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Content 



• Utilitarianism Paradigm (Example health care and elderly) 

• Probability concept 

• Operations Research: Data Mining / Scoring / 
Classification 

• The risk definition: Not only Loss but also we 
need to work on the Gain too. Not only work 
on the object but also on the perception 

• 50 years of data mining and OR: upcoming trends and challenges 2009 Journal of the 
Operational Research Society, B Baesens et al. 

• A note on knowledge discovery using neural networks and its application to credit card 
screening (2009) European Journal of Operational Research Rudy Setiono et al. 

• Comprehensible credit scoring models using rule extraction from support vector machines (2007) 
European Journal of Operational Research, David Martens et al. 

Probability, Data Mining  and Risk 



From some of the most influent Professors in 
Risk Management 

 

The Known, the Unknown, and the Unknowable 
in Financial Risk Management 
Francis X. Diebold, Neil A. Doherty, and Richard J. Herring 2010 

Introduction: 
This is an example of what  we need  

to do more research  



• Actuary is a risk problem solver in many 
industries 

• The oportunities in quantitative world are 
growing 

• Marketing and operations require more 
quantitative analysis 

• Convergence with OR and IS-IT is higher 
than years before and highly needed  

• Using techniques once only for Actuarial now 
in Operational Risk  for example 
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Introduction 
To start and keep the message continuity... 



• Changes in the bank business, opening to 

the search of strategies to reduce risk 

and/or increase returns 

• The issue of changing business models 

and not showing in the balance sheets the 

assets creating what is called a SPV 

Special Purpose Vehicle or entitity or SIV 

Structured Investment Vehicle 

 
Propiedad IQAnalytics-Eduardo Rodriguez T. 

Introduction 
Some factors of the financial market… 



 

• What I want to share based on the LGD problem 

– Some words about the new settings in risk analysis-
business 

– Reflection about the capacity of models and the 
needs in other areas 

• What I expect you to think and learn after this talk 

– Need and responsibility of actuary in risk 
management 

– Development of new answers to current and future  
problems  
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Objectives  
About this talk 



• “Models are not decision makers; people are.” (Champion, 2009) 
• “Models increased risk exposure instead of limiting it.” (The 

Economist,2010)  
• “So chief executives would be foolish to rely solely, or even 

primarily, on VAR to manage risk.” (The Economist,2010)  
• “Remember that the biggest risk lies with us: we overestimate our 

abilities and underestimate what can go wrong.” (Taleb et al., 2009) 
• Risk as potential  organisational losses and not on the 

organisational positive results or variance view of the outcomes;  
equally, managers concentrate more on the value of the loss than 
on the probability of the events with the observation that the 
attitude is that managers are not strongly oriented to measure the 
risk but to perceive it (March and Shapira,1987)  
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The problem: 
First some reflections 



From the EU agreement Sovency II: 
¨Solvency II cannot just be about capital requirements; no amount of capital can 
substitute for the capacity to understand, measure and manage risk and no formula or 
model can capture every aspect of the risks an insurer faces.¨ 
and from Basel III 

“reforms to strengthen global capital and liquidity rules with the goal of promoting a 
more resilient banking sector. The objective of the reforms is to improve the banking 
sector’s ability to absorb shocks arising from financial and economic stress, whatever 
the source, thus reducing the risk of spillover from the financial sector to the real 
economy” 

• Review the legal. Regulation framework 
– New work on the capital side 

• OR and Data Mining 
– Looking for new tools 

• OR  and  Credit Scoring for profit planning 
– Looking for new applications 

• Other disciplines 
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The problem 
What do we need to do to discover?  

 



From Alan Forrest Group Risk Analytics Independent Model 
Validation RBS Group (2011) 

“Model Risk assessment is an essential part of Credit Risk model 
development and validation.”  

And additionally expressed: 

“The risk that a model is built or implemented in a way that turns out to 
be unfit for purpose. 

– How different could the model have been? How well will it hold up? 

 Can be caused by: 

– limitations or bias in the data used to develop the model; 

– changes in the meaning or population of the data over time; 

– assumptions that define the structure of the model; 

– assumptions about the market underlying the portfolio, past and 
future; 

– uncertainty about model’s response to stress or downturn”  
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The problem 

We take MODEL RISK 
What do we need to do to discover?  

 



 

• What? How to estimate the parameters 

– Loss distribution 

– EL=PDxLGDxEAD 

• How? 

• How to use? 

• How to communicate and create actions? 
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The problem: 
The simple model 



• The PD problem has been more studied, is based 
on the obligor knowledge, a  rating system, has 
data, is dichotomous and a figure 

 

• The LGD is based on the transaction, can be a 
number or a distribution, related to human actions 
(recoveries), data are scarce and multiple complex 
factors involved, the standard deviation are very 
high, problem with the time to define the loss, 
multiple products… 
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The problem: 
What about the estimation of the 

parameters 



• For the PD read “The value of non-financial 
infirmattion in SME risk management” 
Altman et al. 2009 

• The statistical analysis will drive the best 
selection of mitigants: 

– Financial Collateral 

– Non-Financial Collateral 

– Guarantees 

– Credit Derivatives 
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The problem: 
Understanding and being closer to 

mitigants 



• A percentage of Recovery 

• A loss distribution 

• Segments with different behaviour 

• Adverse selection 

• Crisis vs. No crisis 

• Risk Management Knowledge Systems 

• Relationship between variables & operations 

• Cut offs 

• Portfolio optimization with more restrictions 

 

The problem: 
Select possible problems to solve 



The problem: 
How to measure long run LGD 

• Historic data 
– Use the averages from the historical results 
– Take into considerations the value of the assets-

Exposure through the history 
– Review the portfolio concentration through time 

 

• The future LGD 
– Use the indicators and use time series for 

supporting the future estimation 



 

In the financial crisis for example most of the 

assumptions related LGD proved faulty. It 

was thought that the LGD  for mortgages 

would be low. The reason, it was expected 

no the lost of houses value. 
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The problem: 
Risk of modeling 



 

• Definitions 

• Data 

• Models 

• Interpretation 

• Reviews, tests 

• Understanding 

• Again evaluation 

• Segmentation 
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The problem:  
how to start, how to proceed what to use… 
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The problem:  
The real problem… 

If people do not believe that 

mathematics is simple, it is 

only because they do not 

realize how complicated life 

is.  ~John Louis von Neumann 



 

Loans and options 

Pay the loan when the assets value is higher 

than the credit amount and to default in case 

of assets value is smaller than loan 
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The real experience: 
Understanding and being closer to 

mitigants 



• The literature refers to two kind of models 
for PD 

• Structural default prediction models 
(Moody’s KMV Loss Calc) 

• Reduced form Models (Kamakura’s risk 
manager) 

• Kamakura’s model has some advantages: 
one because of easier calculation and 
second for including other variables 
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The real experience: 
Types of models 



• The KMV model is based on the stock 

price volatility and the stock price. No 

applicable for private companies, possibly 

no probability of default.  

• There are two concepts DD Distance to 

Default and Expected Default Frequency 
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The real experience: 
Types of models 



Kamakura’s Risk Manager: Use debt and other 
security prices to describe default probabilities  

• This is an answer to avoid the assumption of 
the LGD as constant or proportional to the 
bond value 

• Based on the article of Chava and Jarrow 
(2004) plus some pieces of Merton model 

• This includes the firm specific information, 
industry information, economic environment, 
and macroeconomic factors 
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The real experience: 
Types of models 



• Credit scoring systems: example Altman 

• Mortality rate systems: tables with bonds 

mortality rates and with a combination to 

calculate LGD and EL 

• Neural Networks 
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The real experience: 
Types of models 



• A data base where 1% of the obligors are 
possible to analyze with the previous models 
(Working with companies around the world) 

• Most of the companies are not public they are 
private.  

• A need for testing other variables. Which are 
significant (Example years in business, 
experience of the CEO…) To remark in some 
cases with more contribution than the 
financial variables 
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Real Experience 
The unknown… and hope not unknowable 
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The real experience How to know more 
about LGD ? 

• Obligor size, market information 

• Economic sector and country 

• Type of firm (industry) 

• External-internal  information of the organization 

• Size of loan 

• Firm specific characteristics   

– E.g. revenue, total assets, net worth, total debt / capital at default, current 
liability/total liability at one year before default, … 

• Economic conditions 

– E.g. GDP growth, average default rates, inflation rates, … 

• Country-related features  

– geographical region (e.g. zipcode) 

– e.g. how creditor-friendly is the bankruptcy regime? 

• Seniority of debt relative to other creditors 
 



 

• Segmentation 

• Seniority of debt 

• Legal systems 

• Credit rights 

• Behavior 
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The real experience: 
Classification using other variables 



– The purpose is to include variables that can affect the LGD, 
mainly those related to the country  

– Understanding and learning from the experience. Is it 
possible to observe behaviors that support the loss 
control? 

– This is a first step in a learning curve and continuous 
improvement process 

– Better understanding produces better segmentation and 
pricing allocation 

– The variables applied to the database are :  
• Data from "Private Credit in 129 Countries" 

Djankov, Simeon, Caralee McLiesh and Andrei Shleifer 
Journal of Financial Economics, 2007  

• Debt enforcement database 

 

The real experience 
Searching for clues of classifcation for LGD 

and its description and calculation 



• Identification of variables that affect LGD 
– Recovery % 

– Common v Civil Law 

– Macro Variables (GDP & Inflation) 

– Industry Sectors 

– Recovery from Insolvency 

– Creditors Rights in Bankruptcy 

– Legal Uncertainty 

– Days to Resolution 

– Recovery Forecast Errors 

 

The real experience: 
Variables that possibly provide more 

understanding 
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The real experience 
Most of the Kernel distributions were 
 like these, an issue for % description 



1. Common Law - Significant 
2. Inflation – Not Significant 
3. GDP Growth  – Not Significant 
4. Paid value $ - Not Significant 
5. Original Estimate of Recovery – Significant 
6. Years in Business (Positive Significant) 
7. Cash Assets (Not Significant) 
8. Asset Size( Significant Negative – (Smaller Firm 

more recovery) 
Gujarati D 2003, Basic econometrics, McGraw Hill, Boston, Golderberger 1978 and 
using Power analysis 

 

The real experience: 
looking just for significance of the variables  

Desmitifying R-square or others meausres. Analyzing residuals 

 



9. Covered Years (Negative and Significant) – 
fewer years more recovery 

10.Market Sector – Not Significant 

11.Overdue Code – Not Significant 

12.Number of Invoices  - (Negative and 
Significant) More invoices – recover less 

13.Terms – Not Significant 

 

 

 

The real experience: 
looking just for significance of the variables  

desmitifying R-square or others meausres. Analyzing residuals 



The real experience: Back to tradittional and  
non standard methods 

Loss ratios and default rates  with a good exposure review 

Analyzing time series for risk indicators  



The real experience: 
 more Analytics-Data Mining, Classification 

and Decision Trees 

Developing means to identify segments for analysis; for instance, 
using classification trees 



The real experience: 



• Application Main Menu • Options According to the 
Audience 

The Way to Know Our Risk!

Exit ReturnToMain

Standards and Scoring Team 

The Way to Know Our Risk!

Exit ReturnToMain

Standards and Scoring Team 

Exit ReturnToMain

The real experience: 
Creating tools to know?   



• Search of thresholds, early warning systems… 

• Premium 

• Expected losses 

• Claims 

• Exposure 

• By regions, products, sectors, risk levels 

 

 

The real experience 
…tools…Creating Risk MAPS 



June 2010 Share Quarter 6 Months 12 months June 2010 Share Quarter 6 Months 12 months June 2010 Share Quarter 6 Months 12 months June 2010 Quarter 6 Months 12 months June 2010 Quarter 6 Months 12 months June 2010 Quarter 6 Months 12 months

LOW 35,978 51.47% 8.07% 20.32% 10.12% 12034 39.88% 26.96% 36.80% 34.70% 17,768,628 23.6% 85.57% 107.55% 103.08%

MOD 20,535 29.38% 11.05% 11.49% 11.64% 8671 28.73% -1.48% -1.80% -4.46% 21,021,006 27.9% 18.87% 25.34% 29.54%

MED 7,953 11.38% -37.15% -46.74% -38.30% 4096 13.58% -34.60% -39.57% -36.10% 12,652,260 16.8% -36.73% -41.47% -33.45%

HI 4,809 6.88% 0.17% -19.28% -7.70% 4049 13.42% -1.57% -1.80% 6.14% 12,083,548 16.1% -7.35% -4.22% 5.63%

PRI 320 0.46% -3.14% 9.77% 36.10% 920 3.05% 5.30% 12.36% 62.53% 7,024,264 9.3% -0.70% 13.22% 65.07%

CRI 178 0.25% -7.60% -16.30% -40.61% 387 1.28% -37.32% -50.75% -70.88% 4,476,914 5.9% -40.43% -50.02% -70.13%

UNX 126 0.18% -9.18% -31.04% -36.94% 18 0.06% -35.87% -57.81% -61.25% 255,693 0.3% -35.20% -54.06% -58.21%

Total and Changes by period 69,899 100.00% 0.00% 0.00% 0.00% 30175 100.00% 0% 0.00% 0.00% 75,282,313 0.0% 0.00% 0.00% 0.00% 82,916,359      -0.60% 0.94% 18.00% ########### -0.64% 11.88% 2,353                0.00% -2.21% -0.04%

Mining 1,813 2.59% 1.88% 4.37% 8.36% 2746 9% -5.17% -5.54% -10.92% 5,245,521 7.0% -7.22% -2.59% -3.21% 7,061,875        9.14% 11.43% -43.60% 51,613,661    2.85% 0.48% -47.40% 3.3                    -94.09% 335.02% 314.45%

Oil & Gas 952 1.36% -18.13% 41.48% 46.18% 1109 4% -10.65% -1.40% -38.03% 1,767,770 2.3% -18.74% -6.31% -20.03% 1,508,981        23.19% 74.58% -52.14% 33,786,797    49.76% 13.67% 138.96% 1.0                    607.30% -48.14% 676.07%

Knowledge Base 7,886 11.29% -0.91% -1.50% -2.29% 2877 10% 6.79% 9.40% 19.22% 6,229,993 8.3% 14.98% 13.71% 23.02% 4,620,778        -3.58% -3.67% 7.38% 196,973,964   7.36% 6.77% -9.11% 4.6                    14.22% -35.03% -93.74%

Media & Telecom 3,075 4.40% 1.41% 3.88% 4.47% 3406 11% 0.05% 6.51% 17.58% 7,259,316 9.6% -8.80% -2.56% 11.84% 7,986,105        -0.34% -8.52% 50.41% 214,628,053   0.63% 21.45% 41.51% 110.8                45.56% 2.50% 523.38%

Engineering 11,845 16.95% -3.11% -6.45% -7.94% 2512 8% -5.76% -10.13% -6.81% 5,924,462 7.9% -5.23% -10.32% -2.38% 5,282,376        -0.48% -0.99% 5.50% 288,805,197   1.84% -14.07% -27.57% 4.6                    56.97% -68.31% -91.53%

Environment 295 0.42% -6.17% -7.08% -8.70% 125 0% -4.30% -8.55% -7.23% 220,265 0.3% 27.83% 7.21% 13.10% 592,125           -16.13% -22.76% -11.26% 11,533,712    9.00% -8.64% 8.54% -                    0.00% 0.00% 0.00%

Financial Services 744 1.06% 0.33% -1.29% -4.92% 497 2% 16.38% 27.23% 15.97% 688,683 0.9% 11.40% 17.40% 12.22% 1,160,073        0.61% 4.78% -6.85% 14,963,844    0.23% -3.98% 16.82% 0.0                    0.00% -44.54% 38.15%

Government Services 64 0.09% -9.68% -4.32% -15.49% 63 0% -3.94% -3.66% -2.57% 80,368 0.1% -6.77% 2.48% 13.12% 758,647           -2.00% -2.19% -18.69% 1,273,348      -8.26% -28.38% 70.21% 0.1                    46.94% 50.55% 0.00%

Power 1,338 1.91% 0.27% 0.32% 3.36% 1449 5% -1.35% -3.22% -3.20% 2,004,328 2.7% 1.16% 3.48% -5.62% 28,746            -37.92% -38.18% -36.15% 59,011,742    -14.34% -30.69% 130.69% 0.1                    -17.75% -59.63% 41.89%

Tourism 213 0.30% -2.10% -6.42% -8.28% 29 0% -2.22% -11.18% -25.46% 71,559 0.1% -29.53% -32.19% -49.41% 42,099            0.61% 0.77% -3.85% 2,449,613      0.62% -23.75% -32.88% -                    260.92% -62.84% 0.00%

Consumer Good 26,928 38.54% 1.91% 0.90% 0.61% 7964 26% 2.00% 0.63% 7.14% 24,074,747 32.0% 10.42% 9.66% 20.01% 19,216,536      -1.47% -1.42% 20.86% 838,342,358   -7.55% -4.53% 2.63% -                    -18.46% 129.69% -27.21%

Life Science 2,134 3.05% -0.74% -0.49% 1.32% 365 1% -3.27% -3.59% 6.50% 793,564 1.1% -25.86% -29.08% -18.30% 1,004,396        1.09% 2.01% 15.77% 50,420,591    9.81% 3.37% -12.10% 54.7                  1731.72% 249.62% -81.75%

Bulk Agriculture 2,659 3.81% 0.88% 4.24% 11.63% 1399 5% -3.29% -8.17% -0.76% 2,948,739 3.9% -10.58% -14.27% 5.23% 4,552,047        0.49% 9.36% -8.17% 49,697,935    9.54% -7.37% -32.94% 0.2                    181.41% 1016.65% -27.46%

Fisheries 1,199 1.72% 3.74% 3.44% 6.40% 608 2% 10.36% 9.74% 19.35% 1,399,376 1.9% 15.30% 14.42% 25.47% 3,360,931        1.37% 3.03% 49.04% 97,450,860    34.22% 41.58% 167.61% 0.8                    -45.35% -65.30% -81.17%

Lumber 2,814 4.03% -2.17% -4.32% -6.20% 942 3% -1.94% -3.02% -4.94% 2,828,960 3.8% 10.64% 14.76% 22.27% 3,267,427        -2.50% -3.68% 21.78% 121,015,351   11.21% 4.20% -8.08% 1.1                    -92.44% 165.91% 612.54%

Meat 766 1.10% 3.43% 15.38% 16.53% 230 1% 16.42% 48.88% 62.94% 633,941 0.8% 5.64% 32.89% 48.81% 871,254           0.93% 1.51% 44.31% 14,951,255    36.46% 29.72% 74.91% 0.4                    0.00% 0.00% 0.00%

Pulp & Paper 846 1.21% -1.32% -1.58% -1.08% 820 3% 1.21% 5.71% 5.25% 2,350,206 3.1% 1.67% 21.64% 3.21% 8,986,747        1.34% 1.63% 48.70% 116,022,393   14.67% 39.66% 20.69% 0.4                    36.11% 37.05% -77.14%

Aerospace 334 0.48% 0.19% 1.69% 6.70% 560 2% 3.06% 1.89% 7.80% 1,184,228 1.6% -10.55% -10.44% -1.47% 2,688,762        -5.52% -5.09% 26.53% 11,741,748    -20.86% -11.92% -19.41% -                    -3.34% 98.17% 19.23%

Autos/Trucks 2,559 3.66% 3.38% 4.79% 5.07% 1811 6% -0.30% -6.72% -21.64% 7,970,084 10.6% -12.70% -20.96% -43.51% 9,200,537        -2.60% -3.36% -30.95% 104,844,454   -8.61% -2.17% -7.00% 0.1                    0.00% 0.00% 0.00%

Buses & Specialty vehicles 288 0.41% 1.96% 5.67% 2.23% 95 0% 8.09% 31.46% 5.71% 257,125 0.3% 16.97% 56.30% 25.73% 134,094           9.74% -8.25% 21.08% 6,611,772      -5.32% 5.44% 9.66% 215.2                0.00% 0.00% 0.00%

Rail 70 0.10% 3.14% 4.65% 6.66% 38 0% 12.79% 13.22% 41.81% 95,150 0.1% 6.77% 2.64% 50.23% 16,849            -59.00% -55.07% -77.66% 861,238         16.27% -16.60% -49.41% -                    0.00% 0.00% 0.00%

Shipbuilding 238 0.34% 5.98% 5.02% 0.73% 40 0% -11.27% -27.36% -51.54% 94,932 0.1% -9.38% -33.50% -53.74% 59,902            17.60% -2.29% -2.26% 2,536,503      -3.63% -24.78% -31.16% -                    -37.27% 32.13% 59.14%

Transportation services 812 1.16% 0.07% 2.70% 10.62% 488 2% 3.20% 3.44% -1.49% 1,150,016 1.5% 1.30% 0.97% 2.23% 465,794           14.77% -1.42% -26.15% 24,543,685    -21.49% -5.81% 14.47% -                    0.00% 0.00% 0.00%

Total and Changes by period 69,899 100.00% 0.00% 0.00% 0.00% 30171 100% 0.00% 0.00% 0.00% 75,273,333                -   0.00% 0.00% 0.00% 82,867,081      0.00% 0.00% 0.00% ########### 0.00% 0.00% -                    

Number of Buyers Exposure (Cdn$ mlns) Expected Loss Prospective Premium Overdues(Cdn$mins)Premium 

DISTRIBUTION ANALYSIS
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Exit Application

The real experience 
…tools…Creating Risk MAPS 

Creating  risk maps and defining thresholds to compare results and create control 
systems for the main risk indicators 



• Knowing how the portfolio 
evolves • Example of evolution 

through transition 
matrices 

Standards and Scoring Team 

Exit ReturnToMain

The real expereince: 
…tools…Understanding a portfolio evolution 



• LGD: Current and comparison 
capability 

• Supporting Qualitative Analysis 
Knowing more about specific cases 

Standards and Scoring Team 

Exit ReturnToMain

Standards and Scoring Team 

Exit ReturnToMain

The real experience: 
Additionally doing a work on Exposure 

Management 



• Integrating numbers and 
interpretation 

• Creating the road orientation 
according to the key questions 

What?

more…

Why?

more…

So What?

more…

What?

more…

Why?

more…

So What?

more…

What?

more…

Why?

more…

So What?

more…

Standards and Scoring Team 

Exit ReturnToMain

 

[Type a quote from the document or the summary of an interesting point. You can position the text 

box anywhere in the document. Use the Text Box Tools tab to change the formatting of the pull 

quote text box.] 

[Type a quote from the document or the summary of an interesting point. You can position the text 

box anywhere in the document. Use the Text Box Tools tab to change the formatting of the pull 

quote text box.] 

[Type a quote from the document or the summary of an interesting point. You can position the 

text box anywhere in the document. Use the Text Box Tools tab to change the formatting of the 

pull quote text box.] 

ReturnToMain 

The real experience: 
Creating means to communicate effectivelly:  

See work from Rodriguez and Edwards and SerenKo 



• Definition of LGD 
• Dependent variable continuous between 0% and 100, or 0% or 

100% 
• Review the judgemental considerations 
• Use segmentation and regression models 
• Analyzing the bimodal distribution 
• Need loss estimates for bad accounts 
• Decide on time horizon 

– Survival analysis 

• Dynamic models: incorporate changes in economic factors, cycles 
• Organize scores for profit analysis and look for classification based 

on Expected losses 
 

The real experience: 
Digging deeper in what we know and  

what we can know 



• Models  for data that is not with continuous 
pricing is requires 

• The need of fitting loss distributions is clear 

• The validation and modification of assumptions is 
required 
– Recovery rate is not normal distribution.  

– Beta distribution is better fit (Moody’s LossCalc 
assumes this) 

– Regression assumes errors (and hence dependent 
variable) is normal 

 

The real experience: 
Digging deeper in what we know and  

what we can know 



• Fit Loss Distribution 

• Use Mixed Loss Distributions 

• Review the areas of risk  and segments of 
obligors 

• Study the quantiles and moments,  indicate 
the levels of concentration 

The real experience: 
Digging deeper in what we know and  

what we can know 



• Analyzing at least three groups: 0 LGD, in the 
interval (0,100) % and 100% LGD 

• Use logistic regression for 0 and 100% LGD 
and linear regression for the interval (0,100)% 

• Use segments for better approach and 
estimation 

The real experience: 
Digging deeper in what we know and  

what we can know 



The real experience: 
 

A life actuary designed a new 

coverage "Senility Insurance". He 

expected low claims because "If you 

remember that you have a policy, it is 

proof that you are not senile." 



LGD=0.35+ 7.18 x Default Rate, R²=0,25 

LGD=1.16+ 0.16 x ln(Default Rate), R²=0,40 

Measuring LGD on Commercial Loans: an 18-year Internal Study, The RMA 
Journal, May 2004 (JPMorgan Chase) 

Virtually no correlation  

between LGD of secured 

exposures and business cycle! 

The real experience: 
Digging deeper in what we know and  

what we can know 



Altman, Brady, Resti, Sironi 2003 

The real experience: 
Digging deeper in what we know and  

what we can know 



• Correlation of PDs across obligors 
• Correlation between PD and LGD 
• Correlation between PD and EAD 
• Impact on e.g. stress testing 
• Time series analysis of the indicators 
• Developing indicators with data-mining 

techniques 
• Use perception surveys and develop indicators 
• Connect the organization´s  performance 

evaluation and risk indicators 

The real experience: 
Digging deeper in what we know and  

what we can know 



• Use testing 
• Data quality 
• Model design 
• Documentation 
• Corporate governance and management oversight 
• Cleaning data 
• Observing segments, observing the descriptive statistics 
• Looking for fitting models for the loss distribution and for 

the % of recovery 
• Looking for clusters, models with machine learning (trees) 

 
 

The real experience: 
Digging deeper in what we know and  

what we can know 



• Loan information includes data: demographic, 
collateral, guarantee rates 

• Guarantee exposure, guaranteed LGD 

• Assessment about contracts, recoveries effectiveness 

• Tables of assumptions: what are the percentage of 
guarantees in the portfolio and loan 

• LGD  by portfolio percentile 

 

 

The real experience  

What Moody’s Analytics do 



• Compliance:  only what regulations say to do 

• Not to use the body of knowledge in lessons 
learned and from information that is 
accumulated 

• Lack of risk culture 

• Poor adaptation to the complexity of financial 
instruments 

 

 

The real experience: 
Digging deeper…big issues (Carrel 2010) 



The real expereince 
Expected Loss versus LGD 

• In summary we need to know how to classify using the expected loss or 
better the mix between PD and LGD 

 

 
 
 
 
 

 

PD\LGD High Average Low 

High 8.5% 6% 2.0% 

Medium 4.75% 2.0% 1.1% 

Low 1.15% 1.15% 0.52% 

good 

bad 

Expected Loss evaluation 



 
Conclusions 

1. Many things that we know and need to understand 
better 
2. Many things that we have to find a way to know 
3. Many things that we need to dig deeper  to  
improve the knowledge 
4. Many things that are together not only modeling, we 
need systems, we need to communicate, we need to 
develop more competencies 
5. We have to find more and better relationships  
with other disciplines 



• Journal of Risk Management in Financial 
Institutions 

• Journal of Credit Risk 
• Journal Insurance Mathematics and Economics  
• Journal of Banking and Finance 
• Risk Magazine 
• Journal of the Operational Research Society 
• European Journal of Operational Research 
• Management Science 
• IMA Journal of Mathematics 
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