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ABSTRACT

In this paper we highlight some high level requiesrts for Basel
Il compliant credit risk management and share aisdst
management approach to this problem as a case kxafrp real
world business data mining application.
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1. INTRODUCTION

The new Basel Accord (Basel IlI) aims to make regua
capital requirements more sensitive to risk to ionpr the
overall stability of the financial market. Basel dbvers
credit, market and operational risk. For calcutatiand
managing credit risk, banks can follow the so-chlle
Internal Ratings-Based approach (IRB), which allows
calculation of risk ratings based on predictive eled
developed by the bank on its own data [1,2]. Ashsuc
predictive data mining has a huge business impadhis
application area.

This paper is a position paper and its goal isresent
Basel Il and credit risk management in general as a
interesting application area for predictive dataning
applications and research, and to identify chaksngnd
opportunities. Data mining research often focusesth®
core model development step in the KDD process ehiew
we claim that other steps are also of key imposeafur
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credit risk management, such as integrating priedistwith
business rules, policies and strategies, safe geyelot and
the monitoring of business performance, decisiond a
predictive models.

1.1 Outline of the paper

The procedures for developing, deploying and
monitoring models must meet certain requirememtsiesof
which are specified explicitly by Basel Il regutats and
some of which are implied by it. In section 2 well wi
highlight a selection of these requirements. N, will
share the Chordiant Decision Management approach as
case example of a state of the art industry solufar
implementing a managed Basel Il credit risk managgm
process and outline opportunities for data miniegearch
(section 3). In addition we identify some opportigs that
are related to Basel I, beyond mere compliancgtie 4).
Section 5 concludes the paper.

2. Thelnternal Ratings Based Approach

The Internal Ratings Based (IRB) approach dependsoe
called risk components to calculate the expectsd for
each exposure, which in turn sum up to the totdlitirisk.
Basel Il dictates that the capital requirementsrareonly
based on the expected losses but also on the Hoation

of the methods used to estimate these losses. Tdie m
advanced the methods used, the better a bank can do
reducing the minimum capital requirements, whichum
allows banks to free up capital to be used for ropheposes
such as investments. Estimates of exactly how noachbe
freed up vary from 7% for large international banks
(‘Group 1 Banks’) to 27% (small and midsize banasjl
50% (high quality mortgage portfolios) [3,4].

2.1 Requirements
As discussed a central requirement is to calcuthte
expected loss for an exposure, it is defined as:
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EL= PD x LGD x EAD x M (1)

with PD the probability of default (not paying baakoan
or equivalent completely), LGD the loss given défau
EAD the exposure at default and M the maturity loé t
exposure.

Typically, under the so-called
approach, banks provide their own estimates of miDuse
supervisory estimates for other risk components thie
Advanced IRB approach all components are estimbyed
the bank itself.

Basel compliant ratings must be calculated on Hwsb
of at least two years of data, so the availabdithistorical
data over that period is a must have.

IRB Foundation

linking models with business rules into a decislogic
(strategy management), batch and real-time decisigic

deployment and monitoring of decisions and models

[3,4,6,7].

3.1 Risksand L osses Datamarts

As discussed Basel Il requires that at least tvars/ef risk
and losses data is available. As usually data istlwere
somewhere in the company, getting reliable acoessis
generally the issue.

However, it is generally less of a problem than for

other business areas because banks have beendotiige
keep a lot of risk related records for financialaocounting
regulations. Furthermore, periodical snapshots single

The data must be analyzed to calculate ratings thatflattened customer table are usually sufficient,d an

properly reflect the risk in a portfolio. Traditialty,
classical statistical methods like regression asedufor
estimating risk components. However, the Basefdhdard
does not require a specific modeling algorithm ¢oused,
rather the modeling process must meet a numbeitefia.

explorative predictive analytics can be used tadguhe
search for relevant risk indicators that shouldstired on
an ongoing basis in the risk data mart.

Risk management is an area where everyone is aware

of the risk and reality of poor data quality. Frandata

Merely being predictive is not good enough. The mining research point of view it could be interegtito

models must be proven to be stable under varying@uic
conditions and over various points in time. A pridsk
assessment knowledge that may improve the bottonskp

adapt algorithms specifically for mining ‘dirty’ ts or
further develop methods that continuously monitatad
quality or detect anomalies [5,9].

models must be made explicit and incorporated where3.2 Safe Model Development Process

possible. A safe and auditable process must bevietl to
develop, deploy and monitor credit models and egiat.

3. A Decision Management Approach
In this section we would like to outline the varosteps
involved in managing the Basel Il credit risk masagnt
process, present our decision management appreaeh a
example of real world application of data miningdan
discuss various challenges and opportunities.
Historically, the focus of our tools and methodglog
was purely on predictive model development for itresk
management using genetic algorithms [10]. Laterdlved
into a full decision management platform for opdimg the
overall customer relationship, across issues likle cross
sell, service and attrition (‘next best action’ ‘oext best
activity’).

Basel Il requires that best practices for develgpiating
models are followed, to minimize the scope for esrand
ensure consistent quality. In our opinion, the laest safest
way to ensure this is to hardcode this proceshemtodel
development tool and to provide automated suppbere/
possible, without sacrificing user control. Thisosld not
be limited to the core model algorithms, but alsolude
project definition, data preparation and model eatibn.
Because of this model factory approach, model aoyyr-
robustness and process compliancy are optimized dulil
audit trail to the development process can be gemli As
core modeling algorithms, logistic regression, &dei
scorecards, decision trees and genetic algoritmsised,
to cover the whole spectrum between
understandable models and more powerful,
models.

Decision Management provides managed process

support for the steps after a model has been deseio

simple,
complex
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Figure 1: Decision logic examples: combining models for syhipations, logic aware of the economic cycle,
logic implementing the core IRB formula

There are various interesting opportunities foradatning information that is out of scope of the model. Epéas are
research. Of course there will always be a needétier exceptions that lead to an increase or decreasaiimg or
scoring algorithms, especially if these allow taluee the simply the implementation of core IRB formulae. Amer
variance error which is generally a major sourceroér in use case would be a comprehensive rating systein tha
real world problems (see also [8]). However as ufised requires multiple rating models. An example woulel &
above providing more (semi)-automated support fog t system that rates small and medium enterprisesdbase
entire model development process may have even moreseveral sector specific rating models, or a rakirgic that

impact. combines models for different economic cycles (fga).
For instance, evaluation of scoring models is guicto  These are relatively simple examples; a real wdedision
of its own. Simple measures such as accuracy dsuifite logic generally contains tens to hundreds of denisi

because of the relatively low default rates. Fatance components or more.

measures such as area under the ROC curve are more The marriage between models and rules is an aata th
useful. In addition usually extensive testing neta$ake could deserve more attention in data mining reseait
place to demonstrate the stability of these modmis least in Al data mining and knowledge based systaras
different samples and over time periods (‘backingst usually quite separate areas. Also it is oftennutal that
Often simulations are used as well to check undeatw integration of models into applications is specffic each
conditions models may break down, by generatingitsip  application and doesn’t allow the development dfigye

over a range of distributions and studying the bighaof methods. The decision management approach of camgbin

the model, for instance through Monte Carlo simafe. rules and models can be seen as a counter examfiést
claim. The same methodology is also used for mendet

3.3 Business Policies, Rulesand Strategies (real time next best activity, marketing campaigasd

medical applications (implementing decision suppamt

The core idea of the decision management appreatttai .
medical protocols).

often not just a prediction is needed, but rathdeaision.
In our approach we allow rating models to be
complemented by decision rules. This facility ipitally
used to express risk assessment knowledge based on
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Figure 2: Example of a monitoring dashboard

3.4 Monitoring

To be Basel Il compliant. product & customer pditfs,
rating logic and models must be monitored contirshou
and consistently. Example analyses include calioulabf
rating and score distributions, comparisons of joted and
actual defaults and losses, and population driftis Tis
achieved without the need to actually design orddbai
dedicated data mart or equivalent repository. Agtiis is
a feature of process automation. In model developrak

expectations are stored within the model and in ehod

deployment all the produced ratings along withitipait are
written away to the monitoring data mart, which teoms a
unified Basel 1l data model. Obviously, cost of ttata
mart is not an issue from a regulatory perspectiesyever
the automated approach again minimizes the risriafrs
(figure 2).

the root cause of a change in score distributiddis?the
portfolio change or are the models no longer valiti®v
can we detect a sudden external change in theosment?
How could we use a set of credit models and stiegegnd
adaptively use the best ones given the currenr@mvient,
or in other words how can we use monitoring to &daly
steer the rating environment in a safe manner?

4. Basdl || Related Applications

Banks that have implemented an IRB compliant preces
in capital

will be rewarded considerably. Changes
requirements of only a couple per cent will hayniicant
impact on the bottom line. However, Basel Il is jugt an
exercise in compliancy, but also an opportunitptild on
the rating environment and implement or improveatesd
applications.

The monitoring of models (and decisions) is another
topic that is very useful but also interesting (aumtler Il
studied) from a data mining research point of viéwr
instance how can be detected that a model is géetiied’
and needs to be replaced. Or what are methodsto\air

The first candidate applications to profit from as@l
infrastructure are other credit risk management
applications. Examples are loan acceptance modeis (
new clients), behavioral models (during clienttlifee) and
collection models (after arrears or default). Tiiswctually



not limited to the banking industry, but will bleeant for [2]
non-Basel sectors like telecommunications, inswraacd
retail as well. Note that these application aresed|to
interesting new research problems as well. Forants in
application scoring outcome information (loan regdlyis
missing for a non random sample (the rejected eppts).
This is known as the ‘reject inference’ or ‘outcome [4]
inference’ problem.

Secondly, the risk dimension may be included in any [5]
situation where the right offer has to be madeht right
client, i.e. integrate risk as one of the dimensiavhen
deciding the next best action for a given customer. [g]
Customer relationship management should become risk
sensitive, so that high risk clients are not tardebr offers
for a client are configured so that both risk aedenue are
optimized. An example is risk based pricing, whidlows a
bank to accept customers that would normally bectef.
From a client perspective, the communication chione
customer touch point should not necessarily infbgethe
treatment, offers and value he gets, so the dlainig must
be done both offline (batch scoring for outboundkating
campaigns for example) or online (contacts through
inbound call centers or web site visits).

5. Conclusion

In this paper we have discussed Basel II compliaeatlit

risk management as an interesting area as an stitege
application of data mining. We have presented #asibn

management approach to credit risk managemenfpthat
heavy emphasis on the steps and processes beywndrth
modeling step. In our view this opens up new afeadata

mining research as well.

(3]

[7]

(8]

9]
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