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/Session overview \

Elicitation of probabilities
Learning probabilities from data

Do parameters matter?
Other relevant issues
o Sensitivity analysis
o Strength of influence
e Value of information
o Clarity test

\ l.}) Building Bayesian Networks /




/What | want you to know after this session? \

 Be familiar with the idea of obtaining subjective
probabilities from experts

 Understand how parameters are learned from data

Do not worry too much about precision of numerical
probabilities, use sensitivity analysis

« Know sensitivity analysis, strength of influences, value of
Information, and clarity test
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Elicitation of probabilities

Building Bayesian Networks /




@ Elicitation of probabilities
Learning probabilities from data
Are parameters important?
Other relevant issues

Kb\re probabilities in experts’ heads?

William Estes’ probability matching experiments

o Correct guessing of the light to
be lit carries a small reward.

« Many repetitions.

« What is the optimal strategy if
Pr(green)=0.3 and Pr(red)=0.77

« What do human subjects do?

They keep guessing but guess green

\ 30% of the time and red 70% of thetiy
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@ Elicitation of probabilities
Learning probabilities from data
Are parameters important?
Other relevant issues

Elicitation of probabilities

Three fundamental methods:
Ask directly
Reference lottery
Symmetric bets

Three additional issues:
Assessing continuous distributions
Discretization of continuous distributions
Decomposition
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@ Elicitation of probabilities

a]

Example:

“What is your belief regarding the probability that event
A will occur?”

Graphical aids that make it indirect: Probability wheel
¥,

Bar chart
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Are parameters important?

Other relevant issues
/Elicitation of probabilities: Direct assessment |
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@ Elicitation of probabilities
Learning probabilities from data
Are parameters important?

ther relevant issues

/Elicitation of probabilities: Reference lottery

A transferable round
trip ticket to Hawai

A can of coke

A transferable round
trip ticket to Hawai

A can of coke

Use a tool like probability wheel (to hide the numbers).
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@ Elicitation of probabilities
Learning probabilities from data
Are parameters important?
Other relevant issues

Kzlicitation of probabilities: Symmetric bets

Offer choice between two lotteries, adjust values until the
expert is indifferent between the two lotteries.

Then we have:
PX-(1-p)Y=-pX+(1-p)Y

which yields X
P=2Y/(2X+2Y)=Y/(X+Y)
-Y
-X
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@ Elicitation of probabilities
Learning probabilities from data
Are parameters important?
Other relevant issues

Kzlicitation of probabilities: Symmetric bets

What is the probability that it will rain tomorrow (in downtown
Pittsburgh)?

$8
-$5
-$8
We have:
p*8—(1—p)*5 = —p*8+(1—p)*S $5

which yields o
p=2*5/(2*8+2*5)=5/(8+5)=5/13=0.38 Expert choice: |nd|fferent/
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Other helpful tools
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@ Elicitation of probabilities

e parareters mportant?
Elicitation of probabilities: Continuous distributions |

» Use methods for elicitation of discrete probabilities but conduct a
series of elicitations.
* Reduces each step of elicitation to P(A<a,), where a, varies.

* Fit the CDF curve to the elicited points.

Hawaian trip

a packof beer

Hawaian trip

L

Possible to do the other way round: 0.95
» Given P(A<a;)=0.05, find a, for which this holds.
 Manipulate a, until the expert is indifferent between the two

options.
» Use the following fractiles: 0.05, 0.95, 0.25, 0.75. 0.5. /
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@ Elicitation of probabilities
Learning probabilities from data
Are parameters important?
Other relevant issues

Elicitation of probabilities: Metalog Distribution \

™ Metalog Distribution O >
Lower bound: Click on the PDF curve to select the value of k.
k=2, p=18.965, 0=10.8024 COF, k=5
Use inf orleave empty to indicate infinity. 0.07 100%
0.06 a0%
Quantile parameters: ggi
C 0'03 30%
Ll .
e = Y 002 T0%
Probability Quantile ’ a0%
y 00 3 30 20 -0 0 10 20 30 40 50 60 70 8D
025 10 50%
05 15 k=3, p=18.2003, o=11.2155 0%
0.75 25 0.07
095 40 0.08 30%
0.05
0.04 20%
0.03
0.02 10%
001
=30 =200 10 0 10 20 30 40 50 &0 70 20 -20 -10 DI 1ID ZID 3II.'I 4Il.'l SID &0
k=4, p=18.2002, o=11.1236 PDF. k=5
0.07
008 o.07
0.05
0.04 0.08
0.03
0.02
001 0.05
=30 =200 10 0 10 20 30 40 50 &0 70 20
0.04
k=5, p=18.1095, g=11.0332 0.03
0.07 '
0.06
0.05 0.02
0.04
gg% 0.01
0.01
=30 =200 10 0 10 20 30 40 50 60 70 20 o0 -_:I'E DI 1'0 2'0 3'0 4'0 5'0 &0
Bins: 10 Get Metalog Get Metalogh Close
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Elicitation of probabilities: Equations

™ Node properties: a

Enter node equ ———

General Definition  Discretization Format  User properties  Value

@ Elicitation of probabilities
Learning probabilities from data

Other relevant issues

Are parameters important?

autocomplete it | e Node nroperties: a
nodefunctiont | prep

ED [ﬁ | [abeT] | E_| | E Uniformize [f‘ug Elicitate \ Rediscretize
f

Equation domai
Lower bound: E

|a='F/|T|+| General Definition Discretization  Format  User properties  Value
o add o Insert X
Label From To
» 0 50
50 100
100 150
150200
200 250
250 300
300 350
400 450
450 500

m [ 02 24 456 6.8
0.50 09862477 099831366, 0.99826656 099824116
50,700 00074936, |0.0001873. 00007926 100007554
100,150 0.0035076... 10,0187, 0.0001926... 00007954
150,200 0.0004783... 100007873 | 0.0007926... 100007954
200,250 00004783 0.0001873.. 00007926, 0.0001954
250,300 00004783, 10.0001873. 100007926 100007954
300,350 00007594, 0.0001873.. 00007926, 0.0001954
350,400 00007594, 10.0001873.. 100007926 100007954
400,450 00007594, 0.0001873.. 00007926, 0.00071954
450,500 00006377 10.0001873. 100007926 100007954

Cancel

Whenever you know enough about a
domain to write the interactions in form of
an equation, derive the CPTs by

discretizing variables
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@ Elicitation of probabilities

Learning probabilities from data

Are parameters important?

Other relevant issues
Elicitation of probabilities:

Discretization of continuous distributions

Two methods of discretizing continuous distributions:

(1) Extended Pearson and Tuckey:
3 point approximation: 0.05, 0.5, 0.95
Assign them p=0.185, 0.63, 0.185

(2) Bracket medians:

Split the range into intervals, assess the value that
corresponds to probability that is median of each interval.
Usually borders of intervals are 0.0, 0.2, 0.4, 0.6, 0.8, 1.0.
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@ Elicitation of probabilities
Learning probabilities from data
Are parameters important?
Other relevant issues

Kzlicitation of probabilities: Decomposition

Breaking the assessment into manageable chunks.
The goal is to make the assessment easier (and more reliable!).
Sometimes it is easier to introduce another variable.

For example, instead of assessing P(quadriplegic), i.e.,
probability that the decision maker becomes quadriplegic, we
assess P(quadriplegic|*) P(*), where * are various ways of
becoming quadriplegic, e.g., a car accident.

(1) Think how the event in question is related to other events
(e.g., P(stock price up | market up)

(2) Think what kinds of alternative uncertain events could
eventually lead to the event in question

(3) Think through all of different events that must happen

\ before the event in question occurs. /
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Elicitation of probabilities

@ Learning probabilities from data
Are parameters important?
Other relevant issues

Learning probabilities from data: Discrete case

Essentially counting occurrences

T Credit2.csv (=] & s
Payment History WarkHistory Reliability Debit Income RatioDeblnc| Assets | Worth Profession Futurelncome | Age |CreditWorthiness
'Without_Reference : Unstable Unreliable :a0_11100 s70001_more :Favorable iwealthy :High Medium_income_profession : Promissing al6_21 :Negative
Aceptable Unjustfied_no_work : Unreliable :20_11100 370001_more :Favorable :average iHigh Medium_income_profession : Promissing abb_up iNegative
Aceptable Unstable Reliable 1325901 more :s30001_70000: Unfavorable iwealthy :High Low_income_profession Net_promissing :a16_21 : Negative
Excellert Unstable Reliable 1225501 more 530001 70000 Unfavorable :average :Medium : Medium_income_profession : Net_promissing (a16_21 ‘Negative
Excellent Unjustfied_no_work ; Unreliable :a11101_25500 :=0_30000 Unfavorable :average iLow Medium_income_profession : Not_promissing :a66_up i Megative
Without_Reference : Stable Reliable :a0 11100 =30001_70000 : Favorable  :average :High Medium_income_profession : Promissing al6_21 :Positive
MNoAceptable Stable Unreliable :al_11100 570001 more :Favorable wealthy :High Medium_income_profession : Promissing ab6_up :Positive
Excellert Stable Reliable :al_11100 s70001_more :Favorable iwealthy :High Low_income_profession Promissing abb_up ;Positive
Excellent Stable Reliable 225901 _more :s70001_more :Urfavorable poor High Low_income_profession Not_promissing :a16_21 :Negative
MoAceptable Stable Unreliable ia0_11100 230001_70000  Favorable  :average iMedium : Medium_income_profession ; Promissing a22_ 65 Positive
Without_Reference Justified no_work  :Reliable ‘225301 more 570001 more :Urfavorable ipoor High Low_income_profession Not_promissing :a16_21 i Negative
MoAceptable Unstable Unreliable :a25301_more  :s30001_70000: Unfavorable iwealthy :High Medium_income_profession : Promissing a16_21 :Negative
MoAceptable Justified no_work Unreliable 1225901 more s30007_70000: Urfavorable ‘wealthy ‘High High_income_profession Promissing a22 65 Megative
Excellert Stable Reliable a11101_25900 is0_30000 Urfavorable iaverage (Low Medium_income_profession : Not_promissing ia16_21 i Negative
Aceptable Stable Unreliable :a25%01_more :s0_30000 Urfavorable wealthy :Medium : Medium_income_profession : Net_promissing :a66_up : Negative
Without_Reference  Unjustified_no_work | Unreliable 1a0_11100  's0_30000 Favorable  :poor Low Low_income_profession Net_promissing :abb_up : Positive
Aceptable Unstable Reliable a11101_25900 is30001_70000: Urfavorable :average {Medium : Low_income_profession Net_promissing (ab6_up : Negative
Viithout_Reference : Unstable Unreliable :a0_11100 =30001_70000 : Unfavorable :average :High Medium_income_profession : Promissing al16_21 :Megative
Without_Reference | Stable Reliable 1325501 more :s70001 more :Favorable poor High High_income_profession Promissing al16_21 Positive
| P [Excellent Justified no_work  iReliable :a25%01 more 570001 _more :Urfavorable iwealthy iHigh High_income_profession Promissing ab6_up :Positive
W 4 [Row| |20 of20 » W _
H Payment History ' Work History
Excellent 309 I Stable 409 | I
Aceptable 20% D Unstable 30% Ij
NoAceptable 20% . Justified_no_work 15% .
Without_Reference 30% - Unjustified_no_work 15% .

N Y

Reliability
Reliable 52% ||l
Unreliable 48% |
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Elicitation of probabilities

@ Learning probabilities from data
Are parameters important?
Other relevant issues

Learning probabilities from data: Discrete case

Prior (unconditional) probabilities

) Credit20.cs o || = || &R
aym [EE] Work History Relighility

P | Without_Reference fUnstable Unreliable
Aceptable IUnjustified_no_work Unreliable
Aceptable fUnstable Reliable
Excellent NUnstable Reliable
Excellent NUnjustified_no_work : Unreliable
Without_Reference §Stable Reliable
MoAceptable Stable Unreliable
Excellent Stable Reliable
Excellent Stable Reliable
MoAceptable Stable Unreliable
Without_Reference flustified_no_work  : Reliable
MNoAceptable §Unstable Unreliable
MoAceptable IJustified_nn_woﬂ( Unreliable
Excellent Nstable Reliable
Aceptable Nstable Urireliable
Without_Reference fUnjustified_no_work | Unreliable
Aceptable NUnstable Reliable
Without_Reference flnstable Unreliable
Without_Reference §Stable Reliable
Excellent ustified_no_work  : Reliable

M4 [Row of 20 » M

H Payment History ' Work History

Excellent 0% l Stable 40% -]
Aceptable 0% D Unstable 30% Ij
NoAceptable 0% . Justified_no_work 15% .
Without Referenc - Unjustified_no_work 15% .

|
b |Excellent ! 03
i

Aceptable 0.2

MNobe bl 03 Reliability

onceptable . :

Without_Reference 0.3 Reliable 52% I
Unreliable 48%|[
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Elicitation of probabilities

@ Learning probabilities from data
Are parameters important?
Other relevant issues

Learning probabilities from data: Discrete case

Prior (unconditional) probabilities

™ Credit20.csv ==
Payment History Work History Reliability
b |Aceptable Stable Unreliable
Aceptable Unjustified_no_work : Unreliable
Aceptable Unstable Reliable
Excellent Justified_no_work  : Reliable
Excellent Stable Reliable
Excellent Steble Reizble = Payment History - | Work History
Excellent Stable Relizble
Excellent Unjustified_no_work | Unreliable Excellent I30% m Stable 40% -]
| N Excellent Lnstable Reliable 0 0
WWW Aceptable 20% I:‘ Unstable 30% I:|
NoAceptable Stable Unreliable NoAceptable 20% . Justified_no_work 15% .
Eﬂﬁgg:’;:g Elt:sht!:ble H:E:::E:z Without_Reference 30% - Unjustified_no_work 15% .
Without_Reference : Justified_no_work  : Reliable
Without_Reference { Stable Reliable
Without_Reference : Stable Reliable
Without_Reference : Unjustified_no_work : Unreliable
Without_Reference : Unstable Unreliable Reliabili
Without_Reference ; Unstable Unreliable — ty
M 4 [Row||1 of20 b M Rehable 52% | [IE
Unreliable 48% | |
Payment History Excellent Aceptable MoAceptable Without_Reference
Work History | Stable | Unstable | Justified.. | Unjustified... | Stable| Unstable | Justified. |Unjustified...| Stable |Unstable |Justified... | Unjustiied..| Stable Unstable |Justified..] Unjustified..
b |Reliable {0.875 0.75 0.75 0.25: 0.25:083333333 0.5 0.25 :0.16666667 0.25 0.25 0.5:0.83333333 :0. 16666667 0.75 0.25
Lnreliable 0.125 025 0.25 0.75: 0.75:0.16666667 0.5 0.75:0.83333333 0.75 0.75 0.5:0.16666667:0.83333333 0.25 0.75
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Elicitation of probabilities

@ Learning probabilities from data
Are parameters important?
Other relevant issues

Learning probabilities from data: Continuous case

Essentially fitting a distribution to a histogram

= Histogram O *

Doubleclick on a histogram bar to select rows in the spreadshest view

tstsc

40 30 &0 Ta a0 50

Bins: 20 [ | Stats: Mean=66.1642 StdDev=6.97531 Min=48.125 Max=87.5

Mode: Histogram -~ B Normal fit Get Custom Function Copy Cloze
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Elicitation of probabilities

@ Learning probabilities from data
Are parameters important?
Other relevant issues

Learning probabilities from data: Continuous case

Essentially fitting a distribution to a histogram

= Metalog Distribution - top10 O >
Lower bound: 0 Click on the PDF curve to select the value of k.
S LU k=2, y=41.3495, 0=02 7051 COF(top10), k=4
Use inf or leave empty to indicate infinity. 100%
0.04 {2
90%
Quartile parameters: 0.03 T
ReEm| BBk | o g
d = o L A el | | ™
Probabilty top10 A A T = -
» 0.05 1 o 10 20 30 40 50 &0 T a0 80 100
055 il 50% 2
il E) k=3, p=38.0781, 0=23.5095 0%
0.75 50
{155 il oos 30% ,
0.03 3
0.02 20%
0.01 10%
u ﬂ ﬂ ﬂ O s e —— . . |
O 10 20 30 40 S0 & 70 80 90 100 O 10 20 30 40 S0 & 70 80 80 100
k=4, y=37.7888, 0=22 8136 PDFitop10). k=4
o.oe 0.04
0.03 )
0.02
0.01
Al sl e R | |
0 10 20 30 40 50 &0 To 20 90 100
= = = 0.0z
. k=5, p=37.884, 0=22 9644
0.04
Count 170 0.03
Minimum g 0.02 0.0t H F H i
Maximum 58 H _4
........... 0.01
Mean 38.4538 ﬂ
Sidev 534064 1 I = et | . ﬂ nﬂ ﬂln AR B ATATE A
0 10 20 30 40 50 &0 To 20 90 100 0 10 20 a0 a0 ) &0 70 20 s 100
Bins: 40 ' Get Metalog Get Metalogh Close
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Do parameters matter?
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transformed parameters

Elicitation of probabilities

Random noise, Normal(0,0)

o=0.3

Learning probabilities from data
@ Are parameters important?
Other relevant issues

o=1.0

0.9
0.8
0.7
0.6

* e * L3
- Qgt _ !,”’,’t“t ‘}4,&20’,‘,\ Wt o8
. & RIIK F0S ANE M $* .
A IR S 4 * o8

.
PRI 7o A SO AP KR
*» A )
s ’S{?‘% iﬁ"}"” & ‘0 ?" X %

— ” ’

original parameters

[Onisko & Druzdzel 2011]
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Elicitation of probabilities
Learning probabilities from data
@ Are parameters important?

Biased noise (overconfidence), Normal(0,0)

added to the largest probability in a distribution

Bnt issues

transformed parameters

original parameters
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Elicitation of probabilities
Learning probabilities from data

@ Are parameters important?

Biased noise (underconfidence), Other relevant issties
Normal(0,0) subtracted from the largest
probability in a distribution

sigma=0.1

transformed parameters

original parameters
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Elicitation of probabilities

Learning probabilities from data
@ Are parameters important?
Other relevant issues

Diagnostic performance as a function
of parameter accuracy

07
R T e
i [ ] A -
06 g-------mmmmmm- bRl o R L e L LR E Ry %, ------------------------
i
A I
i ‘ .
s
i LT
03 Fmmmmmmm e e e R LR PP
L]
0.2 4-- P CE T ETPRRE R RPN {Jepq-=------
—— overconficence M, -
—— random noise | |
—— underconfidence 7
01 +-1_— — == " 7" feeeeeeaa-- T L L L L LR L EEEEEED
L N Y NP
D I I I I I I I I I I I I I I I I I 1 I I I 1 I I I 1 I I I
O oF of of o M oAF KEF W E Y g ar P P
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Elicitation of probabilities

Learning probabilities from data

Rounded vs. original probabilities for
various levels of rounding accuracy

Other relevant issues

@ Are parameters important?

1 Ee iR
0.8 Rl ey 09

038 Ry 08 & AR

0 & R 0.7

0E -+ SRERS- 06 DTSR ¢

transformed parameters

1 gt L e e 1
0 0.9
03: .8
0.7 o
06: 06
05 s
0.4 0.4
0.3 03
02 n — 02 n m—
0.1 0.1
- T T T T T T o T T T T
0 0.1 02 03 04 05 06 07 08 09 1 0 [X] 02 03 04 05 06 07 08 08 1
original_parameters original

Lp original parameters
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Elicitation of probabilities

Learning probabilities from data

Histograms of original and rounded
probabilities for various levels of

rounding accuracy

@ Are parameters important?
Other relevant issues

6%

450

2%

20%%-

10%

Hepar Il original parameters

Hepar Il rounded (100 intervals)

6%
4%
‘ H 2% h |
“ ‘ Ll |||H|‘| | Huh ||||1Hduldmlhllmlnul[uuhlhm ‘
0.1 0.2 0.3 0.4 0.5 08 07 0.3 0.8 1 0.1 0.2 0.3 0.4 0.5 08 0.7 0.8 08 1
Hepar |l rounded (10 intervals) Hepar Il rounded (5 intervals)
20%]
10%
? .‘ ‘. ‘. ; . T . 1 . .
0.1 0.2 0.3 0.4 0.5 08 07 0.3 0.8 1 0.1 0.2 0.3 0.4 0.5 08 0.7 0.8 08 1
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Elicitation of probabilities
Learning probabilities from data

@ Are parameters important?
Other relevant issues

/Diagnostic performance as a function
of parameter accuracy (w=1)

accC H#zeros %zeros

n=100 0.595 116 5% 1
_ | n=10 0.295 400 19% -1 0.9
PAIB)=PBIA)/ P(B) { n=5 0.219 605 28% - 1+ 0.8
fffffffffffffffff = 0230 754 35% | | o7
) =3 0136 869  41% | | 4¢
*************** 1056 49% | | .
ffffffffffff - 0.4
fffffffffffffffffffffffffffffffffffff 0.3
************************************** 3 0.2
77777777777777777777777777777777777777 - 0.1

‘ \ | 0

2.0 1.5 1.0 0.5 |0910(n) 0.0
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Elicitation of probabilities
Learning probabilities from data

@ Are parameters important?
Other relevant issues

Diagnostic performance as a function
of parameter accuracy and g (w=1)

What if we replace all zeros by some small number g ?

The actual value of
¢ does not seem to

|
\matter much!

2.0 1.5 1.0 0.5 0.0
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Other Relevant Issues
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Elicitation of probabilities
Learning probabilities from data

@ Are parameters important?
Other relevant issues

Is precision real or illusory?

 When getting the parameters from experts, we

may well get better models when eliciting fewer
parameters.

« When learning, the same may happen!

3 E
e &
% £
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Elicitation of probabilities
Learning probabilities from data
Are parameters important?

@ Other relevant issues

Sensitivity analysis in Bayesian networks

 Given atarget node (or a set of target nodes) and a possible
set of evidence nodes, we can identify the parameters that
matter most for those target(s)’s posteriors.

« We compute essentially the derivative of the posterior over
each of the parameters.

Metastatic Ca.. | present absent
b | present { 0.2 0.05
Increased _ i o8 GaE
Serum Brain Tumor 5 = 0053972
max(abs(5)) = 0,053972

Calcium

Severe
Headaches
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Elicitation of probabilities
Learning probabilities from
Are parameters important?

Tornado diagrams: Sensi

-Oﬂthrelevant issues

data

tivity analysis in BNs

History of
hospitalization

Injections in
the past

History of
transfusion g,

History of viral W
hepatitis

l\

alcohol abuse

Hepatotoxic
medications__/

abdominal

Pressure in right
upper quadrant

tory of

]

™ Tornado Diagram O X
Target outcome: | Cimhosis=decompensate w
o . . ~
Presence of Sensitivity for Cirhosis=decompensate
antibodies to Current value: 0.0607271 Reachable range: [0.0568398 .. 0.109863]
HBcAg in blood
,,,,,, 0.06 0.07 0.08 0.09 0.1
Heﬂa:tlc ﬁbl'ﬂSlEf present absent 3 1: Cirrhosis=absent | fibrosis=absent, Steatosis=absent
Hepatic steatosis present absent present ¢
[ 3 dECDI'I'IDEﬂSETE | .56 0.45 0.35 / . ChHepatitiz=absent | transfusion=absent, vh_amn=absent, injections={ {. Target value range: [0.109863 .. 0.059734], width=0.0501288
compensate D24 0.2 015 Pararneter range: [0.8982 .. 1], width=0.1018
ahsent 02 03 is=decompensate | fibrosis=absent, Steatosis=present Current parameter value: 0.998 at definition index 11
. . 5

Fatigue

Presence of
hepatitis B surface
antigen in blood

@

Vascular
spiders

~

Presence of
antibodies to
HBsAg in blood

=

Irregular
liver

-

10: Steat

ig=present | ChHepatitis=active

if=0..2 | Hyperbilirubinemia=absent, PBC=absent, Cirrhosis=absent, gallstones=absent, ChHepatitis=absent

Derivative: -0.4
Coeffs: a=-0.136403, b=0.152

is=absent | fibrosis=absent, Steatosis=present

titis=absent | transfuzion=absent, vh_amn=absent, injections=present

is=decompensate | fibrosis=present, Steatosis=absent

iz=present | cbesity=absent, alceholism=absent

siz=present | cbesity=absent, alcoholism=present

W

Double-click on the tomado band to edit the parameter under study

Prev Next

Cloze
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Elicitation of probabilities

Learning probabilities from data

Are parameters important?
@ Other relevant issues

Sensitivity analysis in Ids (a preview ©)

Investment
decision

Success of
the venture

Financial
Gain

Expert
forecast

ER sensitivity of $ ¥ Sensitivity of P
Low 500/F Low The result
: - > : isa

Nominal 500 Nominal <
) ) multi-di...
High 2000/l High ™

Investment
decision

/

Success of
the venture

/

/

| 4
. Success of the
- Investment decision H venture
Invest The result Success | The result
Financial Expert is a multi : isa mult
. : Failur i
forecast DoNotlnvest I ailure

i -

H Expert forecast

B} Financial Gain Good The
Moderate result_ls
Expecte ... The re-li N a multi...

um
3

Y 5
&

[
29 X
isa B1F

Ok
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Elicitation of probabilities
Learning probabilities from data
Are parameters important?

@ Other relevant issues

/Strength of influence in Bayesian networks

« Because we have the entire joint probability distribution, we
can compute individual strengths of influences between
nodes

» It is essentially a measure of difference between conditional
probability distributions in a CPT.

Metastatic
Cancer

Increased
Serum
Calcium

Brain Tumor

Severe
Headaches
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Elicitation of probabilities
Learning probabilities from data
Are parameters important?

@ Other relevant issues

Value of information in Bayesian networks

« Because we have the entire joint probability distribution, we
can compute the expected value of observations and rank-
order them from the most to least informative.

» It is essentially expected cross-entropy between the targets
and the individual observations.

Metastatic
Cancer

Entropy./cost ratio: |1 — J Maze: |1 0 hd

Ranked Observations Diagnostic Value

Increased Serum Calcium  0.253 [ |
Brain Tumol| Coma 0.140 R I
Severe Headaches < 0.001

Increased
Serum
Calcium

Severe
Headaches
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@ Other relevant issues
Clarity test

o "Gas price in 2026" vs. "average regular unleaded gas price
taken over all gas stations within the city of Pittsburgh on
January 1 2026".

e "Market up or down" vs. "the market goes up means that the
Standard & Poor's 500 Index rises in 2026".

 The matter of clarifying definitions of alternatives, outcomes,
and consequences is absolutely crucial in real-world decision
problems. The clarity test forces us to define all aspects of a
problem with great care.
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