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Decision
Modelling
Introduction

* Decision focused

predictions




Predictive Modelling Example

Bal02=£624 credit default in

3?_:(1)335328 next 12 months
H1= (]

Util2=31% = 1 .5%

Util3=16%

TOB=86

etc Score = 420

etc

etc
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Decision Modelling Example

oo 01=£450 - ags
Bal02-£624 Profitability
Bal03=£328
Ut 1=23% over next 12
Util2=31% =
Ut:l3=16% months if we
ToB=s¢ do ‘A’ = £100
etc
etc
etc
etc

Profitability
over next 12
months if we
do ‘B’ = £80

Decision Decision Decision
A B C
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Decision
Modelling
Introduction

* Decision focused

predictions

* Open standardized

modelling framework

* Robust Methodology
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FICO Development Methodology

Provides a Robust Development Framework

INPUTS

Customer & Bureau Data
Segmentations & Scores
Pricing / Profit Models
Product Metrics

Accelerated
Learning

DEPLOYMENT

Engineer final strategy and
deploy challengers as
Decision Trees or Rule Sets
in Production Systems

© 2013 Fair Isaac Corporation. Confidential.

Design
Framework

Reporting &
Drill Down
Analysis

FICO

DECISION
MODELLING

Establish mathematical

relationships between

Actions, Reactions and
Profitability

Optimisation
Software Set-up

SIMULATION &
OPTIMISATION

Identify best strategy

scenarios subject to multiple
business goals, constraints

and forecasts
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Importance
of Project
Design

o Structure with Influence

Diagrams

 \What to Include /

Exclude?




Decision Model Design:
Use Influence Diagrams to structure the problem

Inputs: Decisions: Predictions: Objectives &
Known information Possible actions Unknown customer Constraints:

used to make decision taken reactions which Primary &
drive objective Secondary goals

Credit Bureau scores

Credit Line
Credit Bureau data Increase

Response

Predictive scores Initial Credit

. Charge-Off
Line -

Account Behavior

Pre-Payment

Loan
Promotional history (0] {-1¢

Activation

Demographic data Balances

Constraints

Other behaviors

Customer segments
Initial Action

Transaction data

Interest Rate




Example Decision Model Design

Multiple Decisions - Loan Amount / Term & Price

> > Decisions Predictions

Simplified origination decision model

Who to
Accept
Early
repayment
Loan Amount Charge-off
(& Term)

Time to
early-repay

Loan Price

(APR) .
Time to

charge-off

This simplified influence diagram shows how the FICO decision model drives the optimal action based on
analyzing the relationships between all the elements of the decision.



Decision Model Design — more realistic example FICO

Provides A Complete Profit Framework

Core Decision Model  omercosts

(ﬂf'FerTakE Up )-__
Ok Application Data
_.[TIF'HE to early re- payj
Early Re-payment
[Clr Bureau Data / \ Revenue
e o Ilgitial L:;an |\ | [Glpen to Buy [Utlllzatmnﬂ (fees
moun

r

. '|
2l \ [Cnst of Funds [Margln] Glb_jectwe Maxirmize
O Customer Data Profit
(Prnb (Bad) J,____ )
\
O Product Data /

[ Credit Line Requested

(\'

apital Management
Inputs / Metrics
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FICO

Importance
of Project
Design

o Structure with Influence

Diagrams

 \What to Include /

Exclude?

 Question Everything!
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FICO

Action
Effect
Models

» Essential to understand

outcomes




Action Effect Models

Evaluates Customers’ Reactions to Your Actions

Customer Action Reaction

E(Bal) = £1,000

. °f1fer geodoiaf_?r:ﬁ; E(loss) = £40
« 3 / ’ E(profit) = £105

BEENELON Credit Card E(Bal) = £1,500
er - i
>3 £5,000 Limit E(loss) = £65
E(profit) = £115

Offer

3

E(Bal) = £1,750
E(loss) = £120
E(profit) = £95

Credit Card:
£9,000 Limit




Action Effect Models — Variable Selection FICO

Determine Variables that are Predictive & have Strong Interactions

STRONG INTERACTIONS WEAK INTERACTIONS

N A
Time at Address
CB Score
—_ o
o
g =
C A
t ——Low ~ - kﬂov;
—— Med 0 o -e
.8 —A— High (o] =t
o a
o
Price S
y Income A Num of Cards Held
o [« X
5 =)
T 1
) Q
-fg ——Low % ——Low
[ —#-— Med = ‘—‘\_‘/‘\‘ -8 Med
L N
—— High i
o ig o —&— High
o) o
o ud
o o

Price Price
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FICO

Action
Effect
Models

» Essential to understand

outcomes

e Account for Data Bias

« Keep it simple




Action Effect Models - Account for Data Bias
Infusing business expertise into action-effect models

The data shows the following relationship between Credit Line
Increase amount and Projected Revenue — WHY?

Data == =m = Realistic Projection
£250 -

_——————-
£225 -

£200 -

£175

Projected Average Revenue per Account

£150

£0 £500 £1,000 £1,500 £2,000 £2,500 £3,000 £3,500

Credit Line Increase Amount



Reasons for Data Bias

Why data driven interaction variables don’t always capture the action-effects:

* Inherent historical data bias - the historical actions usually are targeted.
The result is often data gaps.

« Causal effect vs. correlation effect - the primary purpose of action-

effect modeling is to capture the “causal effect’. However, what we observe is often
overwhelmed by the “correlation effect”, which occurs when performance is highly
correlated with the targeted profiles.

 Limitations in the historical action range

« Confounding effects - there may be many strategies in different decision
areas that may impact the observed performance. Changes in market or economic
conditions may also impact the observed performance.

Solutions:

« Broader more comprehensive data will always improve the models.
* Most effective - Experimentally Designed test and learn strategy

17 © 2013 Fair Isaac Corporation. Confidential.



Building action-effect models

Interpolation and extrapolation of data

Consider use of Experimental Design and Learning Strategy approaches
Necessary to accommodate for data holes and biases of past strategies
Data Driven + Judgmental assessment based on data and experience
Need to consider potential data bias and confidence levels

Loan Take Up Rate Price Increment 0% +1% +2% +4%
Application Score Credit Bureau
Score
651 to 670 0-500 66% 60%

201-550 73% | 64%
551-600 90% 85%
601-650 88% 78%
651-700 85% 65%
701-999 80%




Building action-effect models FICO

Interpolation and extrapolation of data — to infer performance

» Consider use of Experimental Design and Learning Strategy approaches
* Necessary to accommodate for data holes and biases of past strategies
« Data Driven + Judgmental assessment based on data and experience

» Need to consider potential data bias and confidence levels

Loan Take Up Rate Price Increment 0% +1% +2%

Application Score Credit Bureau
Score

6510 670 0-500 922% | 89% | 76% | 66% | 60%

501-550 91% | 87% | 73% | 64% | 59%

551-600 90% | 85% | 71% | 62% | 56%

601-650 88% | 78% | 67% | 58% | 51%

651-700 85% | 75% | 65% | 55% | 45%
701-999 80% | 69% | 60% | 50% | 35%




Building action-effect models

Understand where inference is strong and weak

» Consider use of Experimental Design and Learning Strategy approaches
* Necessary to accommodate for data holes and biases of past strategies
« Data Driven + Judgmental assessment based on data and experience

* Need to consider potential data bias and confidence levels

Loan Take Up Rate Price Increment 0% +1% +2% +4%

Application Score Credit Bureau
Score

6510 670 0-500 92% | 89% | 76% | 66% | 60%

501-550 91% | 87% | 73% | 64% | 59%

551-600 90% | 85% | 71% | 62% | 56%

601-650 88% | 78% | 67% | 58% | 51%

651-700 85% | 75% | 65% | 55% | 45%

701-999 80% 69% 60% 50% -




Overcoming Data Bias

Extrapolation Factors

« Data Extrapolation (& Interpolation) approaches are used to understand the
relationship between Action & Effect.

* When developing the component models, it is important to focus on the trend and
the relationship between sub-segments, rather than the point estimates.

We use Three sets of factors to influence the Extrapolation process:
Sensitivity
* Where we look to identify how much the
performance would change given changes in
the model characteristics we are considering
Shape

» Where we look to identify how much

performance would change given changes in
the actions we are considering

Trend

* Where we identify how overall performance

would change given changes in both the

model characteristics and the actions we
are considering

© 2013 Fair Isaac Corporation. Confidential.
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Action Effect Models — Account for Data Bias

Important to smooth relationships between actions 1

OBSERVED TAKE-UP RATES BY CREDIT BUREAU SCORE
Credit Bureau Score

— Very low
Low
—_ —  Medium
S
Q \ Medium/High
© ~
e — —_—
69_ AN Very High

Price
Business Expectations

« We expect to see:
* For a given bureau score, probability of take-up decreases as price increases
» Across score bands, sensitivity to pricing increases as the CB score increases



Action Effect Models — Account for Data Bias FICO

Important to smooth relationships between actions 2

EXTRAPOLATED TAKE-UP RATES BY CREDIT BUREAU SCORE

— Very low
\ Low
\\ —— Medium
—_— Medium/High
N =

\ —— Very High

Prob (Take-up)

Price



Validating the Decision Model

Simulate business as usual

Utilization
Behavior_Scor|1 0w 009900 [0.9900t09.990 [9.9901029.99 [20.991049.98 [49.091069.99 [60.091089.09 [09.09toHigh [Total
305 267 | 003 oo2 004 000 002 000 | 000 oo | 37 277
LEIEEs 114 109 | o o o | o 3 111 |
000 oo 0.00 000 000 00 | ooo 001 | ooo 006 | 000 008
599.910 640.9 = 5 | . o 5 | o . . |
000 oo | 000 om | 000 oot | 002 003 | 003 oor | 004 04z | ooz 026 | o4z 0&
ERODEED 64 25 | 2 45 45 | 2 8 23 |
002 00z | 001 001 | 005 004 | 004 005 | 005 007 | 005 011 | 004 013 | 02 o042
679.010699.9 7 I 53 R 51 o |
002 ooz | 001 oo | o001 oot | ooz ooz | ooz o002 | 005 003 | oo 002 | o4z 013
OB Bl o8 | 100 107 S | 95 &0 £ |
00: 004 | 002 o002 | 003 00z | 0035 o002 | 003 o002 | 002 002 | om 001 | o47 017
U 101 o7 | 108 112 109 | 108 69 101 |
003 00z | 001 0m | 001 000 | 000 000 | 001 00 | 000 000 | 080 000 | o0e 006
DD 114 104 | 6 114 114 | 114 27 105 |
Current profit 000 000 | 000 000 | 000 000 | 080 000 000 000 000 | oo oo
trajectory HEEDED 114 1a | 114 114 o | 3 o 05|
2283 2080 | 344 325 | 476 480 | 327 303 | 283 23 | 214 202 | 5718 6978 | 915 9585
HEEDIETD 110 106 | 103 108 107 | 108 % 100 |
2599 2358 | 3s2 335 | 485 474 | 338 316 | 268 260 | 231 230 | 6728 6028 | 10000 10000
Time fotal 110 ws | o 107 o | o s 100

Review action distributions

80
£ $9,000 -
70 § $8,000 -
S $7,000 -
60 <
5 $6,000 -
o
g 50 o $5,000 -
g 40 2 $4,000 -
-
8 > $3,000 -
Q
& 30 G $2,000 -
T $1,000 -
20 ) : : : : : : : : : ‘
10 1 2 3 4 5 6 7 8 9 10
Decile
0

Actions —=— Actual —— Predicted



FICO

Power
of Scenario
Analysis

» Compare to BAU —
results are directional

* Know where your
model is weak

e Stress Test
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Scenario Analysis FICO
Optimisation Solvers Answer Different “What If” Questions 4

Customer Action Reaction

Low Price, Low Line

P(Act)=70%, E(Rev)=£120

High Price, High Line P(Act)=65%, E(Rev)=£130

Low Price, High Line P(Act)=85%, E(Rev)=£150

Decision Model

Action Reaction

£5 BB Annual Profitability

« .| High Margin, Low Exposure £5.2 BB Annual Profitability

£5.32 BB Annual Profitability
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Basic Scenario Analysis Example

Limit Offer Example — Impact of Exposure Constraint

Objective: Maximise Profit Incremental Expected Profit

Scenario 1: Customer | 1 2 | 3 4 |5 6|7 8|9/ 10
No Constraints Action
3 x £1000 | £1000 £45 230 £50 -o@ £20 | £50 £25£29 £50
3 x £3000 | £3000 £20£6 £20 | £40 | £60 | £30 | £15 | £65
4 x £7000 | £7000 -£50 | £5 | £30 -£40 £20 E100(£80) £35) £10 (£75

Exposure = £40,000 Profit =£520

Scena”? 2: Customer

Constraint: o

Exposure<= £32,000 P —
£1000 £45 (£30) £50 -£10f£40)£2o £50 | £25 £2o? £50
£3000 £20 ( £65 @ £20 | £40 | £60 £30 | £15 | £65
£7000 £50 | £5 | £30 |-£40 £20 £100 £80|£35 £10 | £75

Exposure = £32,000 Profit =£505



Scenario Analysis

Appropriately constraining the optimization problem

Layering on global and local constraints restricts the optimization
space and the potential improvement that can be achieved

Efficient Frontier
with Many Local

Projected Average Profit per Account

£105 Constraints
A
£100 Baseline
£95 I [ [ [
-10% 0% 10% 20% 30%

Projected Change in Losses over "Baseline”
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Scenario Analysis
Adapting to potential market changes

Simulating profit outcomes in a Stressed environment

o  £120 -
c
o
o £115 - Efficient
O Chosen Optimal Scenario N
< Pt : Frontier
| 9
£110 -

8
+ \
| .
o \
S  £100 - YN
g N Efficient Frontier
> £95 - \ in Stressed
g N N Environment
Q
5 £90 - S
) N
S A
E £85 T T T T

-10% 0% 10% 20% 30%

Projected Change in Loss Over "Baseline"
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Scenario Analysis

Compare and drill down into different scenarios & m

L | [ | Option#l | Optin#d
FICO Selected scenarlofsolutionis) - For action Credit Line Increase Option #1 Qption #2

Exp.per Increased <= | Exp. per Increaze
i £1.355: £2000
IS—— St Ak T 6 LT K.Ey. Metrics . — 1266 . £20
< o per Eligible Account % Inc <= 16,5 % Inc <= 208
. . Loss Rate Loss Rate

e Revenue 20486 £ 21000 £ 1627 £ i

Ve Loss E 6278 £ 66.71 £ 6563 £ 66.42

i e Loss Rate (Loss/Revenue) 30.60% NI 30.35% 30.54%

o i i e Profit £ 14209 £ 1439 £ 150.64 £ 15107

L [

[ | Percent Increased 0.0% 16.8% 16.8% 20.0%

Bad Rate 1.20% 1.20% 1.20% 1.20%

% of Revalvers Increased 0.0% 29.9% 38.8% 45.5%

oy e % of Transactors Increased 0.0% 7.5% 1.1% 1.8%
- Current Exposure £ 6,741 £ 6,741 £ 6,741 £ 6,741

o Increased Exposure (per Increased Accoum)E - £ 185 £ 1,85 £ 2,000
T8 Lyos LTASI6] Increased Exposure E n £ 312 E 400

DecisionTree (8]
Worse 125% [C]

- e : = ; Prof'l % Improvement 4.88m 5.15,.,

A B c | o E F G " K L M N 0 P
Viewas: HTML HTML-L PDF FDFL | Help 1 AcctID Crlineinc AvPurlast6 CurrUtil NoMthsRev12 BehScore CBRiskScore CurrLimit TOB IntRevL6|Revenue| Loss | Profit [NewCrline  pbad  ProfitDueToCll
11 0 665 8264 12 663 76 13500 55 82880 | 1343.66|13%.46| 5280 | 13500  10.78% 0
301 5w 665 8264 12 663 76 13500 55 2880 | 423.03 |148.18| 2515 | 4000 10.78%  27.650632%2
41 1w 665 8264 12 663 7% 13500 55 82880 | 146126 |1498.90| 3864 | 14500 10.78% 1416306371
501 2m 665 B84 1 663 726 13500 55 22880 | 1505.31|1603.35| 9803 | 15500  1078% 4522723351
R s G gt 6 1 3000 665 B84 1 663 75 13500 55 82880 | 1S3157|1706.79|-175.22| 16500 10.78% 1224139365
701 4w 665 B4 1 663 75 13500 55 2880 | 156395 |1810.23|-266.28 | 17500 1078%  -2134760238
. | . 8 2 0 457 180 7 75 738 0500 55 5924 | 369 | 8731 | 5462 | 1050  0.96% 0
kil - —_— - Ty mss' '-—3-:5541' *55‘53'71 9 2 5w 457 1800 : 746 728 0500 55 5924 | 4962 | 9146 | -AL34 | 11000 096%  L2779MeM
Fre:uenﬁ P:memge s i —— S - w2 100 457 180 7 75 738 W500 55 5924 | 5715 | 95.62 | 847 | 1500 096% 1614909115
Average Balance Last6  Average 52994 s2772 4235 55 162 55,011 1z 2 457 1800 7 5 728 0500 55 5924 | 6430 | 10394 | 2963 | 12500 096% 1498524375
Months n oz 3 457 1800 7 745 738 0500 55 5324 | 6807 | 11225 | 649 | 13500 096% 1043408229
;‘::19: Purchases Last & Average $235 8215 5212 5406 §594 51,033 B2 400 457 180 7 46 738 10500 55 5924 | 7032 | 12057 | 5024 | 14500  096% 437447917
R Tiaton [aTe e T o T i T R “ 3 0 m WL B 654 626 8500 52 84829 | 108475|897.57 | 18718 | 800  10.78% 0
Months 53 500 7 1078 12 654 6% 8500 52 84829 | 1150.82| 950.37 | 20045 | 9000 1078%  13.27458891
Behavior Score Average 715 02 17| 719 719 723 6 3 | 100 12 1078 12 654 6% 8500 52 84829 | 1183.23|1003.17 18506 | 9500  10.78% 212165551
Current Balance Average 1173 52,745 $2,538 £3,529 54,341 55,889 173 | 2000 1 10L7 n» 654 636 8500 52 84829 |1207.29 |1086.14( 14115 | 10500  10.78%  -64.34386554
Eaorreatiot Average Ll 37081 LI, Ll L ¥ aoh O R ) 5 635 B0 2 829 |14873(118858| 5915 | 1100 1078% | 14634158
Current Utilization Average 14 35 34 44 5 70
IniGrestRevenic Tasis. |Average 579 5557 103 o7 304 283 B3 40 7 7 12 654 6% 8500 52 84829 | 16054 |1293.02| 3248 | 1500 1078%  -237.9808823
Months | | 0 4 0 56 307 0 753 785 12000 4 000 | 5731 | 6563 | 832 | 1000 087% 0
:umllie_rofl_ll:ﬂin:;; " Average 43 8.3 88 101 8.8 8.8 A 4 500 536 3.07 0 753 785 12000 44 000 | 5894 | 68.36 | -9.42 | 12500 087%  -1.093697917
Oi:‘;:l"lgﬂws ORIRS rr— i i s i Sk = n o4 100 56 307 0 75 785 12000 4 000 | 6013 | 7L09 | -1096 | 13000 087  -2.643489583
Revenue At Observation _ Average =] s o e ey ST n 4 2m 5% 307 0 753 785 12000 4 000 | 6147 | 7656 | 1509 | 14000 087 677395833
Tr: Flag g 7% | 75% 75% 62% 52% | 83% u o4 3 56 307 0 753 785 12000 4 000 | 6207 | 8203 | 1997 | 15000  0g7%  -1164791667
Time On Books Average 76 63 62 61 53 86 54 4 5% 307 0 751 785 12000 4 000 | 6226 | 8750 | 2524 | 16000  0g7%  -169184078
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From
Scenarios to
Decision
Strategies

Palatability v Power
Regulatory Review

Tree Aware Optimization §




Decision Modelling & Optimisation

Deployment Options

1)

2)

Directly from Optimization Process
» Used more to support Marketing solutions
» Puts onus on accuracy of Decision Model

» Can be seen as Black Box — difficult to clearly
explain reason for each decision

» Can be highly efficient

Conversion into Decision Tree / Rule Set/
Strategy

» Allows for final business review/ refinement
» Allows for full audit and regulatory review

» Every decision is explainable

» Often easier to implement into production

» Can trade off power v palatability

Sipj1Dec  DaysDelg  AcclMOB Limit Amt Beha Seore




Standard Optimization Scenario Analysis

Optimization Scenario A
*

Outcome A

Optimization Scenario B
*

Decision Model Outcome B

* Treatments come from optimization
(differing objectives, constraints)



Tree-aware Optimization Scenario Analysis and Output FICO

Optimization Scenario

Outcome A
*

Optimization Scenario

(tree-aware) : Outcome B

+T \
Optional \\
N\
* Treatments come from optimization My
(objectives, constraints) N

Treatments from tree-aware optimization Decision Tree
(objective, constraints + tree criteria) Score<=700

Reject
.. Score>700
Decision Tree Template :Accem

(palatable tree criteria)

» Granularity criteria — specifies the decision keys and binning for tree splits

» Level criteria — specifies an ordering for decision keys when constructing a new tree

» Eligibility criteria — specifies which treatments are allowed along specific tree branches

» Consistency criteria — specifies how treatment actions must change in parallel with other variables




FICO

Problems

 Capital Management
» Customer Level

 Ultra Large Scale
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Decision Modelling & Optimisation

for Capital Allocation & Management

« Connecting Decisions - Vertically

Corporate

Business

Segment <

‘ Account / Customer [~

» Execution of strategies to raise performance required:
» At account / customer level
» At the decision area level

» Decision Modelling & Optimisation allows you to makes the connection from
corporate objectives to account decisions possible

37 © 2013 Fair Isaac Corporation. Confidential.



Example Decision Model Design

Capital Management for Retail Credit Portfolios

Actions Outcomes Objective

EG - Credit Card

Action-Effect Calculations Subtotals Product
Predictions Objective

Credit

Decisions ,
Offers,
Actions

Capital Goals and
Constraints
e.g. RWA




Example Decision Model Design

Customer Level Decisions

Customer-Level
Objective

Inputs Actions

Credit Card (More Detailed View)

N
\

Action-Effect . Product

Predictions Calculations Subtotals Objective Total
: 2{0] 3

Mortgage (High-Level) IRORWA

Revenue

L

Costs

|

Overdraft (High-Level)
Goals and

Constraints
e.g. RWA

Revenue

Costs

Personal Loan (High-Level)

Revenue

i H“ i

Costs



Ultra Large Scale Marketing Optimization

Case Study: European Retail Bank

Optimize possible interactions (from a pool of 000’s of possibles) per
customer for tens of millions customers every night.

Assess 7 Offer | 7 Customer
Segment

o Eligibility Optimization Fulfilment Ptaraction Outcome

Customer
Database

Closed Feedback Loop

» Subject to, for example: pE—
» restrictions on the number of overall interactions | swgsyen ey
per customer and by channel; ' - e

A

» the consistency of messages by channel; for

= SMs -SZ.SI; £11.1k allocated
example, a customer should not receive a
lending message via Direct Mail and a savings — -
. Branch based call centres _m 1k £38.9% allocated ||

message online; ) | - _
» the resources available to service the selected S Outbound conact et usaton i

interactions; for example the number staff soan -

available to make outbound calls in a branch;

a n d : :m“"g‘ P \/\ ‘I'\“l‘Hamaw'aqH : I
» Budgets and constraints by channel, region and

overall.

40 © 2013 Fair Isaac Corporation. Confidential.



Make optimal
decisions
for improved
business
performance,

in any industry
or business
function

£,

Better, faster, more consistent decisions

Identify the best actions (decisions) for achieving your business
goals, while balancing competing objectives.

| 4

Protect against regulatory and economic shifts
Bring accuracy and consistency to every decision, and account
for predicted economic changes in your models.

Gain competitive advantage and increase loyalty
Increase the output of your resources while gaining loyalty
through consistent, customer-focused treatments.

Reduce time-to-market and increase precision

Deliver solutions quickly that address business problems and
rapidly show ROI; test and learn to drive future successes.
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