
Copyr i g ht  © 2012,  SAS Ins t i tu t e Inc .  A l l  r ights  reser ve d .

WEBINAR@LUNCHTIME

„STATE OF THE ART IN CREDIT RISK MODELING"

BY PROF. BART BAESENS



Copyr i g ht  © 2012,  SAS Ins t i tu t e Inc .  A l l  r ights  reser ve d .

Expert
Prof. Bart Baesens

LinkedIn-Profil:
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WEBINAR@LUNCHTIME WELCOME TO WEBINAR@LUNCHTIME

Some organizational hints:

• Attendees are automatically muted

• You can send questions through the tool

• The webinar will be recorded

https://www.linkedin.com/in/bart-baesens-403bb83
http://www.xing.com/profile/AnneKatrin_BognerHamleh?key=0.0
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PROF. DR. BART BAESENS

• Studied at KU Leuven (Belgium)

• Business Engineer in MIS, 1998

• PhD. in Applied Economic Sciences, 2003

• PhD. Title: Developing Intelligent Systems for 

Credit Scoring Using Machine Learning Techniques

• Professor at KU Leuven, Belgium

• Lecturer at the University of Southampton, UK

• Research: analytics, credit risk, fraud, marketing, …

• YouTube/Facebook/Twitter: DataMiningApps

• www.dataminingapps.com

http://www.dataminingapps.com/
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OVERVIEW

• Introduction

• Data Quality

• Model requirements

• Model discrimination versus calibration

• Model validation

4



Copyr i g ht  © 2012,  SAS Ins t i tu t e Inc .  A l l  r ights  reser ve d .

STRATEGIC IMPACT OF CREDIT RISK ANALYTICS

• More than ever before,  analytical models steer strategic decisions of financial 

institutions!

• Minimum equity (buffer capital) and provisions a financial institution holds are 

directly determined, a.o.,  by
• credit risk models

• market risk models

• operational risk models

• fraud risk models

• insurance risk models

• model risk metamodels (?)

• …

• Analytics typically used to build all these models!

• Often subject to regulation (e.g. Basel II/Basel III, Solvency II, …)!

• Model errors directly affect profitability, solvency, shareholder value, macro-

economy,  …, society as a whole!

5
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CREDIT RISK COMPONENTS

• Probability of default (PD) (decimal): probability of default of a counterparty over a one 

year period (Art.  4, EU)

• Exposure at default (EAD) (currency): amount outstanding

• Loss given default (LGD) (decimal): ratio of the loss on an exposure due to default of a 

counterparty to the amount outstanding (Art. 4, EU)

• Expected loss = PD x LGD  x EAD

• Unexpteced loss = f(PD, LGD, EAD)



Copyr i g ht  © 2012,  SAS Ins t i tu t e Inc .  A l l  r ights  reser ve d .

CREDIT RISK MODEL ARCHITECTURE
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TRADITIONAL ANALYTICS: PERFORMANCE BENCHMARKS

Context Number of Characteristics AUC ranges

Application Credit Scoring 10-15 70%-85%

Behavioural Credit Scoring 10-15 80%-90%

Fraud detection (insurance) 10-15 70%-90%

Churn detection (Telco) 6-10 60%-80%

8

BAESENS B., VAN GESTEL T., VIAENE S., STEPANOVA M., SUYKENS J., VANTHIENEN J., Benchmarking State of the Art 

Classification Algorithms for Credit Scoring,  Journal of the Operational Research Society, 2003. 

VERBEKE W., DEJAEGER K, MARTENS D., HUR J., BAESENS B., New insights into churn prediction in the 

telecommunication  sector:  a profit driven data mining approach, European Journal of Operational Research, 2011. 
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IMPROVING TRADITIONAL ANALYTICS: 2 STRATEGIES

• Strategy 1: Use complex modeling techniques 

• E.g. neural networks, support vector machines, random forests, …

• Pro: powerful models (e.g. universal approximation)

• Con: loss of interpretability, marginal performance gains

• Strategy 2: Enrich your data 

• External data (FICO score, bureau data, …)

• Data quality!

• Pro: model still interpretable

• Con: additional resources needed (ICT)

9
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• GIGO principle
• Garbage in, Garbage out; messy data gives messy models

• In many cases, simple analytical models perform well, so 
biggest performance increase comes from the data!

• “ The best way to improve the performance of an analytical  
model is not to look for fancy tools or techniques, but to 
improve DATA QUALITY first”

DATA QUALITY

10
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EXAMPLE DATA QUALITY CRITERIA

• Data accuracy
• E.g., outliers
• Age is 300 years versus Income is 1.000.000 Euro (not the same!)

• Data completeness
• Are missing values important?

• Data bias and sampling
• Try to minimise, but can never totally get rid of

• Data definition
• Variables: what is the meaning of 0?
• Target: fraud, churn, default, customer lifetime value (CLV), ….

• Data recency/latency
• Refresh frequency

11
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DATA QUALITY CRITERIA (MOGES, LEMAHIEU, BAESENS, 2011)
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SURVEY: DATA QUALITY FOR CREDIT RISK ANALYTICS

• 50+ banks participating world-wide

• Focus on credit risk analytics

• Initial findings:
• Most banks indicated that between 10-20 percent of their data suffer from 

data quality problems

• Manual data entry one of the key problems

• Diversity of data sources and consisent corporate wide data 

representation main challenge for data quality

• Regulatory compliance key motive to improve data quality 

13
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DATA QUALITY: SHORT TERM VERSUS LONG TERM IMPACT

• No short term solution

• Deal with in a statistical way using e.g. data transformations

• Outlier truncation, missing value imputation, data enhancement

• Buy external data (data poolers!)

• Structural solutions in the long term

• Re-design data entry processes

• Master data management

14
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ANALYTIC MODEL REQUIREMENTS

• Statistical performance

• Lift curve, ROC curve, Gini coefficient, …

• R-squared, MSE, …

• Interpretability + Justifiability

• Very subjective, but CRUCIAL!

• Often need to be balanced against statistical performance

• Operational efficiency

• How much effort is needed to evaluate/monitor/re-train the model(s)?

• Economical cost

• What is the cost to gather the model inputs and evaluate the model?

• Is it worthwhile buying external data and/or models (e.g. BKR score)?

• Regulatory compliance

– In accordance with regulation and legislation

– E.g., Basel II\Basel III, Solvency II

15
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MODEL DISCRIMINATION VERSUS MODEL CALIBRATION

• Model discrimination

• Rank order (score) entities with respect to likelihood of event occurring

• Examples

• Rank order customers in terms of likelihood to default on their obligation

• Bart is more risky to default than Victor!

• However, despite traditional focus in data mining,  this is no longer sufficient!  

• We need to know the EXACT probability of the event occurring!

• Model calibration

• Provide well-calibrated and accurate  projected probabilities  based on 

• Historical data

• Expectations with respect to the future (e.g. GDP contraction versus expansion)

• Losses only make sense in an ABSOLUTE way!

• Example

• P(Bart defaults)=0.90; P(Victor defaults)=0.75

16

BRING THE MACRO-ECONOMY INTO THE MODEL!
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MODEL DISCRIMINATION VERSUS MODEL CALIBRATION

17

Characteristic

Name
Attribute

Scorecard

Points

AGE 1 Up to 26 100

AGE 2 26 - 35 120

AGE 3 35 - 37 185

AGE 4 37+ 225

GENDER 1 Male 90

GENDER 2 Female 180

SALARY 1 Up to 500 120

SALARY 2 501-1000 140

SALARY 3 1001-1500 160

SALARY 4 1501-2000 200

SALARY 5 2001+ 240

Example application scorecard

Model CalibrationModel Discrimination

Historical probability of default (PD) calibration 

for customer segment B!
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MODEL CALIBRATION: EXAMPLE APPROACH

• Analytical models typically built using a snapshot at a given period in time!

• Cluster data mining model outputs (e.g. scores) into pools

• Scores are too fine granular anyway!

• Essentially, a semi-supervised learning exercise

• Score 200-300: pool A; score 301-500: pool B, score 501-650: pool C, …

• For each pool, calibrate event probability using

• Time series analysis techniques (ARIMA, VAR, …)

• Dynamic models/Markov Chains

• Simulations

• Projected macro-economic scenarios

• Model transitions between pools

• Gives an idea about customer volatility/model stability

• Do I have a point-in-time (PIT) or through the cycle (TTC) analytical model?

18
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SUMMARISING: MODEL ARCHITECTURE

19

Data Mining Model
Scorecard

Internal/External Data
Expert Input

Dynamic macro-economic 
models

Data

Discrimination

Calibration

Characteristic

Name
Attribute

Scorecard

Points

AGE 1 Up to 26 100

AGE 2 26 - 35 120

AGE 3 35 - 37 185

AGE 4 37+ 225

GENDER 1 Male 90

GENDER 2 Female 180

SALARY 1 Up to 500 120

SALARY 2 501-1000 140

SALARY 3 1001-1500 160

SALARY 4 1501-2000 200

SALARY 5 2001+ 240

Characteristic

Name
Attribute

Scorecard

Points

AGE 1 Up to 26 100

AGE 2 26 - 35 120

AGE 3 35 - 37 185

AGE 4 37+ 225

GENDER 1 Male 90

GENDER 2 Female 180

SALARY 1 Up to 500 120

SALARY 2 501-1000 140

SALARY 3 1001-1500 160

SALARY 4 1501-2000 200

SALARY 5 2001+ 240

Characteristic

Name

Characteristic

Name

Characteristic

Name
AttributeAttributeAttribute

Scorecard

Points

Scorecard

Points

Scorecard

Points

AGE 1AGE 1AGE 1 Up to 26Up to 26Up to 26 100100100

AGE 2AGE 2AGE 2 26 - 3526 - 3526 - 35 120120120

AGE 3AGE 3AGE 3 35 - 3735 - 3735 - 37 185185185

AGE 4AGE 4AGE 4 37+37+37+ 225225225
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GENDER 2GENDER 2GENDER 2 FemaleFemaleFemale 180180180

SALARY 1SALARY 1SALARY 1 Up to 500Up to 500Up to 500 120120120
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SIDE BENEFIT: STRESS TESTING

• By introducing the macro economy into the model, one can do stress testing
• “evaluate the potential impact on a firm of specific adverse events and/or movements in 

a set of financial variables”  (BIS, 2005)

• Sensitivity analysis
• Single variable versus multiple variables

• E.g. assume all credit scores decrease by 5%

• Scenario analysis
• Historical or hypothetical

• E.g. 3 successive years of GDP contraction, house prices drop by 5%, …

• Could be a 1/25 years event (e.g. in the United Kingdom)

• Common challenges/problems:
• Lack of historical data

• Correlations break down during stress (need to have data on downturn periods)

• Integrate risks

• What is stress??

• What to do with the results?  Strategic impact?  

20
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MODEL RISK

• “Essentially, all models are wrong, but some are useful“ (George E. P. Box, 

1987)

• Models are not perfect, some are actually VERY bad, but what’s the 

alternative???

• Default risk/fraud prediction: good performance (Gini coefficients around 50 to 80%)!

• Loss/LGD prediction: awful performance (R² of 0 .30 already great!)

• Model imperfection is typically dealt with by

• Conservative parameter calibration (aka economic downturn calibration)

• E.g. assume statistically estimated probability of default is 3%.  

• Use 5% for strategic decisions to capture model risk!

• Create equity buffer/provisions for model risk

• Hard to quantify!

21
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MODEL MONITORING

• Why analytical models may degrade in performance?

• Sample effects (models estimated on limited samples)

• Macro-economy (downturn versus upturn)

• Internal effects (e.g. strategy change, population drift, M&A)

• In reality: a very nice (?) mixture of these!

• Need to constantly monitor outcomes of models

• Crucial since models more and more steer strategic decisions of 

the firm (cf. supra)

• E.g. equity calculation in a Basel II/Solvency II environment

• Risk based pricing

• Quantitative versus Qualitative validation

22
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MODEL VALIDATION

• Quantitative validation

• Backtesting

• Benchmarking

• Qualitative validation

• Data quality

• Model design

• Documentation

• Corporate governance and management oversight

23
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BACKTESTING

• Contrasting ex-post realized numbers with ex-ante predictions

• Using statistical tests and performance measures

• Examples

• Use binomial test for comparing default/fraud rates

• Monitor decrease in AUC (Gini) over time

• Challenges

• Which test statistics to use?

• Which confidence levels to adopt?

• How to deal with correlated behavior (portfolio effects)?

• When to take action and what action?

24
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BACKTESTING: EXAMPLES

Score Range

Expected

(training) %

Observed 

(actual) % 

at t

Observed 

(actual) % 

at t + 1

0-169 6% 7% 6%

170-179 10% 8% 7%

180-189 9% 7% 10%

190-199 12% 9% 11%

200-209 12% 11% 10%

210-219 8% 11% 9%

220-229 7% 10% 11%

230-239 8% 12% 11%

240-249 12% 11% 10%

250+ 16% 14% 15%

SSI versus Expected 0.0605 0.494

SSI versus t - 1 0.0260

Number of

observations

Number of

defaulters AR

AR model 5866 105 0.85

AR 2006 5677 97 0.81

AR 2005 5462 108 0.80

AR 2004 5234 111 0.83

AR 2003 5260 123 0.79

AR 2002 5365 113 0.79

AR 2001 5354 120 0.75

AR 2000 5306 119 0.82

AR 1999 4970 98 0.78

AR 1998 4501 62 0.80

AR 1997 3983 60 0.83

Average AR 5111.2 101.1 0.80
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ACTION PLANS

26

Model 

calibration

Model 

discrimination

Continue using

model

Data stability
Re-calibrate

model

Re-estimate

model
Tweak

model

OKNOT OK

OKNOT OK

OKNOT OK
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KEY LESSONS LEARNT

• The best way to improve the performance of an analytical  model is 

to improve data quality first

• A good model does more than giving good statistical performance 

(model requirements)!

• Discrimination versus calibration: bring the macro-economy into 

the model!

• Introduced the idea of model risk

• Discussed the need for model validation and action plans!

27
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COURSES

• Analytics in a Big Data World

https://support.sas.com/edu/schedules.html?ctry=us&id=1339

• Advanced Analytics in a Big Data World

https://support.sas.com/edu/schedules.html?ctry=us&id=2169

• Credit Risk Modeling

https://support.sas.com/edu/schedules.html?ctry=us&id=2455

• Fraud Detection using Supervised, Unsupervised and Social Network 

Analytics

https://support.sas.com/edu/schedules.html?id=1912&ctry=US

https://support.sas.com/edu/schedules.html?ctry=us&id=1339
https://support.sas.com/edu/schedules.html?ctry=us&id=2169
https://support.sas.com/edu/schedules.html?ctry=us&id=2455
https://support.sas.com/edu/schedules.html?id=1912&ctry=US
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SELF-PACED E-LEARNING COURSE

Self-Paced E-learning course: Credit Risk Modeling

See: https://support.sas.com/edu/schedules.html?ctry=us&id=2455

The E-learning course covers both the basic as well some more advanced ways of modeling, 

validating and stress testing Probability of Default (PD), Loss Given Default (LGD ) and 

Exposure At Default (EAD) models.  Throughout the course, we extensively refer to our 

industry and research experience. Various business examples and small case studies in both 

retail and corporate credit are also included for further clarification.  The E-learning course 

consists of more than 20 hours of movies, each 5 minutes on average.  Quizzes are included 

to facilitate the understanding of the material. Upon registration, you will get an access code 

which gives you unlimited access to all course material (movies, quizzes, scripts, ...) during 1 

year. The course focusses on the concepts and modeling methodologies and not on the SAS 

software.  To access the course material, you only need a laptop, iPad, iPhone with a web 

browser. No SAS software is needed.  See 

https://support.sas.com/edu/schedules.html?ctry=us&id=2455 for more details.  
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SELF-PACED E-LEARNING COURSE

31
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QUESTIONS?
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NEXT WEBINAR@LUNCHTIME:

26. JANUAR 2016
GUT VORBEREITET IST HALB ZERTIFIZIERT –

ANTWORTEN ZUR SAS VISUAL ANALYTICS ZERTIFIZIERUNG
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DOWNLOAD SLIDES AND RECORDING

WWW.SAS.DE/LUNCHTIME

HOW DID YOU LIKE OUR WEBINAR?


