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Key Drivers Analysis & Optimization
Based on Consumer Survey Data
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Seminar Series

2016/17 BayesialLab Lecture Program

* Marketing Mix Modeling and Optimization
* Key Drivers Analysis and Optimization
* Knowledge Elicitation and Reasoning

* Bayesian Networks—Artificial Intelligence for Research, Analytics, and
Reasoning

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz



Today’s Agenda

-~
* An Overvi f Analytic Modeli
n verV|e.w of Analytic Mo .elng " 1 hour

* The Bayesian Network Paradigm P
* Key Drivers Analysis A

* Conceptual Challenges > 1 hour

e Statistical Challenges >
* (Case Study: Auto Buyer Satisfaction Survey h

* Building a Probabilistic Structural Equation Model 15 hours

for Key Driver Analysis with BayesialLab '
* Optimization of Key Drivers P
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Presentation slides will be available Gb
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Bayesian Networks & BayesiaLab

A Practical Introduction for Researchers

@YEEIA
* Free download:
BayesﬁaneUno«s

www.bayesia.com/book -
& Bayesialab

* Hardcopy available on Amazon:
http://amzn.com/0996533303

amazon
~—"
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Credits & Badges
L= &)

Make sure to check in!

BAYESIAL
BAYESIAL
PSEM BAYESIAL
Seminar Marketing | BAYESIAL

Seminar Introductc BAYESIALAB

Course Advance Rnowledge
Course Elicitation with
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BayesiaLab Courses Around the World

3-Day Introductory BayesialLab Courses

* June 13-15, 2017
Paris, France

* June 27-29, 2017
Chicago, lllinois

* September 6-8, 2017
Redmond, Washington

* September 25-27, 2017
Paris, France

* Qctober 24-26, 2017
Durham, North Carolina Introductory

* November 20-22, 2017 Course

Singapore
* November 27-29, 2017

Sydney, Australia

2
BAYESIALAB P
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The Purpose of Models

Statistical Science

2010, Vol. 25. No. 3. 289-310

DOI: 10.1214/10-STS330

© Institute of Mathematical Statistics, 2010

To Explain or to Predict?

Galit Shmueli

Ahstract  Staticfical modeling ic a nowerful taal for deyelopipe-and testing

Description

f cay

assuy

Prediction = Explanation pin

escrip

Simulation

anat

Optimization

Association/
Correlation

stefan.conrady@ba

ing process.

1. INTRODUCTION

Looking at how statistical models are used in dif-
ferent scientific disciplines for the purpose of theory
building and testing, one finds a range of perceptions
regarding the relationship between causal explanation
and empirical prediction. In many scientific fields such
as economics, psychology, education, and environmen-

tal crianmcra ofatictiral mnadale ara 11cad alrmact avelir

between explanatory and predictive modeling, to discuss 1ts sources, and to
reveal the practical implications of the distinction to each step in the model-

Key words and phrases: Explanatory modeling, causality, predictive mod-
eling, predictive power, statistical strategy, data mining, scientific research.

TIITCITIIOY OT TITET pred CUVT PUWCT. CUITATUIT UCTWTTIT Aplal ATTOTT arTa pre=

Model Purpose

focus on the use of statistical modeling for causal ex-
planation and for prediction. My main premise is that
the two are often conflated, yet the causal versus pre-
dictive distinction has a large impact on each step of the
statistical modeling process and on its consequences.
Although not explicitly stated in the statistics method-
ology literature, applied statisticians instinctively sense
that predicting and explaining are different. This article




Source of
Models
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The End of Theory?
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I Modeling Overview

Data Machine
Learning I

(D)
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Theory

Description Prediction I Explanation Simulation Optimization

Model Purpose

Association/ Causation
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Key Drivers Analysis & Optimization
Based on Consumer Opinion Survey Data

A Definition:

“A key driver analysis investigates the relationships between potential drivers
and customer behavior such as the likelihood of a positive recommendation,
overall satisfaction, or propensity to buy a product.”

Source: https://select-statistics.co.uk/blog/key-driver-analysis/

) Sselect

statistical services
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Model Source

Data

I Modeling Overview

Machine

Key Drivers Analysis
Reasoning

Domain Knowledge

Description Prediction Explanation Simulation Optimization

Model Purpose

Association/ Causation
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Model Purpose

Association/ Causation
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The New Paradigm: Bayesian Networks <

EEVESERINEWYIIE
& Bayesialab

STEFAN CONRADY | LIONEL JOUFFE

CAU SALITY BAYESIAN NETWORKS*

Judea Pearl
Cognitive Systems Laboratory
Computer Science Department
University of California, Los Angeles, CA 90024
Judea@cs.ucla.edu

PROBABILISTIC GRAP

MODELS, REASON[NG

OBA HI[\TI\ RE
— g N INTELLIGENT H\\T \1\

A Practical Introduction for Researchers

Bayesian networks were developed in the late 1970’s to model distributed processing in

reading Qomprehension, where bot%’x semamic'al exped] e B A Y E S I A N

be combined to form a coherent interpretation. T

inferonces filled a void in expert, systems technology | o NETWORKS
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The New Paradigm: Bayesian Networks

* A probabilistic graphical model.
* The graph is the model.

* No formulas, no equations!

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz 24



The New Paradigm: Bayesian Networks

Two Components Only:

* Node .
e I

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz 249)



The New Paradigm: Bayesian Networks

Example

* A specialist in respiratory
medicine summarizes his
knowledge about his
patients.

* Lauritzen & Spiegelhalter
(1988)

* Fenton & Neil (2013)

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz



The New Paradigm: Bayesian Networks

Smoker
TRUE
50%

Node:
Variable of Interest
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The New Paradigm: Bayesian Networks

Node: Lung Cancer ‘
Variable of TRUE FALSE ‘
Interest 5.5% 94.5% ‘

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz



The New Paradigm: Bayesian Networks

Discrete & Nonparametric Lung Cancer

Probabilistic Relationship F;‘gL;E Tf;E

P(Lung Cancer|Smoker) 90% 10%

Lung Cancer

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz



The New Paradigm: Bayesian Networks

False True False True
99.000 1.000

Visit to Asia

Smoker False True

Visit to Asia ~ False True Smoker False True
False
True

False
True

False

ng Cancer

Tuberculosis ~ Lung Cancer ~ False
False 100.000 0.000|
False True 0.000 100.000
\‘ - / True False 0.000! 100.000
True 0.000 100.000

Tuberculosis or

Bronchitis Tuberculos... False True
False 90.000 10.000
Tuberculos... False . True False True 30.000 70.000
False 95.000 5.000 True False 20.000 80.000
True 2.000 98.000 True 10.000! 90.000
X-Ray Dyspnea
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The New Paradigm: Bayesian Networks

Key Properties

Visit tp Asia

* Compact representation of the Joint
Probability Distribution

* No distinction between dependent
and independent variables

* Omni-directional Inference

* Nonparametric

Tubegeflosis or dqneer « Nonlinear

* Probabilistic

* Causal

X-Ray Dyspnea
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The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Representation (or approximation) of the joint probability distribution of all variables.
* Numerical and categorical variables are treated identically.
* No distinction between dependent and independent variables.

* Nonparametric.

Compare to algebraic formula: \
Representation of one variable of the joint probability distribution, i.e. y=f(x)

Dependent m— EO + lel + T ann

Independent Independent

stefan.conrady@bayesia.us Nt GUEST Acces. 2nt82tz



The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Omni-directional Inference, i.e. evaluation is always performed in all

directions.
/ Compare to “uni-directional” algebraic formula and human intuition \
ONE
WAY
PR
y=Bo+ Bz + ..+ L.z,

e %
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The New Paradigm: Bayesian Networks

Omni-Directional Inference

=&~

W
-’
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The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Bayesian networks are inherently probabilistic.
* Evidence and inference are represented as distributions.

* |nference can be performed with partial evidence.

Smoker Lung Cancer
25.00% False 92.25% False
75.00% True 7.75% True
Smoker Lung Cancer

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz



The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Bayesian networks are inherently probabilistic.
* Evidence and inference are represented by distributions.

* |nference can be performed with partial evidence.

Deterministic Compare to algebraESHtIE Single
Point Estimate Value Input Value Input

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz



Bayesian Networks

AXIOMATA
Key Properties of Bayesian Networks SIVE
LEGES MOTUS
* Bayesian networks can encode causal s

d I reCt I O n , a | ge b r a C a n n Ot . Corpns omne perfeverare in ftatn fuo quiefcendi wel movends unifor-

miter in direStumn, nifi quatenns aviribus impreffis cogitnr flatum
llun mutare.

(] E | . N t ! S d L f M t Rojectilia perfeverant in motibus fuis nifi quatenus a refiften-
Xa m p e . eW O n S eCO n aW O O IO n P tia aeris Ir)eta.rd:mtur & vi gravitatis impelluntur deorfum.
Trochus, cujus partes cohzrendo perpetuo retrahunt fefe

a motibus rectilineis , non ceffat rotari nifi quatenus ab aere re-

tardatur.  Majora autem Planetarum & Cometarum corpora mo-

tus fuos & progreflivos & circulares in fpatiis minus refiftentibus
factos confervant diutius.

Lee 1.

—
* Mutationem motus proportionalem effe vi motvici impreffie, & fieri fe-
cunduwm lineam veStam qua vis illa imprimitur.
Nt uemvis oeneret.
:

ipla duplum, tripla tri-
atim & fuccefliveim-
[emper plagam
batur, mo-
vel obli-
; determinatio-

Lex. 1T

plum generabit, fiv
prefla fuerit. 1
ctim vi generatrice detern
tui ejus vel confpirantiad
quo rﬁﬁvquc adjicitur, & cum eo fect
fien componitur.
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Bayesian Networks

: . AXTOMA-TA
Key Properties of Bayesian Networks SIVE

LEGESMOTUS

* Bayesian networks can encode causal s
d I reCt I O n , a | ge b r a C a n n Ot . Corpns omne perfeverare in ftatn fuo quiefcendi wel movends unifor-

miter in direStumn, nifi quatenns aviribus impreffis cogitnr flatum
#llum mutare.

° E Xxam p | e: N ewton ! S SeCO n d L aw Of M ot | on Rojedtilia perfeverant in motibus fiis nifi quatenus a refiften-

tia aeris retardantur & vi gravitatis impelluntur deorfum.
Trochus, cujus partes cohzrendo perpetuo retrahunt fefe
a motibus rectilineis , non ceffat rotari nifi quatenus ab aere re-
tardatur.  Majora autem Planetarum & Cometarum corpora mo-

tus fuos & progrcﬁi'vo's & circulares in {patiis minus refiftentibus
/" “Mutationem motus proportionalem esse vi motrici e e
ex. 1L

|m p I’ESS&, & ﬁ e rl secun d um Ilnea m reCta m q ua Vvis | ”a M ationem motus proportiomlem cﬁ} UL motrici impreﬂ)e, c/‘;\ﬁeri/e-

. .. ” cunduwm lineam veStam qua vis illa imprimitur.
Imprimitur. S ; - |

“A change in motion is proportional to the motive force g e el o
impressed and takes place along the straight line in which gffn?lef;ﬁi’j'.-‘?;fjf“‘“‘"’ 8 cum couece pdeeminati
\_that force is impressed.”
»
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The New Paradigm: Bayesian Networks

Limitations of Algebra

L]

A X1 . “vi motrici impressae”

“Mutationem motus”

LEG

Lex. I

Carpns omme perfeverare in flatn fiuo quiefeends wel movends nnifir-
niter in diveShun, nifi giatenns a-viribus imprefJis cogitwr fitrm
il mutare.

Rojedlia perfeverant inmotibus uis nifi quatenus a refiften=

P tia acris reaardantur & vi gravitatis impelluntur deorfum.

Trochus, cujus partes cohverendo perperuo retrahunt fefe

a motibus re@tlineis , non celfat rotari nilf quateaus ab acre re-

tardacur.  Majora autem Planctarur & Cometarum corpora mo-

tus flos & progreflivos & circulares in_fpatiis minus refiftentibus
fattos confervant diucius.

Lex. 1L
Muationen otus propotionalen effe i motric imprefie, & fieri fe-

cundwn linean reSham qua wis illa inprimitir,

motum quemvis generet, dupla duplum, tripla tri-
five fimul & femel, five gradatim & fuccefliye im-
Et hic motus quoniam in candem femper plagam
lim vi generatrice determinatur, i corpusantea movebatur, mo-

‘ui cjus vel confpirantiaddicur, vel contrario fubducicur, vel obli-

quo oblique adjicitur, & cum co fecundum wtriufg; determinatio-

fiem componitur Lex. 1L
¥

Causal Interpretation

Causal Assighment Not Possible
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The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Bayesian networks can encode causal direction, algebra cannot.

/ Algebra vs. Bayesian Network \

Mass Force

\ Acceleration /
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QUESTIONS
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Inference with a Bayesian Network & Bayesial.ab
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Inference with a Bayesian Network

Bronchitis Tuberculosis or Cancer
Visit fo Asia 55.00% Fal 93.52% False
45.00% True 6.48% True
Dyspnea Tuberculosis
. 56.40% = False 98.96% —
Tuberculosig ung Cancer Bronchitis 43.60% True 1.04%

Lung Cancer Visit to Asia
94.50% 99.00% False
5.50% 1.00% True
Smoker X-Ray

50.00% False 88.97% False
50.00% True 11.03% True

-

J\.

N

Tubepéulosis or Ca

X-Ray Dyspnea
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Inference with a Bayesian Network

Visit fo Asia

ung Cancer

Tubepéulosis or Ca

X-Ray

Dyspnea

stefan.conrady@bayesia.us

-

Bronchitis Tuberculosis or Cancer
16.60% Fals! 87.95% False
83.40% True 12.05% True
Dyspnea Tuberculosis
0.00% False 98.12% Fal
100.00% 1 True 1.88% True
- < S
Lung Cancer Visitt o Asia
89.72% Fal 98.97% False
10.28% True 1.03% True
Smoker X-Ray
36.60% False 83.79% False
63.40% True 16.21% True

Network: MSFTGUEST Access Code:

msevent82tz



Inference with a Bayesian Network

Visit fo Asia

ung Cancer

Tubepéulosis or Ca

X-Ray

Dyspnea

stefan.conrady@bayesia.us

.

.

-

-

J

.

Bronchitis Tuberculosis or Cancer
24.61% Fal 95.17% False
75.39% True 4.83% True
> *
Dyspnea Tuberculosis
0.00% False 97.52% Fal
100.00% True 2.48% True
Lung Cancer Visit to Asia
97.62% 98.94% False
2.38% 1.06% True
Smoker X-Ray
100.00% False 90.50% False
0.00% True 9.50% True

Network: MSFTGUEST Access Code:

msevent82tz



Inference with a Bayesian Network

Bronchitis Tuberculosis or Cancer
Visit fo Asia 43.48% = Fal 50.11% = False
56.52% True 49.89% ] True
; {7 3
Dyspnea Tuberculosis

0.00% False 74.44% F
100.00% True 25.56%

Tuberculosis Bronchitis

-
-

.
-
.

J
N
J

Lung Cancer Visit to Asia
75.42% 98.06% False
24.58% 1.94% True
Tubep€ulosis or Smoker X-Ray
100.00% False 0.00% False
0.00% True 100.00% True

X-Ray Dyspnea
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Inference with a Bayesian Network

Bronchitis Tuberculosis or Cancer
Visit fo Asia 54.10% Fal 24.75% False
45.90% True 75.25% ) True
> * <
Dyspnea Tuberculosis
0.00% False 36.77% %‘
Tuberculosig ung Cancer Bronchitis 100.00% True 63.23% 4
Lung Cancer Visit to Asia
87.35% 0.00% False
12.65% 100.00% True
Tubegpéulosis or Cs Smoker X-Ray
100.00% False 0.00% False
0.00% True 100.00% True

X-Ray Dyspnea
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Inference with a Bayesian Network

.

Bronchitis Tuberculosis or Cancer
Visit fo Asia 29.91% Fal 16.02% False
70.09% True 83.98% True
> * <
Dyspnea Tuberculosis
0.00% False 71.04% ==}
Tuberculosig ung Cancer Bronchitis 100.00% True 28.96%
Lung Cancer Visit to Asia
42.08% 0.00% False
57.92% ) 100.00% True
Tubegpéulosis or Cs Smoker X-Ray
0.00% | False 0.00% False
100.00% True 100.00% True

-

J\L

X-Ray Dyspnea
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Bayesian Networks = Artificial Intelligence

Knowledge Base
* Declarative/Propositional
Knowledge
* Associational Knowledge

* Causal Knowledge

Inference Engine

¥

Ry e Expert System - Artificial Intelligence
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Bayesian Networks = Expert System

Name: Me .
WebMDsymptomchecker earlele  serower fE Print

1 Choose Symptom(s) 2 YourCho (z) § 3 Possible Conditionsig (=)

Chest Symptoms: Difficulty breathing (%] Lung cancer (non small cell) —

H Save Symptoms ﬁ( Take the Tour

Muscle cramps or spasms
(D:mful) . 3 e SE /0 Lung cancer (small cell) -
Pressure or heaviness & -
New onset asthma # @  Bronchitis -
Bronchitis
Heart attack (male) -

%, Nighttime wheezing [+]

Medical Expert

System

Don't know where
to point?
More symptoms here

Rapid breathing

Rapid heart rate (pulse)

Shortness of breath

© 0 ¢ 0O

X-Ray Dyspnea Search Symptoms Slow heart rate (pulse)

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz



Bayesian Networks = Transparent Expert System

Visit to Asia

Change in F3
infecteds on

treatment Progress Sfrom F2 Commenced Background Drug-related Exit
r—’*MT dm'mg freatinent treatment (F3) death death rate
d[FS = T L I A + _[ Y e =+ -+ 5 Tuberculos) Eronchitis
r F2dp2 Neslps H Hp :
Foree of Cease treatment Viral clearance Progress to F4
HIV infection (F3) on treatment (F3)  during treatment
M M M_M MT MT
i Tubereulogig or Cancer
+ Ay F=ye Ve + VeVE  + T Irs

Interpretable Dyspnea
Transparent

Intuitive

Less “cognitive overhead”
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Bayesian Networks = Transparent Expert System
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Bayes’ Theorem for Conditional Probabilities

H: Hypothesis

E: FEuvidence

P(H|E) = P(EL@;D(H)

“Probability of

H given E”

1763
PHILOSOPHICAL
TRANSACTIONS

[ 370]
quodque folum, certa nitri figna prabere, fed plura
concurrere debere, ut de vero nitro producto dubium
non relinquatur.,

L1I. An Effay towards folving a Problem in
the Doctrine of Chances. By the late Rev.
Mr. Bayes, F. R. 8. communicated by Mr.
Price, in a Letter to John Canton, A. M.
FE.R. 5.

Dear Sir,

Read Dec. 23, | Now fend you an effay which I have

1763 IMfound among the papers of our de-
ceafed friend Mr. Bayes, and which, in my opinion,
has great merit, and well deferves to be preferved.
Experimental philofophy, you will find, is nearly in-
terefted in the fubject of it; and on this account there
feems to be particular reafon for thinking that a com-
munication of it to the Royal Society cannot be im-

Prﬁhlﬂ, you know, the honour of being a mem-
ber of that illuftrious Socicty, and was much eftcem-
ed by many in it as a very able mathematician. Inan
introduéion which he has writ to this Effay, he fays,
that his defign at firft in thinking on the fubject of it
was, to ﬁndg‘;ut a method by which we might judge
concerning the probability that an event has to hap-
, in given circumftances, upon fuppofition that we
mw nothing concerning it but that, under the fame
circums
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Bayesian Statistics?

Frequentist SEVENED
Statistics Statistics

Machine-learning
Bayesian networks is

Bayesian
“frequentist” Networks

Inference in Bayesian
networks is “Bayesian”
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Sounds great, but how can |
get a Bayesian Network?




BAYESIALAB) m a8 d

€ B A desktop software for:

» learning

» editing

» performing inference

« analyzing

« simulating

« optimizing

with Bayesian networks.
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Mathematical Formalism = Research Software

BAYESIAN
NETWORK



H
QUESTIONS
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Key Drivers Analysis & Optimization
Based on Consumer Survey Data



Example: Auto Buyer Satisfaction Study

2009 New Veuicie

Strategic ViSion Exeerience Stupy™
New Vehicle Experience Study™

5A

- ViSION

‘Check ONE box in the list below to di

O he e Fur D Mothers Against Dk Drivieyg (MADD)
O &pi oundatior O oter specity charity)
O March of Dimes Birth Defects

register your answers, keeping your marks INSIDE the boxe

* 200,000+ records mw :

About your new vehicle . . .

1. How would you rate your OVERALL SATISFACTION with your new vehicle 2 ("X " one box)

.
o Olcomplatoly satisfiod  [Jvory satisiod  [Foirly wolsatisfiod [ Somawhet dissatisfiod [ Very dissatisfiod

O excotont [ very goos mp— Orae  Oroor

3. Would you recommend your new vehicle to a friend or relative 7 O oetinitely O provaniy [ Ne. 1 woula not
4. Tow do you feel about [ 1 feel a definite emotional [ 1 1601 some emotional [ 1101 no emotionat

your new vehicle ? Gonnection to my new vehk connection 1o my new vehicle connection to my new vehicle
5. Overall, how would you judge your experience with your new vehicle ? (X are bov)

O excetier O satistactory Ou
nsidered, how likely arc you in the future to purchase or

7 Ooennnely win [ provasly win O oont know O provabiy winnat [ oeninitety win not

ory O Ataiture

T new vehicle made by the same

volvement
O Moretnanhat [ About hatt O Less han hait

O automatic O manual

Limited, LS, LT, SE, XL, ete.) 7

L GT

_ Compare to

s Chapter 8
_’!ﬁ_t Perfume Study

s new vehicle 7 ("X

O powor aa

10 3. Which of the following features do you have on you
O arsusparsion 0 e to [0 powersssingdoors [ runmingboarss [ thirarowsaating ] Tratar it
10b. s your van a *conversion’ van (e.g.. Bivouac, Strcraft, ete)? [] Yes (] Ne
«IF your new vehicle is a PICKUP TRUCK:
10, Which of the following featares do you have on your new pickup truck ? ("X " as many as apply)
[ Long bed fover 7 foety [ Bed axtonder O Long wh
ae O con steps [m

11, What feature(s) NOT on this vehicle would you like (o have on y

ew SUVAaN? ("X as many as apply)

w0

it Dext new vehicle 7 (e

ats, mun-flat tires, elc.)

Fealure 1 Fealure 2

Srsegic Vision, Inc. 2009 . PLEASE OPEN TOPAGE 2 ==
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Thanks! ‘

Strategic Vision Inc.

e Strategic Vision is a research-based consultancy with more than 35 years of experience in
understanding the consumers’ and constituents’ decision-making systems for a variety of Fortune
100 clients, 10 Downing Street, Coca-Cola, American Airlines, Procter & Gamble, the White House
and including most automotive manufacturers and many advertising agencies. The company
specializes in identifying consumers’ complete, motivational hierarchies, including the product
attributes, personal benefits, value/emotions and images that drive perceptions and
behaviors. Strategic Vision has at its core a large-scale syndicated automotive experience and “Pulse
of the Customer” (POC) study that collects more than 350,000 responses annually, using over 1,500
comprehensive data points Since its foundation in 1972 and incorporation in 1989, Strategic
Vision—led by company founders Darrel Edwards, Ph.D., J. Susan Johnson, Sharon Shedroff, with
Alexander Edwards—has used in-depth Discovery Interviews and Value Centered Survey instruments
that provide comprehensive, integrated and actionable outcomes, linking behavior to attributes to
consequences to values and emotions to images.

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz 63



Subset Under Study: MY2009 Midsize Sedans

. ‘ Chrysler Sebring
: = Dodge Avenger
s Ford Fusion
Chevrolet Malibu
Kia Optima
Honda Accord
Nissan Altima
L+ Toyota Camry

| Mazdab
Hyundai Sonata
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Subset from New Vehicle Experience Survey

@ @ @ @ @ @ @ @ @ @
* 98 questions about satisfaction
@ @ @ @ @ @ @ @ @ @
Of features and Veh I Cl e O eaperenee Conacion procs-toie i e
attributes LowsL e e e e 8 e e L8
* 1 question about overall 9.5 - Completely Satisfied T S
tisfacti (“0 N 7.5 - Very Satisfied 4 Ratmg scale for
satistaction {~Uverall INew 5.5 - Fairly Well Satisfied all numerical
Vehicle Experience NVES”). 3.5 - Somewhat Dissatisfied - REIREER
. _ 1.5 - Very Dissatisfied , , ,
° 1 C ategorlc a| Vamab'e — ol e i s S AP
representing the vehicle model. & ¢ ¢ ¢ ¢ ¢ ¢ & ¢ ¢
° 4,214 survey responses. T -

Note: This dataset is not publicly available and cannot be downloaded. For a
training dataset please see the Perfume Study in Chapter 8
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Key Drivers Analysis & Optimization
Based on Consumer Opinion Survey Data

“Driver”

* A fundamentally causal concept.

* Implies knowledge of the causal

direction.
“Opinion Survey Data” &

* Non-experimental data, i.e.
observational data.
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Data — Association/Correlation




Key Drivers Analysis

-
e

Wh,?

* Observational data only provides
associations/correlations.

. 3
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e
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s " [ 8
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* A statistical model can approximate the
joint probability distribution of the data
produced by the domain under study.

7

= 9
. o . ;
. o b
A8 < R %
. e

* However, with such a statistical model
we can only perform observational
inference, i.e. produce predictions.
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Correlation does not
equal cavsation!




Key Drivers Analysis & Optimization
Based on Consumer Opinion Survey Data

Observational Inference (Prediction)

y=flseet) |||

“given that | see’

CAUSAL INFERENCE
V= f ( X) INSTATISTICS

Causal Inference (Inte| ,....re

ambiguous y:f(dO(x))

“given that | do”

WILEY
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Observational vs. Causal Inference B E A

Ames Dataset: Sale Prices of Single-Family Homes

$700,000

$600,000

$500,000

$400,000

Sale Price

$300,000

$200,000

$100,000 -

$0 | : i
2 3

Observational Data — Observational Inference/Prediction
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Observational vs. Causal Inference

Clever Homeowner:

* “I"ll add two garages to my house and
increase its value by $142,000”
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Observational vs. Causal Inference
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Observational vs. Causal Inference
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Observational vs. Causal Inference

Observational Inference (Conditioning)

* “When we condition on a variable, we change
nothing; we merely narrow our focus to the subset
of cases in which the variable takes the value we
are interested in. What changes, then, is our
perception about of the world, not the world
itself.”

y:f(see(:z;))

J diatd

CAUSAL INFERENCE
IN STATISTICS

A Primer

Judea Pearl
Madelyn Glymour
Nicholas P. Jewell

WILEY
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Observational vs. Causal Inference

Causal Inference (Intervention)

* “When we intervene on a variable in a system,
we fix its value. We change the system, and

the values of other variables often change as a
result.”

y=f(do(z))

J a

CAUSAL INFERENCE
IN STATISTICS

A Primer

Judea Pearl
Madelyn Glymour
Nicholas P. Jewell

WILEY
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Observational vs. Causal Inference

Statistical Model = Observational Inference/Prediction

* Price=$56,157+570,949xNo. of Garages+e

Causal Model = Causal Inference/Intervention

277
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Predictive Model: Causal Model:
Observational Inference Causal Inference

y=f( (z)) y=f( ()
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Key Drivers Analysis & Optimization
Based on Consumer Opinion Survey Data

“Driver”

* A fundamentally causal concept.

* Implies knowledge of the causal

direction.
“Opinion Survey Data” &

* Non-experimental data, i.e.
observational data.
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Key Drivers Analysis & Optimization
Based on Consumer Opinion Survey Data

“Driver”

* A fundamentally causal concept. ( .‘ .

] Overall Satisfaction Satisfaction with
* Implies knowledge of the causal Price/Value
direction.

“Opinion Survey Data” . >.

Overall Satisfaction Satisfaction with
Price/Value

* Non-experimental data, i.e.
observational data.
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Key Drivers Analysis & Optimization
Based on Consumer Opinion Survey Data

Con we make some

cavsal assumP-Hons.?

84



Causal Assumptions?

S / /S
Overall New
assumption? ' Vehicle Experience

* E.g., all individual ratings %i\\\/////

Can we make a causal

&

(“drivers”) are a cause of the
overall rating?

* Yes, but what would be the
causal relationships between the
drivers, as they are probably not

independent? \
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Causal Assumptions?

Can we make a causal
assumption?

° E.g., all individual ratings
(“drivers”) are a cause of the

overall rating?

* Yes, but what would be the
causal relationships between the
drivers, as they are probably not
independent?
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Causal Assumptions?

Number of Possible N1 N2

Causal Structures

* 2 Nodes: 3 < ‘ >‘

N1 N2
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Causal Assumptions? ~ o o

@
Number of Possible >0 <0 @ © © © @ © @ ©
Causal Structures ¢ ¢ \”‘ ‘/ \‘ ‘ﬂ
Q<@ O —0 0O0<0® 00
e 2 Nodes: 3 e & & e

* 3 Nodes: 25 < ??g ?\{g ?\{3 2\{2
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Causal Assumptions?

\

L=

>
7]
',

IS~
A ’
I

Number of Possible Causal Structures *Q\ “U ; [} /
OB NN &/
2 Nodes: 3 1‘0%'.‘4@»&\1%’“ B &
AL TINEDSOARN
3 Nodes: 25 V’\% = N\ -
5 Nodes: 29,281 s =W l\\\.ﬁ“«"“\“a /
: SRS NS0
}lka g7 wa WIS —-—
6 Nodes: 3.8x106 ’/4;,{“,.‘",‘.|||“Y&m\:‘§bi s\
AR EAN N
7 Nodes: 1.1x10° o 4l ‘ DT
50/ o8 N
8 Nodes: 7.8x1011 3 ‘ [ I k'\\‘
9 Nodes: 1.2x1015 \] = ‘ D
10 Nodes: 4.2x1018

11 Nodes: 3.2x1022

.° 100 Nodes: 15.1><101631 L OOd Mc 4(.
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Causal Assumptions?

Observational Inference Only!

* We need to give up on formal causal
inference because...

* We cannot possibly know the true
causal structure.

* And, we can’t “cause” anyway, i.e.
we cannot directly manipulate
consumer opinion.
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Key Drivers Analysis & Optimization
Based on Consumer Opinion Survey Data

“Driver”’

* A fundamentally causal concept.
* |Implies knowledge of the causal direction.

“Opinion Survey Data”
> causv«'i-’l’\’?

* Non-experimental data, i.e. observational data.

“Optimization”

* Measured variables cannot be directly manipulated.

. . - C ‘ma P
 Multitude of subjects. oP-hm.za-Hon.
* No natural constraints.
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Key Drivers Analysis & Optimization
Based on Consumer Opinion Survey Data

—~

Statistical Problems
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Statistical Challenges in Key Drivers Analysis

Estimation Challenges

* Small Variance

* Only ~2% of all ratings are below “Fairly Well Satisfied”

Overall New Vehicle Experience
Mean: 7.652 Dev: 1.489
Value: 7.652
0.64% 1.5
1.56% 3.5
15.68% 5.5
53.79% 7.5
28.32% 9.5
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Value: 8.148
0.15%
0.11%
11.32%
44.03%
4439%

Lengin of Time Veticle Wil Remain S.
7,798 Dev.
Ve 77

ERD0
B3Nz
RIS

Lines/Flow of the Viehicle
Mean: 8.194 Dev: 1.385
Value: 8194

0.02% 15
0.56% 35
1084% 55
41.83% 75
46.74% 95

Tallights Desion Door Handles - Interior Speed Contal System 20d row Seat Roominess front Seat Comor Useluiness of Trunk/Gargo Area

Vean: 8120 Dev. 1416 Mean: 7.907 Dev: 1.475 n: 7751 Dovi 1,612 7771 Dev: 1.700 Wean: 7860 Dev

Value: Value: 7.907 Vean. 7367 Vein: 77 Vean: 7 Value: 7.
0.09%] 15 0.06%] 15 0.15% 15 036%| 15 0.80% 15 047% 15
0.42% 35 0.74% 35 117% 35 1.60% 35 3.19% 35 1.49% 35
12.51% 55 16.50% 55 1368% 55 2001% 55 15.90% 55 15.27% 55
41.94% 75 44.18% 75 4364% 75 41.18% 75 4187% 75 4367% 75
45.04% 95 3852% 95 4135% 95 36.85% 95 95 39.11% 95

Qverall Now Vshicle Experience
Dev:

Mean: 7.651

Value: 7.651
0.65% 15
1.56% 35
15.69% 55
53.79% 75
2832% o5

freodom From Electical Problems
lean: 7.890 Dev.

8530
MRS
RRISE
||Il——§g
§
g

Safety Features
Nean: 8,096 Dev: 1,390
e.

85380

25332

REIIR
5
>
8

Ground Cloarance
7849 Dev. 1618

o530
19.87%

§
III 5
5

4429%
33.15%

Front Visibil
Vean: 8030
Value: 8.

V1500

0.89°
4517%

$3832
BREIE

Rding Comor
7,906 Dev: 1.564

]
II. ﬁ
5

Rear Visibity - Driver
Vean: 7:260 Dev: 1851
Valae

88¥oo
gakes
RRI2R

Maneuverabilty
ean: 6,045 Dev: 1.409

85200

28848

SRR
-
§

Jurming Radivs
an: 7,924 Dev: 1.47¢

&
II. 5
5

Headignts Function
Vean: § 062 Dev: 1475

4324%
44.10%

832
RR
sz
II s

Road HomngAnm%m

Talmgnns Function
8147 Dev: 1.360

8530
2323
SERFE
FII 5

Handiing
Mean: & 106 Dev: 1.389)

Value: 8106
5%

e

Turn Signal Function
Mea

Feedback
018 Dev: 1,450}

=
88
m@.

=
5
&3

4110%

203 Dev: 1324
Valde:
0.15% 15
0.14% 35
921% 55
45.40% 75
45.09% 95
Bumpers
Mean: 7.926 Dev: 1.516
Value: 7.926
0.40%! 15
1.00% 35
14.95% 55
44.20% 75
39.46% 95

Acceleration From Stoy
an: 7.457 D¢

55

8 2

B
I &4
ks

alue:

Solid Vehicle Construction

B30
5388
EREE

B
88
g
3

4020%

Passlng gammy1 .

Value: 7.
0.13% 15
199% 35

2179% 55

44:65% 75

31.43% 95

Appearance Of Paint Job
Mean: 8300 Dev: 1478
Value: 8.300

1
3.

s Design
179 Bev: 1420

Headh%h

Value: 8
0.04% |

47.18%

Ipterior Lighiig
e 9

Ease of Front Seat Ent 2nd row Seat Comfort
57 Dev: 1519 7e

Mean: 7.682 Dev: 1.76 Vean: 7,702 Dev: 1.599
Value: 7,682 Value: 7.7 Value: 7
1.14% 0.25% |

3.36% 1.96%

e 6258 Dovi 1.458
Value:

0.83%

041%

2383
EREX
Q
©Nowa
ERraar

31.16%

+ Seat Adjustabill
7842 Dev: 1645
. 7842 Vale: 7.

B88Rwo
83833
EEEER
5
K
3
8
© oo
Gonnn

en;;el SeatAqlJus'aany Future Trade-In Or Resale Value
346 Dev: 1.791 n: 7.230 Dev: 1.694

049% 15
3.14% 35
31.18% 55
3976% 75
25.43% 95

r Armrests

Warranty Coverage
7,436 Dev: 1.773
b: 7.436

Mean: 7:562 Dev: 1.697
Vaue: 7.

888,
2352
REIRK
oo
Sans

Technieal inovations

ng Versatiiy
g; y 7508 Bt T 505

552 Dev: 1634
552 Veee

BER
REEXS
m
©~Nowa
ot

g]Swwaway/Convelsmn

Level of Standard Equipment
508 D 3

=

32
EE
5

8

58

ot

22

3o

5

g
oo
Sanh

44:66%
31.92%

pment Of Controls/instruments Fuel Economy/Mileage
7,890 Dev: 1.552 Mear 74176\/1353
7.890 Value

BENao
e
PO,
Sa8ss

ronic Display of Information
7.921 Dev: 1562
b: 7921 Value: 7

8B

Nes

RRER
5§

g
g
oo
Sahhe

of Reading Conyalsiinstruments

7884 Dov Mean:

g Value: 7.
0

41.22%
31.28%

Boo
EEE

s

@
O~
e

Usefulness of Glove Box

Ease of Loading/Unloading Cargo
= 9 corg Dev: 1,689

n: 7.826 D

Instrument Cluster Gauges
Mean: 7.936 Dev: 1.53
Value: 7.626

Wiper System Controls. Front Seat Roominess
Mean: 8050 Dev: 1.425 Mean: 7986 Dev: 1575

Valae: Value:

Prostige/Rputation of M

Value:

g
BRoo
8938
SEEF
5=
£8
53
i
8%
9
@
©~N;wo
Daaan

43.00% 37.84% 3561% 40.23%
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Statistical Challenges in Key Drivers Analysis

Estimation Challenges (cont’d)

* High-dimensional Multi-Collinearity
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Individual
C————n Satisfaction Ratings

Hode:
x
¥

Estimation Challenges (cont’d)

bles

* Multi-Collinearity

lew \Vehicle Experience Mean All Curves
[ M Solid Vehicle Construction

[ M Handing

77 M Body Workmanship

[77 I Safety Features

[ W Tilights Function

77 M Maneuverabilty

77 I Length of Time Vehicle Wil Remain SolidDurable
[T I SizeProportions

7 M Turn Signal Function

[T 1 Airbags

[T Fit Of Cther Body Panels

77 I Front Visibilty - Driver

77 M Road Holding Abilty

77 M Economical to Own
77 M Riding Comfort

72 1 2nd row Sezt Comfort
[T 1 Front Seat Roominess
72 W Technical Innovations
77 M Passenger Seating Capacity
72 I Exterior Color

77 M Door Handles - Exterior

[T Headights Function
[ Freedom From Electrical Froblems
[T Price Or Deal Offered

[T M LinesFlow of the Vehicle

77 M Ease of 2nd Row Seat Entry

72 M Fit Of Doors

77 M Emissions Control

* Slopes of curves are nearly
identical.

Overall Satisfaction

[T I Placemert Of Controlsnstruments
[7 " 2nd row Sest Roominess
77 M Seating Versatilty
[77 M Support of Seats
[T Braking
[T W Steering Feedback
[T Passing Capabilty
77 M Turning Radius
[T M Winclow Controls
[T M Level of Standard Equipment
72 I Door Handles - Interior
W Affordable to Buy o

Individual Satisfaction Ratings
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Key Drivers Analysis

How about a regression?
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Key Drivers Analysis

How about...

* Neural Networks

Decision Trees

Random Forests > Great predictive performance,
but difficult interpretability
Ensemble Models

* Etc.
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Key Drivers Analysis

Example: Decision Tree

ey -
(IR
UV — J————
wom =
[ oty e
e s— s—— [r— [e———— rm—— p—— pr———
s rsamaan
comper oy comper -
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Statistical Challenges in Key Drivers Analysis

Estimation Challenges (cont’d)

® M |SS| I’lg Va | ues Fast Independent Component Analysis: OSAT Midsize ? X
* 5% of all data points are Quick | Options| Deploymort| B o
. . & Variables: Cancel
missing (21,110). o
ptions

* 77% of survey response Number of components : E & OpenDate
Random number seed : __14857

i Select

- s

Conta I n at |eaSt one Maximum number of iterations : |200 E

Alpha :

missing value.

MD deletion
Tolerance (convergence): @ Casewise

Mean
substitution
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Summary of Challenges

Conceptual Challenges

* “Driver”

* Afundamentally causal concept.

Create a Non-Causal

Model

* Non-experimental data.

* “Optimization”
Derive Constraints

Simulate Scenarios

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz

Statistical Challenges

Leverage Information
e

T

acine—Learn a
Bayesian Network

101
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Building a_Probabilistic
Structural Equation Model



Key Drivers Analysis

Proposed Workflow

* Perform Factor Analysis

* A machine-learned Bayesian network structure produces intuitive clusters
for factor induction.

* Build a Non-Causal Probabilistic Structural Equation Model

* A Probabilistic Structural Equation Model with a Bayesian network does not
require causal assumptions, which we don’t have.

* Perform Optimization

* The explicit representation of the joint probability in a Bayesian network
provides natural constraints for optimization.
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Key Drivers Analysis

Practical Advantages of Using Bayesian Networks
* We can utilize information-theoretic measures for learning structure and
quantifying relationships.
* We can “embrace” collinearity instead of suppressing it as a nuisance.

* Without parametric constraints, we have no problems with potential
nonlinearity.

* We can easily handle missing values.
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Key Drivers Analysis

Nomenclature
* We are trying to induce factors that can summarize multiple manifest
variables.

* A factor is often referred to as a latent variable, as opposed to an observed,
manifest variable.

* As such, factors do not exist, they are merely theoretical constructs.

* Creating factors is a variable reduction technique (compare to Factor Analysis,
Principal Components Analysis, etc.)
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Information Theory

Information-Theoretic Measures

* Entropy
* Mutual Information

* Arc Force (Kullback-Leibler
Divergence)

Claude Shannon (1916-2001)

— See Chapter 5
b

L=
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Information Theory

Entropy: a measure of “uncertainty”

__ZP

)log2P(x
reX
H(O’U@’rall NVE) =1.54

Overall New Vehicle Experience
Mean: 7.652 Dev: 1.43
Value: 7.652

2.20%
15.68%
53.78%
28.33%

Marginal Entropy

stefan.conrady@bayesia.us

Overall New Vehicle Experience
Mean: 6.354 Dev: 2.35
Value: 6.354
25.00%
25.00%
25.00%
25.00%

V AAA
©~O,

(<= | I T 1]

—

Maximal Entropy

0.00% |
0.00%
0.00%

_

100.00% |

Overall New Vehicle Experience
Mean: 9.500 Dev: 0.00
Value: 9.500

V ANANA
© N

(o I I ||

Minimal Entropy
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Information Theory

Conditional Entropy

H(Overall NVE | Safety Features) Overall New Vehicle

Safety Features

Experience
Overall New Vehicle Experience Overall New Vehicle Experience QOverall New Vehlcle Ex erience Overall New Vehlcle Ex erience
Mean: 4.121 Dev: 1.51 Mean: 5.907 Dev: 1.53 Mean: 7.459 Dev: 1 Mean: 8.375 Dev: 1
Value: 4.121 Value: 5.907 Value: 7.459 Value: 8.375
57.73% <=5 12.65% <=5 0.60% 5 0.35% | <=5
36.86% <=7 54.20% <=7 15.38% 5.72% <=7
5.20% <=9 29.59% <=9 69.30% 9 43.67% <—9
0.22% | >9 3.56% >9 14.73% 50.26%

Safety Features Safety Features Safety Features Safety Features
Mean: 2.589 Dev: 0.831 Mean: 5.500 Dev: 0.000 Mean: 7.500 Dev: 0.000 Mean: 9.500 Dev: 0.000
Value: 2.589 Value: 5.500 Value: 7.500 Value: 9.500
100.00% <=5 0.00% | <=5 0.00% i <=5 0. UO%I <=5
0. oo%l <=7 100.00% P — <= 0.00% <=7 0. OO%I <=7
0.00% <=9 0.00% <=9 100.00% e <=9 0.00% <=9
0.00%, >9 0.00% >9 0.00% | >9 100.00% >9
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Information Theory

Overall New Vehicle Safety Features
Experience

Mutual Information

I(Overall NVE, Safety Features)=H(Overall NVE)-H(Overall NVE | Safety F' eatures)

\ J \ J \
Y Y Y

Mutual Information Marginal Entropy Conditional Entropy
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Airbag Length of Time Vehice Will Remain S. Lines/Flow of the Vehicle Tailights Design Door Handles - Interior d Control System 2nd row Seat Roominess Front Seat Comfort Usefuiness of Trunk/Cargo Area
Mean' 8.148 Dev: 1371 Mean: 7.758 Dev: 1.572 Mean: 8.194 Dev: 1.385 Vean: 8126 Dev: 1.416 Mean: 7.907 Dev: 1475 ean 7997 Devi 1482 Mean: 7.751 Dev: 1.612 Vean: 7771 Dev: 1.700 Vean: 7850 Dev.
Value: 8.148 Value: 7.758 Value: 8194 Valde VeRe: 7807 Value: 7.751 Valae: 7.7 Vaiae: 7
0.15%| 15 0.32%] 15 0.02% 15 0.09%| 15 0.06% 15 015 15 0.36%)| 15 080% 15 047% 15
0.11% 35 1.18% 35 0.56% 35 042% 35 0.74% 35 1147% 35 1.60% 35 3.19% 35 149% 35
11.32% 55 19.82% 55 10.84% 55 1251% 55 16.50% 55 13.68% 55 2001% 55 15.90% 55 15.27% 55
44.03% 75 4267% 75 41.83% 75 41.94% 75 4418% 75 4364% 75 41.18% 75 4187% 75 4367% 75
44.39% 95 36.02% 95 46.74% 95 45.04% 95 38.52% 95 4135% 95 .85 95 38.24% 95 38.11% 95
Overall Now Vohicle Experionce Fresdom From Electical Problems ﬂupeavancs Of Paint Job Sunroof Interior Ligti Spoakers Easo of Front Seat Ent 2nd row Seat Comfort Sparo T
Mean: 7,651 Dev: Mean: 7.890 Dev: 1.523 fean: 8.300 Dev: 1.416 Mean: 8.258 Dev: 1458 Mean: 7.957 Dev: 1.519 fean: 7.814 Dev: 1.615 n: 7,682 Dov: 1.76 Mean: 7.702 Dev: 1.599 fean: 7.423 Dev: 1.767
Value: 7,651 Value: 7.890 Value: 8.258 Value: 7.957 Value: 7.614 Value Value: 7.702 Value: 7.423
065% 15 0.28%| 15 0230 15 0.83%| 15 0.21%| 15 0.63% 15 1.14% 15 0.25%] 15 1.16% 15
1.56% 35 108% 35 0.60% 35 041% 35 112% 35 1.86% 35 3.36% 35 1.96% 35 2.52% 35
15.69% 55 16.25% 55 9.91% 55 8.60% 55 15.39% 55 16.63% 55 18.02% 55 20.06% 55 26.47% 55
53.79% 75 4368% 75 37.46% 75 40.35% 75 4213% 75 42.94% 75 40.21% 75 42.92% 75 38.69% 75
28.32% 95 3872% 95 5181% 95 4981% 95 41.14% 95 37.94% 95 37.21% 95 34.82% 95 31.16% 95
Sty Feaures Ground Cloarance Size/Proportions Interior Colors Qually of Soat Matorals Aty to Contrl Seund Quality Easo of 20 Row Soat Enry Driver Seat Ad|us!abll\lg Price Or Dol Ofereg
8,000 Dev: 1.390 649 Dev: 1618 8 120 Dev: 1,443 Mean: 7.825 Dev: 1634 lean 7 681 n 7707 Dev Mean: i: 7.500 Dev: 1.735
Value Vere: 7838 Vite Value: 7825 Value: 7.6 Ve 7 Va\ue Vere:t Ve 7368
031k 15 0.45% 15 0.16%] 15 0.50% 15 0.50% 15 0.46% 15 0.30%| 15 048% 15 0.74% 15
35 2.23% 35 0.70% 35 163% 35 2.15% 35 2.14% 35 2.05% 35 226% 35 301% 35
10700 55 19.87% 55 1227% 55 18.69% 55 20.19% 55 16.90% 55 20.22% 55 17.07% 55 24.15% 55
46.45% 75 44.29% 75 4171% 75 39.49% 75 4212% 75 4161% 75 41.87% 75 40.07% 75 9.71 75
42.14% 95 33.15% 95 45.16% 95 39.70% 95 35.04% 95 38.90% 95 35.57% 95 40.12% 95 32.39% 95
Front Visiity - Driver Riding Comfort Side Mirrors Ipteror To & Fnish Freedom From Squeaks And Rattles Sound System Controls Comfort of Seatbelts Passenger Seat Adiustabilly Future Trade-In Or Resale Value
8,039 Dev: 1.500 fean: 7.906 Dev: 1.564 Mean: 8.036 Dev: 1.485 n: 7.836 Dev: 1625 Mean: 7.851 Dev: 1.649 Mean: 7836 Dev: 1.575 Viean: 7.753 Dev: 1632 Mean: 7.346 Dev: 1.791 Mean: 7.230 Dev: 1.694
Value: 8.039 Value: 7.906 Value: 8.036 Ve TeR Value: 7.851 Value: 7.836 Valce: 7.7 Value: 7.346 Value: 7.230
064% 15 047% 15 0.36% 15 0.54% 15 0.43%| 15 0.28% 15 067% 15 1.08% 15 0.49% 15
1.18% 35 145% 35 0.92% 35 1.20% 35 2.78% 35 2.06% 35 2.02% 35 3.29% 35 3.14% 35
10.89% 55 27% 55 12:86% 55 19.17% 55 15.87% 55 16.16% 55 18.06% 55 27.93% 55 31.18% 55
45.17% 75 4291% 75 43.33% 75 39.12% 75 40.65% 75 4359% 75 43.47% 75 37.68% 75 39.76% 75
4212% 95 39.90% 95 4254% 95 39.97% 95 40.27% 95 37.90% 95 35.78% 95 30.03% 95 25.43% 95
Rear Visibiity - Driver. Maneuverability Wmmncs 9f Wneels & Rims Body Workmanship Freedom From Engine Noise €O Player Support of Seats Driver Amrests Warranty Coverage
Viean: 7.260 Dev: 1.851 Mean: 8045 Dev: 1406 7.883 Dev. Vean: 8166 Dev: 1.353 Mean: 7.656 Dev: Mean: 7.887 Dev: 1.496 Vean: 7.796 Dev: 1.592 Mean: 7.436 Dev: 1.773 Vean: 7:562 Dev: 1697
Value: 7. Value: 8 Value: Value: 8 Value: 7.656 Value: 7.887 Value: Value: 7.436 Value:
081% 15 0.05%| 15 0.11%] 15 0.22%) 15 0.94% 15 0.12%] 15 047% 15 1.20% 15 0.37%] 15
6.58% 35 059% 35 0.78% 35 022% 35 2.19% 35 22% 35 2.10% 35 3.05% 35 261% 35
24.32% 55 12.76% 55 19.37% 55 9.81% 55 19.91% 55 15.80% 55 16.28% 55 24.60% 55 24.43% 55
3937% 75 45.29% 75 39.34% 75 45.61% 75 42.05% 75 4491% 75 44.50% 75 40.06% 75 38.75% 75
28.92% 95 4132% 95 4040% 95 44.15% 95 3491% 95 37.95% 95 36.65% 95 31.09% 95 33.84% 95
rakin Turning Radius Mpearance of Tires Fit Of Doors Freedom From Road Noise Oparation of HVAC Controls Passen;er Seating Capacity Sea(mg’versahh(y Technieal inovations
Mean: 8.124 Dev: 1391 Vean:7.924 Dev: 1476 1902 Dev: 1515 Mean: 8177 Dev: 1380 Vean: 7473 Dev: 1744 - 7857 Dev: 1,564 850 Dev: 1.502 597 Dev: 1634 7909 Dev: 1,585
Value: 8,124 Vaide: 7 Val Value: 8.177 Vaide: Vae: 7 Value: Value: Vike
0.23%| 15 0.05%| 15 0.04%] 15 0.16%| 15 081% 15 0.20%] 15 0.23%| 15 045% 15 0.26%] 15
055% 35 0.86% 35 051% 35 045% 35 3.37% 35 1.70% 35 0.46% 35 1.30% 35 154% 35
1042% 55 15.99% 55 18.88% 55 10.32% 55 2372% 55 1e52% 55 1825% 55 25.49% 55 25.39% 55
45.39% 75 44.06% 75 4046% 75 43.56% 75 40.55% 75 40% 75 75 40.70% 75 4311% 75
43.41% 95 9.04% 95 40.11% 95 45.52% 95 31.54% 95 s 95 et 95 32.06% 95 29.71% 95
Headights Function Road Holding Abity Exteror Tnm/MuIdmg Fit Of Other Body Panels Freedom From Wind Noise HVAC Vents Interior. Slara%e Space 5eanng7smaway/::unve,smn Level of Standard Equigment
Vean: § 062 Dev: 1475 Vean: 6018 433 Mean: 7.924 Dev: 1.562 Mean: 8.152 Dev: 1389 Mean: 7.566 Dev: Mean’ 7.776 Dev: 1.583 Mean: 7.731 Dev: 1.667 tean: 7.508 D Mean: 7,618 Dev:
Value: 8.0 Valde: 8.0 Vaide: 7. Value: 8.152 VeRe: 7388 Value: 7.776 Vaice: 7.731 Value: 7.508 Ve 78t
0.39%| 15 0.03%| 15 0.29% 15 0.23%) 15 069% 15 0.09%| 15 051% 15 o72% 15 0.30% 15
107% 35 0.99% 35 0.97% 35 050% 35 3.05% 35 2.14% 35 2.06% 35 121% 35 201% 35
11.20% 55 12.89% 55 1751% 55 10.23% 55 1.55% 55 18.44% 55 2035% 55 2673% 55 21.12% 55
43.24% 75 4521% 75 39.72% 75 44:50% 75 4168% 75 4255% 75 39.49% 75 39.65% 75 4.66% 75
44.10% 95 40.88% 95 4151% 95 44.54% 95 33.04% 95 36.78% 95 37.59% 95 31.69% 95 31.92% 95
Tailights Function Handin Door Handles - Exterior Doors/Trunk/Hatch Shutting Smoothness A idie Defrost/Defor Cargo Capacity Placement Of Controls/instruments fuel EcunomgMMea;e
Vean: 8 147 Dev: 1.360 Mean: 8106 Dev: 1.389 Vean: §.011 Dev: 1495 Vean: 8,084 Dev: 1.462 ;8 019 Dev: 1478 Mean: 7.797 Dev: 1.552 Mean: 7.833 Dev: 1.637 Vean: 7.890 Dev: 1552 7.417 Dev: 1.753
Valu Value: 8.106 Valu Value: 8 Vaioe: 8 Value: 7.797 Value: 7833 Value: 7. Valao: 7
0.25%| 15 0.05%| 15 0.20%] 15 0.23%| 15 0.35% 15 0.23% 15 052% 15 031% 15 092% 15
019% 35 0.54% 35 0.45% 35 1.40% 35 0.93% 35 1.14% 35 1.85% 35 167% 35 4.36% 35
10.11% 55 11.66% 55 15.86% 55 11.54% 55 12.82% 55 18.97% 55 17.87% 55 15.38% 55 21.99% 55
45.87% 75 44.59% 75 4057% 75 42.60% 75 4421% 75 42385% 75 39.95% 75 43.48% 75 4341% 75
43.58% 95 4347% 95 42.92% 95 44.23% 95 4169% 95 36.81% 95 39.80% 95 39.16% 95 29.32% 95
Cup Holders
ean: .

Tum Signal Function
203 Dev: 1324

Sieoring Foodback
Mean: 8018 Dev: 1.453

Badging (Exterior logos/denifers)
Vi (s gy centters)

Wipor Pettormance (fontrear)
an: 8.021 Dev.
8021

sz
£
g
3

Electronic Display of Information
Mean: 7.921 Dev: 1.562

Mean ev: 1568 Ve: tean e\
Vede Value: 8.018 Value: 7.835 Veee Value: 7.863 Value: 7.532 alue: 7644 Value: 7.921 Value: 7.568
o15%| 15 0.10%| 15 0.26%] 15 0.11%) 15 0.40%| 15 071% 15 097% 15 0.34%] 15 0.42%] 15
0.14% 35 128% 35 071% 35 1.26 35 148% 35 3.15% 35 358% 35 202% 35 2.54% 35
921% 55 1235% 55 2076% 55 13.86% 55 16.48% 55 2273% 55 1927% 55 14.07% 55 22.49% 55
45.40% 75 4517% 75 38.57% 75 .00% 75 4287% 75 40.65% 75 39.62% 75 43.39% 75 4234% 75
45.09% 95 41.10% 95 39.70% 95 42.77% 95 38.78% 95 32.75% 95 36.56% 95 40.18% 95 32.22% 95
Bumpers fcosleraton Erom Sto Exterior Color Qually Ofineror Materials Window Controls Emissions Canrol Ease of Reading Controls/instruments Affordable to Buy
Mean: 7.926 Dev: 1516 Mean: 1636 Vean: 8 314 Dev: 1.385 n:§ 078 Dev: 1.422 lean: 1779 Dev: 1,512 Mean: 7.884 Dev: 1.651 Vean: 741 Dev. 1.702
Value: 7.926 Vet 74 Vaue: 8. \/alue & Valoe: 8,078 Ve Value: 7,884 Valae: 7
0.40%! 15 0.16%| 15 0.06% 15 024%| 15 0.15% 15 0.15% 15 0.38%| 15 072% 15 050% 15
1.00% 35 292% 35 0.57% 35 171% 35 0.88% 35 0.30% 35 2.28% 35 282% 35 3.20% 35
14.95% 55 24.88% 55 9.81% 55 17.53% 55 11.43% 55 20.79% 55 14:30% 55 1351% 55 23.80% 55
44.20% 75 43.03% 75 37.72% 75 45.5%% 75 44.96% 75 2297% 75 42.32% 75 4241% 75 4122% 75
39.46% 95 29.02% 95 51.83% 95 34.99% 95 4257% 95 35.79% 95 40.73% 95 40.54% 95 31.28% 95
Solid Vehicie Construction Pass\nq Ca blhty Hsadh%ms Design Instrument Cluster Gauges Wiper System Controls Front Seat Roomines: Ease of Loading/Unlgading Cargo Usetuiness of Glovo Box Prostige/Roputation of M.
Mean: 7.988 Dev: 1459 1576 179 Dev: 1,420 Mean: 7.936 Dev: 153 Mean: 8.050 Dev: 1.425 Mean: 7.986 Dev: 1.575 n: 7.826 Dev: Me: 0 Dev: 1.669 Mean: 7.953 Dev: 1.512
Value: 7.988 Value: 7. Value: 8. Value: 7.936 Value: 8.050 alue: 7.986 Value: 7.626 Value: 7.680 Value: 7.953
0.20%| 15 0.13%| 15 0.04%] 15 0.22%] 15 0.03%| 15 0.44% 15 065 15 107% 15 0.50% 15
101% 35 199% 35 061% 35 1.35% 35 106% 35 179% 35 1.81% 35 173% 35 0.76% 35
13.16% 55 21.79% 55 1191% 55 15.42° 55 12.04% 55 13.79% 55 15.97% 55 19.93% 55 14.57% 55
45.43% 75 65 75 4025% 75 42.43% 75 2 75 40.98% 75 4374% 75 4166% 75 4395% 75
40.20% 95 31.43% 95 47.18% 95 40.58% 95 476% 95 43.00% 95 37.84% 95 3561% 95 40.23% 95
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Quadrants

Displayed Poirts: 98

x. 839931
y: 015396

Mutual Information with Overall New ‘ehicle Experience

‘O Ease of 2nd Row Seat Entry

OTechnical InnovationsEonomical to Own O Ease of Front Seat Entry

‘O Support of Seats

‘Olength of Tme ehicle Will Remain Solid/Durable

OFront Seat Roominess

O 5olid \iehicle Construction

O Freedom From Bectrical Problems

ORiding Comfort (O safety Features

| -
O2nd row Seat Comfort
0.24 I I O2nd row Seat Roominess O Exterior Trimidbolding O Body Workmanstip
O sunroot
OFront Seat Comfart Ohneuversbilty
Level of Standard Equipment
Passen ting Capaci O SizefProportions
o2 O O Quality of Seat Materials o I IR S ortrots instruments Ot OFL Of Other Body Panels
* — O Door Handles - Interior Steering Feedback O Handing qu‘ L .
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o O Comfort of Seatbelts O Prestige/Reputation of I OF#t 0f Doors
m TR Faway Conversion e eIt S R Holding 2bilty OTaillights Design
0.20 E O Freedom From Wind Moise OBadgi moothness 0f Transmisaiastrument Cluster Gauges o CBral cF
adgi
e mﬁuawm loading Cai %M Wepiay of temmaron ODHEE?':EML:{:I" b St
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HUAG Merts e ATRIE
OFuel Effi " i Osma
C GFedom From Fomd Noige T on O Usetuine & THRRMGEHD 2rea O Wiper System Controls
—_— O Driver Arirl rranty Coverage efrapeiiien
‘O Passing Capability O Appearance of Tres ‘O'Wiper Performance (front/rear)
— Cup HoldRsse fuiness of Glove Box
0.16 ‘-U
3 O Rear \dsibility - Oriver O hcssleration From Stop
"—, ‘O Appearance of Wheels & Rims
0.14 s O Spare Tire
[REES . . . . .
12 73 T4 5 78 7 78 78 8.0

‘O fppearance Of Paint Job

O Exterior Calor
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Mean Value




Workflow with BayesiaLab

Proposed Workflow

e e e v o * Machine-learn a Bayesian network

* Validate network

* Perform clustering

* |nduce factors
* Construct PSEM

* Perform Multi-Quadrant Analysis

- Optimize with Target Dynamic
Profile
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Network Learning

Number of Possible Bayesian Networks

* 2 Nodes: 3

* 3 Nodes: 25

* 4 Nodes: 543

* 5 Nodes: 29,281
* 6 Nodes: 3.8x10°
* 7 Nodes: 1.1x10°
* 8 Nodes: 7.8x10!

* 9 Nodes: 1.2x1015

SE. Seqarch thﬂc@
» 100 Nodes: 1.1x10163£—/
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Network Learning=Searching

Minimum Description Length

* DL(B) is the number of bits
to represent the Bayesian
network B (graph and
probabilities), and Complexity

* DL(D|B) is the number of
bits to represent the dataset
D given the Bayesian network
B (likelihood of the data

given the Bayesian network). MDL(B,D)=a-DL(B)+DL(D|B)

DL(B)
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Knowledge Discovery

Correlation Matrix
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Clustering

Variable Clustering

* Hierarchical agglomerative
process using Arc Force

(Kullback-Leibler Divergence).

* Why not a traditional factor
analysis?
° Limited number of

factors and difficult
interpretability.
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Metwork Data Edit View Learning Inference Analysis Monitor Tools Wind,

Lab -

nrady\OneDrive - Ba

[##] pendregram
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Speed Cortrol Syst

Wiper

Freedom From Wind Moi

Freedom From Road HNaise

From Engine Noise

Freedom From Squesks And
i) Smoothness Of
Transmission

Body Workmanship
Prestige/Reputation of Mfr

Fit ©f Other Body Panels

Fit Of Doars

DoorsMrunkMHatch Shutting
Wiper Performance (frontirear)
Solid Vehicle Construction
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FaCtorS Manifest Node

Nomenclature

Ease of 2nd Row-Seat 2nd row Seat Roominess

Entry
* Factor = latent variable Factor Node @

* Manifest node = observed node

[Factor_4

* In Bayesialab, a cluster is

implemented as a Class of Nodes.

Ease of Front Seat Entry Front Seat Roominess
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Ease of Front Seat Entry

Seat Roominess

Front Seat Roominess

Joint Probability: 100.00%
Log-Likelihood: O

Cases: 4,214

Total Value: 38.954

Mean Value: 7.793

Factor
ean: T 78 Dev: 1.389
Value: 7.778
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Factors Numerical values of the
factor states are the
weighted averages of the
values of the manifest

states

Factor States Summarize the States of the Manifest Nodes

Factor_4 Factor 4 Factor_4]
ean: 5.666 Dev: 0.000 ean: 7.560 Dev: 0.000 ean: 9.387 Dev: 0.000
Value: 5.666 Value: 7.560 Value: 9.387
100.00% ©C3(5.66.. 0.00% C3 (5.66... 0.00% C3 (5.66
0.00% C1 (7.5596) 100.00% C1 (7.5596) 0.00% C1 (7.5596
0.00% C2 (9.3870) 0.00% C2 (9.3870) 100.00% C2 (9.3870

Ease of 2nd Row Seat Entry

Ease of 2nd Row Seat Entry Ease of 2nd Row . Seat Entry
v: 0.864 456

Mean: 5.482 Mean: 7.484 Dev: Mean: 9.446 Dev: 0.354
Value: 5. 482 Value: 7.484 Value: 9.446
9.85% <=5 0.03% <=5 0.01% <=5
80.01% <=7 2.96% <=7 0.15% <=7
10.13% <=9 94.78% <=9 2.36% <=
0.02% >9 2.24% >9 97.48% >9

Ease of Front Seat Enti

Ease of Front Seat Enti Ease of Front Seat Ents
Mean: 5.444 Dev: 1.27: Mean: 7.466 Dev: 0.72 Mean: 9.404 Dev: 0.53
Value: 5.444 Value: Value: 9.404
17.84% <=5 0.43% <=5 0.29% <=5
64.11% <=7 6.45% <=7 0.65% <=7
16.53% <=9 87.42% <=9 2.58% <=
1.52% >9 5.70% >9 96.48% >9

2nd row Seat Roominess

2nd row Seat Roominess Mean: 9.277 Dev: 0.722

2nd row Seat Roominess

Mean: 5.749 Dev: Mean: 7.585 Dev: 0.782
Value: 5.749 Value: 7.585 Value: 9.277
8.09% <=5 0.06% <=5 0.03% <=5
72.19% <=7 5.79% <=7 1.30% <=7
17.43% <=9 83.98% <=9 8.44% <=9
2.29% >9 10.17% >9 90.23% >9
S T —_— —
Front Seat Roominess Front Seat Roominess Front Seat Roominess
Mean: 6.130 Dev: 1.380 Mean: 7.833 Dev: 0.848 Mean: 9.387 Dev: 0.539
Value: 6.130 Value: 7.833 Value: 9.387
8.88% <=5 [ 0.30% <=5 0.01% <=5
54.03% <= 1.67% <=7 0.90% <=
32.06% <=9 79.06% <=9 3.83% <=9
5.03% >9 18.98% >9 95.26% >9
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Completing the PSEM

* There is no reason to assume that the newly-generated factors are orthogonal.

* We use Taboo Learning to discover the relationships between the Factors
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Key Drivers Analysis

Key Drivers Analysis
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Optimization

We have no
constraints, so
why not set all
“drivers” to their
maximum levels?
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Optimization

Optimization Constraint #1

* “Gain” x Joint Probability + Cost
Optimization Constraint # 2

* Automatic calculation of “gap to best level” via Multi-Quadrant Analysis
* Expert-defined constraints

Simulation of Values

* Minimum Cross-Entropy
Optimization Objective

* Establish Priorities
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Optimization

Optimization Constraint #1

* “Gain” x Joint Probability + Cost

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz 134



Compare to Regression
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x: Length of Time Vehicle Will Remain Solid/Durable
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Compare to Regression
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Compare to Regression

Simulation by conditioning on hypothetical values of x
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Joint Distribution
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Joint Distribution
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Joint Distribution

Marginal Distribution
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Joint Distribution Is +his realisti 2
al c’

Distribution of y conditional on x=9.5 = Mean(y)=8.78

C
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3 o
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T
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Joint Distribution

Simulation of Values

\/

Overall New Vehicle Experience
Mean: 7.629 Dev: 1.43

Value: 7.629
0.43% 1.5
1.80% 3.5
14.90% 5.5
56.64% 7.5
26.22% 9.5

J

Length of Time Vehicle Will Remain S...
Mean: 7.706 Dev: 1.509

Value: 7.706
0.28% 1.5
1.09% 3.5
18.87% 5.5
47.56% 7.5
32.20% 9.5
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Joint Probability: 100%

Overall New Vehicle Experience
Mean: 8.520 Dev: 1.19
Value: 8.520 (+0.891)

0.00% 1.5

0.59% 3.5
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Value: 9.500 (+1.794)
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Network: MSFTGUEST Access Code: msevent82tz

W"ty no+ 9°
+o +he Mox?

142



Optimization Constraint #1

(o]

Response Curve from PSEM
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Optimization Constraint #1

8 Response Curve from PSEM 120%

Joint Probability

N
oo

100%

X
o

80%

X
~

60%

~
[N}

Joint Probability

40%

~

Overall New Vehicle Experience

20%

o
oo

o
o

0%
7 7.5 8 8.5 9 9.5 10
Length of Time Vehicle Will Remain Solid/Durable

stefan.conrady@bayesia.us Network: MSFTGUEST Access Code: msevent82tz



Optimization Constraint #1

1.2
! Increase in Overall New Vehicle
o Experience Over Marginal Level
= 0.8
cr.‘g Maximum Increase
2 06 Considering Joint
© Probability
g
5 04
£
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Optimization

Optimization Constraint # 2

* Expert-defined constraints
* Automatic calculation of “gap to best level” via Multi-Quadrant Analysis
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Constraint #2

Multi-Quadrant Analysis as
Source of Constraints

[I#] Mukti-Quadrant Analysis

I Informatioh with Gverall New Vehicle Experience (Model = Hyundai Sonata)
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1 [}
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1
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022
' —
[}
020 @ Toyota Camry

nnnnnnn
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Export Mean Value Ranges
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Optimization

Simulation of Values

* Minimum Cross-Entropy
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Optimization

Optimization Objective

* Establish Priorities
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Optimization

e.g. Marketing
@ Mix Optimization

Genetic

Optimization Priority 1

Dynamic

Profile Priority 2 > e.g. Key Drivers Optimization

Priority 3
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Optimization

Genetic Optimization

Is +his
“ac-l—.‘onabl 1”?

3

T
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Optimization

e.g. Marketing
@ Mix Optimization

Genetic

Optimization Priority 1

Dynamic

Profile Priority 2 > e.g. Key Drivers Optimization

Priority 3
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2009 Hyundai Sonata

Definitely!
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BayesiaLab WebSimulator

o0 e im]

& simulator.bayesialab.com

G
&
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@% e —
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3 - Kitchen Quality

Mean
o
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5 - No. of Full Baths

l Mean
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7 - Lot Shape
@== Iirregular
0—0
| | @== Moderately Irregular
o o @== slightlyirregular
@@= Regular
9 - Electrical

stefan.conrady@bayesia.us

2- Garage Space Information SalePrice

é MEaN Jeint Probability I 100%

/7\ \

4 -Size of Living Area

e
L Jr_ MEAN o
L

180796.7138

Observed

6 - No. of Fireplaces

MEEN o

Observed

8 - Central Air

= nNo
$55 % = Yes

10 - Garage Type
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Just for reference, since you will ask...

BAYESIALAR Starting at

* Desktop Software (Win/Mac/Linux) $10,900/year
BEKEE

* Web Service Subscription $14,500/year

* Consulting Service (Three-Day Workshop) $21,750/project

BAYESIALAB WebSimulator

* Web Service Subscription $3,600/year
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BayesialLab

We want you to try BayesialLab:

* Restricted trial version:
www. bavesia.com/trial-download

* An unrestricted evaluation version is
available upon request.
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Bayesian Networks & BayesialLab

A Practical Introduction for

Resea I’CherS : 2 : @vesm

Bayesian Networks
& Bayesialab
www.bavesia.com/book ==

* Free download:

* Hardcopy available on Amazon:
http://amzn.com/0996533303

amazon
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BayesiaLab Courses Around the World

3-Day Introductory BayesialLab Courses

* June 13-15, 2017
Paris, France

* June 27-29, 2017
Chicago, lllinois

* September 6-8, 2017
Redmond, Washington

* September 25-27, 2017
Paris, France

* Qctober 24-26, 2017
Durham, North Carolina Introductory

* November 20-22, 2017 Course

Singapore
* November 27-29, 2017

Sydney, Australia

2
BAYESIALAB P
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CONFERENCE



5" Annual Bayesial.ab Conference




~inal Questions?




Thank You!

m stefan.conrady@bayesia.us u BayesianNetwork
m linkedin.com/in/stefanconrady n facebook.com/bayesia
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