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Drivers for Decision Management Approach

1 .Increase Confidence in Strategy Performance
v Deploying a new strategy introduces risk
v Deciding which strategy to deploy is often based on gut feel

2 .Address more Sophisticated Decisions

v What if my historical data knew something my experts have not yet
discovered?

v Can the generated product configuration be improved according to
my business objectives?

3 . Connect Decisions
v Are my overall decisions educated enough or made in silos?



What is Decision Management?

DECISION MANAGEMENT

is an approach that automates, improves & connects decisions
to enhance business performance

» Automate, Improve & Connect
» Automate for speed and consistency
» Improve targeting, relevance and results
» Connect decisions across functions, channels, customer touchpoints

» Enhance Business Performance
» Increase customer profitability
» Grow and strengthen customer relationships
» Reduce fraud and credit risk
» Lower costs of making decisions



Decision Management Blueprint
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Address more Sophisticated Decisions

Business
Data

Predictive
Models

DECISION
AUTOMATION
LOOP

Optimization

» Combination of technologies
iIncrease your Decision Yield

» Predictive Models
» Improve precision
» Forecast customer behavior
» Leverage data assets

» Optimization
» Find best compromise
» Fit business objective

» Ensure compliance to
Imposed constraints

» Case Management
» Empower case workers
» Capture human knowledge




Goal: Precision

Enrich decision logic using predictive analytics

» Key preoccupation

» How to take advantage of the available business and performance data to
improve / optimize the performance of the automated decisions?

» How to do it in a way that remains manageable and controlled?

» Approach
» Leverage powerful predictive analytics combined with business rules
» Deployed and managed through the same decision management services

» Adding predictive analytics to decision enables the automation of
a further section of the business transactions
» For example, from 75% to 90% automation in Insurance Underwriting
» Provides significant competitive edge to the corresponding applications



Goal: Precision

Enrich decision logic using predictive analytics

» Leverage sophisticated statistical analysis of the data to
create predictive models

» Mathematical objects which synthesize & evaluate relevant customer facts to
estimate likelihoods and quantities of future events

“customers between the ages 45 and 54 with a net worth over $500k
are will not default in 96% of the cases”

» In general used to assess risk or likelihood levels
» An input into actual decision logic

“if customer’s potential _default rate is lower than 0.04 and customer’s

request’s amount is less than $100,000 then set customer’s request’s
approved_state to true”

» Managed in the context of larger business decision logic
» Best if explainable / legally challengeable: scorecards, decision trees



Model Building Capabilities

» SAS Datasets » Replace Missing » View Table » Linear Regression » Services-
» Special Values » Sample » Statistics » Loglstlc Regression Oriented-
» Teradata » Stratified » Summary » Neural Networks Architecture
» Oracle » Random » Frequency » Reason Codes » Batch
» SQL Server » Partition Train/Test » Correlation » K-Means & Bang » Transactional
» Fixed-Width & » Sort » By-Variable Clustering » PMML
Delimited Text; ~ » Join/Merge » Dataset » PCA » Blaze Advisor
ASCII & EBCDIC » Append Comparlson » Evaluation Reports » Terqdata
» MB Native Files ' » Filter/Where » ROC. GINI. KS, ete. > 1racking

» Score Stability
» Population
Stability

» Variable Creation
» Arrays, Regular
Expressions, etc.

» Data Spiders » Scorecard
» Thorough & » Binary Outcome
Automated » Continuous Outcome
Transaction » Multiple Goal
Summary » Hazard/Survival

» Reject Inference
» Bootstrap Validation
» Scaling
» Segmentation ART
» Streamlined
Segmented Modeling



Have you ever built a Predictive Model?

Scorecard case study

Variable Reason » Scorecards are
creditLineUtilization % simple (in a good
way)
0—30 64
31—82 55 » They can be
understood by a
83—100 48 Over Extended

business person
» Legal / Regulatory

monthsSinceDelinquent

0—3 45 Late Payments Audit

Lo o9 » They can be

9—NeverLate 74 engineered

No Information 60 Insufficient History » Enforce
monthsAsACustomer constraints

(regulatory for
0—36 51 New Customer example)
37—Maximum 75 » Combine

experience and
empirical data



Explore and Understand your Data

» Generate standard Data
Analysis Reports with one

click

Field : chfico (type double)
Data Reader Name: Autcloansk
autcloanSk.mbn

File Locabion: Cifdemos

Target: target

Weight: sampwt

Univariate Statistics

Target value Good

97 /25,/707 0B:39AM

Target valué sad

» Dataset Summary Couns wreing
. MEan 625295873 BEE. 201104
» Data Print 0 @
Max 819 91
» Spot data quality issues o o sse0s e
With Field StatistiCS Weight of Evidence Pattern
» ldentify predictive patterns
with Weight of Evidence
Sparklines Counts PércentAges
ATErimunes Good Ead Good Bad
w0 < 500 R e er e e
EQQ -« EO00 15, BE69.561 4, 540,679 17.41 45, 41
B0 == TOOQ 47,416,528 4,131,389 E2.69 41.31
S e o
Total 90, 000 10, 0 109Q. 00 10D, 0D
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Focus on each Variable independently

» Setup scorecard analysis with » Capture & visualize
a wizard that manages all predictive patterns
steps in binning and scorecard . ..
conﬁ‘iguration J » Address outliers and missing
values
» No need to administer Libraries
Binning statistics and operations - scl . appage:Applicant Ape
& Workspaces ey a T
PETiT R e T —
| P rA g 2.0-ch0 0,008 a.n:? 0,000
a2 Scvecad o b 200 Fpees a7 o082
LB [nformation = 9.877 '
Targst Yariabls _u-;et ¥ | Sat Id Yariabls :tre-r-“h: - | :ﬂnﬁum
Target Characteristic | target: scoount performance (Au... + | Sampls Weight Yarisbles | sampwt -
Target Characteristic Binring

G = w. Digeraste binring editor rods
gabe | Losise B Label |kttt Froopsl Set | Fugtu Pincipal Set |

0.0 Good ¥
1.0 Bad

[ ep 2 of 4. Choose the tanget varisble, set id varlable, sampls weight variablls, and target characheristic binning.

Cancel | =< Previous | Mext > | Firch




Select Predictors to include in your Model

» Recommends the most
predictive set of variables

» Powerful feedback on the
relative predictive value of
each variable

» No need to worry about
common statistical issues

» Multi-Co-Linearity
» Over-Fitting
» etc.

£ sl | b X
Scorecard Workspace
Edit Scorecand Model corfigurstion, review Scorecard weights and other results, and inbersctively snginser ﬂ;
Scorecard i
Frimary Tanget Walidation Scheme
Sarnpls Weight
Scorecand Characteristics

v Austomated Charscterictic Sebaction
Tr.ainireg Test

v B X Ot o+ H O3 S Fiter|Showal = Divergence | 2,097 2,206
| Ter histve s Descrpton | ||| 1B seroin Atosin | Tisoeg MG, | TERIMC,
w1 chfion: 8 FICO score [ ]| In In 0.351 0.348
vl 1 chutiien: cradt ublization B |t ] in In 0.253 0.228
w1 chirngSros: & inquires kst S m,.., | [t ] in In 0.2z28 0.218
w1 appocc: Applcant Cooupation |t ] in In 0.156 0,055
w1 appchiksys Checking!'Savings R, | [t ] in In 0.121 0,096
vl 1 dealloantoval: ratio loan amoun. . |t ] in In 0.106 0.073
e 1 appage: Applicant Age = (] in In 0.0 0.116
w1 appfinanceco: Finance Compan, .. |t ] in In 0.077 0.051
vl 1 chatever: & times 304 aver | [t ] in In 0042 0,045
w1 dealnewaised: new or used veh,.. | [t ] in In 0,041 0.0
I~ chpcbgood: % SCounts never ... | [t ] in 0,008 0,000
vl 1 chtimefila: length of credit hestory M [[ i | in 0.007 0,000
w1 apptimeaddress: Time at Address [ in 0,006 0,000
vl 1 appincome: Applcank Incoeme [ | in 0,006 0,000
M| chmosdly: months sinces most .., = | In 0,004 0,000
M| appresidence: Fesidential Stabus = | In 0.003 0,000
M | chmosineg: meonths sinces most .., = | In 0.002 0,000
M | chmosawg: average months on .., = | In =0.000 0000

Madad Stabus

€3 Refresh d




Engineer the Generated Model

» Combine empirical and judgmental expertise

» Enforce regulatory constraints

#3) Characteristic Details: chfico: CB FICO score x|
—Current Specification ~Training Results
AR IO
Bir. .. Bin Label | Operator |Expression| Reason Code || |Bin In..| Binlabel |Restrict..| Good(%) | Bad(%) | Train...|Test WoE Weight| Train M...| Test M...|
ESet selecked binning reskrictions in descending pattern  Cid +Shif-, IJ 0.0-=1.0 4.73 .91 -0.224 0306 O0.263 -0.002 -0.003
1 1.0-<565.0 < 2 1 1.0-=565.0 <2 3.02 30,94 -1.350  -1.543 -1.083 0.144 0.124
2 565.0-<534.0 < 3 2 565.0-<584.0 < 3 4.91 10,78 -0.787  -0.676 -0.460 0.016 0.003
3 584.0-=597.0 < 4 3 584.0-<597.0 < 4 4.40 120 -0.482 0 -0.947 -0.417 0.007 0.019
4  597.0-=609.0 < 5 4 597.0-<609.0 <5 4.83 8.57  -0.574 -0.332 -0.417 0.009 0.004
5 B809.0-<629.0 < & 5 609.0-<629.0 < & 9.03 12,28 -0.302  -0.516 -0.190 0.004 0.007
6 629.0-<645.0 < 7 ] 629.0-<645,0 < 7 9.99 3.45 0.163 0.025 0.425 0.004 0.001
7 B45.0-<654.0 < 3 7 645.0-<654.0 < 8 5.14 3.67 0.338 0.625 0,552 0.005 0.003
3 654.0-<661.0 < 9 3 654.0-<661.0 <9 5.27 2.94 0.534 0.532 0,552 0.007 0.007
9 B6l.0-<671.0 < 10 9 661.0-<671.0 < 10 5.56 2.91 0.643 0.849 0,552 0.009 0.003
10 &71.0-<631.0 < 11 10 e71.0-<6581.0 < 11 5.34 2.40 0,799 1.885 0.643 0.011 0.017
11 &31.0-<705.0 < 12 11 eB81.0-<705.0 < 12 10.72 2.43 1.483 1.405 0,925 0.045 0.042
12 705.0-<739.0 < 13 12 705.0-<739.0 < 13 10.43 1.13 2.2149 2,192 0,928 0.050 0.059
13 739.0-<High 13 739.0-<High 11.59 0.46 3221 2642 0,925 0.060 0.043
14 Mo Information = 0 14 Mo Informa... 0.00 0.00 0.000 0.000 0,000 0.000 0.000

| O /7»|| Cancel




Review the Quality / Robustness of the Model

» Evaluate models with standard statistics and charts

[a]
Demol 07/25/07 08:57AM
ROC Curwe [ Right and Left )

Demol 07,/25,/07 08:57TAM

1.0 Summary Score Statistics
- All_Good_vs_all_Bad
. : : ' : Statistic A1l 9 A1l 1 Total
0.9 - . . - . . Raw Number of Observations 2,500 2,500 5. 000
R IR R EERRERRICEEEEEE B b | Factared Wumber of cbservations 59 933 3 999 a9 999
; - Popularion Odds 5. 000
H H H : ' Minimun Score =4,381 =-4.753 4. 799
U.S—--------E .......... Rt o LRI I DI beresseneduesannes : S PR P
H H : H Mgan Score 1.047 =-1.087 0.83
E variance 5Score 2.53% 1.778 Z.B868
® 0.7 " Standard Deviation Score 1.592  1.334 1. 653
5 F Divergence 2.114
= : K5 §2.75%
E [ 57— O SEPRE T T EEERERER TR PR D ET-IETTEERFRR ERRTREEE ROC Area 0. 8432
?;"I B Linear Log{Ddds) to Score Fit Parameters:
5 i Intercept =709, 783
-0 5] SR -— .................... ................... .................... ........ Slope . 000
2] Quadratic Log{Oodds) To Score Fit PArametérs:
= Intercept -709.783
i Slope 0. 000
=] H Quadracic Coafficient 0. 000
£ : Copyrigh & 1
= : 2007 Fair oo
: Corp
! ! ! [—— a7 Lo Ve T BN

096 o1 02z 03 04 05 05 07 08 05 Lo

Percent 0 Azcending Cumulakive

Cnmriwhe B NMT Fatr oo Carn !

[ »



How do you increase predictive model precision?

® Apply the “divide and conquer” philosophy to predictive modeling
® Build multiple specialized models rather than a single portfolio-level

model

® Portfolio-Level Approach
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® Segmented Approach
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Practical Issues

® |deal when... ® Challenging because...
® There are tens of thousands ® Greedy tree algorithms yield
of examples of the outcome sub-optimal segments

that is being predicted
® Modeling task amplified by

® \When interactions provide the number of segments
important predictive
information ® Assembling the segment-
level models into a
® \When behaviors are driven segmented model system is
by vastly different factors in time consuming and tricky

each segment



Segmented trees

e oy

-
i oy H

18 © 2008 Fair Isaac Corporation. Confidential.

-
8
R ——— £
i
'
P {

]




Automatic Segment-Level Models

® Naive Bayesian scorecards are automatically trained for each segment

Padel Weights Report - Scaled
Mndel hiama | 500

I
East ScorecardHE \

High Geography =
Income West ScorecarcdH
Lowy ‘

Scorecarcl

Inforeecion
SCooupatian
sanager
4t her
= ERgcutive

ul 5 280 2 | Gy [ 3w § T TIFT |
Mool Weights Repart - Sialed Mool Weights Repart - Sialed Sector
Mosel hama | 505 Mosei hama | 503 =

-------
Brlew Ti

nlow 1 18, 0 nlow 1

nlow § . 3 nlow §



Segmented System Ranking

® Segmented models are ranked by the performance of their
segmentation and the automatically generated segment-level models

® \Which segmented model has higher test set divergence?

|3
b East ScorecardHE > ? <
90 ceography K | "
Income West ScarecarcdH

Lo

3
East ScorecardyE
foun Geography = |
Age WWest Scorecard Wy
Scorecarcl
Old ScorecardD |




Genetic Algorithms
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Deploy the Model with your Business Rules

»

[ tuicis

il x|

Model Builder

»

»

Imported models are executed as
Java components in the decisioning
service. Rule developers and
business users cannot see / modify
them

Black Box (Java)

IENE TN A A
« Create SmartForms Webstep...
‘ Impo n; ML Model

Imparttsecision Tree fram Model Builder for Decision Trees.
Import Ruleset from Model Builder for Decision Trees. .
Import Function for MBPA Model.

Imported models are available to rule
developers and authorized business
users can see and modify them

PMML integration

8 plic

|
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=
) =

| lomparien | s G
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=» Rule Service

» Rule Service
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Model Deployment to Business Rules

- «heuralLayer numberCOfheurons="2" activationFunction="tanh"=

» Capture model Suite in PMML - <Meuron id="0" bias="-1.4394778e-001">

<Con from="income?2" weight="1.8085394e-001" /=

» Pred|Ct|Ve |\/|Od8| Markup =Con from="demoa" weight="1.6428517e-001" />

<Con from="monthsInactive" weight="-1.6210760e-001" /=

La n u a e <Con from="incomel1" weight="3.0118328e-001" />
g g Pl =N LF S PR ot n LNRWPP=NT= =0 LN - r Ko W P e 0 L= T L LS
. \‘n@ NMetSscoringFlow | 4 kB X
» Model weights & structure o
Bundle and export madel ko PMML 5}"
» Reason codes
Process ; HMScorewReasonCode '/ Export Directory : |: fmbproj/deploved PredictActivity_Z006g3 | /‘
w Activation model from 3 2006, Compute variable | 8
)) I n p ut & O u tp ut I n te rfa Ce S Export Annotation : | transforms, score network, assign reason codes., l;
-4 Deployable Entities E| Deployable Entity Info : NN1wReasonCod
.
)) M O d e I ty p e S I n CI u d e d : = z;dels :z;:_lr;ufdjll,eiﬁfarft\:’ed July 18, 2006, Trained from (1/Q2 2006 samples, cross-validated

-
Description

=9 Schemas

?-EE ScorewReasonCode -
E‘EE PreMail

2F2 PastMail Added automaticaly via dependency from process: MMScorewReasonCode -
n [
-

EL'EE ModelInpuk Annokation

» Scorecard
» Linear regression =i

. . . ?-Eﬁ MergeRaw
» Logistic regression oo | |

(=) Reason Codes ScorewReasonCode schema
E] ReactReasons ModelInput: schema

)) N e u ra I n etWo rk Dependendies |ReactReasons reasoncodes

» Document critical metadata § —_—

- zMeuron id="2" hias="-9.2077750e-001">

» Jrace exported bundle to source <Con from="0" weight="5.0548548e-001" />

. <iCon from="1" weight="7.1809024e-001" />
project and model developer </Neuron:
</MeuralLayer>
- =Meuraldutputs numberofOutputs="1"=
- <Meuraldutput outputMeuron="2">
- <DerivedField dataType="double" optype="continuous"=
zFieldref field="isReactivated" /=




Why do Companies care?

» Traditional technique

» Document model Predictive COBOL
» Ask IT to recode Model IT Software Executable
L thy testi Specs Development
» Len estin
S : .
R Executable
» How many € £$ lost per day?

SQL in
TIME TO DEPLOY PREDICTIVE MODELS

Self-Reported Measures, Global Financial Companies
40

Database

30

‘m lmm

1-4 weeks 1-3 months 3-9 months 9 or more months

% responders
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Increase Confidence in Strategy Performance

» Champion / Challenger
strategy orchestration

» Test-drive strategies in
Production

» Decision Simulation
» What-if scenarios
» Distribution reports

» Decision Optimization
» Predict outcome
» Sensitivity analysis
» Strategy Optimization

Decisioning Decision

Yield
Data Monitoring

Decision

Simulation DECISION
IMPROVEMENT
LOOP

Business

Decision Intelligence
Optimization

Improvement
Feedback



What is Decision Optimization?

» Support for representing, simulating, optimizing and
reviewing the business impact of automated decisions

» Core concept: Decision models
» Encapsulate the business impact of decisions
» Translate possible actions into business measures

» Incorporate key performance indicators, like profit and
revenue

» Comprehend business constraints/goals, like loss and
resources

» Expose risks

» Decision Optimization: improving business decisions
by leveraging decision models



Decision Optimization: The Entire Process

Model Building
Start |r ~ Build .i Decision
Here ! Models, - Optimization
1 Sample, :
‘  Segmentation,
Frame
Decision
Deploy J
Track i
\ Decisions - Decision
Strategy

Decision Service



Business Impact Analysis

Customer:
Risk score=680
Revenue score=720
Balance=$2,250

Reactions:
Accept offer
Increase balance carried

Default on balance owed

Treatment (actions):

Mail offer of new terms? = YES
Offer lower APR = 9.9%
Offer higher Credit Line = $8,000

Value:
+ Increased Interest income
(-) possible cost of charge-off

(-) cost of mailing



Decision Model Decomposition

Environment Treatment

I-I | Action \[ ]
Treatment

Source

A

Can include static model
scores (not related to

actions) Rules
; Real time
optimization
Etc
N Reactions
Scorecard L (Predictive Models)

Neural Network
Linear Regression
Logistic Regression Outcome
Judgmental Models

Equation Model
Lookup Model
Custom Model



Decision Model

] _\-- [ Rekseore | | [ |

Customer

Treatment

Predictive
(Action-Effect)
Models

Market
Facts

Value
Models

G

APR

|

Credit Line

—

Mail offer?

—

Balance
Increase

N

Bankruptcy
Probability
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31

Decision Model + Optimization

\

[ [ saoren J[ ][ [ [Tmesooe [ ]

APR

Credit Line

Mail offer?

=

Balance
Increase

Bankruptcy
Probability

\
=

Optimal
Treatment

=> Optimal
business
rules

Global

" Constraint

© 2008 Fair Isaac Corporation. Confidential.
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What-if analysis using a decision model

. . Reports
— Simulation —
Scenario A
Decision Model Outcome A
Scenario B
Outcome B
A
' ;
\\ >

What if ...

We change how treatments are assigned?

I
How would that affect ...

What decisions get made?
We change assumptions about the real

world? The impact of those

decisions?
We adjust behavioral predictions?



Champion — Challenger Comparison

Reports

Champion
Scenario

Treatments from actual
historical values Outcome

Reports

Projected results can be
compared using the
same value model

Challenger 4
Scenario

Treatments from optimization



Managing business trade-offs

Reports

Short-term ROI
Scenario

Treatments from
optimization ... maximizing
short-term return on
investment

Outcome
Reports

Results show tradeoffs
between competing
business objectives and
can reveal opportunity for
increased decision value

Long-term ROI 4
Scenario

+ . o
Treatments from optimization ... maximizing
long-term return on investment while
constraining short-term losses



Exploring an Efficient Frontier

Reports

Exploratory Optimization Scenario

Sub-scenario 1

Outcome
Reports

Sub-scenario 2

Exploratory Optimization
results can show the
maximum return
available at different
operating points on a
risk or investment
spectrum

Sub-scenario n

Ch

Cn
Treatments from optimization with

differing constraint thresholds



Increase Confidence in Strategy Performance
Optimization To See What's Possible

' Efficient Frontier Report of Examine Loss Constraint Scenario E”E”‘S__q

4| 9l \

Efficient Frontier Eeport of Examine Loss Constraint Scenario
26000
Exploration
24000
]
Optimization £
2 220007
Loss <= s
o . .
$3, $5, ... 2 20000t Chjective
= @ et Present Value (12 months)
E Bazeline Met Prezent “alue (12 morths) from Current Champion [B]
8 180001
<
= v -EE ]
w- Sk R ::::::::;ﬁ
v
14000 + + + + + |
The ga p tO 3000 5000 7000 2000
y . Loss {12 months)
what’s possible

Assess where you’re at and where you could go



Stress testing a strategy

Reports

Original
Scenario

% Treatments from any
source; same treatments for
all three scenarios

Outcome
Reports

Degraded *
Outlook +

Stress testing can give
confidence in the
performance range of a
Strategy after
deployment into a
changing environment

+Cost of capital is 1% higher

Improved
Outlook "

# costof capital is 1% lower



Tuning a deployment strategy

Reports

Optimal
Scenario

Treatments from
optimization Outcome

Reports

Opftimization can show
best possible results
and help tune rules or
decision tree

Deployment 4
Scenario

2 Treatments from a decision tree being tuned to
approach optimal performance before
deployment



Increase Confidence in Strategy Performance

Testing-Simulation-Optimization Continuum

Precision
A
Optimization
Predictive
Models
Impact
Analysis
Simulation
BRMA
Test bility to verify
the rules beh
as expected
regression t

ision Simulat

bility to run what
enarios based o
ata warehouse 0
production data
Inspect risks and
pportunities usin
reporting tools

Smooth
Transition

iIsion Optimiza
y to predict the im
cisions on bottom
lity to inject additi
ernal conditions t
y influence custo
behavior
optimization routi
improve decisio
trategies based o
traints and object

v

Operational
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What is Decision Management?

DECISION MANAGEMENT

is an approach that automates, improves & connects decisions
to enhance business performance

» Automate, Improve & Connect
» Automate for speed and consistency
» Improve targeting, relevance and results
» Connect decisions across functions, channels, customer touchpoints

» Enhance Business Performance
» Increase customer profitability
» Grow and strengthen customer relationships
» Reduce fraud and credit risk
» Lower costs of making decisions



Thank you!

Carole-Ann Matignon |
Vice President, Product Management, DM Tools -

caroleannmatignon@fairisaac.com
+1 408 535 1691




