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THE USE OF ACCOUNTING AND STOCK MARKET DATA TO PRED ICT BANK
FINANCIAL DISTRESS: THE CASE OF EAST ASIAN BANKS

Isabelle Distinguify Amine TaraZi* and Jocelyn Trinidal

Abstract

This paper investigates whether market informatonld add to accounting information in
the prediction of bank financial distress in Asfastepwise logit model is first estimated to
isolate the optimal set of accounting indicatorsdathen extended to include market
indicators. Dummy variables are also introducedtl® model to account for the possible
existence of balance sheet structure effects. @sults show that market indicators bring in
additional information in the prediction processdathis contribution holds whatever the
importance of the ratio of market funded liabilgiever total assets. We also find that market
indicators are significant to predict banks' finaaic distress whatever assets structure.
However, for non traditional banks, that is for lkanwith a low ratio of net loans to total

assets, market information seems difficult to iortet.
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1. Introduction

Given the major role played by banks as interméshan the financial system, it is essential
that supervisors assess banks’ financial health fvequent basis. To predict banks’ financial
situation, early warning systems (EWS) have beamgded but most models mainly focus on
accounting data which are backward looking. Moregtres reliability of accounting data has
always been questioned given the very persistenessof information quality and diversity in
the application of accounting principleés a result, users of financial information alsol
into other available information that could aid then making more informed decisions.
Market data are considered as a viable complenseatdounting information in the conduct
of assessing bank financial health. Thus, the fiseaoket data is more and more considered
to enhance the supervisory process (Berger, DaaesFlannery [2000], Flannery [1998]).

Several studies have been conducted to determimaarket information can complete
accounting information to predict banks' finandaklth. In the US case, Curry, Elmer, and
Fissel [2007] and Evanoff and Wall [2001] show ttie use of market indicators improves
the assessment of banks financial health. It is e case in Europe. Indeed, Gropp, Vesala
and Vulpes [2006] and Distinguin, Rous and Tara@0p] show that market indicators add to
the predictive power of accounting indicators ahdttthey can predict deteriorations in

banks’ financial condition at relatively long haizs.

With the occurrence of the Asian Crisis, there Wwagghtened interest in the role of the
banking sector in Asian economies especially sinuest studies in this area pinpoint
particular weaknesses in the sector which aggrdvie crisis. However, in the Asian case,
little has been written on the prediction of barfksancial degradations since most studies

focus on early-warning models of banking crisesnfipgiic-Kunt and Degatriache, [2000]).

The objective of this paper is to determine if,the Asian banking sector, equity market
information can complete accounting informationpiedict banks' financial distress. The
paper also looks into the reliability and stabildf market indicators given the presence of

balance sheet structure effects. Indeed, it maynbee difficult for market participants to

! Users of financial information are on the alerthmespect to the quality of accounting informatisince
management (the company) has the incentive to ¢Befgnerally accepted accounting principles thatld
favorably present financial performance. On theepthand, the development and adoption of Internatio
Accounting Standards (IAS) aim to eliminate diviergind country differences in the application of@mting
principles.



assess the financial health of banks heavily ire@Iw loan activities as they are supposed to
be more opaque (Diamond, 1984). By contrast, baeksily relying on market funding may
be more accurately scrutinized by the market. Usight Asian countries as a point of study,
this paper also aims to further investigate po&érmifferences between banks from the tiger

economies and banks from emerging markets.

The paper is organized as follows: Section 2 ptssitie methodology adopted for our study.
Section 3 describes the data and the set of eatlyuating and market indicators used in our

estimations. Section 4 presents the results arnitbeeégconcludes.

2. Methodology

The main purpose of this study is to determineqgfiiy market indicators can bring in
information not yet contained in accounting dat@itedict bank financial distress. In order to
do this, a stepwise process is employed whichaihytsolely considers the set of accounting
indicators for the prediction model. The proceskisr on extended to include a large set of
market indicators to determine the marginal contrdn of these indicators in the prediction
process. Then, to test the existence of balancet stteicture effects, dummy variables are
introduced. Thus, we determine the effect of badasiteet structure on the effectiveness of

the selected market indicators.

To begin with, we need to determine an event tbatdcrepresent a change in the financial
situation of a bank. Studies conducted in the USnipause explicit bank failures or
supervisory ratings downgrades as in Curry, Elnmer Bissel [2007], Kolari, and al. [2002]
and Gunther, Levonian, and Moore [2001]. In thedpean case, sharp downgrades (Gropp,
Vesala and Vulpes [2006]) are used as proxies tuah bank failure or downgrade
announcements by private rating agerfci@istinguin, Rous and Tarazi [2006]) as proxies
for financial distress. In Asia, there have beety daw actual bank failures. Thus, in this
paper, following Distinguin, Rous and Tarazi [2006\ve consider downgrading
announcements from the three major rating ageisiels, Moody’s and Standard and Poor’s
to represent deteriorations in the bank’s financaaddition.

2 Due to confidentiality laws in most countriesisidifficult to gain access to explicit superviseagings in
Europe.



Accounting G and market M indicators are computed to estimate the probgbdit a
downgrade. However, accounting and market datana@ir@vailable at the same frequencies.
As such, the starting point for this study is Debem3f' of each year - when accounting
information is available. Events taking place dgrithe following calendar year are then
considered, which avoids the interpolation of nmgsaccounting data and ensures that the
information content of accounting data is not inrappiately upward biased.

For each bank in the sample, the dependent varfaldeequal to:
= 1, if the bank is downgraded by at least one radiggncy with no upgrading taking
place during the entire calendar year and no doadeyior upgrade during the last
guarter of the preceding year,

= 0, if the rating remains unaltered or if the bamperienced an upgrade during the
calendar year; and;

= NA (not available), for all other cases.

Figure 1 illustrates the definition of the depertdeariable Y (0, 1, NA).

Insert Figure 1

As in Distinguin, Rous and Tarazi [2006], the faliag logit model is employed to estimate

the probability of a downgrade:
J L
Prob{Y, =1} = q{mzﬂjcji +ZV.MHJ
=1 1=1

where G and M, are the § accounting indicator and th& market indicator, respectively,

and®(.) denotes the cumulated logistic distribution fumetiMaximum likelihood estimators
of the coefficients(a, B;, yl) are used and robust Huber-White covariance masimation

allows for possible misspecification of the erremb distribution.

In the selection of the optimal predictors of bdimancial distress, only the predictive power

of the accounting indicators is considered firgheTbest indicators are selected through a



stepwise processThe procedure is then extended to include marditators in order to
determine their marginal contribution to the préidic model. Market indicators are added to

the optimal subset of accounting indicators obwimethe first step.

However, due to the possible existence of balaheetsstructure effects, there is a need to
test for the stability of the contribution of markiedicators in the prediction process. This is
tested in the model through the inclusion of dunvasables. We also conduct estimations of

the different models on restricted samples of banks

3. Sample and Indicators

3.1. Sample

Our sample consists of 64 banks from Hong Kong,edpfmaiwan, Singapore, Malaysia,
Thailand, Indonesia and the Philippines. These daaie regularly listed in their home
countries and are rated by at least one of theethaéing agencies Fitch, Moody's and

Standard and Poor’s.

The banks are categorized into two groups A an@il®. bank is classified as group A, if it is
from Hong Kong, Korea, Taiwan or Singapore; theaugr B, if from Malaysia, Thailand,
Indonesia or the Philippines. It is more prudengtoup the banks into country categories as
the two country groups exhibit different charadtes particularly with respect to the level of
development of their financial system.

Table 1 presents the distribution of banks by cguahd specialization for the combined

groups A and B, group A and group B. Informatiotaisen from Bankscope Fitch IBCA.

Insert Table 1

Accounting data come from Bankscope Fitch IBCA avekkly market data are obtained

from Datastream International. In order to avoidsaaelated to the 1997 financial crisis, we

% As a rule of thumb, a 10% level for type 1 ermrétained and a Max (Min) LR statistic is usea@ asiterion
for adding (ruling out) each potential indicator(tmm) the selected set.



restrict our sample to the post-crisis period 19004. Table 2 shows some descriptive
statistics on summary accounting information fanbmed and separate bank groups.

Insert Table 2

3.2. Financial Deterioration Indicator

The downgrades used in this study are announcehbebgating agencies Fitch, Moody’'s and
Standard and Poor’s. This information is obtaineanf Bankscope Fitch IBCA and Fininfo.
Table 3 gives details on the downgrades consideartds study. Since several restrictions are
applied on the construction of the binary dependemiable Y, only a limited number of
“clean” downgrades are subsequently consideredhis $tudy. For example, if several
downgrades occur during the calendar year, we denghem as a single event. Of the total
forty-five (45) combined downgrades from the rasirggencies, only twenty (20) “clean”

downgrades are used for the estimations.

Insert Table 3

3.3. Accounting Indicators
We use a set of accounting ratios (see Table 4wty used in the assessment of bank
financial health. These ratios can be groupedfiio categories corresponding to the CAEL

rating categories: Capital, Asset quality, Earniagd Liquidity.

Following Distinguin, Rous and Tarazi [2006], wensider first order differences of these
ratios as explanatory variables which seems pigliera the use of ratios in level as Curry,
Elmer and Fissel [2007], Gunther, Levonian, and Mof2001. Indeed, we aim to predict
changes in the financial condition of the bank it®financial condition. More importantly,

our study requires equal consideration of bankarddgss of their initial financial strength.
More precisely, the downgrade of a sound and safek bas compared to a modestly
performing bank can only be captured by a changdenvalues of the ratios of this bank.

Consequently, (s defined as the annual change in the value chtlseunting ratio R



Insert Table 4

3.4. Market Indicators

We use weekly equity prices to compute the setarket indicators used in this study. These
indicators and their expected relationship with pihe@bability of bank failure are presented in
Table 5.

The effects of shocks or the presence of abnorgtalns can be captured by the variables
LOGP, RCUM, EXCRCUM, RCUM_NEG, EXCRCUM_N&t@&CAR,while we useiBETA
andADD to detect risk changes and changes in the pratyadsiifailure, respectively.

Insert Table 5

4. Empirical Results

First, we consider the predictive power of the sateounting indicatorvia a stepwise
process. Then, the process is extended to incluikenindicators. This enables to assess
their marginal contribution to the prediction preseDummy variables, to capture possible
balance sheet structure effects, are also intratlucethe model in order to test for the

stability of the contribution of market indicators.

As a preliminary step, univariate regressions avedacted. Regional results pertain to
combined groups A and B; while group A pertainsbémks from Hong Kong, Singapore,
Korea and Taiwan; and group B to banks from Makys$ndonesia, Thailand and the
Philippines. For regional estimations, we take iattcount country group differences by
introducing a dummy variable GRPB which is equabne for banks belonging to group B.



4.1. Univariate Regression Results
Table 6 shows the results for the univariate regoes on the accounting and market
indicators for Asian banks. Results are only regbrivhen the coefficients are at least

significant at the 10% level.

Insert Table 6

Regional results show that changes in the profitglg@iarnings ratios NIR_EA and ROAA are
significant at the 5% level. The negative sign bé tcoefficients is consistent with the
expected negative relationship between profitgbditd bank financial distress. The changes
in the liquidity ratios NL_DEP and NL_TEA are alsgnificant at 1% and 5%, respectively.
But, the negative sign of the coefficients is noingistent with the expected negative
relationship between liquidity and bank financiataess. For market indicators, EXCRCUM
and ADD are significant at the 5% level. The sign of teefficient of EXCRCUM is the
expected one but the sign of the coefficient asdedito the change in the distance to default
ADD is opposite to the presumed dhe.

For group A, three liquidity indicatoraLIQASS _TOTDB,ANL_TEA, andANL_DEP, are
significant at the 5%, 10% and 1% levels respeltibat with the wrong signs. Significant
market indicators are CAR, EXCRCUM, LOGP, RCUM, R@NEG and ABETA. The
signs of the coefficients of these indicators alform to the expected relationship with bank

financial distress, except f&WABETA.

Group B results also prove to be interesting shgwihat the accounting indicators
AKP_DEPSTFAKP_LIAB, ANL_DEP andAROAA appear as significant. For these banks,
capital ratios are also meaningful in the predictocess. The sign of the coefficients all
conform to the expected relationship with bank ricial distress except foANL_DEP.
LOGP, ADD andARISK_TOT are the significant market indicators goup B. However,

* An explanation for this result may be that, in sample of banks, the median of the annual changsal
liabilities is $ 179.84 million for downgraded banknd $ 354.06 for banks with a stable rating anzgrade.
Thus, even if the market value of bank equity stdecreasing before the actual downgrade, it isiplesthat
the relatively lower increase in the value of debtdowngraded banks is driving the distance t@adkfin the
opposite direction for these banks. Indeed, thkesprice of the Call option used to calculate disance to
default is the value of debt. And, a lower strikie@ implies a lower default probability.



only the sign of the coefficient of the variald®RISK_TOT is consistent with the expected

relationship with bank financial distress.

Interestingly,ADD, which is the annual change of the distance dfault, is a significant
indicator for the regional and group B results list coefficient has the wrong sign.
ADD_TRIM? (the quarterly change of the distance to defawéty also calculated, eventually
emerging significant at 10% for group B with a dméént that has the expected sign. In this
case, the same variable computed on a differemns bakaves inconsistently. The sign of the
coefficient associated wWithBETA also exhibits the wrong relationship with baimancial
distress. The behaviour of these two market indisais noteworthy at this point. The
variables seem to show a certain level of sensjtiwith respect to the assumptions used in
the computation particularly with the case AIDD. ABETA is also a variable that can be

computed on the basis of several measures.

4.2. Contribution of Accounting Indicators

After conducting the univariate regressions antaity determining the set of indicators that
are significant, stepwise procedures are considdigle 7 is a presentation of the results for
the stepwise procedure based on the full set afuating indicators.

Insert Table 7

For the combined groups A and B, the stepwise tesklow that earnings ratios are the
optimal predictors of bank financial distreANIR_EA andAROAE are significant at the 5%
and 10% levels, respectively. The sign of the coeffits also conform to the expected
inverse relationship of profitability with bank &ncial distress. These results are consistent
with the results of the univariate regressions caotetl on the regional set of banks where
earnings ratios emerge as significant. Also, themy variable GRPB, that takes the value of
one for group B banks, is significant at 5% showtimgt Group A and Group B banks behave
differently.

> ADD_TRIM is not retained in the study because interpolatedunting data is needed for the computation of
this indicator which may bias the results.



For group A banks, the stepwise procedure yieldsirgs ANIR_EA) and asset quality
(ALLR_TA) indicators as the best predictors of bamarmcial distress, while it was mostly
liquidity ratios that emerged as significant in thetial regressions. The signs of the
coefficients conform to the expected relationshithvbank distress. Only one accounting
indicator emerges after the stepwise proceduregfoup B banksA NL_DEP at the 5%

significance level but with the wrong sign.

4.3. Additional Contribution of Market Indicators
To determine the set of market indicators that route further to the prediction of bank
distress, the accounting information based modelxiended to include market indicators.

Table 8 shows the results of the stepwise procedure

Insert Table 8

The market indicators that significantly add to theedictive power of the accounting
indicators for the regional set are EXCRCUM axidD which is consistent with the initial
univariate regression results. These indicators s@grificant at the 5% and 1% level of
significance, respectively. The sign of the coédint of the indicator EXCRCUM conforms

to the expected relationship with bank financiakigiss whileADD does not.

For group A banks, the market indicators LOGP AB&TA increase the predictive power of
a model based solely on accounting indicators. dhedicators are both significant at the
10% level. The sign of the coefficient 8BETA, however, does not conform to the expected
positive relationship with bank financial distress can be seen in the univariate regression

result.

Two market indicators appear to increase the ptigdipower of the model based only on
ANL_DEP for group B banks: CAR and EXCRCUMNEG. Hoeevonly the sign of
EXCRCUMNEG conforms to the expected relationshifhvsiank financial distress.

The tests at the bottom of the table indicate tiMuatever the group of countries, market
information contribute to the model's overall fis ave can reject the null hypothesis that

market indicators are not significant at the 5 gmsicance level.

10



Therefore our results support the conjecture thatimtroduction of market indicators in the
prediction model can add information not yet camddi in accounting data. The signs of the

coefficients associated with these indicators, ¢fnpare not always the expected ones.
4.4. Balance sheet structure effects

We study the accuracy of market indicators foreddght balance sheet profiles. First, we
consider the structure of assetia the importance of the ratio of net loans to totsdeds.
Then, we study the impact of the structure of linbs on the effectiveness of market
indicators by considering the importance of theoraff market funded liabilities to total
assets. In each case, we consider the impact tfalhece sheet structure (assets or liabilities)
by introducing a dummy variable that takes the @abdfi one for banks with a value of the
considered ratio higher than the median value ®f#tio and zero otherwise. We also run the

regressions on two sub-samples constructed onatis bf the value of the dummy variable.

The model specification to capture the effectssifodows:
J L L
Prob (Y, =1) =<D(a+5GRPB+z,8j G+Y ¥ M+> y' DUM Mj
j=1 I=1 I=1

where DUMis a dummy variable which captures the considefiedte

A test to assess the hypothesis that the considdfect neutralizes the predictive power of

each market indicator i, : y; + ), =001) is conducted.

Estimations are also conducted on two sub-samm@ésedl on the basis of the value of the
dummy variable. Due to data limitations, estimati@me only run on the regional sample of
banks (full sample).

Besides, because the change in the distance talde&f®D has the wrong sign in our

estimations we omit this variable in our furtheréstigation&

® We also ran the estimation wiDD and we found the same results. Besides, rurthingecond stepwise
procedure withouADD does not lead to the selection of another dicanit market indicator.

11



4.4.1 Structure of bank assets
We study the effectiveness of market indicatorsededphg on the importance of loan
activities. Indeed, banks focused on loans can dresidered as more opaque and the

effectiveness of market indicators may be weakestich banks.

Insert Table 9

When we introduce the dummy variable DNLTA, we oetithat the market indicator

EXCRCUM is significant only for banks with a hightio of net loans to total assets, as
shown by the result of the test at the bottom blet®. This finding is confirmed when we run

the regressions on the two sub-samples.

Thus, market information seems useful only for itradal banks that is for banks highly

involved in loan activities. However, to check ttudustness of this result, we also run the

stepwise processes separately on the two sub-sanR#sults are presented in Table 10.

Insert Table 10

Two market indicators are significant to explaimtigrades of banks largely involved in loan
activities: cumulative market excess returns (EXCRA} and the change in specific risk
(ARISK_SPEC). These indicators perform as expectgdiuBning the stepwise process on
the sub-sample of banks with a low ratio of netnkdo total assets, two other market
indicators are selected. Thus, market informateenss also useful for such banks. However
the signs of the coefficient associated with theseket indicators are not the expected ones.

Thus, it seems difficult to interpret market infation for such banks.

4.4.2. Structure of bank liabilities

The extent to which banks rely on market funding/ratiect the ability of market agents to
assess the riskiness of banks. Thus, we studyffdeieeness of market indicators depending

on the importance of the ratio of market fundediliges to total assets.

Insert Table 11

12



We can see in Table 11, considering both the eslitained with the dummy variable
DMARKTA or the sub-samples, that the market inddcdEXCRCUM is significant only for
banks with a low ratio of market funded liabilitiés total assets. This result is quite
surprising. Thus, to check for robustness, we tepwise processes on the two sub-samples
defined on the basis of the value of the dummyaldei DMARKTA.

Insert Table 12

The results presented in Table 12 show that manketmation is useful for both types of
banks but that the effective indicators are notsme. For banks heavily relying on market
funding, the change in the standard deviation o&kle returns ARISK_TOT) and the
dummy variable that takes into account the exigtesfcnegative cumulative market excess
returns (EXCRCUMNEG) are significant. For bankgshwa low ratio of market funded
liabilities, the significant market variables afgetchange in the beta\ABETA) and the
difference between the natural logarithm of weekigrket price and its moving average
(LOGP). Thus, the structure of liabilities does seem to affect the effectiveness of market

information; the accurate market indicators arepdyndifferent in both cases.

5. Conclusion

The aim of this study is to determine whether gquitarket information can complete
accounting information to predict Asian banks’ fical distress. We show that the use of
equity market indicators can improve the predictiolodel as they bring additional
information not already contained in accountingicatbrs. These results are in line with
those of Krainer and Lopez [2004] and Curry, Elnzard Fissel [2007] in the US case, and
those of Distinguin, Rous, and Tarazi [2006] in Ehgopean case.

By dividing our sample of Asian banks into two syioups (i.e., banks from the tiger
economies and banks from emerging markets) we dthaivthe contribution of market
information to predict banks’ financial distressignificant for both groups.

The results concerning balance sheet structuretsefee less clear-cut. Market information
appears effective to predict downgrades of bankatewler their structure of liabilities even if
the accurate indicators are not the same deperahnthe relative importance of market
funded liabilities in balance sheets. Concernirggtssstructure, we find that market indicators

13



are significant to predict downgrades for bankg tra either weakly or highly focused on
loans. However, for banks with a lower extent oérs in their balance sheet, market
information seems difficult to interpret.

As a whole, in the case of East Asia, bank stodeprseem to be useful to predict bank
financial distress but compared to western econonfieS. and Western Europe) their

information content appears to be less clear.

14
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Table 1. Distribution of Banks by Country and Spealization

Distribution of banks by country:

No. of
COUNTRY Banks
Group A:

Hong Kong 8

Korea 6

Singapore 2

Taiwan 13

Group B:

Malaysia 3

Indonesia 11

Thailand 12

Philippines 9

Total 64
Source: Bankscope Fitch IBCA
Distribution of banks by specialization:
No. of Banks

Specialization A and B A B
Bank holding and holding 2 2
company
Commercial bank 56 24 32
Cooperative bank 1 1
Investment bank 5 2 3
Total 64 29 35

Source: Bankscope Fitch IBCA

Table 2. Descriptive Statistics on Summary Accountig Information

Groups A and B:

Standard

Mean? Deviation’ Minimum Maximum
Total Assets (in million USD) 16447.57 23789.04 162.75 176576.30
Net Loans/ Total Assets (%) 52.14 17.87 5.57 94.15
Deposits/ Total Assets (%) 77.37 16.38 0.00 93.51
Subordinated Debt/ Total Assets (%) 1.69 1.66 0.00 6.79
Deposits (in million USD) 13142.94 18174.79 0.00 126694.20
Subordinated Debt (in million USD) 397.86 750.03 0.00 6014.69
Tier 1 Ratio (%) 12.70 13.72 4.60 24.80
ROA (%) 0.78 1.88 -12.13 12.79
! Net loans are defined as gross loans less loarmdsssves.

T N

? Each mean is calculated a6 = —Z Z X where N is the number of banks and T is the nurober

t=1  j=1
financial reports. Standard deviations were contbotea similar basis.



Group A:

Standard
Mean® Deviation”  Minimum Maximum
Total Assets (in million USD) 26462.82 31953.78 271.40 176576.30
Net Loand/ Total Assets (%) 59.35 15.40 5.57 80.42
Deposits/ Total Assets (%) 78.29 18.26 4.52 93.51
Subordinated Debt/ Total Assets (%) 2.10 1.45 0.00 5.63
Deposits (in million USD) 20984.88 24062.07 54.62 126694.20
Subordinated Debt (in million USD) 811.40 1122.54 0.00 6014.69
Tier 1 Ratio (%) 13.72 18.49 4.60 20.30
ROA (%) 0.48 1.13 -5.53 4.24

! Net loans are defined as gross loans less loarréserves.

_ 1 T N
? Each mean is calculated a6 = —Z Z X where N is the number of banks and T is the nurober
t=1  j=1
financial reports. Standard deviations were contbotea similar basis.

Group B:
Standard
Mean? Deviation?> Minimum Maximum

Total Assets (in million USD) 8518.84 8151.21 162.75 36006.70
Net Loand/ Total Assets (%) 46.43 17.66 8.19 94.15
Deposits/ Total Assets (%) 76.64 14.74 0.00 92.59
Subordinated Debt/ Total Assets 1.49 1.73 0.00 6.79
(%)

Deposits (in million USD) 6934.73 6928.68 0.00 30802.41
Subordinated Debt (in million 188.26 289.38 0.00 1089.29
USD)

Tier 1 Ratio (%) 11.58 4.70 5.20 24.80
ROA (%) 1.02 2.28 -12.13 12.79

! Net loans are defined as gross loans less loarréserves.

_ 1 T N
? Each mean is calculated a6 = —Z Z X where N is the number of banks and T is the nurober
t=1  j=1
financial reports. Standard deviations were contbotea similar basis.

Table 3. Downgrades Information
(Number of clean downgrades in parenthesis)

Groups A and B:

2001 2002 2003 2004 2005

45 (20) Total downgrades 18(6) 9(7) 1(1) 3(1) 14(5
4 (1) Downgrades by Standard and

Poor’s 3(0) 1(1) o 0(0 0 (0)

21 (13) Downgrades by Fitch 5@) 8(6) 1(1) 0(0) 7(3)

20 (6) Downgrades by Moody’s 10(3) 0(0) 0(0) 3(2) 7(2)

17



Group A:

2001 2002 2003 2004 2005

21 (13) Total downgrades 9(4) 9(v) 1(1)) 0O 2(1)
1 (1) Downgrades by Standardand 0(0) 1(1) 0(0) 0(0) 0(0)
Poor’s
14 (11) Downgrades by Fitch 5@ 8(6) 1(1) 0(0) 0(0)
6 (2) Downgrades by Moody’s 4(1) 00 0 0@ 2(1)
Group B:
2001 2002 2003 2004 2005
24 (7) Total downgrades 9(2) 00 0 3(1) 124
3 (0) Downgrades by Standardand 3(0) 0(0) 0(0) 0(0) 0 (0)
Poor’s
7 (3) Downgrades by Fitch 0 0 0() 0(0 7 (3)
14 (4) Downgrades by Moody’s 6(2 0 0 3(1) 5(1)

Source: Bankscope Fitch IBCA and Fininfo
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Table 4. Accounting Ratios R

Category Name Definitions
KP_NL Equity/ Net Loans
Capital KP_DEPSTF Equity/ Customer and ST Fundings
KP_LIAB Equity/ Liabilities
TCR Total Capital Ratio
LLP_TA Loan Loss Provision/ Total Assets
LLP_GL Loan Loss Provision/ Gross Loans
Asset RWA_TA’ Risk-weighted Assets and Off-balance Sheet Risks
Quality (inferred from the Cooke ratio)/ Total Assets
LLR_TA Loan Loss Reserves/ Total Assets
LLR_GL Loan Loss Reserves/ Gross Loans
LLP_NETIR Loan Loss Provision/ Net Interest Revenue
NIR_NINC Net Interest Revenue/ Net Income
Earnings NIR_EA Net Interest Revenue/ Total Earning Assets
ROAA Return on Assets = Net Income/ Total Assets
ROAE Return on Equity = Net Income/ Equity
INTERBK Interbank Assets/ Interbank Liabilities
LIQASS TOTDB  Liquid Assets/ Total Deposits and Bovings
Liquidity NL_DEP Net Loans/ Customer and ST Fundings
NL_TEA Net Loans/ Total Earning Assets
TRAD_OPINC (Trading Income-Trading Expense)/ Opamtncome

" This ratio is obtained by dividing the denominatbthe Cooke ratio by total assets. Note thatefwere to
omit off-balance sheet risks the value of thisoratould range from O (lowest possible level of asisk) to 1
(highest possible level of asset risk). BecauseCiheke ratio also accounts for off-balance sheésyithe value
of this indicator can be larger than 1, indicatimgeven higher exposure to risk.
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Table 5. Market Indicators

Indicators

Expected sign of the

Definition

coefficient

LOGP

Difference between the natural logarithm of weekigrket price and its moving average calculated & o

year.

Negative

RCUM

Cumulative return:RCUM, :((ﬁ(u (ﬂm)j—lj With foia = (R, —P )/ R, where g is the weekly
return of the stock b; we calc[JIate this cumulatreturn on the fourth quarter of the accountingopk
(financial year) preceding the eveny; iB the weekly stock price of bank b.

Negative

RCUMNEG

Dummy variable equal to one if the cumulative retig negative in the two last quarters of the antiog
period (financial year) preceding the event, ano p¢herwise.

Positive

EXCRCUM

Cumulative market excess return: 13 13
EXCRCUN&;[[D(H g.t_m)J—l [B(H fne m)}‘l

We obtain §, the weekly market return, which we calculate frtm country-specific market index, frgm
Datastream International for the fourth quartetheffinancial exercise preceding the event.

Negative

EXCRCUMNEG

Dummy variable equal to one if the cumulative maskecess return is negative in the two last qusudéthe
accounting period (financial year) preceding thergévand zero otherwise.

Positive

CAR

Cumulative abnormal returns on the fourth quartethe accounting period (financial year) precedihg

13
event: RAG= ) RA

k=1

the accounting period (financial year) precedirgekient

with RA,=Ru-( & + ﬁle). We estimate the market model on the third quants

1%

Jt-k+1

Negative

ARISK_TOT

Change in the standard deviation of weekly returesveen the third and fourth quarter of the acdagn
period (financial year) preceding the event.

—

Positive

ABETA

Change in the market model betéb( = 67+,f3’Rmt) between the third and fourth quarter of the aotiog
period (financial year) preceding the event

Positive

ARISK_SPEC

Change in specific risk: standard deviation of merket model residual between the third and foqttarter,
of the accounting period (financial year) precedimg event.

Positive

AZ

Change in the Z-score between the third and fayutirter of the accounting period (financial yeaggeding
the event with: Z:(1+r_b) /T, whereT is the mean return of stock b on the precedingtquando, the
standard deviation of the return.

Negative

ADD

U

Annual change in the distance to default estimatedhe end of the accounting period (financial year

preceding the event. We infer the distance to diefeam the market value of a risky debt (Mertor97¥))
based on the Black and Scholes (1973) option grifimula (see Appendix).

Negative
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Table 6. Financial Deterioration and Early Indicatars: Univariate Regressions

Model Specification: ProfY, =1} = d(a + X, ), for Groups A and B
Prob{Y, =1} =®(a + JIGRPB+ S X), for Regional

Regional Grp A Grp B
Earnings [ANIR_EA -0.5783* -1.1414*
2.1516 -1.8172
Earnings [AROAA -0.1183** -0.0889**
> -2.0399 -2.1900
8 Liquidity |ANL_DEP -0.06864** | -0.1105** | -0.0512+*
5 -3.0984 -2.5313 | -2.4117
= Liquidity |ANL_TEA -0.0293* | -0.0794*
= -1.9355 -1.6703
s Liquidity |[ALIQASS_TOTDB 0.0466*
= 2.0615
7, Capital |AKP_DEPSTF -0.0628
-1.8405
Capital |AKP_LIAB -0.0902*
-2.0113
EXCRCUM -37.1165* | -75.4909**
2.3148 -2.6605
ADD 0.5853* 0.7156¢
1.9898 1.8449
CAR -2.2359*
s -2.0397
z LOGP -4.5224% | 1.8601**
= -2.6669 | 2.3191
= RCUM -43.653%
2 -1.7512
7 RCUMNEG 1.3218+
2.1266
ABETA -2.9976
-1.7018
ARISK_TOT 64.065%
1.8185

This table shows simple logit estimation resulteemhthe dependent variable is separately regressesach
explanatory variable and a constant. For regios@nations, a dummy variable (GRPB), which is edadl, if
the bank belongs to group B; and 0, otherwise,dided. This model explains downgrades (whatever thei
extent) that occur in the next calendar year. Stathdrrors are adjusted using the Huber-White naethfd, **

and * pertain to 1, 5 and 10% level of significan@spectively. Z-Stats are in italics.
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Table 7. Financial Deterioration and Early Indicatars: Stepwise Results — Accounting

Indicators

J
Model Specification: Prol{)Yi = ]} = qb(a + Z,B’].Cji j for Groups A and B
=1

J
Prob{Y, =1} :CD(a+5GRPB+ > B q;] , for Regional
=1

Regional Grp A Grp B
Constant -1.8368** | -1.7837** | -3.1393***
-6.2013 -5.4857 -6.8583
GRPB -0.9708*
-1.928
Earnings ANIR_EA -0.6261* | -1.5751*
-2.1678 -2.0533
Earnings AROAE -0.0092*
-1.7313
Asset Quality ALLR_TA 1.2584*
2.058
Liquidity ANL_DEP -0.0512*
-2.4116
McFadden R 0.079 0.075 0.030
Total Observations 231 88 120
# of observations with
Y=1 20 13 5

This table shows logit estimation results wheredbpendent variable is regressed on a constant
and the accounting indicators selected by a steppiscess. For regional estimations, a dummy
variable (GRPB), which is equal to 1, if the bargtdmgs to group B; and 0, otherwise, is added.

This model explains downgrades (whatever their rextéhat occur in the next calendar year.
Standard errors are adjusted using the Huber-Wihgtdnod. ***, ** and * pertain to 1, 5 and 10%
level of significance, respectively. Z-Stats areitalics. The number of observations in the
regional model is not equal to the sum of the nundfeobservations of Group A and Group B

models because all data are not available for bank, each year and each indicator.
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Table 8. Financial Deterioration and Early Indicatars: Stepwise Results — With Market
Indicators

J L
Model Specification: Profy, =1} = CD(a +>B,Ci +> VM, j for Groups A and B
j=1 1=1

J L
Prob{Y, =1 :¢[a+5GRPB+ B G+ Mj, for Regional
=1 I=1

Regional Grp A Grp B
Constant -2.0372** 1.7677** | -4.4172%**
-5.3066 -4.8999 -4.1608
GRPB -1.1066*
-2.1054
Earnings ANIR_EA -0.6024~* | -2.8627
-1.9934 -1.4758
Earnings AROAE -0.0215+*
-2.1702
Asset Quality ALLR_TA 1.8636
1.7217
Liquidity ANL_DEP -0.1062**
-2.8877
EXCRCUM -37.1166*
-2.1353
ADD 0.7621***
2.5579
Market Indicators LOGP -4.6914*
-2.3038
ABETA -7.9047*
-1.9322
CAR 7.3578**
2.9005
EXCRCUMNEG 2.0263
1.6743
Risk level to rejecy; = 0
al 1.27%** 1.95%** 1.21%**
McFadden R 0.163 0.28 0.185
Total Observations 187 85 107
# of observations with
Y=1 20 13 5

This table shows logit estimation results wheredépendent variable is regressed on a constaractt@inting
indicators previously selected and the market midics selected by the stepwise process. For rdgiona
estimations, a dummy variable (GRPB), which is ¢qud, if the bank belongs to group B; and 0, otlise, is
added. This model explains downgrades (whateveér éx¢ent) that occur in the next calendar yeaan8ard
errors are adjusted using the Huber-White methtd.** and * pertain to 1, 5 and 10% level of sidizance,
respectively. Z-Stats are in italics. The numbeolodervations in the regional model is not equah&sum of

the number of observations of Group A and Group @®lefs because all data are not available for eadk,b
each year and each indicator.
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Table 9 Market Indicators and the structure of assts

Model Specification:

Prob{Y =1} = ¢(a+JGRPB+ZJ:ﬂj G +ZL:;( Y, +ZL:y|' ( DNLTA M)J, for the whole
sample

J L
Prob{Y, =1 = ¢(a+5GRPB+Z,Bj G+ K Mj, for sub-samples
=1 =1

Whole sample| Sub-sample 1 Sub-sample 2
Constant -2.038 *** -1.815%** -2.752 ***
-6.465 -4.289 -3.953
GRPB -0.725 -2.176* 0.542
-1.449 -1.975 0.661
ANIR_EA -0.579 -1.576 -0.337
-1.610 -1.312 -1.426
AROAE -0.012 -0.018 -0.003
-1.532 -0.951 -0.446
EXCRCUM 17.268 -51.915* 22.734
0.590 -1.984 0.873
EXCRCUM*DNLTA | -75.609 **
-2.127
McFadden R 0.143 0.311 0.038
Total Observations 213 111 102
# of observations with
Y=1 20 12 8
Risk level to rejecy; +
y1=0 0.36%

This table shows logit estimation results wheredbpendent variable is regressed on a constant,
the accounting indicators and the market indicatekected by the stepwise processes and a
dummy variable (GRPB) equal to 1, if the bank bgkmo group B; 0, otherwise. This model
explains downgrades (whatever their extent) thatiomn the next calendar year. Assets structure
effect is taken into account in the first columnthaihe dummy variable DNLTA associated with
market indicators. DNLTA is equal to 1, if the matiet loans/ total assets is higher than its median
value (54.72%). Standard errors are adjusted ubmuber-White method. ***, ** and * pertain

to 1, 5 and 10% level of significance, respectivelyStats are in italics. Sub-sample 1 includes
banks for which DNLTA=1, while sub-sample 2 inclsdgnks for which DNLTA=0.
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Table 10 Market Indicators and the structure of asets: new stepwise

Model Specification:

J L
Prob{Y, =1 = CD[a+5GRPB+Zﬂj G+ x M], for sub-samples
=1 =1

Sub-sample 1 Sub-sample 2
Constant -1.691*%** -2.758 ***
-3.471 -3.722
GRPB -5.210** 0.596
-3.113 0.663
ANIR_EA -1.904
-1.622
AKP_DEPSTF -0.343*
-1.792
ALLR_GL 0.245
1.040
AKP_LIAB -0.032
-1.135
EXCRCUM -97.392**
-2.597
ARISKSPEC 172.4F
1.838
RCUMNEG -1.810*
-2.519
AZ 0.136
1.785
McFadden R 0.468 0.112
Total Observations 110 103
# of observations
with Y=1 12 8
v* stats fory; = 0
al 6.91** 10.73***

This table shows logit estimation results wheredbpendent variable is regressed on a constant,
the accounting indicators selected by a first stepywrocess and the market indicators selected by
a second stepwise process and a dummy variableB&Rial to 1, if the bank belongs to group
B; 0, otherwise. This model explains downgradesafeter their extent) that occur in the next
calendar year. Standard errors are adjusted ussgtiber-White method. ***, ** and * pertain

to 1, 5 and 10% level of significance, respectivelyStats are in italics. Sub-sample 1 includes
banks for which DNLTA=1, while sub-sample 2 inclsdsanks for which DNLTA=0.

8 We run two stepwise procedures: one with the autbog indicators and the other one adding market
indicators. In these stepwise procedures, we madeethat at least 75% of the observations with ‘drel
considered in the regressions. Here, we only rehertesults obtained at the end of the seconcegroe.
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Table 11 Market Indicators and the structure of liabilities

Model Specification:
J L L

Prob{Y =1} = ¢(a+5GRPB+Zﬂj G+ ¥ M+> y ( DMARKTA |M)J, for the
j=1 =1 =1

whole sample

J L
Prob{Y, =1 = ¢(a+5GRPB+Z,Bj G+ K Mj, for sub-samples
=1 =1

Whole sample Sub-sample 1 Sub-sample 2
Constant -1.891*%** -3.247 *** -1.388 ***
-6.219 -4.122 -3.672
GRPB -0.938* 1.066 -2. 759+
-1.757 1.092 -2.291
ANIR_EA -0.587* -0.562 -0.546
-1.753 -1.465 -0.996
AROAE -0.012 -0.045 -0.009
-1.547 -2.028 -0.502
EXCRCUM -37.005 -7.830 -39.211*
-1.869 -0.278 -1.695
EXCRCUM*DMARKTA 14.961
0.478
McFadden R 0.111 0.083 0.257
Total Observations 213 109 104
# of observations with
Y=1 20 8 12
Risk level to rejecy; +
y1=0 37.44%

This table shows logit estimation results wheredbpendent variable is regressed on a constant,
the accounting indicators and the market indicatekected by the stepwise processes and a
dummy variable (GRPB) equal to 1, if the bank bgkmo group B; 0, otherwise. This model
explains downgrades (whatever their extent) thatiomn the next calendar year. Assets structure
effect is taken into account in the first columnthaihe dummy variable DNLTA associated with
market indicators. DMARKTA is equal to 1, if thetimMarket fundings/ total assets is higher
than its median value (9.88%). Standard errorsadjested using the Huber-White method. ***,
** and * pertain to 1, 5 and 10% level of significae, respectively. Z-Stats are in italics. Sub-
sample 1 includes banks for which DMARKTA=1, whilab-sample 2 includes banks for which
DMARKTA=0.
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Table 12 Market Indicators and the structure of lisbilities: new stepwisé

Model Specification:

J L
Prob{Y, =1 = CD[a+5GRPB+Zﬂj G+ x M], for sub-samples
=1 =1

Sub-sample 1 Sub-sample 2
Constant -3.966%** -1.324 ***
-5.650 -3.726
GRPB 1.007 -3.025+*
1.153 -2.296
ANIR_EA -1.371*
-1.877
AKP_LIAB -0.093**
-2.317
AROAE -0.024
-1.371
ABETA -5.774*
-2.226
LOGP -3.080¢
-1.701
ARISKTOT 97.804**
2.653
EXCRCUMNEG 1.648
1.911
McFadden R 0.175 0.314
Total Observations 110 102
# of observations
with Y=1 8 12
y* stats fory; = 0
Ol 7.80** 9.64**

This table shows logit estimation results wheredbpendent variable is regressed on a constant,
the accounting indicators selected by a first stepywrocess and the market indicators selected by
a second stepwise process and a dummy variableB&Rial to 1, if the bank belongs to group
B; 0, otherwise. This model explains downgradesafeter their extent) that occur in the next
calendar year. Standard errors are adjusted ussgtiber-White method. ***, ** and * pertain

to 1, 5 and 10% level of significance, respectivelyStats are in italics. Sub-sample 1 includes
banks for which DMARKTA=1, while sub-sample 2 indks banks for which DMARKTA=0.

® We run two stepwise procedures: one with the autbog indicators and the other one adding market
indicators. In these stepwise procedures, we maieethat at least 75% of the observations with drel
considered in the regressions. Here, we only rehertesults obtained at the end of the seconcegroe.
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APPENDIX: DISTANCE TO DEFAULT

The distance to default indicator DD - the numbérstandard deviations away from the

default point (i.e., when the value of assets exjtiad value of liabilities) - is:

2
Iog(vtj + (rf - JtJT
D, 2

o NT

DD, =

where:

Vi = bank's asset value at time t

D: = book value at time t of the bank's debt of matur
T = debt maturity

ri = risk-free interest rate

or = bank's asset value volatility

To estimate Yando;, the value of equity as a call option on the uhyiley assets with a
strike price equal to the book value of the banlébt was considered. Hence, the market
value and volatility of the bank's underlying assean be derived from the equity's market

value (VE) and volatility ¢g) by solving:

_VE, +D,e"""N(d2)

Vt
N(d1)
\Y
o,
—_ t
©ON(d)
where:
2
Iog(vtj+ r Iy
1= D, 2
oNT
d2=d1-og,\T
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Weekly market values of the bank's equity (VE) weldained from Datastream. The

volatility of the bank's equityog) on the quarter preceding the end of the calepdar was

calculated as the standard deviation of weeklytggaturns multiplied by/'365 .

Here, the expiry date of the option (T) is equalthe maturity of the debt. A common
assumption is to set it to one, i.e., one yeaerb@nk rates from Datastream were used to
compute risk-free rates. Data on debt liabilitiesrevobtained from Bankscope. The total
amount of liabilities was calculated as the totaloant of deposits, money-market funding,
bonds, subordinated debt and hylwragital.
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