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Today’s Agenda
Motivation & Background }
: _— : 10 min.
* Logic vs. Probabilistic Reasoning
\

Examples of Probabilistic Reasoning

* Example 1: What color is the taxi?
* Bayesian Networks to the Rescue! 6

: >' c 50 min.
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with Bayesian Networks & Bayesialab

* Example 2: Where is my bag? _J

stefan.conrady@bayesia.us 3



Webinar Slides & Recording Available

i |
o
i

5 6

- =G|
2 % 53 % 54 2
@vESIALAs'
—
89 % ci
Diagnostic- Decision Support with \
- Bayesian Networks «'&BayesiaLab
106 *

123 =

140 =

stefan.conrady@bayesia.us




BayesiaLab Trial

Try BayesialLab Today!

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

* Apply for Unrestricted Evaluation Version:
www.bayesialab.com/evaluation | 4

med
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Motivation & Background: Reasoning



Deductive Logic

APISOTEAOYS ANAAYTIKN YSTE

Aristotle (384-322 BC) © rendiromis froamcriiz

G A S A Adowa o nds whe pik
& Onois Aa,wuwm),{:cz:foi/‘mf)@u/o'ﬂq
rl/pe'rwyvc:)/ﬁwo’(Puv,Pa\v o T9Siw
poUsH T3 TN Avru sy waSmo
) Tints N Caign mdlv Sy ron s w0 B

| 3 T AR
o 753 dvomoiws K CTees T Loy,
obrt f¥ee o Mosdaaely wo Z’J‘;Z’—rrumrl?r-aiucpa"z-efo] N 70
\ * \
FpLc%s LY WY T0lo N TeeATHY J¥dhec i fd oty O pSp Aot
© \ ¢ pv ~ \
LOLVoITES O PR fu»/i/t/'mv‘o: ofE Pescrud7es 75 Lot 80N Syt
-~ \ ! L4 / I3 \
2IGN %wmnx;py@m'zmsw Supesrol U UTES by
N \ s ~ds > \ o\ » /&
o3y NI ae pocddrnctT 0833y ot sw it n JYEvbw un ot T
s % \ ~ ~ €
0wt PR CUMorepos, A )@r&pammow!fava/mé' ‘T POy
b i o > o N / =
Noz /g-@wp)\ocuﬁép” BOLTIeth oV T2 ) T 2O A6 s Vo,
~ 2 £ « N7 o] N o~ A s
Suidvou J\a»ﬁJ\'aiquw'Olov 07T Sl 6Ty B PR oTAN ctTrD
= S e e % \ Vo
Do uMSir,o"szqu:El'r&)v\,aw'r & 6t potvd i oS puov ol
3 \ TS ) © ~
ke oép.qua\'fw'ﬂuafvd uj T 1% 5o o bsos Vwy e/x.ac;-\é‘»
ro vk f Q / o\ \ 77 ’ oy A
2ov s iv-Esadt rvopi dv 2o %' meo 74 pov rvees Sov ot 7 oSy
o \ % i/ e\
o6 ot Aocure oy 0y e v el i oiov damt Tur;@’vd SvT6 078 5D
ol \ J N\ ~ 5 \
8075 v & xd wlew cvdlavy-o Tl Sy B g\ Exsdei s
> ~ o/ D Y \ 2 ~ ¢ ’
0600435 s oots mponddearan p Sudep 1y n minwx N E fea\ v,
J > / > £ : Y A \ / 3 /
ot phee €7 )9 M o5 Ervareh oty -Evicor N aanpu adv oy e
7 H T V) / J / ~
ai6 1%, @ ovdbct mn ud ooy 2 dageor yro o4 Serondoateid KK

e

BayesialLab.com



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.”

Source: J. Williamson, Handbook of the Logic of Argument and Inference: The Turn Toward the

Practical

LOGIC IS NOT ENOUVGH!

BayesialLab.com 10




Inductive vs. Deductive Logic Formal Deductive Logic

< Strong

reument

g —

Inductive Logic = Probabilistic Reasoning

BayesialLab.com 11




2000 YEARS lLATER...

Bayes’ Theorem for Conditional Probabilities

H: Hypothesis

E: FEuvidence

P | p) = HEHLPH)

“Probability of

H given E”

stefan.conrady@bayesia.us

1703
PHILOSOPHICAL
TRANSACTIONS

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

LII. An Effay towards folving a Problem in
the Doétrine of Chances. By the late Rev.
Mpy. Bayes, F. R.S. communicated by Mr.
Price, in a Letter to John Canton, A. M.
F.R. S.

Dear Sir,

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

1763 I found 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 fubje 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-

Prmrhad, 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
introducion which he has writ to this Effay, he fays,
that his defign at firft in thinking on the fubje of it
was, to find out a method by which we might judge
concerning the probability that an event has to hap-
, in given circumftances, upon fuppofition that we

w nothing concerning it but that, under the fame
circum-



Probabilistic Reasoning

Mathematical Formulation of Inductive Reasoning

* “Bayesian inference is important because it provides a normative
and general-purpose procedure for reasoning under uncertainty.” A
Source: Inductive Reasoning: Experimental, Developmental, and Computational
Approaches, edited by Aidan Feeney and Evan Heit

13
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Probabilistic Reasoning

Judgment

¢ under

Human reasoning [

and biases

is flawed!

BayesialLab.com



Why is this so important?

Human Cognitive Limitations and Biases Under Uncertainty

Human Reasoning = Normative Reasoning

@ O

Disease Symptom

ﬂ‘ l 4( IE s Human Reasoning # Normative Reasoning

BayesialLab.com



250 Years Later... |

:
DOCTRINE

“...despite the mathematization of

e _ E S
probability in the Enlightenment, CHANC S

ox,
mathematical probability A MzTHOD of Calculating the Probabilities
theory remains, to this very day, oba v P
entirely unused in criminal ot g
courtrooms, when evaluating the By A DE MOIVRE,

Fellow of the RovaL Sociery, and Member of the RoyaL ACADEMIES
oF SciENCEs of Berlin and Paris.

‘probability’ of the guilt of a
suspected criminal.”

James Franklin, The Science of Conjecture:
Evidence and Probability before Pascal,
2001 The Johns Hopkins Press

ACCADENI N\
LDELLE SCIENAES
Ny O Tar 30 f

S—

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

. MDCCLVI,
BayesialL.ab.com |
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Example 1: What Color is the Taxi?

Knowledge Modeling & Reasoning Under Uncertainty



*adapted from

What CO'OT iS the TaXi? Kahneman & {llll:idg;;]ent

uncertainty:
Heuristics
and biases

Tversky, 1980

Human Reasoning Experiment*

* A taxi was involved in a hit-and-run accident at night.

* Only two taxi companies operate in this city, the Yellow Cab Co.
and the White Cab Co.

BayesialLab.com 18




What Color is the Taxi?

%vitness says that the taxi involved in the awwhite.




What Color is the Taxi?

At the trial in “Logiland,” where formal deductive logic rules... ']

* Premise 1

° Taxi caused accident v/
* Premise 2

* Two taxi companies in town, yellow and white v
* Premise 3

* Accident witness: Taxi was white v/

* Conclusion \
* White Taxi Co. is responsible for accident \l \



What Color is the Taxi?

At the Trial in “Likeliland” .:j

* An expert witness explains that human vision
has an 80% accuracy in terms of distinguishing
between white and yellow given light conditions .
at the time of the accident. i

* P(Witness=white | Color=white)=80%

* P(Witness=yellow | Color=white)=20%
* P(Witness=yellow | Color=yellow)=80%
* P(Witness=white | Color=yellow)=20%



What Color is the Taxi?

You are the jury in “Likeliland™!

* Given the three premises and the
expert witnhess statement, what Is
the probability that the taxi was
white?




What Color is the Taxi?

Results from Webinar Poll

* Correct Answer: 41.38%

What is the probability that the taxi was white, given that the
witness said it was white? (A priori: 85% yellow, 15% white)

Below 25% _
s+ [N Correct Answer

Above 75%

0 10 20 30 40 50 60 70 80 90

Percent

100




What Color is the Taxi?

* We need to perform probabilistic inference to answer this question.

* Bayes’ Rule allows us to compute the probability P(Taxi=white | Witness=white):

P(E| H)P(H)
P(E)

PH|E) =

P(Witness = white | Taxi = white)P(Taxi = white) 3

P(Witness = white)
P(Witness = white | Taxi = white)P(Taxi = white)

P(Witness = white | Taxi = white)P(Taxi = white) + P(Witness = white | Taxi = yellow)P(Taxi = yellow)

\ J
Y

Correct, but impractical

P(Taxi = white | Witness = white) =




Bayesian Networks to the Rescue!

Overcoming our Limitations

Human Reasoning = Normative Reasoning

Encode Domain Knowledge
as Bayesian Network

“Computer-aided

inference”
Effect

BayesialLab.com



The BayesialLab Workflow

KNOWLEDGE MODELING

i

DECISION SUPPORT —

7
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What Color is the Taxi?

We encode our domain knowledge regarding the taxi cab example:

Node: Taxi
VEIREDIEN Yellow | White
Interest 85% 15%




What Color is the Taxi?

We encode our domain knowledge regarding the taxi cab example:

Node: Taxi Node: Witness
VETE NI Yellow | White EIREIICNeIM Yellow | White
MGIEN 85% 15% Interest ? ?




What Color is the Taxi?

We encode our domain kno Arce Witness
rc: Yellow | White
80% 20%
20% 80%

Discrete & Nonparametric

Probabilistic Relationshi .
Node: P White

Variable of
Interest

Yellow

Node: Witness
EAEDI N Yellow | White
Interest ? ?




What Color is the Taxi?

We encode our domain knowledge regarding the taxi cab example:

O O

Taxi Witness
| Yellow | White Taxi Yellow White
85.000 15.000 [ Yellow 80.000 20.000
[ White 20.000 80.000

Marginal Distribution

Conditional Probability Table



What Color is the Taxi?

Inference based on evidence:

@ =)@

Taxi Witness
Yellow | White Taxi__ | Yellow | white |
~85.000/  15.000 Yellow |  80.000 20.000 |
White |  20.000 80.000 |

Taxi Witness
0.00% | Yellow 20.00% Yellow
100.00% White 80.00% White




What Color is the Taxi?

Performing inference based on observing evidence:

@ =@

Taxi Witness
Yellow | White Taxi__ | Yellow | white |
85.000|  15.000 Yellow |  80.000 20.000
White | 20.000 80.000 |

7 Witness
n DIagnOSIS 0.00% | Yellow
100.00% White




What Color is the Taxi?

Performing inference based on observing evidence:

@ =@

Taxi Witness
Yellow | White Taxi__ | Yellow | white |
~85.000/  15.000 Yellow |  80.000 20.000
White |  20.000 80.000 |

Taxi Witness

58.62% Yellow Di agnosIs 0.00% | Yellow
41.38% White 100.00% White




. m = See Chapter 4




Example 2: Where is my bag?

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

VMLGTAIUR) T

PACIFIC
OCEAN

BayesialL.ab.com



Where is my bag?

Singapore
SIN

W¥E

50/50

Tokyo

E——— Narita

NRT
™

¢ |

/’\AW"}»—\

J

Los Angeles
LAX

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?
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Where is my bag?

Results from Webinar Poll

What is the probability that | will get my bag?

o | Correct Answer
50% (i.e., unchanged) -
51-75% -

Above 75%

* Correct Answer: 33%

0 20 40 60 80 100

Percent




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.



BZ] Bayesialab - New graph 2.xbl

Metwork Data Edit View Learning Inference Analysis Monitor Tools Window Help

DOES XDRAAPRPLPLPHLZNVOY @20 FRNOREVF LOOSOE EOWN PRLPouE=F%VvE

i< New graph 2xbl *

My Bag on Plane

My Bag on Carousel

Time

Joint Probability: 100.00%:
Log-doss: O

Total Value: 5.000

Mean Value: 5.000

-

My Bag on Plane

50.00% False
50.00% True

r

My Bag on Carousel

75.00% False
25.00% True

Time
Mean: 5.000 Dev: 3.162
Value: 5.000
9.09%
9.09%
9.09%
9.09%
9.09%
9.09%
9.09%
9.09%
9.09%
9.09%
9.09%

OO~ LWUN=0O

= @

[0:0] b

." @ New gr...




BZ] Bayesialab - New graph 2.xbl

Metwork Data Edit View Learning Inference Analysis Monitor Tools Window Help

DOES XDRAAPRPLPLPHLZNVOY @20 FRNOREVF LOOSOE EOWN PRLPouE=F%VvE

i< New graph 2xbl *

My Bag on Plane

My Bag on Carousel

Time

Joint Probability: 6.82%
Log-oss: 3.87

Total Value: 5.000
Mean Value: 5.000

-

My Bag on Plane

66.67%
33.33%

False
True

My Bag on Carousel

100.00%
0.00%

False
True

Time
Mean: 5.000 Dev: 0.000
Value: 5.000
0.00%
0.00%
0.00%
0.00%
0.00%
100.00%
0.00%
0.00%
0.00%
0.00%
0.00%

Voo~ wLUN=0O

= @

[0:0] b

." m New gr...




@BayesiaLab - New graph 2.xbl

- O X
:Network Data Edi:t View Learning Inferenc:e Analysis Monitor Tools Windo:cv Help : [ETarget Mean Analysis X
DOEHS XDONrPM PPPHUNVO 20+ B0REAN KOO
1]

My Bag on Carousel = False

Mode:

X
¥

Wariables

[~ M Time

My Bag on Plane Mean

[#] Target Mean Analysis X

Settings
Target:

(® Mean

() Delta Mean

Variables:

(® Mean
() Delta Mean
() Normalize

[] Use Hard Evidence

[ Order by Strength

| Close || Display Sensitivity Chart |

My Bag on Carousel

=T [1:0] e
(@ Anewer.. | - B




Where is my bag?

Scenario 2

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

* However, now | see a colleague, who traveled
on the same itinerary, pick up his bag.

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

Scenario 3

* Luggage is delivered on the carousel, a total
of 50 bags in the first 5 minutes, yet | still
do not see my bag.

* What is the probability that | will still get my
bag?
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Where is my bag? e o
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Extended Model
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\/
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Pepcent Time Elapsed

Y

(

<

No. of Bags on Carousel

My Bag on Plahe Percent Delivered

My Bag on Carousel
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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 54




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
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Webinar on Diagnostic Decision Support with Bayesian Networks ©0 b0 ® 0
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Webinar Series: Friday at 1 p.m. (Central)

Upcoming Webinars:

° March 9 Bayesian Networks for Risk Management without Data
* March 16  Optimizing Health Policies with Bayesian Networks
° March 23  t.b.d.

Register here: bayesia.com/events

stefan.conrady@bayesia.us 60




Bayesial.ab Courses Around the World in 2018

°* March 13-15 * September 26-28
San Francisco, CA New Delhi, India
° May 16-18 * October 29-31
Seattle, WA Chicago, IL
BAYESIALAB
* June 26-28 * December 4-6 erod
Boston, MA New York, NY M ey

* August 29-31 m
London, UK

Learn More & Register: bayesia.com/events
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Thank You!

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