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A reliable and financially sound banking sector is an essential prerequisite for a
country�s stability and economic growth. For this reason, monitoring and exam-
ining the financial situation of banks is of great interest to regulatory authorities
throughout the world. The fact that regulators — even within the EU — use a
variety of approaches to attain this goal can be explained by the different struc-
tures not only of the authorities themselves but even more so of the relevant
financial centers (in particular the number of banks). As on-site audits require
substantial amounts of time and resources and thus cannot be carried out very
frequently (especially in view of the large number of legally independent banks
in Austria), off-site analyses play a major role in the supervision process. There-
fore, the Oesterreichische Nationalbank (OeNB) and the Austrian Financial
Market Authority (FMA) place great emphasis on developing and implementing
sophisticated, up-to-date off-site analysis models to make full use of the resour-
ces of both institutions.

Aside from deploying analysis tools which have proven their value in practice
over a number of years and regularly undergo recalibration and upgrades,
Austria�s regulators also use new tools which are developed on a well-grounded
theoretical basis and represent the state of the art by international standards.

In order to provide all market participants as well as people interested in
the Austrian financial market with insight into the analysis tools employed,
the OeNB has decided to publish a general overview of the ABBA (Austrian
Banking Business Analysis) analytical framework.

In closing, we hope you will find this publication on ABBA and the analytical
tools used in Austrian banking supervision interesting and useful.

Vienna, February 2005

Michael Hysek
Head of Department

Banking Supervision, FMA

Andreas Ittner
Director

Financial Institutions and Markets Section, OeNB
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1 Introduction
The analytical framework of Austrian banking supervision is characteristically
defined by the main objective of risk-based supervisory analysis. The individual
analysis tools used in this context either serve to pursue this objective or they
are combined with other results to yield an overall risk-based assessment.

This risk orientation is accompanied by a second objective in supervision
analysis, namely that of systematization. This means that the various types of
tools used yield a periodic, standardized report as the basis for further meas-
ures.

The objectives mentioned above are attained by the following means:
— risk orientation:

risk type identification
risk source identification
scenario analyses (analyzing effects of changes in the environment)
RORAC/RAROC (approximated risk-adjusted return metrics)

— systematization:
combination of a broad range of analysis modules
reorganization of the reporting system
integration of Austria-specific characteristics (sector-specific solutions, etc.)

In line with the OeNB�s and FMA�s jointly defined roles, process design for
overall bank risk assessment is among the duties of the FMA and is communi-
cated back to the OeNB so that it can be integrated into the upstream analytical
framework. These activities incorporate quantitative information (bank reports,
ratings, models) as well as qualitative information (on-site reports, bank
reports, assessments) from all recordable risk categories in the microanalysis
process.

The tools described here cover the purely quantitative aspects of analysis; all
tool results (such as the calculated value at risk (VaR) from the structural
model) are used for the purpose of assessing a bank�s risk components and
are then combined in an overall Technical Analysis Report (ABBA Overall
Report).

For the purpose of risk-based supervision, it is necessary to categorize banks
in order to ensure optimum resource allocation in the supervisory process. This
categorization is not meant to be performed by conventional means analogous
to sector or peer group definitions (see below); instead, it should be based on a
risk/relevance classification. The risk category is determined on the basis of the
results from the analysis process, while the relevance is identified pragmatically
by considering different factors like the size of the banks or their interbank net-
work. This categorization lies at the heart of the supervisory process and is to be
performed at regular intervals on the basis of quantitative criteria. However,
ultimately this iterative process also involves ad hoc and individual qualitative
feedback (on-site inspections, media reports, etc.), meaning that it is also sub-
ject to immediate and direct changes.

The Analytical Framework
in Austrian Banking Supervision
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Figure 1: Risk Assessment Process

Effects on individual banks are derived from macro analysis on the basis of
additional scenario and stress test analyses so that this information can also be used
for micro analysis.

Scenario calculations refer to altering environmental variables or shifting
market factors (changes in interest rates, stock prices or foreign exchange rates,
declines in industry revenues, macroeconomic variables, etc.). They measure
the effects of changes in position values on a bank�s profitability performance
and equity (reserves) based on the bank�s current overall risk positions. As
the approximate value at risk (VaR) calculated in the structural model already
comprises the volatility and/or sensitivity of the risk factors (which may vary
depending on the method chosen), some of the scenario calculations described
are already included in the analysis process implicitly or can be recreated with
relative ease.

In any case, individual sensitivity analyses/scenario calculations and stress
tests are carried out regularly and their results are utilized accordingly.

The Analytical Framework
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2 General Process Description/Overview of
Analytical Framework

An integrated analysis process which is coordinated between the OeNB and FMA
ensures that all of the relevant information is combined in a uniform categori-
zation scheme and that inaccurate assessments resulting from missing analysis
data are avoided in order to ensure a high level of quality.

Figure 2: Process Description

In accordance with the OeNB�s and the FMA�s jointly defined roles and their
statutory mandate to ensure the stability of the Austrian financial market, the
OeNB handles most of the preliminary analysis stage, which involves the largely
standardized and automated evaluation of data from all Austrian credit institu-
tions, while the FMA essentially deals with the detailed analysis stage by means
of qualitative individual bank analysis.

The two institutions communicate the results of these processes to each
other via established channels, thus enabling the standardized optimization of
the tools deployed.

2.1 Preliminary Analysis Stage using Standard Analyses (OeNB)
The OeNB handles the technically oriented part of this analysis work, which
comprises the entire reporting system (collection and aggregation of data, links
to the data pool) and the preliminary analysis stage. All Austrian banks are ana-
lyzed using off-site tools, most of them on a quarterly basis.

The next (IT-assisted) step involves the preliminary aggregation of results
and a rough categorization based on computational decisions (the final product
of technical analysis; see below for further information). In this context, the
selection process will certainly be subjected to further refinements and recali-
brations over time. At present, each tool flags banks which are conspicuous
according to the tool�s parameters. This helps identify deviating results from
the various analysis tools (which may well cover a wide variety of areas and pur-
sue very different objectives). The individual flags are then merged in an overall
report.

The Analytical Framework

in Austrian Banking Supervision

7



All results, which have been based on purely quantitative (or quantifiable
qualitative) input factors up to now, are stored along with historical results in
the existing systems in such a way that the information can be distributed and
queried using established internal supervisory analysis systems as well as all other
drill options.

The preliminary analysis stage only yields a rough risk categorization; like all
other qualitative criteria, qualitative criteria which reduce exposure are not yet
taken into account at this point.

Overview of individual tasks and results:

Figure 3: Quantitativ Analysis

2.2 Detailed Analysis Stage (FMA)
In order to take specific measures on the basis of off-site analysis results, the
categorizations determined by means of calculation have to be subjected to
qualitative reviews.

At this point, the FMA carries out its qualitative individual bank analysis. In
addition to the results from standard tools, important parameters such as
additional information from official sources and qualitative research are also
included in this analysis.

After automated categorization and preparation of the data by the OeNB,
the FMA is able to recategorize risks by inputting additional qualitative criteria.

The final risk categorization and any required official measures constitute a
new phase in the supervisory process and are handled by the FMA.

The FMA�s evaluation of results is again incorporated into the tool
approaches via clearly structured channels, thus ensuring the consistency and
significance of the models� output.

The results of the preliminary analysis stage are reported to the responsible
decision-making bodies so that their discussions not only cover individual results
but also the synthesized output of all analysis tools.

The FMA�s qualitative assessments and overall risk assessment as well as any
official measures taken are communicated back to the OeNB on a regular basis.
This distribution of tasks has proven to be highly effective in practice and is
documented accordingly in the joint position paper published by the OeNB
and the FMA.

The Analytical Framework

in Austrian Banking Supervision

8



2.3 Details on Technical Analysis — Development Process
In order to ensure that the objectives described above are attained, it is also
necessary to implement technical processes for the maintenance and further
development of tools within the relevant organizations.

In addition to ongoing expert evaluation, it is also important to ensure that
the results do not become skewed or outdated due to changes in the economic
environment. For this reason, it is indispensable to establish a process for ensur-
ing the suitability and accuracy of the tools employed.

The main tasks involved in this process are as follows:
— maintenance and ongoing analysis of models employed
— annual review of approaches used (in joint OeNB and FMA workshops)
— analysis and back-testing of risk assessments
— maintenance of the list of troubled banks
— maintenance and review of the input data used

The Analytical Framework
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3 Analysis Models in Austrian Banking Supervision
This section presents the models which have already been implemented in Aus-
trian banking supervision and focuses on describing their methods, results and
data input as well as their respective advantages and drawbacks.

In addition, the FMA and OeNB employees responsible for each model, the
frequency of analyses and the date of the last update are all indicated at the
beginning of each section. For more detailed studies on these tools, please refer
to the relevant publications indicated.

3.1 Statistical Models
The category of statistical models comprises the logit and the Cox model. Both
of these model types employ a historical data set in order to estimate the empir-
ical relationship between explanatory variables and the problem event in the
banks under examination. In this way, both models optimize the weights with
which indicators contribute to the output. More detailed descriptions on each
model are presented below.

3.1.1 Logit Model

Contacts:
OeNB: Evelyn Hayden
FMA: Ju‹rgen Bauer

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: June 1, 2004
Latest adaptation/model revision: June 1, 2004

Further information:
FMA/OeNB. 2004. New Quantitative Models of Banking Supervision. Vienna.

3.1.1.1 General Model Description

At present, one of the central instruments used in off-site analysis is a logit
model. In both academic literature and in practice, logit models are regarded
as the state of the art in credit assessment modeling, and their results can be
interpreted directly as probabilities or ratings.

In order to develop this specific logit model, the project team used a data-
base of 280 indicators from 10 risk categories (bank characteristics, credit risk,
capital structure, profitability, market risk, liquidity risk, operational risk, rep-
utational risk, management quality and macroeconomic factors).

The Analytical Framework
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The model currently in use contains the 12 most significant indicators iden-
tified in numerous univariate and multivariate tests; these indicators are listed in
the table below together with their respective risk categories and effects.

Figure 4: Logit-Model-Ratios

The effect column shows how a change in the indicator will influence the
output of the logit model, with �+� signifying an increase in the probability
of problems as the indicator value rises (regardless of the permitted range of
the indicator) and �—� signifying a reduction.

The logit model calculates the 12 indicators mentioned above, weights
them, adds them up and transforms them into a problem probability on a quar-
terly basis. If an indicator cannot be calculated for a bank (e.g. if the previous
year�s figures are not available from a newly established bank), the missing indi-
cator is substituted by the corresponding median for all banks (i.e. a practically
�neutral� value) in order to create as undistorted an assessment as possible using
the remaining indicators. Likewise, extreme indicator values (e.g. resulting
from dividing by values close to zero) are set to predefined limit values in order
to avoid implausible results, such as problem probabilities of up to 99.9%.

Moreover, it is important to note that three indicators are transformed
before being fed into the logit model because they actually do not fulfill the
assumption of linearity underlying the model. This transformation was based
on the data set and served to translate the indicator values into univariate prob-
lem probabilities, which are then input to the multivariate model in lieu of the
original indicator values. In the table above, the effect of these indicators is thus
always labeled with a �+�, as an increase in the univariate probabilities will also
bring about a rise in the multivariate probabilities.1

The output of the logit model is then smoothed over the previous four quar-
ters (with heavier weights assigned to the more current periods) in order to
eliminate excessively large short-term changes in estimated problem probabil-
ities resulting from one-time outliers in the banks� reported data. In order to
provide a better overview, these smoothed probabilities are also mapped to
the OeNB master scale, which is structured in such a way that it makes the
banks� risk estimates easily comparable with the rating classes of international
rating agencies.

1 Due to their nonlinearity, the effect of the original indicators changes in various value ranges.

The Analytical Framework
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3.1.1.2 Input Data and Assumptions

The input to the model consists of the indicators mentioned above, which are
generated from the existing supervisory reporting system (balance sheet data,
earnings data, etc.).

Among other reasons, a logit model was chosen because this type of model
requires relatively few assumptions. The most important assumption used in the
logit model is that there is a linear relationship between the explanatory indi-
cators and the log odd (the transformed probability) of the logit model. If this
assumption is not fulfilled, indicators in the model which are actually influential
might not be returned as significant, thus reducing the model�s goodness of fit.
In order to prevent this from happening, all indicators in the logit model descri-
bed were checked for this characteristic and transformed (i.e. linearized) if
necessary.

The predictive power of the logit model (as in all statistical models) is also
based on the assumption that the historical relationship between the model�s
indicators and its log odd (the transformed probability) will remain unchanged
in the future. Given the wide range of possible events such as changes in banks�
accounting policies or structural disruptions in the banking industry, this
assumption is not guaranteed over longer periods of time. Hence, it is necessary
to recalibrate the model regularly (e.g. every three to four years) in order to
ensure that its predictive power does not diminish.

3.1.1.3 Description of Model Output

The �problem probability� calculated each quarter refers to the probability
with which a bank will encounter defined problem situations in the upcoming
12 months. In order to facilitate the assessment of these probability levels, they
are mapped to the OeNB master scale, which is structured in such a way that it
makes the banks� risk estimates easyly comparable with the rating classes of
international rating agencies.

The Analytical Framework
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3.1.1.4 Strengths, Weaknesses and Limitations

The table below provides a brief summary of the strengths (�+�) and weaknesses
(�—�) of the logit model:

3.1.1.5 Possible Future Extensions

A number of theoretically promising candidate indicators for the logit model
could not be included in its current version because the required data history
was not available. In several years� time, once the necessary time series are avail-
able, it will be possible to examine the suitability of these indicators for the logit
model.

The Analytical Framework
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3.1.2 COX Model

Contacts:
OeNB: Evelyn Hayden
FMA: Ju‹rgen Bauer

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: June 1, 2004
Latest adaptation/model revision: June 1, 2004

Further information:
FMA/OeNB. 2004. New Quantitative Models of Banking Supervision. Vienna.

3.1.2.1 General Model Description

In addition to the logit model, a Cox model was developed recently in order to
enable a closer examination of the time structure of problem probabilities. In
contrast to the logit model, the Cox model does not determine the problem
probability for a specific period (e.g. one year) but makes it possible to estimate
the expected duration until the occurrence of the event in question.

First, a traditional and relatively simple Cox Proportional Hazard Rate
Model was developed in which banks� indicators were captured only at the start-
ing time. The data set and indicators examined are the same as those used in the
logit model. The table below lists the six indicators incorporated in the final
Cox Proportional Hazard Rate Model along with their respective risk categories
and effects.

Figure 5: Cox-Model-Ratios

The effect column shows how a change in the indicator will influence the
output of the logit model, with �+� signifying an increase in the probability
of problems as the indicator value rises (regardless of the permitted range of
the indicator) and �—� signifying a reduction.

When the Cox model is applied, the six indicators are calculated, weighted,
added up and transformed into a Distance to Defined Problem (DtD, i.e. the
expected duration until the event occurs) on a quarterly basis. If an indicator
cannot be calculated for a bank (e.g. if the previous year�s figures are not avail-
able from a newly established bank), the missing indicator is substituted by the
corresponding median for all banks (i.e. a practically �neutral� value, as in the
logit model) in order to create as undistorted an assessment as possible using the
remaining indicators. Likewise, extreme indicator values (e.g. resulting from
dividing by values close to zero) are set to predefined limit values in order
to avoid implausible results.

The Analytical Framework
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Moreover, it is necessary to note that one indicator is transformed before
being fed into the Cox model, as it actually does not fulfill the assumption of
linearity underlying the model. This indicator is transformed in the same way
as the ones in the logit model, as the linearity assumptions in both models
are asymptotically identical for low probabilities.

Thus the output of the Cox model is a DtD (Distance to Defined Problem),
i.e. the expected duration until defined problems arise in the bank (expressed in
quarters). The higher this value is, the better the rating assigned to the bank.

3.1.2.2 Input Data and Assumptions

The input consists of the indicators mentioned above, which are generated from
the existing supervisory reporting system (balance sheet data, earnings data,
etc.).

The advantage of the Cox model compared to the logit model is that the
logit model only allows estimates of problem probabilities for a specific period,
while the Cox model determines a survival function and thus makes it possible
to calculate the expected duration until the event in question occurs. The draw-
back of this model is that Cox models (which are rather easy to estimate) are
based on rather simplifying assumptions, while more realistic models are much
more difficult to implement.

For example, the Cox Proportional Hazard Rate Model is based on the
assumption that the explanatory indicators do not change over time. In addi-
tion, the model is constructed in such a way that the observation periods for
all banks begin at the same point in time, regardless of each bank�s specific risk
status. We can assume that these simplifying assumptions compromise the pre-
dictive power of the model, but it is difficult to estimate the extent to which this
is the case compared to more complex models.

Moreover, all Cox models — as in the case of the logit model described in
section 3.1 — assume that there is a log-linear relationship between the explan-
atory indicators and the event in question. If this assumption is not fulfilled,
indicators in the model which are actually influential might not be returned
as significant, thus reducing the model�s goodness of fit. In order to prevent this
from happening, all indicators in the Cox model described were checked for
this characteristic and transformed (i.e. linearized) if necessary.

In addition, as in all statistical models the predictive power of the Cox model
is based on the assumption that the historical relationship between the model�s
indicators and the event in question will remain unchanged in the future. Given
the wide range of possible events such as changes in banks� accounting policies
or structural disruptions in the banking industry, this assumption is not guaran-
teed over longer periods of time. Hence, it is necessary to recalibrate the model
regularly (e.g. every three to four years) in order to ensure that the model�s
predictive power does not diminish.

3.1.2.3 Description of Model Output

The Cox model calculates the six indicators described above, weights them,
adds them up and transforms them into a Distance to Defined Problem
(DtD, i.e. the expected time until the event occurs) for all Austrian banks on
a quarterly basis. The higher this value (which indicates the number of quar-
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ters), the better the rating assigned to the bank. The maximum possible DtD
which can be calculated is 22 quarters (5.5 years), as this is the longest obser-
vation period in the data set. In cases where the estimated DtD for a bank
amounts to more than 22 quarters, the default value of 24 is used.

3.1.2.4 Strengths, Weaknesses and Limitations

The table below provides a brief summary of the strengths (�+�) and weaknesses
(�—�) of the Cox model:

3.1.2.5 Possible Future Extensions

At the moment, work is underway to develop a more complex Cox model
which does not rely on the simplifying assumptions of the Cox Proportional
Hazard Rate Model. This advanced approach accounts for the fact that the val-
ues of explanatory indicators change over time, and it is designed to determine
dynamically the point in time from which a bank�s observation period begins on
the basis of the logit model�s output.

As in the case of the logit model, several promising indicators could not be
included in the current version of the Cox model because the required data
history was not available. In several years� time, once the necessary time series
are available, it will be possible to examine the suitability of these indicators for
Cox models as well.

The Analytical Framework
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3.2 Structural Model

Contacts:
OeNB: Evgenia Glogova, Gerhard Coosmann, Andreas Ho‹ger, Christian Doppler
FMA: Ju‹rgen Bauer

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: March 31, 2005
Latest adaptation/model revision: March 31, 2005

Further information:
FMA/OeNB. 2004. New Quantitative Models of Banking Supervision. Vienna.

3.2.1 General Model Description
In addition to developing the statistical models described above, the OeNB and
FMA decided to develop a structural model intended to show the clear causal
relationships between banks� risks and problem probabilities. For this purpose, a
system of value at risk (VaR) models was constructed for the most important
risk factors to which banks are exposed (credit risk, market risk, and opera-
tional risk) and then placed in relation to banks� predefined capacities to cover
losses. The individual components of this model are summarized below.

3.2.1.1 Credit VaR Model

This model is used to calculate credit risk (expected loss, overall credit VaR dis-
tribution and expected shortfall, or ES) in a bank�s portfolio. The estimated
credit VaR measures a loan portfolio�s maximum possible loss in value at a given
probability level over the next year as a result of an increase in the probabilities
of default (PDs) of the loans in the portfolio. The ES is also calculated for each
confidence level and gives the expected loss above the given quantile value.

The approach chosen for calculating credit risk is based on the CreditRisk+
portfolio model developed by Credit Suisse Financial Products in 1997. This
method was chosen for two main reasons:
1) The approach is well suited for application to the data set available at the

OeNB; and
2) Credit VaR can be calculated using a stable recursive numerical algorithm,

which reduces computational effort and thereby makes quarterly calcula-
tions for all credit institutions in Austria possible.

The input fed into the model is a combination of various supervisory report-
ing data and external data on risk developments in specific industries, making it
possible to estimate the probable loss for the following year based on a bank�s
credit exposure.

Standardized calculations are performed for all banks in Austria on a quar-
terly basis. The parameters of the model can be changed by the user, using a
special user interface developed in the Bank.

The model is sufficiently flexible to cater for a wide range of sensitivity anal-
yses.

The Analytical Framework
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Model assumptions:
In this model there is only one risk factor — the risk related to the economy as a
whole. This affects all borrowers systematically and to the same extent, causing
joint fluctuations in their probabilities of default (PDs), i.e. a correlation of
PDs.

Contingent on a certain realization of the risk factor, i.e. given a specific
economic situation, the default probabilities of individual borrowers are inde-
pendently Poisson distributed. The risk factor itself is assumed to follow a
gamma distribution. The distribution of the total number of defaults in the
portfolio for the next period is generated on the basis of the distributions men-
tioned above. Once the distribution of the total number of defaults has been
determined, it is related to the bank�s loan given default volume in order to cal-
culate the distribution of possible future losses. To reduce the quantity of input
data required, bank-specific exposure bands are defined, and each exposure is
approximated by a multiple of the band width.

Exposure:
The amounts for the individual borrower exposures reported to the Major
Loans Register are calculated as the maximum value of the credit line and
utilization. Exposures which fall below the Major Loans Register�s reporting
threshold of EUR 350,000 are accounted for in aggregated form on the basis
of other reports. The approximated total volume of a bank�s small-scale loans
is assigned to the lowest exposure band.

Loss given default (LGD):
In accordance with the Basel II framework, an LGD factor of 45% for the unse-
cured portion and 35% for the secured portion (given a minimum collaterali-
zation level of 30%) is applied to each individual exposure. In the case of small-
scale loans, an LGD of 40% is assumed.

Probabilities of default (PDs):
On the basis of data from the Austrian rating agency Kreditschutzverband von
1870 (KSV), an average probability of default and its volatility are calculated for
each industry group.

The default probabilities for individual borrowers are modeled as random
variables (with a certain assumed distribution), and the mean and volatility of
their distribution are estimated as follows:

The PDs of individual exposures (mean of the distribution) are calculated as
the weighted average of
1) the PDs reported to the Major Loans Register by the credit institution (and

mapped to a master scale by the OeNB); and
2) the PD of the borrower�s industry group (calculated on the basis of KSV

data, as mentioned above).Borrowers which are not assigned to an industry
group are assigned the average default probability of all industries.

The individual borrower PDs calculated in this way are then adjusted so that
— the industry group PDs (across all banks) calculated after the adjustment are

equal to the average industry PD determined on the basis of KSV data; and

The Analytical Framework
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— the average PD for all individual borrowers (for all banks) matches the PD
on the Major Loans Register master scale.

Exposures which have already defaulted are not processed by this algorithm;
instead, their LGD exposures are totaled and added to the loss calculated by the
model.

Risk factor volatility:
The volatility of the risk factor is estimated as the sum of the individual PDs�
volatilities. Currently, a value equaling �*PD is assumed for the volatility of
individual PDs, as this appears to be the best approximation based on empirical
studies.

3.2.1.2 Market VaR Model

This VaR module determines the total interest rate risk, foreign exchange risk
and equity position risk for each bank. The approach chosen for calculating mar-
ket risk is based on the RiskMetrics approach.

In general, calculating value at risk is encumbered by the fact that individual
financial instruments and positions cannot be considered in isolation but have to
be evaluated according to their respective risk contributions within the context
of the portfolio. This problem is taken into account by including covariances as a
measure of the interdependencies between various financial instruments.

However, due to the large number of financial instruments and the resulting
high levels of numerical effort and storage capacity requirements, it is impos-
sible to incorporate all covariances directly in the VaR calculation (for 5,000
individual instruments or positions alone, the number of covariance values
would be 25 million). In order to account for the diversification effects in a
portfolio, an attempt is made to explain changes in market value for all instru-
ments using only a few risk factors. As only the covariances of the changes in
risk factors have to be taken into account, this procedure drastically reduces
the dimensions of the covariance matrix. The correlations are therefore
included in the VaR calculations indirectly by way of the correlations between
risk factors and the factor sensitivities of the positions.

The point of departure in VaR calculation is the �portfolio� defined in the
mapping process. It consists of the risk factors PR and is equivalent to the asset
portfolio PA only in terms of risk:

PA ¼
Xm

k¼1

wk Ak )
Mapping

PR ¼
Xm

k¼1

Xn

i¼1

wk ak;i Ri ¼
Xn

i¼1

fi Ri

where wk denotes the share of asset k in the portfolio and fi refers to the
weight of the risk factor i (i.e. the factor load). The volatility of portfolio PR
(and thus also the volatility of portfolio PA) can therefore be calculated by multi-
plying the factor covariances with their respective risk weights:

�ðPRÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xn

i¼1

Xn

j¼1

fi fi �ðRi;RjÞ
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The value at risk is then calculated by multiplying this volatility with the
market value of the portfolio and the selected confidence level �:

VaRP ¼ � �MV � �ðPRÞ
The procedure used to calculate VaR makes it clear that value at risk is not

additive, neither in terms of risk factors nor in terms of assets.
This characteristic of the VaR indicator prompted the definition of incre-

mental value at risk. The incremental VaR of a securities position or a risk factor
is the contribution to VaR this position makes within the context of the port-
folio. In formal terms, this VaR is expressed by deriving the VaR for the risk
weight fi (incremental VaR of a risk factor) or the asset weight wk (incremental
VaR of an asset) multiplied by the respective weight value.

Incremental VaR of risk factor RI

incVaRRi
¼ �VaRP

� fi
fi ¼ VaRP

�ðRi; PRÞ
�2ðPRÞ

Market VaR consists of three components:

Interest rate risk:
The input used to calculate interest rate risk comprises the net positions
reported in interest rate risk statistics (OeNB monthly balance sheet report,
part B2). In these tables, the total of assets and liabilities (with due attention
to +/— signs) in each currency (EUR, USD, JPYetc.) is provided for predefined
time intervals.

In the first step, these positions are mapped to the corresponding risk fac-
tors. Thirteen risk factors are defined per currency; for the euro, e.g., these
risk factors are:

EUR — 1-month money market interest rate
EUR — 3-month money market interest rate
EUR — 6-month money market interest rate
EUR — 12-month money market interest rate
EUR — 2-year zero coupon bond yield
EUR — 3-year zero coupon bond yield
EUR — 4-year zero coupon bond yield
EUR — 5-year zero coupon bond yield
EUR — 7-year zero coupon bond yield
EUR — 10-year zero coupon bond yield
EUR — 15-year zero coupon bond yield
EUR — 20-year zero coupon bond yield
EUR — 30-year zero coupon bond yield

When the values from interest rate risk statistics are mapped to these risk
factors, the following requirements have to be fulfilled:2

— the present value of the split payments must match the present value of the
original payment;

— the risk (volatility) of the split payments must match the risk of the original
payment; and

2 See RiskMetrics, Technical Document for further details, 1996.
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— the split payments must have the same sign (+/—) as the original payment.

In this way, for example, data from interest rate risk statistics with a notional
residual maturity of 6 years are calibrated to the closest risk factors — in this case
to the 5-year and the 7-year zero coupon bond yields.

Equity position risk:
The balance sheet data from the monthly balance sheet reports (Part A) banks
submit to the OeNB are used to measure equity position risk. At the time of
publication, however, Austrian regulators only had data on the total of domestic
and foreign equities at their disposal.

Foreign exchange risk:
For the purpose of measuring foreign exchange risk, the best approximation
available can be found in the reports required under Article 26 of the Austrian
Banking Act. At present, the problem in this context is that these reports are
based on the respective highs per currency and month, not on certain cutoff
dates or monthly averages.

3.2.1.3 Operational VaR Model

Although banks in Austria have already begun to collect the required data on
operational losses in order to quantify this risk properly, these data are not
yet available to the regulators. According to international studies, operational
risk constitutes a significant risk factor. In fact, the relevant calculations indicate
that up to 30% of the economic capital held by banks is intended to cover opera-
tional risk. On the basis of this assumption, the following workaround has been
developed using the Basic Indicator Approach (Basel II) in order to enable at
least a rough approximation of this risk factor to be integrated into the first ver-
sion of the structural model.

If we assume that the frequency of operational loss events is geometrically
distributed and approximate the loss per event using exponential distribution,
then the total loss attributable to operational risk will likewise be exponentially
distributed, meaning that it can be described completely by identifying a single
parameter. As a result, once this parameter is known, the operational VaR can
be calculated for any confidence level. This calculation is based on the fact that
advanced measurement approaches under Basel II require a confidence level of
99.9% in order to calculate minimum capital requirements and on the assump-
tion that the easy-to-implement Basic Indicator Approach has been calibrated to
that confidence level.

3.2.1.4 Aggregation of VaRs

Once the individual VaR distributions have been calculated, they are aggregated
in order to calculate a total VaR for each bank. First, the individual VaRs are
adjusted to represent risk measures for equal time periods, as the credit VaR
and operational VaR are based on an annual time horizon, while the market
VaR uses a daily horizon. As rating agencies generally quote annual default prob-
abilities and the Basel II framework also favors this time horizon, the market
VaR was adjusted accordingly by scaling up the daily market VaR by the square
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root of 250. This is the best and most consistent method, although it must be
noted that this approach certainly overestimates market risk, given the fact that
it is far easier for banks to restructure their portfolios over a much shorter time
period.

With regard to the actual aggregation of the individual VaR components,
two approaches were evaluated — aggregation using a variance/covariance
matrix and the application of copulas. However, neither method was able to
deliver entirely convincing results. On the one hand, the use of a variance/cova-
riance matrix is an impure solution from the theoretical perspective, as risk fac-
tors have to be normally distributed, which seems especially questionable in the
case of credit risk and operational risk. Moreover, it seems unclear how the
covariances are to be estimated. On the other hand, using copulas is rather cum-
bersome, and it remains to be seen whether this degree of precision is even nec-
essary for aggregation given the approximations required to calculate the indi-
vidual VaRs. Based on these considerations and the view that it is preferable to
overestimate a bank�s risks in cases of doubt, the more conservative approach in
which the total VaR is defined as the sum of the individual VaRs was chosen.
This corresponds to a variance/covariance approach with perfect correlations.

VaRTotal ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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0
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0
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1
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where �ij represents the correlations between market and credit risk, between
market and operational risk, and between credit and operational risk; at pres-
ent, these correlations are always equal to 1.

3.2.1.5 Banks� Capacity to Cover Losses

The final step in the structural model is to relate banks� total VaR with their
capacity to cover losses. Using the total VaR distribution, it is possible to iden-
tify the significance level for which a bank�s covering funds are precisely equal to
its total VaR.

In general, equity serves to cover potential risks. Depending on the perspec-
tive taken, one can look at the book value or the net asset value of equity, or use
the regulatory definition of capital. The latter definition, however, recognizes
hidden reserves only to a limited extent, although they may well be used as
potential cover in internal calculations. As there are other assets besides equity
that can be used as coverage capital, it seems appropriate to classify risk cover-
age capital into different categories.

Classification of coverage capital:3

Classifying reserves (i.e. the capacity to cover losses) makes it possible to
account for the fact that risks have different probabilities on the one hand
and that the availability of financial funds varies widely on the other. In this
way, a bank�s total VaR can be calculated for different confidence levels and sub-
sequently compared to various risk coverage assets.

3 Cf. Schierenbeck, H. 2003. Ertragsorientiertes Bankmanagement.
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— Level 1 reserves consist of loan loss provisions plus the risk costs budgeted
during the year, excess profits/annual losses and the profit/loss carried for-
ward from previous years. The bank has relatively free access to these funds.
In this context, it is assumed that one can divide expected annual profit into
two components:
— Minimum profit: An expected minimum return on paid-in capital and a

distribution to shareholders are assumed and allocated to level 3
reserves.

— Excess profits: This is equal to the total loss for the year or the amount
of (expected) profits above the minimum profit level.

— Level 2 reserves are calculated by adding hidden reserves to level 1 reserves
and accounting for changes in intangible assets. However, as hidden losses
are currently not reported in a useful form and therefore cannot be included
in the calculation, level 2 reserves are considered equal to level 1 reserves.

— Level 3 reserves consist of level 2 reserves plus excess equity (solvency level
over 8%), minimum profits and the fund for general bank risks. When a
bank resorts to these funds, it means that reserves have already been tapped
to a severe extent.

— Level 4 reserves are calculated by adding a bank�s core (tier 1) capital to level 3
reserves. In order to avoid recording excess equity twice, it is deducted
from level 4 and level 5 reserves according to the ratio of available tier 1
and tier 2 capital. If level 4 reserves are exhausted, insolvency is certainly
an issue, but the question of damage to customer interests is not yet raised.

— Level 5 reserves consist of a bank�s level 4 reserves plus its tier 2 and tier 3
capital. If losses exceed level 5 reserves, the bank will default and cause
damage to customer interests (even before level 5 reserves are tapped,
exhausting tier 2 funds may have also caused such damage).

3.2.1.6 Summary

The structural model has already been used in a number of calculations. In each
case, the model has yielded results of plausible magnitude, thus confirming the
model specifications selected.

Although the structural model is currently based on a number of simplifying
assumptions, the general foundations have been laid for a comprehensive model
which, by using very clear causal relationships, can explain and predict the risks
faced by banks. The modular structure of this model will facilitate further
improvements, as specific components can be updated immediately whenever
new data or insights are available without requiring an adaptation of the entire
system.

3.2.2 Input Data
The input data used in these model calculations include Major Loans Register
data, KSV industry default data, market data from RiskMetrics, interest rate
risk statistics as well as equity and earnings data from banking statistics reports.

3.2.3 Description of Model Output
The calculations yield the following results in the individual risk categories:

The Analytical Framework

in Austrian Banking Supervision

23



3.2.3.1 Credit Risk

The results of the periodic standard calculation are the 1-year VaR and the 1-
year expected shortfall (ES) due to credit risk at all confidence levels. These
values can be aggregated with the corresponding risk values from the other cat-
egories to determine a bank�s overall risk. It is also interesting to observe
changes in credit risk over time.

Additional analyses of individual banks can also be performed, for example
to determine how sensitive the bank�s portfolio is to macroeconomic develop-
ments or how severe the effects of an increase in industry or rating class expo-
sures or in the default rate would be.

For some credit institutions, especially those which report collateral incom-
pletely, the current approach to calculating LGD may be too conservative.

Sufficiently detailed data on small-scale loans are not available. The volume
of these loans can only be estimated in aggregate form, and the corresponding
default data are not available. For this reason, it is only possible to obtain a rough
approximation of the credit risk borne by banks with a very large proportion of
small-scale loans.

The expected shortfall is always higher than the credit VaR calculated for the
same confidence level. For the measurement of credit risk alone, the ES is
assumed to be more suitable for estimating unexpected losses (according to pro-
ven management practices and academic studies), as this indicator accounts for
all possible losses in the upcoming period (and not only those up to the given
confidence level).

Many of the input values can be controlled as adjustable parameters. The
results of various special analyses can be compared in order to ensure the plau-
sibility of the standard analysis� results and to identify the causes underlying the
specific risk situation.

3.2.3.2 Market Risk

The result of the periodic standard calculation is the 1-year VaR at all confidence
levels. These values can be aggregated with the corresponding risk values from
the other categories to determine a bank�s overall risk.

Naturally, the absolute VaR is heavily influenced by the size of the portfolio
and is therefore not suitable for generating comparisons between individual
banks.

However, the relative VaR (calculated at a standard confidence level of 95%)
is more meaningful, as it is defined by the ratio of absolute VaR to the value of
the portfolio or to eligible capital. As a ratio, it is also independent of the size of
the bank.

As discussed above, the incremental VaR also provides an important source of
information for analysis. In this model, the incremental VaR is output as a per-
centage for the sake of easy interpretation. This value directly indicates the per-
centage of overall risk which can be attributed to individual risk factors (e.g. the
EUR 1-year interest rate or EUR/USD exchange rate). In contrast to absolute
VaRs, incremental VaRs have the advantage of being additive. This issue is most
easily explained using the following example:
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Assume a portfolio with two stocks, A and B, where the investor holds EUR
100 worth of Stock A and EUR 50 in Stock B. The result of a VaR calculation
will be as follows:

Value of portfolio (A+B) = EUR 150
Absolute VaR of Stock A = EUR 11
Absolute VaR of Stock B = EUR 5
Absolute VaR of the portfolio = EUR 15 (not additive, as 11+ 5 = 16)
Relative VaR of the portfolio = 15/150 = 10%
Incremental VaR of the portfolio = 100%

Portion attributable to Stock A = 65%
Portion attributable to Stock B = 35%

The undiversified VaR is calculated using a fictitious covariance matrix. In this
context, all correlations are assumed to be perfectly positive (= +1). This
makes it possible to estimate the extent to which portfolio diversification has
reduced the risk. This estimate is intended for portfolios containing long posi-
tions only. If the portfolio contains long and short positions, it becomes more
difficult to interpret the results.

3.2.3.3 Operational Risk

As specified in the model description, the result of the periodic standard calcu-
lation is the 1-year VaR at all confidence levels. In addition, the distribution
function can be used to calculate the expected loss per bank.

3.2.3.4 Overall Risk

Aggregating the values for all three risk types yields the overall bank risk. The
result of the periodic standard calculation is the absolute 1-year VaR at all con-
fidence levels. Another important element is the relative VaR (at a confidence
level of 95%), which is defined as the ratio of absolute VaR to eligible capital,
the balance sheet total or the individual levels of reserves.

The sum of individual expected losses (which is always 0 in the case of
market risk) shows the expected overall loss for the bank and the accompanying
confidence level.

Another interesting aspect is the composition of overall bank risk and the
values for individual risk types (see chart below).

Figure 6: Overall Bank-Risk-Composition
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3.2.3.5 Comparison of Results

When the individual results are compared, it is possible to make initial state-
ments on a bank�s current risk level. First, it is possible to compare the results
with historical risk developments in order to ascertain whether the bank�s risk
levels have increased or decreased over time.

Especially in this context, particular attention is paid to the interaction
between relative VaR (in relation to eligible capital or reserves) and absolute
VaR (in monetary units):

Figure 7: Time-Series of VaR

The model developed allows the regulators to draw comparisons between
banks in order to detect whether the risk level of an individual bank has changed
or whether the entire sector/country has undergone structural changes.

Some indicators are better suited for this purpose than others. Naturally,
absolute indicators such as VaR depend heavily on the size of the bank and hardly
provide information on a bank�s risk level, while relative indicators such as rel-
ative VaR and the composition of a bank�s overall risk allow us to draw clear
conclusions.

Comparisons of individual banks are performed on three different levels:
— sector level: segmentation of the Austrian banking industry by legal form of

business organization and membership in specific trade associations;
— peer group level: for a definition, please refer to Section 3.5.1.1., Peer

Groups; and
— global level: comparison with the overall banking industry in Austria.

3.2.3.6 Analysis of Risk-Bearing Capacity

The aggregation of individual risks yields a total value at risk. This value indi-
cates that (with a probability of �) the sum of expected losses from the three
risk categories — market, credit, and operational risk — will not exceed this level
within one year. In addition to the information on absolute VaR, the changes in
values observed over time (i.e. the extent to which VaR has changed upward or
downward) and the relationship between economic capital calculated using VaR
and coverage capital are especially significant from the regulators� perspective.

Classifying reserves (i.e. the capacity to cover losses) makes it possible to
account for the fact that risks have different probabilities on the one hand, while
the availability of financial funds varies widely on the other.

The Analytical Framework

in Austrian Banking Supervision

26



The first meaningful analysis can be performed once certain confidence lev-
els and their accompanying probabilities of occurrence are assigned to specific
loss events:
— Expected loss: the appropriate confidence level can be determined by iter-

ation.
— Risk potential in negative cases: corresponds to the overall bank VaR at a

confidence level of 95%.
— Risk potential in worst-case scenarios: corresponds to the overall bank VaR

at a confidence level of 99%.

The next question is whether the banks have set aside sufficient risk provi-
sions for these potential loss events. From the regulators� standpoint, banks
should always maintain the following standards:
— level 1 reserves > expected loss
— level 3 reserves > risk potential in negative cases
— level 5 reserves > risk potential in worst-case scenarios

Adherence to these equilibrium requirements can be illustrated clearly using
a �traffic light� model:

Figure 8: �Traffic-Light-Approach� of the Structural Model

Calculation of implicit problem probabilities:
According to the definitions given above, every bank has five classes of coverage
capital (reserves), each in the amount of Dj , at its disposal. The total VaR can
now be used to solve the following equation. The objective is to find the signif-
icance level � for which the following is true:

VaRTotalð�Þ �Dj ¼ 0

The significance level at which the total value at risk equals the available cov-
erage capital Dj is the bank�s probability of default as determined by the model.

Therefore, it is possible to compare the loss distribution with the various
levels of reserves with due attention to the quality of the capital employed to
cover losses. As a rule, the first step consists in reversing the reserves allocated
for potential losses or using up any excess profits. Subsequently, hidden reserves
are used, or the fund for general bank risks may be tapped. Only once these
sources have been exhausted will subscribed capital or disclosed reserves be uti-
lized. Subordinated capital components are touched only in extreme cases (for a
more detailed description, see the section on banks� capacity to cover losses).
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Such a classification would allow a number of intuitive interpretations:
— the probability that losses will exceed the level for which provisions were

made in response to expected losses (comparison with level 2 reserves);
— the probability that components of balance sheet capital will have to be used

to cover losses but the bank will remain in business (comparison with level 3
reserves);

— the probability that components of balance sheet capital will have to be used
to cover losses and that the bank will be unable to remain in business, that is,
the bank�s probability of default without causing damage to customer inter-
ests or requiring the intervention of a deposit insurance organization (com-
parison with level 4 reserves); and

— the probability that the bank�s capital will not be sufficient to cover losses,
that is, the bank�s probability of default with damage to customer interests
and the intervention of a deposit insurance organization (comparison with
level 5 reserves).

The results can be presented as problem probabilities (in the first two cases)
and probabilities of default in the broader sense of the term (in the latter two
cases) as follows:

Figure 9: Interpretation of Structural Model Results

The statements above all refer to VaRs on an annual basis without the appro-
priate countermeasures.
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3.2.4 Strengths and Weaknesses of the Structural Model
The table below provides a brief summary of the strengths (�+�) and weaknesses
(�—�) of the structural model:

3.2.5 Possible Future Extensions
Possible extensions to the credit risk model comprise estimating multiple risk
factors and including their correlations, implementing stochastic LGD rates and
creating ways to calculate the risk contributions of individual borrowers.

Extensions for total VaR aggregation, especially the integration of theo-
retically grounded, complex approaches, are also under consideration.
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3.3 Systemic Risk Monitor (SRM)

Contacts:
OeNB: Martin Summer, Gerald Krenn, Michael Boss

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: January 1, 2006
Latest adaptation/model revision: new implementation

Further information/publications:
Elsinger, H., A. Lehar and M. Summer. 2002. Risk Assessment for Banking Systems. OeNB Working
Paper No. 79. Boss, M. 2002. A Macroeconomic Credit Risk Model for Stress Testing the Austrian
Credit Portfolio. In: OeNB. Financial Stability Report 4.

3.3.1 General Model Description
The Systemic Risk Monitor (SRM) is a model-based, quantitative, software-
assisted application for the regular analysis of systemic stability in the Austrian
banking industry. It is also used for stress testing for systemic risk, i.e. the risk
of widespread bank failures in Austria. The Systemic Risk Monitor is based both
on the OeNB�s research findings on the analysis of systemic financial stability
and on the experience gained in the course of the FSAP4 in the field of quanti-
tative stress tests for the Austrian banking system.

The SRM combines various reporting data from banks, market data and
macroeconomic data in model-based simulation calculations to achieve quar-
terly assessments of systemically relevant cases of bank insolvency and of the
resulting financial damage in the ensuing quarter. In addition, the model also
enables stress tests which consistently simulate shocks in the economic environ-
ment of Austrian banks. This simulation produces an estimate of systemically
relevant bank insolvencies and the resulting financial damage in the ensuing
quarter assuming one or more predefined stress scenarios.

Calculations are controlled via a user interface which allows the user to set
the desired values for model parameters.

The model is based on an overall portfolio for all Austrian banks, which is
compiled from various data sources. Relationships between individual banks are
simulated by means of a bilateral network of financial contracts, which includes
both interbank loans as well as equity interests held in individual banks. Finan-
cial stakes in nonbanks are depicted in aggregate positions. The portfolio com-
ponents are functions of changes to risk factors, the multivariate distribution of
which is modeled using a copula approach over a quarterly time horizon.

This distribution integrates risk factors for market and credit risk. A variety
of valuation modules for market and credit risk make it possible to determine a
profit/loss position for each bank on a quarterly time horizon. These simulated
profit/loss positions are translated into insolvencies using a network model with
due attention to the relationships between banks; this approach makes it possi-
ble to distinguish direct insolvencies from insolvencies caused by second round
effects. Using this model of risk factors� multivariate distribution, stress tests
are performed by setting one or more factors to extreme values and running
the simulation with the resulting conditional distribution.

4 Financial Sector Assessment Program (IMF).
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3.3.2 Input Data and Assumptions
The input data used for the SRM are monthly reports from individual banks,
reports to the Major Loans Register, market data from Bloomberg and insol-
vency data from a special analysis performed by the Austrian rating agency Kre-
ditschutzverband von 1870 (KSV).

The SRM operates under the assumption that the portfolio of risk positions
compiled from reporting data for each credit institution exists at the time of
reporting. The value of the portfolio in a given quarter depends on the realiza-
tion of a risk factor profile which affects both banks� market and credit risk.

On the basis of historical data, the multivariate distribution of these risk fac-
tors is estimated using a copula approach which is especially effective for cap-
turing joint shocks in risk factors and their dependencies. The future develop-
ment of risk factors is simulated on the basis of this distribution, and the profit/
loss distribution is determined simultaneously for each individual bank. These
distributions are then translated into the resulting insolvency and damage distri-
butions in the system using a network model. The network model assumes that
the technical insolvency of each individual bank will be ascertained at the end of
an observation period of one quarter after the realization of risk factors. This
makes it possible to identify direct insolvency risks as well as any chain reac-
tions.

3.3.3 Model Output and Significance
The model outputs probabilities of default for individual banks as well as bank-
ing groups and the overall system. These insolvencies can be divided into first
round and second round (contagion) effects. These statistics can be calculated
for both the status quo and for stress scenarios. Typical stress scenarios include
adverse developments in the structure of interest rates, in important stock pri-
ces or in exchange rates for international key currencies, as well as macroeco-
nomic shocks. The model�s output also includes financial damage at the system
level (i.e. the ES). These results enable two types of statements: In quantitative
terms, it is possible to estimate probabilities of default, the probability of chain
reactions, the collapse of systemically important banks and the financial dimen-
sions of these defaults under normal and extreme circumstances. In qualitative
terms, it may be possible to assess whether the combination of all quantitative
results justifies statements as to whether or not the banking system will remain
sound in terms of systemic risk in a stress scenario.

3.3.4 Strengths, Weaknesses and Limitations
The strengths of the SRM lie in the networked analysis of all reporting data from
various sources, as these data are examined in context. Moreover, the SRM is
especially well suited for capturing systemic events because it performs two
essential functions which cannot be performed in individual bank analysis:

First, the multivariate risk factor distribution captures the dependencies of
banks through joint exposures. Second, the network model also captures net-
work dependencies and chain reactions caused by insolvencies. Therefore, the
two decisive sources of systemic risk are modeled effectively. One weakness
of the SRM is its mechanical examination of portfolios, which does not allow
for endogenous reactions on the part of market participants. This form of
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endogenous risk is especially important at the systemic level. At present, no sat-
isfactory solutions for modeling this aspect can be found in the literature. The
SRM�s limitations lie in the fact that although the data are highly detailed, they
only provide a rough picture of the banking system�s risk position. In particular,
interrelationships with the global economy are depicted only in a very rudimen-
tary manner.

3.3.5 Possible Future Extensions
The SRM has a modular structure, which means that individual parts of the
model can be exchanged without compromising the general framework. For
this reason, it is especially desirable to continue developing individual modules
in the future and to advance the SRM in line with technical progress in risk anal-
ysis.
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3.4 CAMEL

Contacts:
OeNB: Evelyn Hayden
FMA: Ju‹rgen Bauer

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: January 1, 1995
Latest adaptation/model revision: December 31, 2003

Further information:
Turner, J. 2000. The Austrian Supervisory Risk Assessment System. In: OeNB. Focus on Austria
01/2000.

3.4.1 General Model Description
The CAMEL bank ranking system — which is used by the Federal Reserve in the
U.S. — assigns grades to the five areas described below in order to calculate an
overall index value for banks. Substantial elements of this system were already
implemented in the Austrian banking analysis system years ago and have now
been revised to allow quarterly revisions of the rankings.

The model uses supervisory reporting data to calculate indicators in each of
these five areas for all banks, which are then sorted and ranked according to
these indicators. Next, the respective bank rankings in each area are weighted
and added up on the basis of their overall relevance and the distribution of the
individual indicators in order to determine an average weighted composite
ranking as the final result. If a specific indicator cannot be calculated for a bank
(e.g. if the previous year�s figures are not available from a newly established
bank), the missing indicator is substituted by the corresponding median for
all banks (i.e. a practically �neutral� value) in order to create as undistorted
an assessment as possible using the remaining indicators.

The five areas as well as their corresponding indicators and weights are
shown in the table below.

Figure 10: CAMEL-Ranking-Ratios

Details on the above indicators:
— The equity ratio is based on data from the supervisory reporting system for

banking statistics and calculates a type of solvency coefficient with due atten-
tion to market risk. This means that the capital requirements for market risk
are covered with low-quality capital (tier 3) as long as eligible capital is avail-
able in that category, and that higher-quality capital is not tapped until later.
The remaining capital (excluding potential excess capital under tier 3) is
then placed in relation to the assessment base (as in the case of solvency).
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— In order to depict the quality of assets, loan volumes in the Major Loans
Register (adjusted for collateral and loan loss provisions) are multiplied
by the default probabilities for the corresponding rating class (reported
and mapped to the OeNB master scale) and then added up. The risk assets
calculated in this way, which include an approximation of small-scale loans
from other reports, are then placed in relation to the total loan volume.

— While all of the other indicators are updated on a quarterly basis, the indi-
cator for approximating the qualitative criterion of management quality can
only be calculated annually because it is defined as the percentage deviation
of profit from ordinary activities as forecast in quarterly report 3 for the
year and the actually realized profit on ordinary activities (in quarterly
report 5).

— To capture banks� profitability performance, the annual result before risk
costs according to the quarterly report is placed in relation to core capital
to yield an indicator which reflects return on equity.

— Finally, liquidity is based on residual maturity statistics and provides a meas-
ure for capital maturity transformation.5

3.4.2 Input Data and Assumptions
The input consists of indicators generated from the existing supervisory report-
ing system (balance sheet data, earnings data, etc.).

The clear advantage of the CAMEL system is its simple, easy-to-understand
structure. As it was not developed and optimized using an empirical data set but
instead constitutes what is referred to as an expert model, it is not based on any
major assumptions.

3.4.3 Description of Model Output
The five indicators described above are calculated on a quarterly basis for all
banks, which are then sorted and ranked according to the results. In a next step,
the respective bank rankings in each area are weighted and added up to deter-
mine an average weighted composite ranking as the final result. The lower a
bank�s final ranking, the lower is the rating assigned to the bank.

5 For details, please refer to section 3.5, Peer Group Analysis/Filtering System.
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3.4.4 Strengths, Weaknesses and Limitations
The table below provides a brief summary of the strengths (�+�) and weaknesses
(�—�) of the CAMEL model:

3.4.5 Possible Future Extensions
No changes are planned at the moment.

The Analytical Framework

in Austrian Banking Supervision

35



3.5 Peer Group Analysis/Filtering System

Contacts:
OeNB: Christoph Klamert, Christian Doppler
FMA: Ju‹rgen Bauer

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: January 1, 1995
Latest adaptation/model revision: January 1, 2003

Further information:
Turner, J. 2000. The Austrian Supervisory Risk Assessment System. In: OeNB. Focus on Austria
01/2000.

3.5.1 General Model Description
This analysis tool compares indicators for individual banks within predefined
reference groups (i.e. peer groups). These reference groups are not based on
the partly inhomogeneous sectors or size classes but are defined across sectors
according to specific criteria. In this way, balance sheet and earnings data as well
as indicators for banks showing similar structures can be compared and devel-
opments can be identified using a reference group.

3.5.1.1 Peer Groups

Credit institutions in Austria were grouped in peer groups according to struc-
tural similarity. Defining these peer groups was indispensable for all modules of
the analysis system as banks wanted to draw comparisons with competing insti-
tutions and there was a general interest in detecting special trends in individual
institutions which deviate from the reference group.

One question which arose was that of the criteria by which the credit insti-
tutions should be grouped together:
— Analyses based on size differences (comparison of balance sheet totals) can

provide interesting general information; however, such size comparisons fail
to detect more specific problems. Due to various structural problems, com-
parisons between large and small credit institutions as well as institutions of
approximately equal size involve difficulties in several respects.

— Analyses based on intrasectoral comparisons of credit institutions likewise
failed to produce the desired results due to substantial differences in size
and structure within the sectors.

For this reason, it was necessary to define a new classification method. In
order to avoid distortions in the ensuing classification process, a number of
institutions had to be heuristically assigned to separate groups from the outset
because they hold special positions:
— All large banks with a balance sheet total in excess of EUR 2 billion were

classified in Peer Group 1.
— All foreign banks (i.e. with foreign assets greater than 30% of the balance

sheet total) which did not fall into Peer Group 1 were assigned to Peer
Group 2.

— All specialized banks (i.e. those previously assigned to the special purpose
bank sector, including building and loan associations, the Oesterreichische
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Kontrollbank, sectoral investment banks and investment companies) were
assigned to Peer Group 3. For internal purposes, this rather heterogeneous
group is divided into more homogeneous subgroups (investment companies,
banks specializing in automobile financing, loan guarantee cooperatives and
housing banks).

The remaining credit institutions were then classified according to their bal-
ance sheet structure. The liabilities side of the balance sheet delivered insuffi-
cient discriminatory power; especially as savings deposits correlated closely with
the balance sheet total, this classification would have been too similar to the bal-
ance-sheet-total criterion. For this reason, the developers of the model decided
to group the remaining banks using the assets side of the balance sheet which —
with the exception of off-balance sheet transactions — provides a fairly true
reflection of a bank�s risk potential. The relation between domestic interbank
claims (DIC) to claims on domestic nonbanks (CDNB) was used as a grouping
criterion. This parameter covers approximately 85% of the balance sheet vol-
ume.

Initial attempts to create strictly delineated groups using these two criteria
(different intervals for each criterion, which were later merged) produced inho-
mogeneous groups because too many similar credit institutions could fall into
different groups (i.e. discriminatory power was too low).

Although they yielded better results, tests using multivariate statistical pro-
cedures such as cluster analysis (grouping of objects on the basis of several cri-
teria) did not prove to be practicable or transparent, also with regard to annual
recalculations. However, these procedures were instrumental in discovering the
current — and nearly optimum — solution. A simple heuristic grouping proce-
dure was inferred from a graphic depiction of the cluster analysis solution: a
strata-based model in which the two variables mentioned above could be used
as combined (as opposed to consecutive) discriminatory criteria.

Discriminatory power tests by means of variance analyses and other proce-
dures showed that the heuristic approach only deviated slightly from the opti-
mized cluster solution but proved to be far easier to handle in application
and provides more stable results over a period of several years.

This new classification generates groups of banks characterized by a trend
toward increasing domestic interbank transactions and at the same time decreas-
ing domestic nonbank business. The correlation between the two parameters is
approximately 93%. While Peer Group 4 mainly consists of banks with a high
proportion of claims on nonbanks, Group 9 is made up of banks with claims
arising almost exclusively from interbank transactions.

This new means of grouping banks makes it impossible for similar credit
institutions to qualify for two different groups (discriminatory power).
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Figure 11: Peer Group Criterias

The multiplication factor of 2 applied to domestic interbank claims (DIC) in
the table above was introduced as a weighting factor in order to offset size-
related differences compared to claims on domestic nonbanks (CDNB).

Group membership is recalculated for each upcoming year using the data of
the December monthly balance sheet report.

The filtering system then uses the peer groups described above. Above all,
this system examines the continuity of a bank�s business as it develops over time
as well as the conformity of an individual bank�s balance sheet structure and
earnings development with the peer group data. However, conspicuous devia-
tions must not be misinterpreted as early warning indicators. Instead, they
should be seen as triggers for a closer investigation of the structure and devel-
opment of the specific bank in certain business segments.

Closer investigation involves calculating the extent to which a bank deviates
from its respective peer group for 15 different indicators. If a bank�s indicator
values leave a certain target range, the system flags this development. When a
bank persistently deviates from the peer group�s general trend but remains
within its own target range, this flagging function is automatically overridden,
assuming that — despite its atypical development — the bank is developing with-
out problems, or that this particular development is already known.

The following 15 indicators are used in this model:
4 business development indicators:

— increase in balance sheet total (percentage deviation from previous year)
— growth in off-balance sheet transactions (percentage deviation from pre-

vious year)
— direct credits to the nonbank private sector (as a percentage of total

direct credits)
— off-balance sheet transactions (as a percentage of balance sheet total)

7 earnings development indicators:
— net interest income (as a percentage of balance sheet total)
— euro interest spread
— foreign currency interest rate spread
— operating result (as a percentage of balance sheet total)
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— operating result per employee
— annual result after risk provisions (as a percentage of core capital)
— annual result after risk provisions (as a percentage of balance sheet total)

4 risk development indicators:
— loan loss provisions (as a percentage of loans)
— risk costs (as a percentage of expected annual result before risk provi-

sions)
— capital maturity transformation — CMT (liquidity risk):

Data input: residual maturity statistics.
CMT is defined within a range of [—8; +8].
High positive values for CMT point to high liquidity risk, while high
negative values indicate low liquidity risk.
Therefore, banks can be ranked according to CMT.

CMT ¼
P5

i¼1 Mi �AiP5
i¼1 AbsðAiÞ

where: Mi = Maturity in maturity band i
Ai = Net amount (assets minus liabilities) in maturity band i

— Interest maturity transformation (interest rate risk)
Data input: interest risk statistics.
Interest maturity transformation is defined within a range of [—25; +25].
High indicator values indicate high interest rate risk (regardless of the
direction of interest rate changes), while low values signify low interest
rate risk.
Therefore, banks can be ranked according to interest maturity transfor-
mation as an absolute amount.

IMT ¼
P13

i¼1 Mi �AiP13
i¼1 AbsðAiÞ

where: Mi = Maturity in maturity band i
Ai = Net amount (assets minus liabilities) in maturity band i

3.5.1.2 Deviation Criteria
In order to calculate a bank�s deviations from its peer group for each indicator,
two types of deviation criteria can be used:
1. static deviation criteria
2. dynamic deviation criteria

While statistical values cause dynamic deviation criteria to automatically
adjust to predefined indicators that vary over multiple periods, static criteria
remain constant.

Static deviation criteria
When static criteria are used, the following three deviation indicators can be
applied:
— Absolute ranges: If a credit institution�s indicator value is outside the defined

range of values, the credit institution is excluded from the calculation of the
mean peer group value for this indicator in order to ensure that the mean is
not skewed by such outliers and that calculated statistics are robust.
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— Ranges around the peer group mean: All of a bank�s indicators are compared
to the corresponding peer group mean values. If the bank�s indicators
remain within the defined ranges, the credit institution is considered �nor-
mal� and is not flagged. However, when a value is outside of its defined
range, the procedure described below is applied.

— Fluctuation ranges around a bank�s individual indicator values: When an
indicator lies outside the ranges around the peer group mean value, then
the bank�s values for this indicator are compared over the previous year.
If a value exceeds the individual fluctuation ranges even once, the filtering
system flags the institution for further monitoring.

Absolute ranges are given in absolute figures. For the two other ranges, it is
possible to predefine either an absolute value (i.e. a certain predefined percent-
age) or a relative value (deviation from the peer group mean in %).

Dynamic deviation criteria:
When dynamic ranges are used, which is generally the case at present, the for-
mula below is used to calculate (and thus standardize) deviations for each credit
institution and indicator.

" ¼ x� �
�": Deviation

x: Bank�s indicator value
�: Peer group�s indicator value
�: Standard deviation of indicator values within peer group

In total, this formula is applied to each bank twice. After the first applica-
tion, those banks whose deviation exceeds a predefined value are excluded from
the recalculation. As with the absolute ranges used for static criteria, this step is
intended to yield more robust statistics.

After the second run, which is carried out using the new means and stand-
ard deviations, banks whose values lie outside predefined limits are reported.
These limits define a range of approximately [—1.5; +1.5] and vary slightly
depending on the indicator in question. Assuming normal distribution, it is pos-
sible to make probabilistic statements regarding filtering efficiency on the basis
of these limits.

The effectiveness of the filtering system depends on the homogeneity of the
peer groups and on the quality of the defined indicators and ranges, as the num-
ber of banks filtered out should not be excessively high or low.

The filtering system makes it possible to boost analytical efficiency drasti-
cally by focusing on a few essential elements or positions and thus clearly reduc-
ing the number of potential cases for analysis. At present, the banks flagged for
further monitoring are displayed in a matrix (bank6indicator) with a simple
label as well as the respective indicator value and deviation criterion for the pur-
pose of further processing. Further automation measures (automated activation
of quick information functions once a certain number of flags has been
exceeded) are currently being implemented in order to allow individual busi-
ness-based analyses and the separate examination of various deviations
(strengths and weaknesses, irregular developments) of the individual banks
and indicators.
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Naturally, deviations from the peer group can also indicate a �positive�
trend. In other words, the filtering system alone cannot clearly determine
whether a deviation is to be assessed as positive or negative (e.g. growth in
off-balance sheet transactions). For this reason, follow-up analysis — which can-
not be automated — is highly significant for evaluating the results of filtering.

3.5.2 Input Data
The input consists of the indicators mentioned above, which are generated from
the existing supervisory reporting system (balance sheet data, earnings data,
etc.).

3.5.3 Description of the Model Output
The composition of peer groups is calculated each year on December 31 for the
upcoming year. The resulting list shows to which peer group each bank belongs.

The filtering system is run each quarter and outputs a table of all banks and
indicators along with their respective deviations and the accompanying indicator
values. Statistics on the structure of deviations and changes in the previous quar-
ter are also included.

If a bank is considered an outlier, it is not yet clear whether the institution is
doing better or worse than its peer group. Large banks and all banks with more
than seven deviating indicators are subjected to thorough analysis; their indica-
tor values must always be compared with the peer group values in order to
establish whether the institution stands out because it is doing better or worse
than the peer group.

3.5.4 Strengths and Weaknesses
The filtering system has the following advantages and drawbacks:

3.5.5 Possible Future Extensions
No extensions are planned at the moment.
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3.6 Interest Rate Risk Outliers

Contacts:
OeNB: Gerhard Coosmann
FMA: Ju‹rgen Bauer

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: December 31, 2001
Latest adaptation/model revision: December 31, 2001

Further information:
FMA/OeNB. 2004. New Quantitative Models of Banking Supervision.
OeNB Guidelines for Monthly Balance Sheet Reports (MAUS-Ausweisrichtlinien)
Coosmann, G. and T. Hudetz. 2000. Interest Rate Risk in the Banking Book. In: OeNB Focus
on Austria 03/2000.

3.6.1 General Model Description
Since the end of 2001, the OeNB has been using the monthly reports on interest
rate risk statistics to monitor the interest rate risk of all banks in Austria. Such a
report essentially consists of an interest gap analysis, and its principles follow
the Basel Committee document �Principles for the Management and Supervi-
sion of Interest Rate Risk�. In this context, interest rate risk is defined as the
potential change in the value of equity given a parallel interest rate shift of
200 basis points. If this change in value exceeds 20% of current equity, then
the bank is considered to be an outlier, that is, an institution with especially high
interest rate risk. This instrument enables the regulators to identify credit insti-
tutions with significant maturity mismatches and to initiate the appropriate
countermeasures.

The report is based on the following principles:
— All interest rate-sensitive assets and liabilities are to be assigned to maturity

bands.
— The maturity bands are defined in accordance with the recommendations in

the Basel Committee document. These bands are identical to those used in
the standard procedure for the trading book:
— short-term: up to 1 month, 1 to 3 months, 3 to 6 months, 6 months to

1 year
— medium-term: 1 to 2 years, 2 to 3 years, 3 to 4 years, 4 to 5 years
— long-term: 5 to 7 years, 7 to 10 years, 10 to 15 years, 15 to 20 years,

over 20 years
— The assignment of all instruments to maturity bands must be based on the

respective interest commitment (not on residual maturity).
— Off-balance sheet positions are to be broken down into synthetic assets and

liabilities, which are then entered using the same method applied to on-bal-
ance sheet positions.

— Interest exposures are to be classified by currency, with separate reports for
EUR, USD, CHF, JPY, GBP and �Other currencies� (i.e. all other currencies
are aggregated in one category).

— The report is not consolidated.
— The report is submitted on a quarterly basis.
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In connection with the Basel Committee document, two specific issues were
the subject of intense international debate and thus of particular interest during
the implementation process:
— How to assign products lacking definite repricing intervals (savings deposits,

loans with early repayment provisions, etc.) to the maturity bands?
— How to treat balance sheet positions which are not sensitive to interest rates

(equity, etc.)?

The first issue was resolved by avoiding explicit prudential requirements of
how such products are to be assigned to maturity bands; instead, institutions are
allowed the largest possible degree of freedom in selecting methods for estimat-
ing actual interest commitments. Therefore, they are also allowed to use the
methods they apply in their internal interest rate management for the purpose
of reporting. In this way, the regulators are able to avoid forcing credit institu-
tions to carry out time-consuming redundant calculations and to maintain mul-
tiple reporting formats in parallel. However, these methods have to be suffi-
ciently documented in a manner which is satisfactory to the regulators so that
the methods can be tested for plausibility during on-site inspections.

The same considerations applied to the second issue: For balance sheet items
which are not sensitive to interest rates (e.g. equity), many (but not all) banks
apply institution-specific benchmarks in their interest rate management proc-
esses, and they are also allowed to use those benchmarks for reporting. Here
it is also important that the (notional) interest commitments resulting from
the benchmarks are applied uniformly and consistently, as well as being docu-
mented for the regulators in an understandable manner.

This documentation is also submitted to the regulators and provides more
in-depth information on the nature of each institution�s risk management proc-
esses.

The indicators �Change in present value with assumed interest rate change� and
�as a percentage of eligible capital,� which form the analytical basis, are calculated
in the standard procedure as follows:
1. For each currency to be reported, a positive or negative net position is to be

calculated using the �Total assets� and �Total liabilities� values for each
maturity band.

2. Each net position must then be weighted with a factor predefined by the
OeNB for the respective maturity band. These factors simulate a fictitious
interest rate shock of 200 basis points.

3. In the third step, all of the weighted positions in each currency are added up,
and the positive and negative (weighted) net positions are offset against each
other. This yields the (positive or negative) weighted overall position in the
banking book (or in the trading and banking book) for the respective cur-
rency.

4. In the fourth step, these weighted overall positions are added up across all
currencies without attention to +/— signs. The resulting value represents
the weighted overall position in the banking book (or in the trading and
banking book).

The Analytical Framework

in Austrian Banking Supervision

43



5. The indicator calculated in step 4 is placed in relation to eligible capital (i.e.
defined as a percentage of eligible capital).

6. If this indicator is greater than 20%, the bank is considered an outlier.

This standard calculation procedure for identifying outlier institutions has to
be carried out, and the results have to be reported, by all banks. Institutions
which employ deviating internal models to calculate risk in addition to the pro-
cedure described above are also required to report the results of those calcula-
tions.

3.6.2 Input Data
Interest rate statistics are the only input data used in this model. Banks in Austria
report these data every quarter in their monthly balance sheet reports (part
B2).

3.6.3 Description of Model Output
The figure calculated in this model is a direct indicator of the banks� sensitivity
to interest rates (the higher the indicator, the higher the interest rate risk). As
the indicator is calculated for every bank, it is possible to rank all credit insti-
tutions in Austria by interest rate risk every quarter. Outliers in terms of inter-
est rate risk can also be read directly from this ranking. Interest rate risk is
defined as the potential loss given a parallel interest rate shift of 200 basis points.
However, this analysis does not enable inferences regarding probabilities.

3.6.4 Strengths and Weaknesses
The interest rate statistics model has the following strengths and weaknesses:

3.5.5 Possible Future Extensions
No extensions are planned at the moment.
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3.7 Austrian Banking Act (ABA) Violations

Contacts:
OeNB: Ju‹rgen Eckhardt
FMA: Michael Ho‹llerer

Availability:
Frequency of ongoing analyses: monthly
Implementation date of version 1: January 1994
Latest adaptation/model revision: September 2004

Further information:
Austrian Banking Act

3.7.1 General Model Description
Every month, (unconsolidated) supervisory reporting data for individual credit
institutions as well as (consolidated) data for groups of credit institutions under
Article 30 ABA are reviewed by electronic means in order to ascertain whether
all regulatory standards laid down in the Austrian Banking Act (specifically Arti-
cles 22, 23, 25, 27 and 29) have been observed. The results are stored in a table
of ABA violations.

a) Review of individual credit institutions and groups of credit institutions:
Does capital under Article 23 ABA cover the total capital requirements under
Article 22 ABA?
Total capital requirements under Article 22 ABA:
— Capital requirement for solvency: 8% of the assessment base according to

Article 22 paragraph 2 ABA, which comprises risk-weighted assets, off-
balance sheet transactions and special off-balance sheet financial trans-
actions.

— The capital requirement for the securities trading book under Article 22b
ABA equals the total capital required for position risks; these calcula-
tions have to be available on a daily basis.

— The capital requirement for open foreign exchange positions and gold
under Article 26 ABA is as follows: If the credit institution�s or group�s
overall currency position calculated pursuant to paragraphs 3 and 4 (sum
of the net total amount of foreign exchange positions and of the net gold
position) exceeds 2% of eligible capital (immateriality threshold), the
capital requirement for foreign exchange risk amounts to 8% of the
overall currency position (standard approach).

— Capital requirement under Article 29 paragraph 4 ABA for qualified
nonfinancial equity stakes with a book value exceeding 15% of eligible
capital.

Under Article 23 ABA, capital is made up of the following components:
— Core capital (tier 1 capital) comprises paid-in capital, open reserves

including liability reserves, confirmed interim profits and the fund for
general bank risks.

— Supplementary capital (tier 2 capital) includes hidden reserves, supple-
mentary capital, subordinated capital, revaluation reserves and the liabil-
ity sum surcharge (i.e. additional cover by cooperative members).
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— Short-term subordinated capital (tier 3 capital) comprises short-term
subordinated capital and tier 2 capital reallocated to tier 3.

b) Review of individual credit institutions:
Does the bank�s first- and second-degree liquidity (LI 1 and LI 2) cover its first-
and second-degree liabilities under Article 25 ABA?
— According to the Liquidity Regulation, banks are required to hold 2.5%

of miscellaneous liabilities in first-degree liquidity (LI 1); this is the tar-
get level of LI 1. The assessment base for LI 1 comprises average euro
liabilities with a notice period or term of less than 6 months, e.g.
demand deposits of credit institutions under 30 days, overnight funds
and time deposits with notice periods or terms of less than 6 months,
etc.

— The available first-degree liquidity includes cash in hand, holdings of
freely convertible foreign currency, minted and unminted precious met-
als, balances with the Oesterreichische Nationalbank or the European
Central Bank; this is the actual level of LI 1.

— Comparison of actual LI 1 vs. target LI 1.
— According to the Liquidity Regulation, banks are required to hold 20%

of miscellaneous liabilities in second-degree liquidity (LI 2), including
miscellaneous LI 1 requirements; this is the target level of LI 2. The
assessment base for LI 2 comprises average euro liabilities with a notice
period or term of less than 36 months, for example all euro liabilities in
the assessment base for LI 1, time deposits with notice periods or terms
of 6 to 36 months, etc.

— The available LI 2 includes e.g. checks and maturing bonds, interest cou-
pons, income/dividend rights, etc.; this is the actual level of LI 2.

— Comparison of actual LI 2 vs. target LI 2.

c) Review of individual credit institutions under Article 26 ABA:
— Does the amount of the open position exceed 50% of eligible capital

given quarterly maturity?
— Does the amount of the open position exceed 50% of eligible capital

given semiannual maturity?
If the credit institution�s or group�s overall currency position calculated pur-
suant to Article 26 paragraphs 3 and 4 (sum of the net total amount of for-
eign exchange positions and of the net gold position) exceeds 2% of eligible
capital (immateriality threshold), the capital requirement for foreign
exchange risk amounts to 8% of the overall currency position (standard
approach).
Banks are required to limit their open term positions under Article 26a. In
the case of credit institutions which do not apply Article 22b paragraph 2,
this applies to term positions which are not included in the securities trading
book.
The sum total of open term positions in individual foreign currencies which
become due in each quarter of the calendar year must not exceed 50% of
eligible capital at the close of business each day. Exceptions to this are the
current and two immediately ensuing quarters of the calendar year.
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The sum total of open term positions in individual foreign currencies which
become due in each half of the calendar year must not exceed 50% of eli-
gible capital at the close of business each day. Exceptions to this rule are the
current and immediately ensuing half of the calendar year.

d) Review of individual credit institutions and groups of credit institutions (CI
groups) under Article 27 ABA:
— Does any one large exposure exceed 25% of a credit institution�s or CI

group�s eligible capital, or does a large exposure to an individual group
of connected clients exceed 20% of the credit institution�s or group�s
eligible capital (with due attention to the transitional provisions under
Article 103 no. 21 ABA)?

— Is the sum total of all large exposures more than eight times the eligible
capital of the credit institution or group?
According to Article 27 ABA, �Credit institutions and groups of credit
institutions shall at all times appropriately limit the particular banking
risk inherent in a large exposure. An exposure is considered to be large
if the following items, calculated pursuant to Nos 1 through 4, exceed,
with an individual client or a group of connected clients, 10% of the
credit institution�s own funds to be taken into account or of the group
of credit institutions� consolidated own funds to be taken into account
and amount to at least 500,000 euro.�
The ABA violation table is compiled by means of a standardized analysis
procedure.

3.7.2 Input Data
The input for this model consists of indicators generated from the existing
supervisory reporting system (balance sheet data, earnings data, etc.).

3.7.3 Strengths and Weaknesses
The ABA violation table has the following strengths and weaknesses:

3.7.4 Possible Future Extensions
At present, only minor changes are planned (in response to changes in the
ABA).
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3.8 Bad Loan Coverage

Contacts:
OeNB: Evgenia Glogova, Doris Datschetzky
FMA: Ju‹rgen Bauer

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: December 2003
Latest adaptation/model revision: June 2004

3.8.1 General Model Description
From the supervisory standpoint (and not only due to Basel II), it is important
to be able to assess the level of risk to which a bank or banking sector is exposed
and the extent to which this risk can be covered. When reviewing a sector, the
regulators need to assess the extent to which this sector can bear risk and
whether it would be able to withstand the default of one or more banks.

One initial step in quantifying the risk to which a bank is exposed involves
calculating the bank�s credit risk. For this purpose, the credit ratings of all bor-
rowers listed in the Major Loans Register report as well as the volume of the
underlying loans (the current level of credit utilization) are taken into account.
These assets at risk can then be compared to the various reserves available to
cover losses. If the assets at risk amount to less than the funds available, the bank
has made sufficient provisions and should be able to cover its risks. This calcu-
lation method (comparison of assets at risk and capacity to cover losses) is the
simplest way of analyzing a bank�s risk-bearing capacity.

Since January 2003, banks in Austria have been reporting borrower infor-
mation as well as the accompanying ratings or rating classes to the Major Loans
Register. Each bank has its own rating system or rating scale, but this informa-
tion is mapped into a master scale developed by the OeNB; thus the reported
ratings are standardized.

In addition, the banks also report the volume of collateral attributable to a
borrower. The OeNB takes this collateral into account in order to ensure more
realistic calculations of assets at risk. In this way, it is possible to calculate and
analyze the assets at risk of individual banks, sectors and primary sector levels
on a quarterly basis in order to assess the risk-bearing capacity of these three
levels.

Data quality and master scale:
The provisions on the Major Loans Register (as set forth in the ABA) were
expanded in the Financial Market Supervision Act of 2002 to include new data
sets in the reporting requirements. Since the beginning of 2003,6 Austrian
credit institutions have also had to report the value of collateral, the amount
of loan loss provisions and the credit rating for each borrower subject to OeNB
reporting requirements.7

6 This reporting requirement was introduced in the business year ending after April 1, 2002. As the business year of most banks
ends on December 31, the first reporting date for most banks was January 31, 2003.

7 The reporting requirements apply to borrowers in the Major Loans Register if their credit line or credit utilization with a bank
exceeds EUR 350,000.
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In order to enable a comparison of different rating systems among institu-
tions obliged to report to the Major Loans Register, the OeNB developed a mas-
ter scale into which the institutions� rating systems are mapped. Each risk class
on this scale is assigned a specific probability of default.

The OeNB master scale comprises a coarse and a fine scale; the coarse scale
has mainly been used in the early stages.

The OeNB master scale includes the following classes:
Coarse scale:

— 7 non-defaulting classes
— 6 defaulting classes
— 1 class for unrated borrowers

Fine scale:
— The 7 non-defaulting classes on the coarse scale are subdivided into 3

classes each, resulting in a total of 21 classes for solvent/non-defaulting
borrowers.

— The six defaulting classes on the coarse scale are transposed onto the fine
scale with the same names.

— The class of unrated borrowers is also taken from the coarse scale with-
out alterations.

Calculation of assets at risk:
The difference between current utilization and collateral is assumed to be the
basis risk. The resulting volume can also be referred to as the uncovered portion
of the exposure. These uncovered assets are calculated for all seven rating
classes, multiplied by the corresponding default probabilities and then added
up to a total. This value equals the total amount at risk for all loans in excess
of � 350,000 (the reporting threshold for the Major Loans Register). Loans
under this threshold are approximated using other reports. However, as the col-
lateral provided for these loans is not reported, this volume is multiplied by
45%, as is the case in the LGD assumptions of Basel II. The resulting uncovered
assets are weighted using a default probability of 1.23% (the result of QIS 38).

Calculation of capacity to cover losses:
The available funds (i.e. the capacity to cover losses) are compared to overall
risk assets. In this context, five different types of reserves are differentiated,
based on the assumption that banks will resort to different funds to cover losses
depending on the size of the credit default.9 For details, please refer to Sec-
tion 3.2.1.5, Banks� Capacity to Cover Losses.

3.8.2 Input Data and Assumptions
The input for this model consists of indicators generated from the existing
supervisory reporting system (balance sheet data, earnings data, etc.).

8 Qualitative Impact Study.
9 Cf. Schierenbeck, H. 2003. Ertragsorientiertes Bankmanagement.
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3.8.3 Description of Model Output
The uncovered assets and the capacities to cover losses are calculated and ana-
lyzed on a quarterly basis. The result is a table of all banks, showing their respec-
tive uncovered assets and their capacities to cover losses. Subsequently, those
banks which could not cover their assets at risk using level 1 to level 4 reserves
are listed and analyzed. The table also shows values for both sectors and primary
sector levels as well as changes and conspicuous developments since the previ-
ous quarter.

In this context, it is important to bear in mind that the analysis of conspic-
uous institutions/sectors/primary sector levels is only based on the credit risk
to which individual banks are exposed.

3.8.4 Strengths, Weaknesses and Limitations
The analysis instrument for bad loan coverage has the following strengths and
weaknesses:

3.8.5 Possible Future Extensions
No extensions are planned at the moment.
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3.9 Overall Analysis of Major Loans Register

Contacts:
OeNB: Gerhard Winkler, Doris Datschetzky, Markus Hameter, Anita Strouhal-Schneider, Sabine

Wukovits

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: June 2004 (analysis as of December 2003)
Latest adaptation/model revision: December 2004 (analysis as of September 2004)

3.9.1 General Model Description
In order to ensure the stability of the financial market, it is necessary to con-
tinuously monitor and review the numerous risks to which various financial
intermediaries are exposed in fulfilling their duties. This is especially true in
the case of credit risk, as this type of risk is usually the main cause of problems
arising in banks and financial institutions. In this context, of course, it is espe-
cially important to monitor large loans which are reported to the Major Loans
Register.

Against this backdrop, the stated objective of this analysis model is to pro-
vide a current and detailed analytical overview of the Major Loans Register and
its development over time. Therefore, the primary source of data for this model
is the Major Loans Register itself. These analytical processes systematically pre-
pare the wealth of data contained in the Major Loans Register and make it pos-
sible to elucidate the risk inherent in large loans more effectively, especially in
light of the new Basel II framework.

This analysis tool consists of three modules: The first module, the �Major
Loans Register Overview,� provides a global view of the Major Loans Register
and also includes analyses of the data set by individual banking sector and coun-
try. These processes provide a basis for the identification and detailed analysis of
especially risky institutions, to which the second module (�Conspicuous Cases
in the Major Loans Register�) is devoted. The third module (�Industry Analy-
sis�) enables the risk-based observation of large loan exposures among credit
and financial institutions to the various industries.

In this model, a multiattribute measurement method is employed in order
to identify conspicuous credit institutions (module 2) and industries (module
3). For this purpose, this measurement method uses the following three basic
characteristics/classes:
— size
— static risk
— dynamic risk

In this context, an institution or industry is generally considered conspicu-
ous when
— it has a high volume of major loan commitments (? size);
— and/or it was exposed to high risk as of a specific cutoff date (? static risk);
— and/or its major loan commitments/risks have changed drastically com-

pared to the previous quarter (? dynamic risk).
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In concrete terms, these three basic characteristics which define whether an
institution is considered conspicuous are each based on multiple indicators
(? multiattribute procedure). An institution is thus considered conspicuous
when
— its specific characteristic values place it in the 1% quantile among large insti-

tutions for at least one of the two indicators/filter criteria in the size class;
— its specific characteristic values place it in the 5% quantile among the worst

institutions for at least half of the indicators/filter criteria in the �static risk�
class; and/or

— its specific characteristic values place it in the 5% quantile among the worst
institutions for at least half of the indicators/filter criteria in the �dynamic
risk� class.

An industry is considered conspicuous with regard to a specific characteris-
tic if the 90% quantile value for that characteristic is exceeded, i.e. the indicator
value for the respective industry ends up in the top 10% range of the distribu-
tion.

Following this methodology, a number of indicators in the three classes
described above are calculated for all institutions. These institutions or indus-
tries are then subjected to further examination. The results are evaluated and
interpreted according to the three basic characteristics/classes mentioned
above.

Indicators/filter criteria for identifying conspicuous institutions/industries:
— size

— exposure
— utilization
— number of borrowers

— static risk (i.e. risk observed at a point in time)
— average utilization per borrower (as a measure of the average size of indi-

vidual exposures);
— Herfindahl index:

The Herfindahl index provides a measure for concentration/diversifica-
tion and is calculated on the basis of utilization as follows:

HI ¼

PB
b¼1

Ut;bPB

b¼1
Ut;b

 !
2

� 1

B

1� 1

B

where Ut;b ... borrower b�s level of utilization at time t
The following applies: 0 � HI � 1 (situation: �equal utilization�) � HI �
(situation: �one borrower responsible for all utilization�);

— uncovered percentage of exposure (as a measure of collateralization);
— utilization of loans granted to borrowers outside euro area countries as a

percentage of overall utilization;
— average loan loss provisions (as a measure of the average extent of risk

provisions per borrower);
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— loan loss provisions as a percentage of uncovered volume:
A bank�s loan loss provisions reflect the cautionary provisions it has made
for probable/expected (partly) bad loans. Therefore, these provisions
can be interpreted as accounting estimates of expected loss (EL), which
is generally calculated as follows:
EL = PD6EAD6LGD
where PD ... probability of default

EAD ... exposure at default
LGD ... loss given default

For this reason, the �Loan loss provisions as a percentage of uncovered
volume� indicator (see calculation below) can be used as an accounting
estimate for bank i at time t.

LLPPDi;t ¼
PB

b¼1 LLPi;t;bPB
b¼1 Maxð0; Ui;t;b � Ci;t;bÞ

The greater the specific value of this indicator is for a bank or industry,
the more attention it deserves.
LLPi;t;b ... loan loss provisions of bank i at time t and for borrower b
Ui;t;b ... borrower b�s level of utilization with bank i at time t
Ci;t;b ... volume of collateral provided by borrower b for bank i at

time t
— uncovered portion as a percentage of utilization for rating classes 7 and 8

on the OeNB master scale (as an additional measure for the collateral-
ization of loans in the �watch list� and �default� classes); and

— volume-weighted average PD (as a measure of the average credit rating
of borrowers).

— dynamic risk (i.e. risk observed over a period of time)
The dynamic risk indicators in the model reveal the changes in the static risk
indicators over a quarter for conspicuous cases and over a year for industry
analyses. The following dynamic risk measures are included in this assess-
ment:
— percentage change in exposure
— percentage change in utilization
— percentage change in number of borrowers
— percentage change in average utilization per borrower
— absolute change in the Herfindahl index
— absolute change in the uncovered portion (percentage)
— absolute change in the utilization of loans granted to borrowers outside

euro area countries as a percentage of overall utilization
— percentage change in loan loss provisions
— absolute change in loan loss provisions as a percentage of uncovered

volume
— absolute uncovered portion as a percentage of utilization in rating classes

7 and 8 on the OeNB master scale (new)
— absolute change in volume-weighted average PD
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3.9.2 Input Data and Assumptions
The Major Loans Register Overview Report is based on data from the Major
Loans Register itself and from SNA10 data.

3.9.3 Description of Model Output
The objective of this report is to provide a current and detailed analytical over-
view of the Major Loans Register and its development over time and to identify
credit institutions that are conspicuous from the perspective of the Major Loans
Register.

3.9.4 Strengths, Weaknesses and Limitations
The model has the following inherent strengths and weaknesses:

3.9.5 Possible Future Extensions
No extensions are planned at the moment.

10 System of National Accounts.
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3.10 Consistency of Rating Systems for Major Loans Reports

Contacts:
OeNB: Gerhard Winkler

Availability:
Frequency of ongoing analyses: semiannual
Implementation date of version 1: June 2004 (analysis as of December 2003)
Latest adaptation/model revision: December 2004 (analysis as of August 2004)

3.10.1 General Model Description
This analysis tool examines the consistency of results produced by different rat-
ing systems. The stated objective of this consistency analysis is to enable a com-
parison of the results (i.e. credit ratings) generated by system-relevant Austrian
credit institutions using their schemes for assessing the creditworthiness of bor-
rowers. This analysis serves to determine the consistency among different bank-
specific credit rating systems.

Such analyses provide important insight for off-site analyses as they can later
serve as filters for identifying those institutions which systematically rate bor-
rowers differently. Each bank has its own rating system or rating scale, but this
information is mapped into a master scale developed by the OeNB, thus ensur-
ing that reported ratings are standardized and comparable. The data set used
comprises the credit ratings of system-relevant credit institutions from the
Major Loans Register (mapped into the OeNB master scale).

In terms of method, the consistency in these rating systems is defined and
measured using the following indicators:
— The first basic measure of consistency used here is the relative frequency of

identical ratings arising from pairwise comparisons. This involves compari-
sons of all possible pairs of institutions, i.e. comparing each individual insti-
tution to all other institutions and determining in each process the relative
frequency of cases in which two institutions assign the same borrower to the
same rating class on the OeNB master scale.

— However, in the case of split ratings (i.e. deviating credit assessments) the
results of these comparisons do not allow us to determine whether the
two institutions systematically generate different credit ratings (i.e. whether
one institution systematically rates borrowers higher or lower). In order to
answer this question, Kendall�s tau, a (ranking) correlation coefficient based
on ordinal data, is used to measure the connection between two variables.
(As ratings/rating classes represent ordinally scaled information, a conven-
tional Bravais-Pearson correlation coefficient — which requires interval-
scaled input data — cannot be used.) Based on the ranking information, this
measure of the connection between variables is calculated as follows:

Kendall�s tau ¼ nk�nd
nðn�1Þ=2

where nk stands for the number of concordant pairs and nd for the number
of discordant pairs. Kendall�s tau thus covers all comparison results (i.e. all
three types of ties) which can result from the pairwise comparisons. If
exclusively concordant pairs are found, the total number of comparisons
nðn� 1Þ=2 is equal to nk, and Kendall�s tau is equal to 1. In contrast, if

The Analytical Framework

in Austrian Banking Supervision

55



the connection is the complete opposite, nk would equal 0 and Kendall�s tau
would thus be —1.

— Finally, the extent of the deviation is also examined. A simple measure is
used for this purpose: the average absolute deviation, which is calculated
from the ratings v and w (assigned to borrower i by two different banks)
as follows:
average absolute deviation ¼

Pn

i¼1
j vi�wi j
n

The average deviation thus shows the average number of rating classes on the
OeNB master scale by which credit ratings for the same borrower differ
between two different institutions.

The above-mentioned measures for consistency can only be determined by
pairwise comparisons of two banks, but ultimately the overall quality of a bank�s
rating system is the main topic of interest. Therefore, the results obtained from
comparing one institution�s rating with those of all other system-relevant insti-
tutions have to be aggregated into a single indicator.
— First, a bank-specific mean is calculated using all of the measures proposed

above (relative frequency of consistent ratings, Kendall�s tau, average devi-
ation per borrower). This mean shows how closely (or poorly) an institu-
tion�s ratings match the credit assessments of the rest of the credit industry
(i.e. all other system-relevant banks) on average. If the market is assessed
correctly (that is, bank-specific differences are balanced overall and the
majority is accurate), then those institutions which show substantial average
deviations from all other institutions are deemed conspicuous in the course
of off-site analysis.

— However, this mean does not reveal how heavily the extent of consistency
fluctuates in individual pairwise comparisons. Therefore, the above-men-
tioned measures of consistency are also used to calculate the standard devi-
ation as a measure of bank-specific fluctuations in these values.

— In general, the following applies:
— The higher the mean of the indicators arising from the pairwise calcula-

tions is for
— the relative frequency of matching ratings
— and Kendall�s tau

— and the lower the mean of the average absolute deviation per borrower
is, the more consistent a bank�s rating system is with those of other
banks. Likewise, the following holds true:

— The lower the institution-specific standard deviation is for all bank-spe-
cific indicators, the more consistent a bank�s ratings are with the rest of
the credit industry.

Therefore, as the last indicator of consistency (k),
— the quotient of the bank-specific mean and standard deviation for

— the relative frequency of matching ratings
— and Kendall�s tau
appears to be suitable, and the following holds true: The higher k is, the
better a bank�s rating system proves to be in comparison to other insti-
tutions.
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— the product of the bank-specific mean and standard deviation for the
average absolute deviation per borrower appears suitable, which means
that the following applies: The higher k is, the more probable it is that a
bank�s rating system should be considered conspicuous.

3.10.2 Input Data and Assumptions
In line with its purpose, this consistency analysis uses data from monthly reports
to the Major Loans Register.

Each institution is compared to all other system-relevant banks. Only if the
(single) assumption in this tool — that the market is assessed correctly (that is,
bank-specific differences are balanced overall and the majority is accurate) — is
true can those institutions which show substantial average deviations from all
other institutions be classified as conspicuous in off-site analysis. Therefore, sys-
temic risk (e.g. the majority of institutions rates borrowers inaccurately and
only one — the outlier — rates them correctly) cannot be assessed with this
model.

3.10.3 Description of Model Output
In this tool, the consistency of the rating systems used by system-relevant credit
institutions is evaluated on the basis of their reports to the Major Loans Regis-
ter.

The measures used for consistency are as follows:
— the relative frequency of matching ratings
— Kendall�s tau
— the mean of average absolute deviations per borrower
— an innovative consistency measure k which is calculated for all indicators

mentioned.

3.10.4 Strengths, Weaknesses and Limitations
The model has the following inherent strengths and weaknesses:

3.10.5 Possible Future Extensions
No extensions are planned at the moment.
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3.11 Summary
Many analysis systems and tools (including international ones) are readily
described as �early warning systems.� The analytical tools described here are
not presented as an early warning system, rather as a system with the function
of a �warning lamp� at best.

The reasons for this careful definition are obvious:
— There is a lag between the time of data delivery and the period the data

actually covers: Individual items are sometimes submitted with a delay of
up to six months.

— Data quality can be verified using plausibility checks, but only to a limited
extent. In some areas it is possible to check positions, but many positions
can only be verified over time.

— Although descriptive instructions are provided for report forms, banks may
interpret individual positions differently (definition, valuation).

— As banking analysis is not capable of recording and flagging all data on an
ongoing basis, gaps in the systems can never be ruled out (too many banks
with too many possible problems).

— Certain trends cannot be inferred from the data and can only be identified in
on-site inspections; in effect, even external auditors verify banks� adequacy
of accounting and compliance with laws and regulations only once per year,
and in so doing they depend on information provided by the banks them-
selves. In many cases, dubious transactions cannot be detected at all or only
too late.

— Lack of background information: All too often, the data alone do not allow
direct conclusions. One example is loan loss provisions, where high provi-
sions may be made for tax reasons or for problem loans, while low provi-
sions might be attributable to earnings problems or a sound lending port-
folio.

As the individual calculations always rely on �historical� data, the banking
analysis system described in this document cannot be regarded as a short-term
early-warning system. The time lag between data delivery and analysis (some
indicators are based on quarterly reports) causes delayed reactions to sudden
changes which are not immediately evident in reporting data. However, the sys-
tem allows regulators to more efficiently monitor irregularities, disruptions in
development, structural weaknesses as well as strengths or generally negative
developments in individual institutions. In general, this analytical framework,
like most other automated analysis tools, effectively supports the identification
of problem areas using the available data material and provides a solid basis for
more in-depth individual analyses.
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4 Reports and Analyses

4.1 Standard Reports
In line with the tasks assigned to the FMA and the OeNB, the regular creation of
reports is also part of the joint analysis process. Up to now, reports have been
compiled for all of the models used. This wide variety of analyses, which in
some cases also overlap in terms of content, will soon be replaced by a risk-
based report system which includes an overall banking analysis report.

Figure 12: Standard-Reports

4.2 Other ABBA Reports
The following additional reports and analyses are necessary for the ongoing
maintenance and development of this new analytical framework:
— update of the problem banks list (once per year): identification of problem

banks in accordance with the model definition (including sector allowances,
malversation, mergers, etc.); and

— joint evaluation of models (once per year): analysis of the models� predictive
power as well as suggestions for improvement and extensions.
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4.3 ABBA Overall Report

Contacts:
OeNB: Evelyn Hayden
FMA: Ju‹rgen Bauer, Johann Palkovitsch

Availability:
Frequency of ongoing analyses: quarterly
Implementation date of version 1: March 31, 2005
Latest adaptation/model revision: March 31, 2005

4.3.1 General Model Description
The objective of that Technical Analysis Report is to combine the numerous
individual analyses available into an overview of the situation in the Austrian
banking system. However, due to the (still insufficient) history of results from
individual models, especially in the case of recently developed analysis tools, it
is currently not possible to aggregate individual results using statistical proce-
dures. This means that the significance of the individual models as well as their
correlations cannot be included in detailed form in the aggregation of results.

Due to these (temporary) problems, the regulators have chosen a pragmatic
approach in which all banks are currently assigned to three classes using a �traffic
lights� system. The first class (red) describes conspicuous banks for which more
detailed analysis and review seem appropriate. The second class (yellow)
includes all banks which do not appear to be troubled on the basis of the data
currently available, but whose development should be monitored more closely
nonetheless. The third class (green) refers to banks which are considered �nor-
mal�; this class comprises the majority of banks.

Banks are assigned to these three classes using a two-stage procedure. First,
banks are sorted and given rankings based on the results of the most compre-
hensive models (i.e. the logit model, CAMEL ranking and structural model).
These rankings are then weighted and added up in order to determine a com-
posite ranking and thus a weighted average assessment of banks across the var-
ious models. In this context, the weight of the logit model is twice as high as the
weight assigned to the other models, as the logit model is currently the best
validated model in empirical terms. Banks with the lowest (i.e. worst) rankings
are assigned to the red class, while banks with higher rankings are assigned to
the yellow class.

In the second step, all banks with especially poor ratings in individual mod-
els are assigned to either the red or yellow class. It is sufficient for a bank to be
labeled as conspicuous by a single model in order to be placed in the red class.
Therefore, good rankings from other models cannot offset a single very poor
ranking; this ensures that the overall assessment of banks remains conservative
in cases of doubt. This procedure also makes sense because the various analysis
tools are based on different assumptions and pursue various objectives.

Once again, not all individual analysis tools are used in this second step in
the classification of banks. The reason for this is that some tools (such as the
filtering system) assess banks in comparison to their peer group, meaning that
general statements are not possible without assessing the entire group, while
other approaches (such as the �Problem loan coverage� tool) only emphasize
specific aspects of the banks� risk situation which are likewise aggregated in
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other models (such as the structural model). However, those individual tools
which are not used in overall bank assessment still appear as additional informa-
tion in the Technical Analysis Report, thus making the possible causes of prob-
lems easier to identify in the case of conspicuous banks.

The table below gives a brief overview of which analysis models are included
in the overall assessment (and why) and shows how the limits for class assign-
ments are defined:

* For further details, please refer to the respective sections in this document.

Figure 13: Models included in the Overall Assessement

4.3.2 Input Data and Assumptions
The input data for the quantitative overall bank assessment are generated using
the input data for the individual analysis models.

The current method used for overall bank assessment is a heuristic proce-
dure based on the assumptions that the selected models are most meaningful
and that the boundaries for class assignments are optimized. However, neither
assumption can be validated statistically at present because of the insufficient
history of result data in some cases.

4.3.3 Description of Model Output
The results of the Technical Analysis Report are evaluated and analyzed on a
quarterly basis. The model�s core output comprises a list of results generated
by all individual tools as well as a classification of all banks in Austria into three
classes (red, yellow and green). For the time being, banks are only ranked provi-
sionally within those classes (i.e. assigned weighted rankings) on the basis of the
model results fed into the overall assessment.
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4.3.4 Strengths, Weaknesses and Limitations
The table below provides an overview of the strengths (�+�) and weaknesses (�—
�) of the overall assessment approach:

4.3.5 Possible Future Extensions
In several years� time, once the necessary time series of individual tool results
are available, it will be possible to aggregate the results of the analysis models
using statistical procedures. Then the appropriate procedures can be employed
to identify the optimum aggregation weights with due attention to correlation
effects.
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5 Concluding Remarks
By grouping individual analysis tools by subject, ABBA has succeeded in imple-
menting the principle of risk orientation in Austrian banking supervision even
more efficiently and thus also more economically.

Due to the modular structure of the analytical tools and the extremely wide
variety of approaches used, it is possible to react relatively quickly to changes as
they arise. In addition, the depth of the analysis modules, which varies widely in
terms of content (ranging from comparing indicators to approaching concepts
such as economic capital) makes it possible to cover a broad range of analytical
questions and to optimize the use of resources at the same time. Semi-auto-
mated precategorization enables the regulators to focus their qualitative analyt-
ical activities on credit institutions with higher risk levels without completely
losing sight of banks which show less conspicuous results based on reporting
data and models.

The results generated by standardized analysis tools depend heavily on the
quality of their input data. Therefore, in order to optimize the models in
use, it is absolutely necessary to question reporting procedures on an ongoing
basis and to intensify communication with the supervised credit institutions in
this area.

As the preliminary stage before official measures as well as the international
representation of Austrian credit institutions, the analysis of all market partic-
ipants in the banking sector constitutes an essential pillar of banking supervision
and should continue as an internal and independent core process handled by the
OeNB and the FMA.

In this context, it is necessary to find a reasonable balance between minimiz-
ing effort (also in downstream analysis steps) and developing high-quality mod-
els and analyses in order to ensure and enhance the stability of the Austrian
financial market.
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6 Appendix
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