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Part |I: Introduction so min.

Introduction: Our Company and Technology

Motivations:
* The Promise, the Peril, and the Limitations of Artificial Intelligence

* Human Cognitive Limitations & Biases in Reasoning

Objective:
°* Human-Machine Teaming

° Practical Artificial Intelligence for Here & Now v
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Introducing Bayesian Networks as a Reasoning Framework @? @@
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Part Il: Examples () 120min.

Examples

* Knowledge Encoding & Reasoning
* Friend or Foe?
* Where is my Bag?

* Monty Hall or
Choose Your Battles Wisely!

* Formal Knowledge Elicitation
* Knowledge Discovery

* Interpretation

* Anomaly Detection
* Causal Inference

* Simpson’s Paradox

BayesialLab.com 5
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BAYESIA

Your Decision Partner

Co-founded in 2001
by Dr. Lionel Jouffe & |
Dr. Paul Munteanu iy
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Disambiguation

SAYESIA BAYESIALAD

Your Decision Partner

Our Company Our Product

The Paradigm

BAYESIAN NETWORKS*

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

Bayesian networks were developed in the late 1970°s to model distributed processing in
reading comprehension, where both semantical expectations and perceptual evidence must
be combined to form a coherent interpretation. The ability to coordinate bi-directional
inferences filled a vold in expert systems technology of the early 1980’s, and Bayesian net-
B ayes I a La b C O m works have emerged as a general representation scheme for uncertain knowledge [Pearl, 1988,

0 Heckerman et al., 1995, Jensen, 1996, Castillo et al., 1997].
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BAYESIALAB Teaching Edition

Academic Edition

DeS ktO p Lo il el Code Export Module

Bayesialab 6 Simulator
Professional

Software

Bayesial.ab
WebSimulator

Web
Application Bayesia Exper

Knowledge Elicitation
Environment
(BEKEE)

Bayesia Engine API for

: Bayesia Engine API for
A P | ST Network Learning

Inference
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Bayesian Networks & BayesialLab

A Practical Introduction for Researchers

* Free download:

www.bayesia.com/book
* Hardcopy available on Amazon:

http://amzn.com/0996533303
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Seminar Credits

CERTIFICATE

- Stefan Conrady

5th Annual BayesiaLab Conference

BAYESIALAB
Date of Issue: 10/3/2017 CONFERENCE

Verify at: credly.com/verify/d3ff63

Certificate 1D: 14221155 P ‘]

X

@ I Stefan Conrady
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stefan.conrady@bayesia.us
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S e m i n a r Cr e d it S BAYESIALZ BAYESIALZ BAYESIAL? BAYESIALZ BAYESIALZ BAYESIALAB
Introductor PSEM Advanced Elgﬁgﬁg‘f%‘? Marketing M Virtual
Course Seminar Course BEKEE Seminar Reality

COMPLETED

Please check in!

Free Seminar in Boston: Knowledge Discovery
with Bayesian Networks and Virtual Reality #&

CIC Boston—Lighthouse West

Friday, January 19, 2018 from 50 Milk Street ./ en
1:00 PM to 4:00 PM (EST) 20th Floor
Boston, MA 02109

s -'."“':l.' -";l:nl B ] il '-"_"-"--"!’ T L. J4 ! Q.'r' E .i:l.'.' &t

100£.28.5968¥96.9181 L

'Iééminar: Knowledge Discovery with Bayesian Networks and Virtual Reality

stefan.conrady@bayesia.us



Presentation slides will be available
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O Motivation
® The Promise, the Peril, ,
Y and the Limits of
o ® Artificial Intelligence



| WANT TO SAY TWO WORDS TO YOU.

d

ARTIFICIAL INTELLIGENCE
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THE DEVELOPMENT OF FULL ARTIFICIAL INTELLIGENCE
COULD SPELL THE END OF THE HUMAN RACE.
STEPHEN HAWKING, %EEMBER 2014
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Artificial Intelligence —
A Threat?

-]

Elon Musk
W @elonmusk

If you're not concerned about Al safety, you should be. Vastly

more risk than North Korea.
8:29 PM - Aug 11, 2017

QO 2429 1113681 Q) 37,782




The @elegmplﬂ HOME NEWS SPORT BUSINESS = ALL SECTIONS =

News | Science

& ' News - Science

Artificial Intelligence is greater

MORE STORIES

. . Anything could now happen on
COllcel:ll tllall Clllnate Cllallgc Or. l ]5]'3‘Xil :tslizul':liclr l)}ll(l','.!‘(ﬂ-hl\\'mll;:
terrorism, says new head of British

SClellce ASSOClatl()n 2 Almost $4.0bn wiped off
cryptocurrency market as Bitcoin

(f share ;‘:‘ 'i’-;-:f'::‘ ) @j - [» rout intensifies

Save 55

3 My daughter was seen by the NHS 47
times but no one realised her
condition was fatal

4 Sixty Conservative MPs to launch
plan to talkke down Theresa May's
Chequers deal this weekend

5 Royal Navy warship 'confronted by
Chinese military' in South China Sea




Artificial Intelligence an Adversarial Threat?
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The Washington Post

o Defense Department
pledges billions toward
artificial intelligence
research

The Pentagon. {Photo/Charles Dharapak/AP file photo)

By Drew Harwell

September 7 at 10:39 AM

The military’s research arm said Friday it will invest up to $2 billion over the next five vears toward new
programs advaneing artificial intelligence, stepping up both a technological arms race with China and an

ideological clash with Silicon Valley over the future of powerful machines.

BayesialL.ab.com 23
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OUR MACHINES NOW HAVE ENOWLEDGE WE'LL
NEVER UNDERSTAND
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Motivation
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Motivation

Fundamental Challenges in Human Reasoning

Judgment

* Cognitive Biases under .
. . . . . uncertainty:
* Comprehending High-Dimensional Domains Heuristics

Dealing with Uncertainty and biases

Combining Data and Theory

Distinguishing Observation and Causation

Human reasoning is flawed!

BayesialLab.com



Motivation

Red Devil's
\ !

Use
Team A—Team B JENY cTIT.5Y
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Pre m
Assessment
e
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= Low
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m—— Demonstrate

nvironmenta
Scanning
=
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= -
)
ucture naly

Structured Analytics Techniques
Source: AFH14-133 27 SEPTEMBER 2017 31

BayesialL.ab.com

Inference must still happen
in the human brain

31



Motivation

Red Devil's
Team Advocacy m
\ !
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Review
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Objective: Explicit Inference & Reasoning

Red Devil's

Use Work
Team A—Team B JENY TS

Review

Assessment

High Impact
= low
Probability

m— Demonstrate
-
& Timelines

e
‘
(Foereid ) s ([ eheed tonkings | (“stuctured omparson | A modeling framework that can

help you understand, think, and
reason explicitly.

BayesialL.ab.com 33




Objective: Explicit Inference & Reasoning

Bi-directional

/‘ A modeling framework that can
A help you understand, think, and

reason explicitly.

BayesialL.ab.com



Objective: Explicit Inference & Reasoning

BayesialLab.com 35




Objective:
Human-Machine Teaming
for Reasoning
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Deductive Logic
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Deductive Logic

Limitations of Logic

“Classical logic has no explicit mechanism for
representing the degree of certainty of premises in an

argument, nor the degree of certainty in a conclusion,

given those premises.”

J. Williamson, Handbook of the [.ogid
1The Tirn Toward the Practical

AY
drgumeﬂf qud %@ﬂcw v
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Inductive vs. Deductive Logic Formal Deductive Logic

Z Probabilistic Deterministic

BayesialLab.com 40



2000 YEARS lLATER...

Bayes’ Theorem for Conditional Probabilities

H: Hypothesis

E: FEuvidence

P | p) = HEHLE

“Probability of

H given E”

stefan.conrady@bayesia.us

1703
PHILOSOPHICAL
TRANSACTIONS

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

LII. An Effay towards folving a Problem in
the Doctrine of Chances. By the late Rev.
My, Bayes, F. R.S. communicated by Mr.
Price, in a Letter 1o John Canton, 4. M.
F.R. §.

Dear Sir,

Read Dec. 23, J Now fend you an eflay which I have

1765 Iﬂfound among the papers of our de-
ceafed friend Mr. Bars, and which, in my opinion,
has great merit, and well deferves to be preferved.
Experimental philoﬁ)pol;y. you will find, is nearly in-
terefted in the fubjet 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-

ﬁe had, you know, the honour of being a mem-
ber of that illuftrious Society, and was much eftcem-
ed by many in it as a very able mathematician. Inan
introduion which he has writ to this Effay, he I‘s;y:,
that his defign at firft in d:inki:juon the fubject of it
was, to find out a method ich we might judge
concerning the probability that an event has to hap-

, in given circumift upon fupp that we
E’mnuhingwmm' g it but that, under the fame
ciurcums-



Probabilistic Reasoning

Mathematical Formulation of Probabilistic Reasoning

“Bayesian inference 1s important because it provides a
normative and general-purpose procedure for reasoning

under uncertainty.”’
[nductive Reasoning: Experimental, Developmental, and L

Approaches, edited by Aidan Feeney and Evan He#

BayesialLab.com 42




Why is this so important?
Human Cognitive Limitations and Biases Under Uncertainty

Human Reasoning = Normative Reasoning

O >0

Cause Effect

$*LL’P(C?E.S Human Reasoning # Normative Reasoning

BayesialLab.com



250 Years Later...
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“...despite the mathematization of e
L . C.H:A N CZE.S:
probability in the Enlightenment,
O R,
mathematical pI’Obab”lty A METHOD of Calculating the Probabilities
. . f Events in PLAY. g
theory remains, to this very day, vt
entirely unused in criminal by
courtrooms, when evaluating the S e ,‘?E MOIVRE
‘probability’ of the guilt of a g
suspected criminal. g{é ;,; AR :
James Franklin, The Science of Conjecture: :"F" "W‘ £ e s

%1":
;-_ 5- \ e rrr'-'-"ﬂ,_,_:_'*'
Evidence and Probability before Pascal, }\ & Sochigl iad”
2001 The Johns Hopkins Press _ ==

LONDOUWN:
Printed for A. Mirrar, in the Swand.

o MDCCLVI.
BayesialL.ab.com



An Introduction to

Research
and Analysis

ANALYZING INTELLIGE

Psycholog
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IN ACTION
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Foreword by Jack Davis
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TITLE: Bayes' Theorem For Intelligence Analysis
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Bayesian Inference in the Intelligence Community

“Due to the highly mathematical nature of Bayesian
Decision Analysis, many users will feel uneasy trusting

the resulting assessments.”’

Captain David Lawrence Graves, USAF, Bayesian Analysis Methods for Threaf ]

MSSI Thesis (Washington: Defense Intelligence College, #ly 1993) y

BayesialLab.com 47




Dimensions of Reasoning

That’s our first dimension!

Logic Applies

Bayes’ Rule Applies

f—%

Probabilistic Deterministic

&<

BayesialLab.com



Dimensions of Reasoning

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

Abstract.  Statistical modeling is a powerful tool for developing and testing
theories by way of causal explanation, prediction, and description. In many
disciplines there is near-exclusive use of statistical modeling for causal ex-
planation and the assumption that models with high explanatory power are
inherently of high predictive power. Conflation between explanation and pre-
diction is common, yet the distinction must be understood for progressing
sjentific knowledge. While this distincy™
jophy of science, the statistical literaty
iny differences that arise in the proces

Model Purpose

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

Simulation | Attribution

Description | Prediction Explanation Optimization

Association/Correlation Causation

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-

ctatictinral madale ara 11ead alrmact avelir

BayesialL.ab.com

tal crianmra

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




Dimensions of
Reasoning

Model Source

BayesialL.ab.com



The End of Theory?

oy /[ —A = ) N |
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Machine Dimensions of Reasoning

Learning
& Al

I Explanation

Model Purpose Causation

Simulation |Attribution [Optimization

Description | Prediction

Association/Correlation |

BayesialL.ab.com



I Dimensions of Reasoning

|
y=f(see()) | y=f(dox))

“given that | see” I “given that | do”

| Explanation | Simulation

Model Purpose Causation

Model Source

Description | Prediction Attribution | Optimization

Association/Correlation

BayesialL.ab.com



Dimensions of Reasoning

Machine I
Learning
& Al l

Reasoning:
Why? How? What to do?
Who Is responsible?

Model Source

+ Domain Knowledge

Description | Prediction Explanation | Simulation |Attribution |Optimization

Association/Correlation Model Purpose Causation T

BayesialL.ab.com 54






Bayesian Networks

)
O
S
o
0
(Vs
Q
o
o
=

Explanaton ptsvuion_|optimizaton

Association/Correlation Model Pu rpose Causation
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Y Dimensions of Reasoning

Bayesian Networks

urpose

BayesialL.ab.com 57




The New Paradigm: Bayesian Networks «--

Bayesian Networks
& Bayesialab

CAU SALITY BAYESIAN NETWORKS* | : '
ABILIS )

]
Judea Pearl >
MODELS, REASON[N(’ Cognitive Systems Laboratory T:
18, AND INjm Computer Science Department |
University of California, Los Angeles, CA 90024 =
et Judea@cs.ucla. edu
A Practical Introduction for Researchers

Bayesian networks were developed in the late 197i}s to model distributed processing in
Ireading comprehension, where both semantical expec|
Il combined to form a coherent interpretation. T
inferences filled a void in ‘xpm ~.v~.mm~. tec }mnloh\
works have er
cckerman e

- - i a
time series iNference

N ayesiar

uncertainty d ata S ymputational Intelligence OLIVIER POURRET, PATRICK NAIM

statistics J ntxxr r\u] >
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f I% a )’rt\s i ;_1 n N{—:t‘ ‘Computer Science and Data Analysis Series
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ical Guide to ' “ t
REASONING ... EENSSSS o.,.... N ‘!.‘;\

sampling I._m'!u- e Lakhmi C,Ja‘m (Ed5_'|\

and algorithms o ] o 'Arti_ficial
i _oediction  Innovations in ' Inntelligence

MACHINE _ Bayesian Networks T ion

otics  MATLAB
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lligence

. i E . e 2 " Peter Spirtes,
David Barber o ' 1 & )
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The New Paradigm: Bayesian Networks

Example »‘

7 0 3 Col/éion Angle
Node=Variable

Lateral 75.000

Collision Speed Collision Angle ‘ Not Deployed Deployed

25.000

Frontal 25.000 75.000
Lateral 75.000 25.000
25.000 75.000

Arc=Probabilistic

Relationship Conditional
Probability Table

Injury Severity
BayesialLab.com




Mathematical Formalism = Research Software

BAYESIAN
NETWORK




BAYESIALADB

A desktop software for:

encoding

learning

editing

performing inference
analyzing

simulating

optimizing

with Bayesian networks.

BayesialL.ab.com



Artificial Intelligence?




Implementation Example
INTERFACES

lnforms. Vol. 47, No. 1, January—February 2017, pp. 1-21

http://jpubsonline.informs.org/journal/inte/ ISSN 0092-2102 (print), ISSN 1526-551X (online)

)

(¢

THE FRANZ EDELMAN AWARD

Achievement in Operations Research

Bayesian Networks for Combat Equipment Diagnostics

David Aebischer,® John Vatterott, Jr.,2 Michael Grimes,? Andrew Vatterott,? Roderick Jordan,? Carlo Reinoso,2 Bradford
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The New Paradigm: Bayesian Networks
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The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* No distinction between dependent and independent variables.
* Numerical and categorical variables are treated identically.

* Nonparametric.

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

Dependent — EO —|— ﬁlxl _l_ _l_ B L

Independent Independent

J

BayesialL.ab.com



The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

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

algebraic formula and human intuition \

|”

/ Compare to “uni-directiona

ONE
WAY

Y

S y:,80+61$1‘|“|‘6nxn )

BayesialLab.com 63




The New Paradigm: Bayesian Networks

Omni-Directional
Inference

BayesialL.ab.com 69




The New Paradigm: Bayesian Networks

Omni-Directional
Inference

BayesialL.ab.com /0




Bayesian Networks

Key Properties

° Bayesian networks are
inherently probabilistic.

* Evidence and inference are

represented as distributions.

* Inference can be performed
with partial evidence.

BayesialLab.com

Looking Ahead at Oil Prices

Where investment banks in August's survey see the price
of U.S. crude-oil futures in the next few quarters

4110 Banks’ Forecasts B RBC
B Standard
100 (ANN Chartered
90 B HSBC
80 1 UBS
B Morgan Stanley
70

N Credit Suisse

| Bank of America
Merrill Lynch

. Deutsche Bank

40 B Commerzbank
30 B Barclays
Citigroup
20 : o
Nymex crude-oil futures, price per barrel® B Société Générale
10 “Through Aug. 29 B BNP Paribas
0 4010 :20: 20 140 JP.Morgan
2014 2015 2016 2017 2018 N ING Bank

Sources: W5J Market Data Group (oil price); the companies (forecasts) THE WALL STREET JOURNAL.
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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 algebra e
Point Estimate

Single

Value Input

Value Input

y: BO_l_Elzl_l__l_ann

N

)

BayesialL.ab.com
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Bayesian Networks

Key Properties of Bayesian Networks

* Bayesian networks can encode causal
direction, algebra cannot.

* Example: Newton’s Second Law of Motion

F=m-a

BayesialL.ab.com

L]

AXIOMATA
SIVE

LEGESMOTUS

Lex. L

Corpas omme perfeverare in [latu fuo quicfeends wel movends uuifor-
auiter in dweltwm, wifs guanenns avivibns inspreffis cogitnr fEatim
llins mutare.

Rojeétilia perfeverant in motibus fuis nifi quatenus a refiften-

P tia acris retardantur & vi gravitatis impelluntur deorfum.

Trochus, cujus partes cohzrendo perperuo retrahune fefe

a moribus reétilineis , non ceffat rotari nifi quatenus ab aere re-

tardatur.  Majora autem Planetarum & Cometarum corpora mo-

s fuos & progreflivos & circulares in {patiis minus refiftentibus
fadtos confervane diutius.

Lex. 1L

Mnmr;'mw: motis P}‘trjr:arf:m.r.:ﬁ'».r Fl‘ i motrict fmpn‘f_f.'n', C‘;"ﬁ"ﬂ'f f(-
enndim Timeam: rel i 5 illa Tneprimitar,
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The New Paradigm: Bayesian Networks

Limitations of Algebra: Newton’s Second Law of Motion

“vimotrict impressa” ]
“Mutationem motus”
TEGES MOT X—
aqa=— solving for mass m —
m

Causal Interpretation

Causal Assighment

Not Possible

BayesialL.ab.com



The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Bayesian networks can formally encode a causal direction™, algebra cannot.

/ Alaebra vs. Bayesian Network \

Causal or non-causal? ‘

VT
m

\ Acceleration /

Force

*Applies to manually encoded networks

BayesialL.ab.com
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Knowledge Discovery & Knowledge Discovery &
Classification Interpretation

()
O
| S
=
@)
7,
©
e,
o
=

1 4

Knowledge Enqoding & Knowledge Encoding, Knowledge
Diagnosis Discovery, and Causal Inference

Explanaion ptsbuion_|optimizaton

Association/Correlation Model Purpose Causation

BayesialLab.com /9
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Knowledge Discovery & Knowledge Discovery &
Classification Interpretation

)
Q
S
=
@)
7,
)
e,
o
=

Knowledge Engoding & Knowledge Encoding, Knowledge
Diagnosis Discovery, and Causal Inference

Explanaion ptsbuion_|optimizaton

Association/Correlation Model Purpose Causation

‘ BayesialLab.com 80
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Friend or Foe?

"1{\( 4p~° 2nd GUARDS 3 #Borne
':.g. ‘?r,, D

TANK ARMY
D
G s g BN

A Counterfactual Scenario:

XXX
Soviet Northern

4
£ ®Berlin Group of Forces

[V erimisH conpsl Fd SHOCK 20th GUARDS
army | : A
XXX i

Ty

* Central Europe, Summer of 1989 ~

* Warsaw Pact forces invade West sz s T o,
N snouanos] § | 1= cuanos R
Germany .
Praguee Bruntal e

Nations in Combat within a 60-mile
Radius: West Germany, East
Germany, France, Canada, USA,
Czechoslovakia, Soviet Union, etc.

Soviet Central | svysoke
Group of Forces| ™"

Gzechosfovak‘
'y

o 4
11 W.GERMAN CORPS

A USTRI A

o} 200

Map: Strategic Geography: NATO, the Warsaw Pact, and

the Superpowers; by Hugh Faringdon; 1989.
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Friend or Foe?

Tank ldentification Handbook, 1982

T—72 TANK

ST 7-193 !
UNITED STATE

TANK IDENTIFICATION HANDBOOK

SUCCESSOR TO THE T-62 BATTLE TANK

1. TURRET CENTRALLY MOUNTED ON CHASSIS 1. WADING CAPABILITY SIMILAR TO
2, TANK COMMANDER'S IR SEARCHLIGHT 1S LOCATED ON T-55
RIGHT OF TURRET HATCH 2. GUN 115MM TO 12ZMM
3. VEHICLE ID NIGHT LIGHT 3. COAX 7.62MM MG
UNITED STATES ARMY INFANTRY SCHOOL R el te st o v N
FDRT BENMNG, EE[}RG[A 5. THREE TRACK SUPPORT ROLLERS 5. CREW: 4
6. SIX EVENLY SPACED ROAD WHEELS

34

BayesialLab.com







“Fratricide is widely cited to account for between

2/, 10 20 of Blue (friendly force) casualties.”

Robert Rasmussen, The Wrong Target
Joint Forces Staff Gollege, 2007



Friend or Foe?

Objective
* Decision support tool for the differential

identification of battle tanks:

M1A1

M48/60

Leopard 1/2

T-55/62/72/80

BayesiaLab_Com All numerical values provided in this example are fictional. &7/



Friend or Foe?

This is an inference task!

° P(M1A1 | Turret Shape, Barrel Length, Wheels, Wheel Distance, etc.)="

* P(T-80 | Turret Shape, Barrel Length, Wheels, Wheel Distance, etc.)="

g Probability of Shape, Barrel Length, Wheels, Wheel Distance, etc.)=7

* P(M60 | Turret Shape, Barrel Length, Wheels, Wheel Distance, etc.)="7

BayesialL.ab.com 88
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knowledge base &
I Inference engine!
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Example: Where is my bag?

Travel Route: Singapore (SIN) = Tokyo/Narita (NRT) = Los Angeles (LAX)

PACIFIC
OCEAN

BayesialL.ab.com



Where is my bag? 50/50

/’\A"é"”\

Tokyo
: I Narita I I
Singapore Los Angeles
NRT
SIN - LAX

%ﬁﬂ _ d Y,

BayesialL.ab.com



Where is my bag?

Scenario 1

* Luggage delivery starts onto the carousel.
* After 5 minutes, | still do not see my bag.

* What is the probability that | will still get my
bag?



1 - i%g‘ i Ii i
s M i mﬁilllmlm




Where is my bag?

Proposed Workflow
° Encode the available — albeit very limited
— knowledge into a Bayesian network.

* Use Bayesialab to perform probabilistic
inference given our observations.
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Where is my bag?

Results from Webinar Poll

What is the probability that | will get my bag?

* Only 45% of the participants
arrived at the correct answer. seiow 25 |

o« [ Correct Answer
50% (i.e., unchanged) _
51-75% -

Above 75%

0 20 40 60 80 100

Percent

103




Where is my bag?

More important questions:

* Will the patient ultimately respond to the current treatment?
* Should we continue a search and rescue effort?

* Should we still follow the original business strategy, i.e. “hold the course”?

BayesialL.ab.com 111




Where is my bag?

Key Points

* Encoding of knowledge

* Reasoning under uncertainty

* Reasoning
* from cause to effect (simulation)
* from effect to cause (diagnosis)

* |nter-causal reasoning



: ?
Where IS my bag JUDEA PEARL

WINNER OF THE TURING AWARD
AND DANA MACKENZIE

THE
BOOK OF

WHY

T

THE NEW SCIENCE
OF CAUSE AND EFFECT

Learn more about this example...

° pp. 118-119
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Where Is the Artificial
Intelligence here?



Performing inference that’s
Intractable for humans!
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Mission

Hypothetical Mission Assighment

° You are tasked with to conduct a raid to destroy a secret aircraft prototype on
enemy territory.

* This aircraft has been traced to a remote military air base and is presumed to
be located in one of three separate underground hangars inside a mountain on
this facility.

* As a result, you have a one-in-three chance of hitting your target with your first
strike.

BayesialLab.com 118
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Mission

Expected Conditions

* Each hangar entrance is guarded by infantry
soldiers.

* Furthermore, the base has two infantry fighting
vehicles, which can be dispatched to the hangars

within minutes.

BayesialLab.com 121
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Mission

Mission Progress

* Your raid — and your approach to hangar #2 — is
detected, and two infantry fighting vehicles are
immediately positioned as a defense in front of
hangars #1 and #2.

* Hangar #3 remains unprotected, thus revealing
that this hangar does not contain the target.

* Since the target can only be in hanger #1 or #2,
one of the hangars is the true target while the
other one is merely a decoy.

BayesialLab.com
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Choose Your Battle Wisely!

Mission Status

° You have enough time and firepower to overpower the enemy forces and carry
out your mission at either one of the two hangars, but not at both.

* S0, you have only one shot at completing your task!

Decision Point

* Do you proceed with your original objective of attacking hangar #27

* Or, do you change your original plan to go after hangar #17?

BayesialLab.com 126
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Choose Your Battle Wisely! | ! I '

Let’s take a vote...

BayesialL.ab.com



Encoding our Intelligence

33.333

33.333

33.333

33.333|

2

33.333|

3

33.333

Undefended Hangar

Tapget Location

Our beliefs about the

enemy’s behavior.

1

W N WONFHE WN

Initial Target Target Location 1

0.000 50.000 50.000
0.000 0.000 100.000
0.000 100.000 0.000
0.000 0.000 100.000
50.000 0.000 50.000
100.000 0.000 0.000
0.000 100.000 0.000
100.000 0.000 0.000
50.000 50.000 0.000
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Knowledge Elicitation?

stefan.conrady@bayesia.us



Individual Bilases

Examples
* Qverconfidence Judgment
* Confirmation bias under =
uncertainty:
* Framing effect Heuristics

and biases

* Escalation of commitment
* Availability bias
* |llusion of control

° Anchoring bias

stefan.conrady@bayesia.us



Group Biases

Examples

* Groupthink (“toeing the line”)
* Social loafing (“hiding in the
crowd”)

* Group polarization (“taken to the
extreme”)

* Escalation of commitment
(“throwing good money after bad”,
“sunken costs fallacy”)

stefan.conrady@bayesia.us 136
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The Delphi Method

A Consultation of the Delphic Oracle:
Themis on the Tripod with King Aegeus, c. 440 BC




The Delphi Method

Interacting Groups

* Take the positive, e.g.
* Knowledge from a variety of sources
* Creative synthesis
* Prevent the negative, e.g.
* Groupthink (“toeing the line”)
* Social loafing (“hiding in the crowd”)

* Group polarization (“taken to the extreme”)

stefan.conrady@bayesia.us 138




The Delphi Method

Origins

RM-727/1-ABRIDGED
JULY 1962

* The original Delphi method was developed in
the 1940s and 50s by Norman Dalkey of the
RAND Corporation. "HUIHE USE OF EXPERTS

Norman Dalkey and Olaf Helmer

* The Delphi method was devised in order to
obtain the most reliable opinion consensus of

PREPARED FOR:

a group of experts by subjecting them to a UNITED STATES AIR FORCE PROJECT RAND

series of questionnaires in depth interspersed 2 RATND gt
with controlled opinion feedback.
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The Delphi Method

The Classical Delphi

° Interviews via questionnaires

Anonymity of participants
- A

* |teration
* 1% round Feedback * 3 round
* Analysis of o D d * Analysis of
* Controlled feedback > - e i
results
Feedback

Feedback

Statistical aggregation
ggreg p N i
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First Experimental Application

“to solicit expert opinion to the
selection, from the point of view of a PR
Soviet strategic planner, of an optimal -y
U.S. industrial target systen...” ' '
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Delphi Method Assessment

“In view of the absence of a proper theoretical foundation and the consequent inevitability of
having, to some extent, to rely on intuitive expertise—a situation which is still further
compounded by its multidisciplinary characteristics—we are faced with two options: we can
either throw up our hands in despair and wait until we have an adequate theory enabling us
to deal with socioeconomic and political problems as confidently as we do

with problems in physics and chemistry,

or we can make the most of an admittedly ANALYSIS OF THE FUIURE: THE DELEHI METHOD
unsatisfactory situation and try to obtain |

the relevant intuitive insights of experts Olaf Helmer

and then use their judgments as

systematically as possible.”  March 1967
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Dimensions of Reasoning
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Knowledge Modeling & Reasoning on
Theoretical Grounds

Explanation Attribution Optimization

Association/Correlation Model Purpose Causation
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Conceptual Overview

Objective Methodology Technology

Knowledge
Discovery & Bayesian Networks BAYESIALAB
Inference

Knowledge
Elicitation

Delphi Method
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Policy Development?

Proposed Policy Development Approach

* Domain Knowledge Encoding Q ’.
Plasmodium spp. Rapid Diagnostic Test
(] (] D D D G (] (] D D D G
L. L . Plasmodium spp False True
* Probability Elicitation Q False 80.000 20.000
True 20.000 80.000

* Cost/Utility Assessment e <>

RDT Cost

° Optimization i
Malaria Policy
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1. Brainstorming & Model Construction

 Variables of interest

-"‘ « (Causal relationships
- Qualitative
ca Network

Experts

FaC|I|tator
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2. Knowledge Elicitation Web Client

/BEKEE Serve

Quantitative
Facilitator Elicitation
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Knowledge Elicitation

Enviropnment

Your Assessment Task

R O] ‘ 0 bekees bayesialab.com/# ¢ * ‘ = 4 ©»
BEKEE Navigation Pane E\/ N Y C EV
[&] Node Editor
Node Selection: |Environment ~ Rename
PN —— State Mames Reference State Filtered State Comment
| States Prabability Distribution Properties  Classes  Values

Lrban 25 | obabifstic  Deterministic  Tree Equation
Suburban — e— 350 | % Urban Suburban Rural
Rural — 1775 | %

CONMAENCE  ——— 75.0%

Comment

Complete Normalize Randomize

Accept Cancel

Validate




Knowledge Elicitation

Environment

Urban
Suburban
Rural

Car Truck
75.000 25.000
50.000 50.000
25.000 75.000

Vehiclg Type

nvir

CigfiHig

b4

|
Energy qﬂ:cmncy

ent

st

T

| Demand

Urban Suburban  Rural "
33.333 33.333 33.333
Environment <=5 <=10 <=15
Urban 18.000 18.000 18.000
Suburban 16.000 16.000 16.000
Rural 12.000 12.000 12.000
Environment | City Highway
Urban 80.000 20.000
Suburban 50.000 50.000|
Rural 20.000 80.000/
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Network Data Edit View Learning Inference Tools Window Help

DOES: KHEarms

PRPELCEVY a2 s7RoOeRNER OGO OEWEST

Police P

Node Selection: Radar Alert ||

Probabiistic Deterministic Tree Equation

-ﬂm

States Probabiity Distribution  Properties Classes Values StateNames Reference State Filtered State  Comment

Radar Det... Police Pres... False True
False
o True
False
off True
| Complete || Mormalize || Randomize || Assess |

/ Police Presence
On True
Off False
Off True
False True Expert Confidence  Comment Time pad:
Delete
[] Randem Crder

Elicitation Progress X
Expert Answered (09%)
Stefan Conrady | 0%

=

Fine

TN

uz

oK

|| Cancel |

“Parameters” from BEKEE

[1:0] e

@



3. Inference, Analysis, and Optimization

Final Network
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Knowledg’ Knowledge Discovery &
Clar Interpretation
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Knowledge Encpding & Knowledge Encoding, Knowledge
Diagnosis Discovery, and Causal Inference

Explanaion ptsbuion_|optimizaton

Association/Correlation Model Purpose Causation
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2 ®
O Exchange-Traded Funds
® Knowledge Discovery,
i Interpretation, and
o ® Anomaly Detection



Problem Domain: Money Flows

Agency MBS . Consumer Discretionary . Large Cap . Treasury
@ o ® i Daily ETF Flows

® O ® By |
e e e nvestment Focus
® ® O ® y

Asset-backed Convertibles Long/Shart Wolatility
&) ® ®
Broad Market Health Care mPs
® ® ®
Basic Materials Crude Ol Micre Cap
O O ®
Broad Municipals High Dividend Yield Target Outcome
® O ®
Broad Agriculture Developed Markets Mid Cap
O ® O
Broad Precious Metals High Yield Target Risk
® @ O
Broad Commodities Emerging Markets HaturalG as
® O ®
Broad Soversign Industrials Technology
O @) [
Broad Debt Energy Natural Resources
O O O
Build America Bonds. Inflation-Protected Telecommunications
® ® @
Broad Energy Financials Preferred Stock
O O O
Buywrite Investment Grade Theme
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Objective: Deep Understanding
» 1

“Deep understanding means knowing,

not merely how things behaved
yesterday, but also how things will
behave under new hypothetical
circumstances...”

Fudea Pearl, Causality (2009),
Cambridge Unroersity Press
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Bayesian Network Learning
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Agency MBS Consumer Discretionary Large Cap
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Broad Equity Global Macro Real Estate
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Alpha-Seeking Consumer Staplos oan:
O O O
Broad Industrials Gal Small Cap
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BayesialL.ab.com

e )

Utilities

Wolatility

Objective

* Learn single model for all b1 variables.

* No target!




Example 4: Exchange-Traded Funds

BayesialLab Workflow

* Data Source:

* 1,147 Exchange-Traded
Funds

* Timeframe: 2014 - 2018

* Daily Flow grouped by 51
Investment themes

* Data Import
* Unsupervised Learning
* SopLEQ (SC=0.35)

BayesialLab.com

Alpha-Seeking
Basic Materials
Broad Equity

» Consumer Discretionary

Energy

Financials

High Dividend Yield
Industrials

Mid Cap

Natural Resources
Preferred Stock

» Technology
» Agency MBS
» Asset-backed

Broad Agriculture
Broad Commodities
Broad Debt

Broad Energy

Broad Industrials
Broad Market

Broad Municipals
Broad Sovereign
Build America Bonds
Buywrite

» Consumer Staples
» Convertibles

¢ Crude Oil

Developed Markets
Emerging Markets

¢ Global Macro
* Gold

Health Care

High Yield
Inflation-Protected
Investment Grade
Large Cap

Loans

Long/Short

Micro Cap

Natural Gas

Real Estate

* Small Cap

« TIPS

» Target Outcome

» Target Risk

» Telecommunications
* Theme

» Treasury

Utilities

* Volatility

Broad Precious Metals
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Learning=Searching

Minimum Description Length

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

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

B (likelihood of the data MDIL(B,D)=a-DL(B)+DL(D|B)
given the Bayesian network).

| __’C"omplexity

Default
Structural Coefficient a o=1

BayesialLab.com 165




Learning=Searching

Minimum Description Length
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Network score: 217,884.553
Network score: 217,743.338
Network score: 217,610.856
Network score: 217,483.237
Network score: 217,359.875
Network score: 217,241.952
Network score: 217,195.628
Network score: 217,152.903
Network score: 217,113.827
Network score: 217,075.16
Network score: 217,037.782
Network score: 217,010.554
Network score: 216,985.768
Network score: 216,968.772
Network score: 216,955.839
Network score: 216,951.317
Network score: 216,947.242
Network Associated graph 1.xbl final score: 216,947.234
Data Compression Rate: 39.913%

Structural Compression Rate: 98.42%

\ Time to find the hest solution: 0h O0m 20s
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|E| Data Import

Space [ ] Other

Missing Values

Encoding

UTF-8

Filtered Values

Fv
NjA

Learning/Test

Options
Title Line
[[] End of Line Character

0 Consider Identical Consecutive separatars
as a Unique One

0O Consider Different Consecutive Separators
as a Unique One

[] bouble Quote as String Delimiters
[ Single Quote as String Delimiters

[[] Transpose

Financials

Finish

Mid Cap




() Not Distributed

() Discrete

Action

Columns with Missing Values
All not Distributed
All Discrete

All Continuous

Information
Number of Rows 1072
Mot Distributed 0
Discrete Q
Continuous

Others

Missing Values

Filtered Values

Alpha

Basic Mate. ..

Broad Equity

1.67141821... |4.25615144.
2.32823733E7 |-3.7191544...
7.14628846E7 -1.1106712...
6.80963348E7 |1.27162486.

3747454.89.

. |2.16183611...

-1.7553189... |-2.8268684.

1.32244048...

. |3.42414841.
5.06327239.
. 11.20443592,
7.69883715.
4.52432046.

. |FL.7929213...
. 1-9.8481377...

2.9363735E7 |7.70515082.

Variable Type Definition

Consumer ...

2.92567977...
-4.8161982...

-1.8917419...

Previous

Ene
2.26931458..
1.09448555..

Finandals
. [-1.2374108...
-1.1870374...

Industrials

Mid Cap

. |1.18076783.

. [4.288053E7

-6.9928112 A
1.86322374
1.07712903

-2.8752924...

. |1.50622618E7 3.64148456

. |-3.40757E7
. [6.6526097EF

. |B.87103806E7
-2678883.1...
-2.2437554....

.. |2.56561021F8 -4505908. 1...

. |2.0825984;

2.01765284..

-1.0220616...

7.74551196... |1856165.8

-2.0783468...

. |7.92787908E7 |6.51588193...
-4.4590419... |-9762720.7

Finish

1.10950088

-2.0775073

-2.9699316... |1.76725457

.11018635... -1.8130278

3.49245425E7 3.66254969

4.69991268E7 228031279

1.14175604... -1.5239792

2.84883845

. | 246468187
2.64543089 ¥

>




|E| Data Import

ata Selection and Filtering

Missing Value Processi Information

Filter Number of Rows 1072 | 100.00%
Mot Distributed a 0.00%
Discrete a 0.00%
Continuous 51
Others 1 1.92%
Missing Values 0.00%:
Filtered Values 0.00%
Static Imputation lect Values
ramic Imputat

Structural EM

.. BasicM... ¥ BroadE... = Consum... ¥ Energy - Finandals -  High Div... ¥ Industrials = Mid Cap =

. [2.26931458... 3.12... |-3 . |1.18076783... -6.9928112 ~
. |1.09448555, 3 3 3 -2.8762924... |1.86322374
7.14628846E7 -1.1106712... < . 5., |6.83732698. 374... 3 4.288053E7  1.07712903
6.80963348E7 |1.27162486... o |4 ooe [-1.0274173. 3 3031... |1.50622618E7 3.64148456

2.99467125E7 |-2.2240827... . 3903341... |-5.783393 . |1.3603 . [-3.40757E7  |1.10950088 v

>

Previous I Finish




|E| Data Import
Discretization and Aggregation

Discretization

Type

Maximum

Minimum

Threshold value -121790159.0135
Previous MNext

Distribution Function

Load Discretization:

Basic Mate. .. Consumer ...
1.67141821... 4.25615145.
12.32823733E7 -3.7191544...
7. 14628846E7 -1.1106712...
5.80963346E7 |1.27162486.

-4.8161962...

Previous

Discretization

2,92567977...

Finandals
7982863.12.
-1.23741089...
-1.1870374...
-1.0754606...

Energy

Select All Discrete

Finish

High Divide...
. [1.18075783...

. [4.288053E7
-3.5063031...

Industrials Mid Cap

-6.9928112 A

1.86322374

1.07712503

1.50622618E7 |3.64148456 ¥
>

-2.8762924...




|E| Bayesialab - Associated graph 2.xbl
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[£#] BayesiaLab - Associated graph 2.xbl — [m| X

Metwork Data Edit View Learning Inference Teols Window Help
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1~ Associated graph 2.xbl * e E@Q

Stratification

. Discretization Ctrl+Shift+ R . . .
Binarization
. .
Alpha-Seeking Yield Real Estate Ltilities
nSupervise earning
Linearize Node Values
. .
® ® 9o Using the EQ Algorithm
Basic Materials  MNatu Parameter Estimation Protected Small Cap Wolatility
L pervised Structural L 2 Maxirmum Spanning Tree Shift+W
. Supervised Learning Taboo Shift+T
Data Perturbation EQ Shift+E
Broad Equit: Pre . : etals
R Clustering SopLEQ Shift+S
. . Taboo Order
Learn Static Policy
Consumer Discretionary Technology Broad Market Dewveloped Markets Large Cap Target Outcome
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|E Bayesialab - Associated graph 2.xbl
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|E| Bayesialab - Associated graph 2xbl
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ETF

Target Mean Analysis
(Direct Effect)

BayesialLab.com

|
[ETarget Mean Analysis by Direct Effects
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Anomaly Detection

The Curse of Dimensionality

e “ ..as dimensionality increases, the distance to the nearest data point
approaches the distance to the farthest data point.”

* |n other words, the contrast in distances of different data points becomes
nonexistent. For high dimensional data sets, this means using outlier detection

methods that are based on nearest neighbor will lead to outlier scores that are
indistinguishable.

BayesialL.ab.com 181




Anomaly Detection

Anomaly Detection with Bayesian Networks
* With a Bayesian network, we can avoid the problem of the nearest/farthest
distance measure, which becomes unreliable in higher dimensions.

* For any new observation, we can compute its likelihood given the network.
This tells us how probable or improbable an observation is.
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Where Is the Artificial
Intelligence here?



Finding a single model among
one quadrillion possible
models.




2 3

Knowledge Discovery & Knowledge Discovery &
Classification Interpretation

)
Q
| S
=
@)
7,
]
e,
o
=

1

Knowledge Encoding & Knowledge Encoding, Knowledge
Diagnosis Discovery, and Causal Inference

Explanaion ptsbuion_|optimizaton

Association/Correlation Model Purpose Causation
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éA;ESIALAB

O Causal Inference
o Evaluating the
i Effectiveness of
Information Campaigns



Countering Anti-American Attltudes in Germany
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Introductory Example

Telephone Survey

* Afterwards, a market research

firm conducts a telephone survey
of 1,000 adults to understand
the effect of the promotion on
attitudes.

BayesialL.ab.com

Ad Exposure | Nationality | Website Visit Attitude
0 1 0 0
0 0 1 1
0 1 0 0
0 0 0 0
1 1 0 1
0 0
1 1
1 0




Introductory Example

Analyzing the survey with a cross-tab...

Ad Exposure | Nationality | Website Visit Attitude \
0 1 0 0

Ad Exposure Attitude
No

Yes

O|Fr | Ok | O |0
Y

O |k |R |k |O|O O
R |O|kr | kr|OIR|O
R [R|O|O0O |0 |0 |-

BayesialL.ab.com



Introductory Example

However, grouping the survey data by Gender reveals:

Ad Exposure | Nationality | Website Visit Attitude
0 1 0 0
0 0 1 1
0 1 0 0
0 0 0 0
1 1 0 1
1 1 0 0
1 0 1 1
0 1 1 0
0 1 1 0

BayesialL.ab.com

\

Nationality | Ad Exposure Attitude
N
German °
Yes
N
Other °

Yes




Introductory Example

How is this possible?

Nationality | Ad Exposure Attitude
German No
Ad Exposure Attitude Yes
Other No
Yes

Simpson’s paradox is a phenomenon in probability and statistics, in which an

effect appears in subgroups of data but disappears or reverses when these groups
are combined.

BayesialL.ab.com
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Introductory Example

Grouping the data by Website Visit shows:

Ad Exposure | Nationality | Website Visit Attitude \
0 1 0 0
0 0 1 1
0 1 0 0 Website Visit | Ad Exposure Attitude
0 0 0 0 No
1 1 0 1 > No
1 1 0 0
1 0 1 1 Yes
0 1 1 0
0 1 1 0 J

BayesialL.ab.com 193




Introductory Example

Finally, grouping the data by Gender and Test Drive reveals:

Ad Exposure | Nationality | Website Visit Attitude
0 1 0 0
0 0 1 1
0 1 0 0
0 0 0 0
1 1 0 1
1 1 0 0
1 0 1 1
0 1 1 0
0 1 1 0

BayesialL.ab.com

\

Website Visit | Nationality | Ad Exposure Attitude
German No
No
Other
German
Yes
Other

194




So, what'’s the advertising effect?

Website Visit | Nationality | Ad Exposure Attitude
N
German Yez
No N
Other °
\
German [
Yes
Other

Website Visit | Ad Exposure |

No
No _0.2 .I

Yes

Yes

A

BayesialL.ab.com

Nationality | Ad Exposure Attitude
German No
Other

!Ad Exposure Attitude :
No 60%
Yes 45%
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Observational vs. Causal Inference

Observational Inference (Prediction)

y="f(see(x))

“given that | see”

Y7/ (X)

Causal Inference (Intervention)

y=f(do(x))

“given that | do”

BayesialL.ab.com 197




Map of Analytic Modeling & Reasoning

Was it good to “do”
this promotion?

y=f(see(x)) ~ y=f(do(x))

“given that | see” “given that | do” HRIkE =

Model Source

Prediction Explanation | Simulation |Attribution |Optimization

Model Purpose Causation

Description

Association/Correlation

BayesialL.ab.com



So, what’s the

Nationality

German

Website Visit | Nationality | Ad Exposure
N
German Yez
No N
Other °
German
Yes
Other

“given that | see”

= i

Website V

Ad Exposure

No

Yes

Yes

A
&

. No
—0.2 -i

w“-.,'

60%
50%
60%
30%

BayesialL.ab.com

Other

| Ad Exposure Attitude
No 60%
Yes 45%

“given that | see”




Predictive Model:
Observational Inference

Causal Model:
Causal Inference

Description Prediction Explanation | Simulation |[Attribution |Optimization

Association/Correlation Model Pu rpose Causation

BayesialL.ab.com
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On(:e upon a tirme. .

f -
S




| Predictive Model:
Observational Inference
Data f( ) &

Causal Model:
CAUTION Causal Inference

Bl 4 =i )

Attribution

Model Source

Explanation | Simulation Optimization

Model Purpose Causation

Description | Prediction

Association/Correlation

BayesialL.ab.com



Map of Analytic Modeling & Reasoning

Bayesian Networks

()
O
| S
=
@)
7,
©
e,
o
=

Explanation Attribution Optimization

Association/Correlation Model Purpose Causation
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Introductory Example

Develop Theory ' ‘

Nationality Ad Exposure [h%

What's the story here? Website Visit

Attitude

BayesialL.ab.com



Introductory Example

Our Theory!

That’s the story! Now
we have the qualitative
part of a causal
Bayesian network.

BayesialL.ab.com

<

r

Nationality

Website Visit

Attitude



Introductory Example

Gender 0 1
“ ” Female Male Female 75.000 25.000
Parameters Male 2 75,000

* We can estimate the
quantitative part of the

Nationality Ad/Exposure

ender Ad/fxposure 0 1

network from the survey Femal w7500

Vale 25.000 75.000

data. Website Visit 1 75.000 25.000

* As aresult, we have a

BayeS|an network; %nder Test Drive Ad Exposure 0 1
) 0 30.000 70.000
which we can use for B 1 20000 80000
- 1 | ool 600

1 . .

inference. 0
0 1 60.000 40.000
Attitude™® 0 70.000 30.000
1 1 80.000 20.000

BayesialL.ab.com



Introductory Example

Our “Model of the World” 17"

°* How can we obtain the
effect of Ad Exposure?

* With this causal Bayesian
Website Visit

network, we can simulate an
intervention to estimate the
causal effect.

Attitude

BayesialL.ab.com



Introductory Example N ¢

ng an Intervention

OFF

Nationality d/Exposure Nationality Ad/Exposure

Website Visit

Causal Model Intervention Model
BayesialLab.cuin



Fix Probabilities with

Introductory Exampl

Causal Inference: Simulating an

Likelihood Matching

Nationality

50.00% [ Other
50.00% T German

)

OFF

Nationality d/Exposure Nationality

d/Exposure

Causal Model Intervention Model
BayesialLab.cuin
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Joint Probabiity: 100.00%
Log4oss: 0
Cases: 1,000
Total Value: 1.522
Mean Value: 0.507 =|
Nationalif ]
pa— Intervention Node ]
52.40% )
Ad Exposure
Mean: 0.512 Dev: 0.500
Value: 0.512
48.80%= 0
51.20% 1
Website Visit
Mean: 0.494 Dev: 0.500
Value: 0.494
49 40% 1
) Attitude
Attitude Mean: 0 516 Dev: 0.500
Value: 0
48.40% 0
51.60% 1
.;‘ l- - | o:0| ;, E_‘-j.'
@ [Newgr... 1] Simpsa... o
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Attitude

Joint Probabiity: 48.80%
Logdoss: 1.04

Cases: 483.01

Total Value: 1.240

Mean Value: 0.413

,,

Nationality

47.60%
52.40%

Ad Exposure
Mean: 0.000 Dev: 0.000
Value: 0.000 (-0.512)

100.00% 0
0.00% 1

Website Visit
Mean: 0.750 Dev: 0.433
Value: 0.750 (+0.256)

25.00% 0
75.00% 1

Attitude
Mean: 0.490 Dev: 0.500
Value: 0.490 (-0.026)

50.96% 0
49.04% 1

@ newor.. | (1)smpso.. |
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Attitude

Joint Probabiity: 51.20%
Log4oss: 0.97

Cases: 511,99

Total Value: 1.790

Mean Value: 0.597

-

Nationality

Ad Exposure
Mean: 1.000 Dev: 0.000
Value: 1.000 (+1.000)

0.00%

Website Visit
Mean: 0.250 Dev: 0.433
Value: 0.250 (-0.500)

75.00%==]
25.00%

47.60% = -
52.40%

Intervention ]

100.00% | i 1

Attitude
Mean: 0.540 Dev: 0.4
Value: 0.540 (+0.050)

45.96%
54.04%

| 0:0] i: E]..




So, what’s the advertij

Website Visit | Nationality | Ad Exposure | Attitude
No 30%
German
Yes 40%
No No 70%
Other .
| Yes 80%
No 30%
German
Yes
Yes No
Other
Yes
Website Visit | Ad Exposure Attitude

No

No

Yes

BayesialL.ab.com

&
43!

Mhffect?

Nationality

Attitude

Ad Exposure

German

No

Other
7

Attitude

Ad Exposure




Predictive Model:

Observational Inference

y=f( )

Causal Model:
Causal Inference

Causal Netwdrk
y=f( )

Attribution

Model Source

Explanation | Simulation Optimization

Model Purpose Causation

Description | Prediction

Association/Correlation

BayesialL.ab.com



Where Is the Artificial
Intelligence here?



No Artificial Intelligence. Here,
we need human intelligence!




Resource Allocation Optimization

Causal Assumptions? O O

Quarter

* Recall: Causal inference
requires causal assumptions,

e.g., a causal networks! ,’,
* But, given the number of

variables, there are 2.38x104! O

possible causal network graphs! Weekday
* Causal directions are not always

obvious. @

End-of-Month Indicator  Internet Advertising  Competitive Incentives

BayesialL.ab.com 217




Predictive Model:

Observational Inference

= )

Causal Model:
Causal Inference

y=f( )

Attribution

Model Source

Explanation | Simulation Optimization

Model Purpose Causation

Description | Prediction

Association/Correlation

BayesialL.ab.com



Now What?

We need a different

kind of theory




Disjunctive Cause Criterion

Bayesialab.c

" NIH Public Access

o
E
%é Author Manuscript
Frens®
— Published in final edited form as:
= Biometrics. 2011 December ; 67(4): 1406-1413. doi:10.1111/j.1541-0420.2011.01619.x.
Y
>
z A new criterion for confounder selection
;:r"
= Tyler J. VanderWeele and
§ Departments of Epidemiology and Biostatistics, Harvard School of Public Health 677 Huntington
g Avenue, Boston, MA 02115, Phone: 617-432-7855; Fax: 617-4321884
8 llya Shpitser
'c:_:' Department of Epidemiology, Harvard School of Public Health 677 Huntington Avenue, Boston,
MA 02115
Tyler J. VanderWeele: tvanderw@hsph.harvard.edu
Abstract
We propose a new criterion for confounder selection when the underlying causal structure 1s
= unknown and only limited knowledge is available. We assume all covariates being considered are
T pretreatment variables and that for each covariate it is known (i) whether the covariate is a cause
-'U of treatment, and (ii) whether the covariate is a cause of the outcome. The causal relationships the
> covariates have with one another is assumed unknown. We propose that control be made for any
Zg covariate that is either a cause of treatment or of the outcome or both. We show that irrespective of
—_ the actual underlvine causal structure. if anv subset of the observed covariates suffices to control




Disjunctive Cause Criterion

VanderWeele and Shpitser (2011)

* “We propose that control be made for any [pre-treatment]

covariate_that is either a cause of treatment or of the outcome
or both.”

Confounder Advertisement
\ . _J

Y
Implementation in BayesialLab:
Likelihood Matching on Confounders in lMPORIANI ASSUMP"UN.
Direct Effects Analysis
=>» Causal Effect, i.e., the Advertising Effect NU UNUBSERVED CONF UUNDERS
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Predictive Model:

Observational Inference

y=f( )

Causal Model:
Causal Inference

Confounder Seléction f( )

Attribution

Model Source

Explanation | Simulation Optimization

Model Purpose Causation

Description | Prediction

Association/Correlation

BayesialL.ab.com



Resource Allocation Optimizat: /A\ Al Data is Synthetic

V4
[
|

Proposed Workflow y

* Import historical sales and marketing data. = ™
* Machine-learn a predictive model with Bayesialab.

* Determine Confounders vs. Non-Confounders, using the
Disjunctive Cause Criterion. — T

* Estimate and evaluate Direct Effects response curves.
* Introduce Function Node and assign media costs.

* Perform Genetic Target Optimization.

* Apply Network Temporalization.
* Add Constraint Nodes between t and t-1 marketing variables.

* Perform Genetic Target Optimization on dynamic network.  _/

BayesialLab.com 223




|E| Data Import

Encoding Options
Title Line
Space [ Other Sl [[] End of Line Character
0 Consider Identical Consecutive separatars

Missing Values Filtered Values as a Unigue One

0O Consider Different Consecutive Separators
Fv as a Unique One
/A

[] bouble Quote as String Delimiters

Learning/Test

[ Single Quote as String Delimiters

Month Weekday End-of-Mo. TV Adverti... Internet A... Incentives

Finish

Data Import Wizard

@l




Action

Columns with Missing Values
All not Distributed
All Discrete

All Continuous

Data
Quarter Month

(O) Row Identifier

- T R S TR X RS - T, R S TR X

1
1
1
1
1
1
1
1
1
1
1
1
1
1

Variable Type Definition

End-of-Mo...

Information
Number of Rows
Mot Distributed
Discrete
Continuous
Others

Missing Values

Filtered Values

Previous

16801
0

100.00%
0.00%

. 117.5208372...

Finish

Inc
25.4659327...

10.3516514...
7.80920441...
12.5090584...
18.5672537...




|E| Data Import

ata Selection and Filtering

Missing Value Processi
Filter

Static Imputation
amic Imputa

Structural EM

Quarter = Month =

lect All Continuous

Previous

Missing Values Processing

Information

Number of Rows 16801 | 100.00%

Mot Distributed a 0.00%
Discrete 4

Continuous il

Others

Missing Values

Filtered Values

lect Values

Incentives =
25.4659327...
32.7752257,

. [10.3516514...
7.80520451...
12,5090584...

DirectM... =

325.518332

99.6351953

235.482011

212640317 v
>

Finish




Discretization

|E| Data Import

Discretization and Aggregation

Discretization

Type
Maximum

Minimum

Threshold value

Quarter

Previous

Distribution Function

Load Discretization:

Month Weekday End-of-Mo... TV Adverti...

2

lect All Continuous

Previous

Direct Mar...  Print Adve...

46.2795596...
50.6651354...
21.6886298...
37.2109908... |3

Select All Discrete

Finish

Incentives
25.4659327...

10.3516514...
7.80520451...
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BayesiaLab Trial

Try BayesialLab Today!

* Download Demo Version:
www. bavesialab.com/trial-download

* Apply for Unrestricted Evaluation Version:
www.bayesialab.com/evaluation
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Upcoming Events

Webinars & Seminars:

* September 21 Webinar: Adversarial Reasoning

* November 13 Seminar in Arlington, VA
Artificial Intelligence for Intelligence Analysis

* November 15 Seminar in New York City:
Health Economics with Bayesian Networks

Register here: bayesia.com/events

BayesialLab.com 243




Bayesial.ab Courses Around the World in 2018

* October 29-31 * November 16-20
Introductory Course Advanced Course
Chicago, IL McLean, VA (internal)
°* November 13-15 * December 10-12
Introductory Course Introductory Course SAXCSIAEAS
McLean, VA (internal) Sydney, Australia Introductory

Course

O

Learn More & Register: bayesia.com/events
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6TH ANNUAL

BAYESIALAB CONFERENCE 2018
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Thank You!

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