratings 3 and higher. The PCA capital adequacy status ranges from 1
for the best capitalized banks (well capitalized) to 5 for the least well capitalized (critically undercapitalized). The p-values for the maximum likelihood parameter estimates are in
parentheses below the coefficients. The “ Chi-square for covariates” statistic is based on the log likelihood statistic, and tests the marginal explanatory power of the independent variables

relative to a model with only a constant term. The associated p-values are included in parentheses.

Concordance is a measure of the correlation between the observed and predicted probabilities of the dependent variable. A pair of observationsis said to be concordant if,
based on the model, the observation that has a particular rating has a sufficiently higher probability of receiving that rating than does the other observation. A pair is discordant if the
reverseistrue. A pairistiedif the probability interval between the two observations is sufficiently small, 0.002. A correlation index, the Goodman-Kruskal Gamma index, is also
included for assessing the predictive power of the model and for making comparisons across models. If nc isthe number of concordant pairs and nd the number of discordant pairs, then
the Goodman-Kruskal Gamma = (nc - nd) / (nc + nd). See Goodman and Kruskal (1972). Generally, the index approaches zero as independence between the two measures increases.

Number of observations = 452.
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