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iEXplore role off data in the financial crisis
Stiiate that data was available

gehref analysis is exploratory
Seme data: mining will be illustrated

s Could have detected problems
— Due diligence could have uncovered fraud

— Provide warning of deterioration on mortgage
guality

ase Studies of Use of.Data to.
PEect Problems -

BVEdeiiPonz Scheme
Slvertgage Crisis




Viadoff Ponzi Scheme

Could his fraud have been detected?

Should his data have been analyzed to
verify that his returns were legitimate?

- dwnloaded from internet Jan, 2009

Tihis analysis motivated by Markopolis
testimony to congress




Too good to
be true!

Statistics for Different Assets
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Minsand - Max

| Asset Minimum | Maximum
Balanced -11.6% 5.7%

Long
Bond -8.7% 11.4%

S&P 100 -14.6% 10.8%
Madoff -0.6% 3.3%
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VIgofi Case Study Conelisions™

SsipIErgraphis and deseriptive statistics
couldihave detected the scheme

Paiioallyzallfof them would have shown
et the Madoff data deviates significantly.
rom statistical patterns for similar assets

The Mortgage Crisis

Could simple descriptive statistics
have predicted the meltdown?




Descriptive Informationifirom
HIVIDA for Florida: -
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Ratio of Loan Amount to Applicant's Income
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Loan to Value
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Data from Demyanyk and
Hemert, 2008
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States with a foreclosure problem have
consistently higher loan to income ratios
compared to states not experiencing a
foreclosure problem




21 ations from Loan Portfelio: ..
SeIptive Statistics -

Balloen payments increased

SlVertgage Fraud Analysis

Can data and models be used to
detect mortgage fraud?

-

terthinx Fraud Riskelndex

gpplications processed by Interthinx’s
EEldEGUARD System

— Demographic, address data
— Combination of methods




—

ENie identity of loan applicant? Is credit data
accurate?

S Occupancy.
— Is applicant misrepresenting intent to occupy home?
Income
— Is income accurately stated?

Overall Fraud Index

o

Rropertys\Value Riskelimdex

Property Value Fraud Index




Sl]bcomponents of Fraud ...
Index -

PropVal

Identity

Occupancy

Year/Quarter

Housing Data Trees

Could data mining have been
used to predict subprime
meltdown?

BSUibprime component
= Eoreclosure component
— Disclosure component

http://www.housingpolicy.org/foreclosure-response.html

® Zip Code Demographic Data
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Independent Variable Importance Importance
Denial Percent .027 100.0%
Mean Denial Score .027
PctApprove .024
~|ZipCodePopulation .020
PctPropNot1l-4Fam .019
Median Rate Spread .017
PInCom .016
HouseholdsPerZipcode .015|
Mean LTV Ratio .014]

Table I1L5 - Means On Variables:

Cluster

ppliedite loan
jaracteristics
Ut not result

approval)

1.000 | 2.000 [ 3.000 | 4.000 | 5.000 | 6.000
0.076 | 0.131

0074|0136 |

Francis, L, “The Financial Crisis: An Actuary’s View”, in
Risk Management: The Current Financial Crisis, Lessons
Learned and Future Implications, 2008




BliLiNation years

igis ikely that the 2007 default rates are

largely: driven by conditions in earlier years
= This affects interpretation of tree results

pproveal/Denial rate was an important variable for
ioIEciosure and subprime problems
Iiiisimay be a lagged effect. Low approval rates in 2007 reflect
NECOgNItion of foreclosure problem originating ini prior years
Wien'loose underwriting standards led to approval of risky
and/orfraudulent loans
pulation and interest rate spread are additional
Important predictors of subprime problems

Loan to income is an important predictor of foreclosures

—

ge Credit Model Assumptions: Do.Housing. .«
.Go Down? Evidence From US Housing Data

Home Prices

Building Costs
Populat
Interest Rates.
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