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1. Introduction

Banks have a prominent role in the financial angifess
environment. The increasing risks that banks féesie
led to the introduction of the new regulatory framoek of
Basel II, which defines the core principles fordfirtial
risk management in banking institutions. One offitilars

of this framework involves the banking supervision
process. The central banks that are responsible f
supervising the banks in each country use ratirsgesys
to assess the soundness of the banks. According
Sahajwala and Van den Bergh (2000), the emphagpigtis
on the development of formal, structured and qfiedti
assessments taking into account the financial pegoce
of banks as well as their underlying risk profiledarisk
management capabilities. Such assessments sugeort
supervisors and examiners in identifying changdsainks'
condition as early as possible.

Due to lack of sufficient historical data about ban
defaults, bank rating systems usually implementigogh
assessment techniques, which are based on a tebadl s
criteria selected from the CAMELS categories (Calpit
Assets, Management, Earnings, Liquidity, and Skmitsit
to market risk).

to

group 5 indicating high risk/low performance bankbe
overall performance is decomposed into partial esdfor
each individual evaluation criterion).

In accordance, with the CAMELS model which used
by the Bank of Greece, a multicriteria methodoldwms
been implemented that enables not the only dedimitf
the required risk grades, but also the developméran
overall performance index that enables comparisorthe
relative performance of the banks. The methodolmgy
based on PROMETHEE II. The workflow of the
methodology is given in Figure 1.

The PROMETHEE Il method is widely used to rank a
set of alternatives on the basis of pairwise compas. In
the proposed methodology, PROMETHEE Il is also used
to perform an absolute evaluation of the banks in
comparison to a pre-specified reference point, Wwhic
selected by the bank analyst either as the idetileoanti-
ideal bank. The system incorporates several toofs f
supporting user in the specification of the evatrat
parameters (weights, type of preference functiord the
associated parameters) and provides detailed sesulthe
overall score of the banks (net flows), its decosifmn
into partial scores (unicriterion net flows), ate implied
risk ratings.

Several multicriteria techniques have also beeml use
(mainly at the academic/research level; cf., Maraband
Brans, 1991; Raveh, 2000; Zopounidis et al., 199h)s
short paper presents the DSS implementation of
multicriteria bank rating approach. The propose

methodology is based on the PROMETHEE Il method
(Brans and Vincke, 1985). The bank evaluation katare
selected in cooperation with expert analysts froenBank
of Greece. The selected criteria comply with theMEA. S
framework and include both qualitative and quatitiea
measures. Special emphasis is put on the sensitivihe
results with regard to the relative importance bé t
evaluation criteria and the parameters of the
PROMETHEE method. Analytic sensitivity analysis
techniques are used for this purpose, together Mihte
Carlo simulation.

2. Problem context and methodology

The main output of bank rating models is the cfasgion
of the banks into ordinal risk grades (groups). mhmber
of risk groups is usually defined to be equal towith

group 1 indicating low risk/high performance barsksd

#
&

Figure 1: Modeling methodology

Special emphasis is also put on the sensitivity and
robustness of the results. To this end, analyticgaures
and Monte Carlo simulation are used. Analytic pthoes

are employed to define intervals for the criteriasights,

the parameters of the preference functions andamés’
data, within which the ratings of the banks remain
unchanged. On the other hand, Monte Carlo simulato

Page 17



Groupe de Travail Européen “Aide Multicritere a la Décision”
Série 3, n°19, printemps 2009.

used to explore how different scenarios for theghts of
the criteria and the preference functions affeetrting of

the banks.

3. Anillustration of the DSS - Critria Pref, function] Parameter deal Antiideal Benchmark
The DSS has been installed at the Bank of Greekerew - . R EEBCETAET
it is currently in use. Multiple individual analgstan use ‘~ - ETEECEETRE
the DSS simultaneously, in their local PCs, allihgv ; % k2 Gas | 30 AN 6N 2%
access to a shared database, which has the informuat \ e e
the criteria and the banks. Senior analysts ha@daess o S, e T
to the database and they are able to make permaner |: % - ETEETEOIE R
changes, by modifying the set of evaluation critetheir i % Mk | s | S0 00 503
weights and the corresponding type/parameter of the |° % e
preference functions. Lower-level users have fodless to y ‘\ Ul jpem | MM 08 24D
all the capabilities of the system, but they arky atlowed . Mt Lnew | EW 0N 3R W
to make temporary modifications to the databasdchvh o \ e
are discarded upon exit from the system. e C”:e“r;fva‘ues B o
In its initial form 31 criteria (financial ratiosnd B Gass | 100 000 S0 7%

qualitative criteria) have been included in the teys

covering all aspects of the CAMELS framework. The| fee = fee | EEETEGETEET
system, however, allows the user (senior analyst) t| |omweessn | o sosoor o | AR EEART
modify the set of criteria. The weights of the eri& have ‘ g Lew | S0 0% 5% W
been defined by the senior analysts of the Bar&rekce. . FERTETRTEET)

The weights are defined for each main categoryitdréa,
as well as for the criteria in each category. Estén of
the criteria importance are also given using thmk+arder
centroid (ROC) and rank-sum (RS) approaches (J&. et

1998) as shown in Figure 2.

Criteria weights

Criteria groups

Criteria

Weight ROC weight RS weight

Weight ROC weight RS weight

%) CAMELS weights
) User weights
[w] Nomalization

Retum

Capital Risk 30.00 47.92 3097 Ass1]| 10.00 6.67 10.00
Asset Risk 20.00 2292 23.08 Ass2| 20.00 15.00 20.00
Management Risk| 15.00 10.42 15.38 Ass3| 2000 15.00 20.00
Earnings Risk 15.00 10.42 15.38 Assd| 20.00 15.00 20.00
Liquidity Risk 10.00 417 7.69 Ass5| 30.00 48.33 30.00
Market Risk 10.00 417 7.69
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parameters on the partial scores (unicriterion $lpef the
banks.

Preference functions |

Eard Gauss 400 900 000 450
Pefeencefincin [oaes 7] o ‘ Bl | Gass | 0% 200 000 100

Figure 3: User-inputs for the partial preferencections
(generalized criteria)

The results from the application of the PROMETHEE |
method are presented through the screen of Figufde
overall net flows (rescaled in the aforementior@&,[5.5]
scale) are shown for each year and each bankatties
sensitivity analysis is available. The user can ifiyothe
weight and/or the parameter of the preference fondbr

a selected criterion and the net flows are updated
automatically. Analytic sensitivity results are als
available in separate sheets, with regard to thighis of
the criteria and the parameters of the correspgndin
preference function (e.g., Figure 5). Individualaded
reports on evaluation of a specific bank and thesisigity

of its ratings with respect to the parameters of th

Figure 2: Definition of the criteria’s weights atiekir
ROC and RS approximations

For the specification of the preference functioristte
criteria (i.e., the generalized criteria in PROMETE)
and the corresponding parameters, the system @m®\ad

evaluation are also available.

Banks|2001 2002 2003 2004 2005 =
AGR [2.48[ 347 270 265 232
ALP  [238 242 181 173 199
ASP (271 328 341 331 306
ATT 317 3.02 259 299 318
EGM [2.20 2.29 2.33 246 2.51
EMP (205 287 307 306 319
ETH [203 211 158 157 158
EUR (144 183 207 1. 1.89
FBE |[M/A 2.06 2.28 2.64
GEM

2.84 363 345 3.81

visual representation that supports the user. Tirahe
screen of Figure 3, the analyst can specify thmfof the
preference  function (Gaussian or linear),

corresponding parameter and the resulting unigritemet
flows for the banks in the database are illustratec
graph. All net flows are rescaled in a [0.5, 5rkrval in
accordance with the overall 5-point rating scaléthwhis
rescaling, lower net flows indicate better perfonceand
lower risk. The rescaling is based on the ideal anti-
ideal values of the criteria, which are defined tine
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analyst. This visual representation helps the user
understand the effect of the individual preferencd

Figure 4: Presentation of the overall evaluaticsults
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The user also has the capability to perform a Mont
Carlo simulation involving the parameters of the
evaluation process (weights, preference parametéh®
scenarios for the simulated parameters are eithg
completely random but additional information froimet
analysts can also be taken into consideration, (¢hg.
ranking of the criteria in terms of their relative
importance). This kind of scenario analysis proside
useful statistics on the performance (net flows)tlod
banks (e.g., means, medians, standard deviatidsf® 9
confidence intervals). Detailed results are alseemifor
each bank as shown in Figure 6. This kind of repor
provides information on the distribution of theimgs for
the selected bank (across all scenarios), the bilityaof
its net flow (Box plot). Information is also prowd on the
relation of the simulated parameter (weights) witie
evaluation results, which supports the identifimatof the
strengths and weaknesses of the selected bank.

Figure 5: Sensitivity analysis results for the vgof the
criteria

1%
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Figure 6: Scenario analysis report for a specidinko

4. Conclusions

The bank rating system presented in this short mpédyzes
been developed to act as a supporting tool foattadysts
at the Bank of Greece. It provides a rich set afleation
options, visualization, and reports that enableathalysts
to identify the strengths and weaknesses of thekdan
Further enhancements are explored towards buileiamty
warning models, the extension to cooperative baaks,
well as the specification of appropriate criterggyarding
the investments made by Greek banks abroad.
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