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Maximizing the value of multi-data solutions

Al can efficiently and optimally extract additional value from alternative and big data

Identify new (& O Analyze more Capture Better business
patterns E data efficiently non-linear decisions
interactions

Historically we were limited Al techniques can be leveraged To improve existing solutions
and enhanced and open up new possibilities

* Heavy reliance upon traditional

techniques like Logistic « Machine learning * Risk
Regression * Neural networks, random * Marketing
* Single data source solutions forests, decision trees

« Customer management
« Sample data sets « Unsupervised learning e Fraud
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Algorithm Explosion
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Data Industrial Revolution
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New algorithms on existing data driving data growth
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Why are we discussing Explainable Al

guardian Ehe New ork Times

Tech’s Ethical ‘Dark Side’:
Harvard, Stanford and

Opinion
Algorithms are taking over -

and woe betide anyone they
class as a ‘deadbeat’

AUTOMATING
INEQUALITY Others Want to Address It
E E’ = J Opinion The FT View == T
NEWS |~ find-~4ami —1_ Ceding powers of decision to Al Ec The B
“YIRGINIA EUBANKS - 3 d SLSORUIORUIRENRY  sout Norsts i rvssion
e e - presents a paradox e s ot
BBC News Online - Durham Without care, maching learning will echo “le world's most
Police using Experian Mosaic in and magnify human biases 'aluab'e resource
Al systems Artificial Intelligence ;

Big Brother Watch investigation reveals that nw u ma e a gorl ms alr w en

Experian’s crude data sets, Mosaic, are used

o= you don'tknow what they're doing
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Credit Scoring System Requirements

Business Consumers Regulators

il 0, fu

Logical Actionable Fair Lending
Features and Reason Compliant &

Robust Codes OCC 2011-12
Performance
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Features Should Be Logical

Probability of Default
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Predictors in credit scoring models have an inherent “positive” or “negative” connotation

Positive consumer behavior rewarded (score increases)

Negative consumer behavior penalized (score decreases)

Developed models should reflect data trends and business logic
EQuUIFAX
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Reason Codes Should Be Actionable

Reason codes should:

. . Aid the consumer in taking action to improve
their credit score

. — Percent of mortgage balance outstanding

. - — Number of revolving accounts 60+ days delinquent

- Explain the model, and be both derived and

actionable at the consumer level

— Not “approximately”, “on average”, or “in general” across
any macro level (e.g. portfolio, population, segment)
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Fair Credit Reporting Act (FRCA), Fair Lending and OCC 2011-12

“Disclosure of Credit

Scores”
FCRA Section 609(f)

FCRA Section 609(f)(2)(A):

The term “credit score” means a numerical
value or a categorization derived from a
statistical tool or modeling system .. .;

(2)(C): all of the key factors that
adversely affected the credit score of
the consumer in the model used, the

_ total number of which shall not exceed 4

(plus inquiries), subject to paragraph (9);

(2)(B): The term "key factors" means all
relevant elements or reasons adversely
affecting the credit score for the
particular individual, listed in the order of
their importance based on their effect on
the credit score.

EQUIFAX

Equal Credit Opportunity

Act (ECOA)

ECOA Regulation B

“prohibits discrimination in any aspect of
a credit transaction ...” based on the
following factors

* Race or Color

» Religion and National Origin
» Sex and Marital Status

* Age

» The applicant’s receipt of income
derived from any public
assistance program

» The applicant’s exercise, in good
faith, of any right under the
Consumer Credit Protection Act

Supervisory Guidance
on Model Risk
Management

OCC 2011-12

“Rigorous model validation plays a critical
role in model risk management; however,
sound development, implementation, and
use of models are also vital elements”

“If data and information are not
representative of the bank’s portfolio or
other characteristics...these factors should
be properly tracked and analyzed so that
users are aware of potential limitations:

“Effective model validation helps reduce
model risk ... It also provides an
assessment of the reliability of a given
model, based on its underlying
assumptions, theory, and methods.”
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The first patented Explainable Al (xAl) technique
in credit risk: NeuroDecision® Technology (NDT)

« Optimally constrain a multiple
hidden layer Neural Network (NN)
to be monotonic

0 - Demonstrably superior to logistic
regression; superior ability to risk
split for large data volume

« Produces a score and logical
reason codes by enforcing

monotonicity
NeuroDecision® Technology
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Monotonically Constrained Machine Learning Models

- |;EITE1.I f . l-fr- I -
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— Reason codes .
— Business logic s
— Compliance and Risk Management ~ |

« Examples of approximating reason code
methodologies

— Explaining-On-Average: Taking logical action on

d de i h f Fig 2. Monotonic models allow for easy interpretation,

a returned reason code increases t (_a score for reason code generation, and pre-imposed expected trends
most consumers, but may decrease it for o |

others

— Explanation-By-Proxy: A second model that
approximates the unconstrained machine

learning model is used to generate reason
codes

EQUIFAX'
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Issues with “On Average” Reason Codes: lllustration 1
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EQUIFAX s

« Partial dependence plots
show the marginal, or on-
average, effect of an
attribute on a predicted
score

« A consumer may follow the
reason code advice and
their score decreases, which
harms or deceives the
consumer
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Issues with Proxy Reason Codes: lllustration 2

Empirical Statistics

Subject =3

Subject =5

0 48 96 144 192 240 288 336 384 432 0 48 96 144 192 240 288 336 384 432

# Months on File

Sample Average Average Prediction: Unconstrained NN Average Prediction: Proxy Score
Uncons trained NN Linear Regression Proxy Score

14

e Score derived from

machine learning model

« Reason codes derived

from regression
approximation

« Rsquared = 0.7902
« The proxy score indicates

that # Months on File is a
negative effect on the
model
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The benefits of new algorithms and new data
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Credit Trended Credit Utility/Telco NDT (xAl) Model

Score more WApprove more |:> Hold default rate constant
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How NDT and alternative data help lenders

A Retail Credit Company

Coverage

98.3%

94%

86%
Custom EFX
Configured

EQUIFAX'

Performance

35.1%

31% —30.2%

27%
Custom EFX
Configured

16%
Lift in KS

13%

More accounts
without increasing
losses

$177m

Loan amount
expansion
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Mortgage NDT model identifies lower risk consumers
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Machine learning algorithms maximize new data contribution
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NDT model validation demonstrates robust performance

KS Lift over Unconstrained Neural Net

oo - Predictive models are necessarily
built on historical data

1.50%
1.00%
0.50%
0.00% -~
-0.50% -
-1.00% -

« Overfitting - an overly complex
model is created to explain
random features of a dataset,
B resulting in a failure to predict
2.50% future observations accurately

B Development B 6 Month OOT*** m 12 Month OOT#***

« Constrained models are less
Kolmogorov-Smirnov statistic measures SUSCeptib|e to fl’equent attribute

maximum separate between delinquent and ShiftS
non-delinquent samples

*** Qut of Time Sample
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Moving forward: two topics Equifax is pursuing

Fair Lending Explainable Al
« Fair lending compliance is primarily « Predictive Models with Explainable
based on feature evaluation Concepts (PMEC) generalizes model
. Concerns about bias with Al/ML explanation for other AI/ML methods

(random forest, gradient boosting)
« Avery, Brevoot and Canner (2010)

have an approach can be a

considered a future blueprint « Evaluating Shapley Values and Local
— Collected a loan data set and they appended race, Interpreta ble Model EXp|a nations
gender, age and ethnicity to measure fair lending
compliance (LIME) to assess FCRA regulatory
— These attributes that are not collected in the Comp“ance

personal credit granting process

— Going forward, we need data set creation to
evaluate the outputs (bias) instead of the inputs

EQU'FAX* "Does Credit Scoring Produce a Disparate Impact?” Robert Avery, Kenneth Brevoort, and PROPRIETARY | 20
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Questions, Comments and Consternations

Business Consumers Regulators
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