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Sources of Uncertainty

Complexity

lgnorance Physical randomness

* Solution: Probability Theory



The reasoning process

1. Start with a beliefin a
proposition

“The imported mango is
infested with a pest”

“The patient has lung
cancer”

“The applicant will pay back
the loan”

“Sales of a product will
increase”

| “Beliefs”
¥ J e Very unlikely

* 1% chance

* Oddsof100to 1
* 0.01 probability
From

e Gut feeling

/; * Expert opinion

e Pata



The reasoning process

1. Start with a beliefina 2. New information
proposition A becomes available

“The imported mango is ',-%‘9' “It is from a country where
infested with a pest” the pest is endemic”

“The patient has lung “The patient is a smoker
cancer” and has a cough”
“The applicant will pay be (_@ “The applicant defaulted
) LOAN APPRovgﬁ] . »
the loan e on a previous loan

increase” for safety reasons”

“Sales of a product will /" “Some models are recalled
sALES
|

3. Update your beliefs But how?



Probability theory for representing uncertainty

* Propositions are either true or false
“Patient has cancer”
 Assigns a numerical degree of belief between O
and 1 to propositions
P(“Patient has cancer”) = 0.001
prior probability (unconditional)
* We can now represent the impact of evidence
on belief
P(“Patient has cancer | positive mammogram”) =0. 8

 Conditional probability
 Or, posterior probability (by way of Bayes’ theorem)




The Bayesian approach
~ * Represent uncertainty by
-~ probabilities
g * Use Bayes’ theorem:
i h = hypothesis
e = evidence

Starting
belief="prior’
P(h|ey== P(elh) x P(h)
New belief P(e)

The Rev. Thomas Bayes
17027-1761



Estimating Risk

Scenario: An athlete is tested for steroid use and the
test comes back positive.

You know that:

* Onein 100 competitors are thought to take
steroids

e The test isn’t always accurate
False positive rate: 10%
False negative rate: 20%

Q. What is the probability the athlete is a drug cheat?



Bayes’ Theorem for Estimating Risk

Suppose:

* h = ““the athlete 1s taking steroids™ h = hypothesis

e = “test result is positive” € = evidence

And: Old belief
nda. P(h|e)«=P(e|h) x P(h)

* P(h)=10.01 (one in 100 people) New belief / P(e)

* P(elh) = 0.8 (true positive .r’flte) kelihood

* P(elnot 1) = 0.1 (false positive rate)

What is P(hle)?  ~ 0.075 (7.5%)

In general, people can’t do Bayes Theorem (well) off hand!

And how do we scale up to X, X5, ..... X005 ---- X000 ??



Bayesian Networks

Developed by graphical
modeling & Al
communities in 1980s for
probabilistic reasoning
under uncertainty
Many synonyms

— Bayes nets, Bayesian belief

networks, directed acyclic

graphs, probabilistic
networks

| Judea Pearl
2012 Turing
Award



Probabilistic Graphical Models

For a .. capture the process ...and quantify
target system... structure (not black box) the uncertainty
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Why use models?
* |Increases understanding
e Supports decision making

 Use new data and evaluation to improve over time



Native Fish Example

A local river with tree-lined banks is known to contain
native fish populations, which need to be conserved.
Parts of the river pass through croplands, and parts are
susceptible to drought conditions. Pesticides are known
to be used on the crops. Rainfall helps native fish
populations by maintaining water flow, which increases
habitat suitability as well as connectivity between
different habitat areas. However rain can also wash
pesticides that are dangerous to fish from the croplands
into the river. There is concern that the trees and native
fish will be affected by drought conditions and crop

pesticides.
See http://bayesianintelligence.com/publications/TR2010 3 NativeFish.pdf



Bayesian Networks - Definition

(Pesticide Use )  ( Drought Conditions ) (" Annual Rainfall ) A graph in which the
following holds:

1. A set of random
variables = nodes in

v v v network
(Pesticide in river ) (River Flow ) ( Tree Condition ) 2| A set of directed
arcs connects pairs
of nodes

( Native Fish Abundance )

Structure represents the
causal process.
(Anything missing?)



Bayesian Networks - Definition

(Pesticide Use )  (Drought Conditions ) (" Annual Rainfall )

/

h 4
(Pesticide in river )

River Flow

(" Native Fish Abundance )

(Tree Condition )

P(FishAbundance |
PesticidelnRiver, RiverFlow)
Pesticide | River || High Medium Low
in River Flow
High Good 0.2 0.4 0.4
High Poor 0.01 0.1 0.89
ow 00 . : :
Low Poor 0.05 0.15 0.8

A graph in which the
following holds:

1. A set of random

variables = nodes in
network

2. A set of directed arcs
connects pairs of
nodes

3. Each node has a
conditional
probability table (CPT)
that quantifies the
effects the parent

nodes have on the
child node

4, It is a directed acyclic
graph (DAG), i.e. no
directed cycles

IWORST CASE

BEST CASE
Each row sums to 1



Before you know anything
(no evidence)

Annual Rainfall

Pesticide Use Drought Conditions 5o 00
: —T— — T elow average :
E'gh ?gg Ees ?gg Average 70.0
o ' 0 ' Above average  20.0
Pesticide in river River Flow Tree Condition
High 57.0 Good 56.1 Good 67.1 p—
Low  43.0 Poor 439 Damaged 27.7
Dead 5.20

Native Fish Abundance
High 257 mm
Medium 22.4

Low 519

(Screen shots from the Netica BN software)



Diagnosis

Causes
Pesticide Use Drought Conditions Sl Annual R?;n;all
Figh 91,0 e Yes  77.2 [ fverage 744 jm—
Low 9S.05m : | ¢ No 22Cmm @ | Above average  7.70

Pesticide in river River Flow Tree Condition

High 58.7 Good 133m: @ | Good of @

Low  41.3 e Poor 867 Damaged Of ¢
Dead 100

Native Fish Abundance

High o T T Effects
Medium 0 (BRI

Lowe 100 -




Pesticide Use

High
Lowy

90.0
10.0

High
Lowy

75.0
250

)

Pesticide in river

Prediction

Causes

Drought Conditions

Yes o :
Mo 100

Annual Rainfall
Below average 0|
Average 0
Above average 100

L 4

River Flow

Tree C

ondition

99.0
1.0

Good
Poor

Good

Damaged
Dead

Native Fish Abundance

High
Medium
Lowy

34.7
33.5
31.6

90.0
9.00
1.0

Effects




What next?

e Have model
 Have estimates of posterior probabilities

Q. How do we use these probabilities to inform
decisions (about action or interventions)?



Risk Assessment — the decision-theoretic view

Risk = Likelihood x Consequence

P(Outcome|Action,Evidence)  Utility(Outcome|Action)

Definition (Expected Utility)
U(A|E) ZP i|E,A) x U(G;|A)

Decision making 1s about reducing risk
or “maximising expected utility”



Decision network = BN + decisions + utilities——==
100

El Mino
MNeutral 0
La Nina 0

Annual Rainfall

Pesticide Use Drought Conc!iti9n§ - it

High -12.745 Yes 100 — elow average :
Low 63.2860 Mo Of & & ¢ Average 15.0
' Above average  10.0

~

<Pesticide Cost >
h 4 ==
Crop Yield Irrigation Uil Corldltlo:I .
Low B84.7 No T 18.3

< Imigation Cost >

< Landholder Income >

Pesticide in river River Flow
High 26.5 mm Good 112m ;i ¢
Low 735 Poor 88.7

N/

Native Fish Abundance

High 9.45m | < Environmental Value >

Medium  15.2
Low 7583




Our methodology

1: Build a model 2: Embed model in

e E.g. Variables: patient’s details, decision support tool
diseases, symptomes, Diagnosis
interventions

* Costs/benefits: eg. S, QALY

* Prognosis
. Treatment

. Risk assessment

— PE— *  Prevention

7 \

Revise & Build

P(FishAbundance | e s
PesticidelnRiver, RiverFlow) Extrap
Pesticide | River |[High | Medium | Low =
in River Flow E:ﬁ
High Good 0.2 0.4 0.4 S oz
High Poor | 0.01 0.1 0.89
Low Good | 08 0.15 0.05 §om
Low Poor 0.05 0.15 0.8 s ::;z
= Review

Current 10 year CHD risk: 13. 21/




Bayesian networks for fog forecasting
(Collaboration with Aus Bur. of Meteorology)

Environment Will there be a fog
@& before 9am tomorrow

morning?
®

Fog warning
Decision?

Regano )

(G radient ) ( LapseRateSpm

)

Moisture SternParkvn )

\\\\\\\\\\\\\\\\\\\

Predictors

Guidance

Phase 1: (Boneh et al, 2015)

In use by weather forecasters in Melbourne since 2006



Bayesian networks for fog forecasting

Wvis-(9pm) Wvis-(midN) Wvis-(3am)
<25 0.46 <15 0.43 <15 0.86
25-55 0.82 1.5-25 0.32 15-55 1.57
55-185 767m 25-115 388p o| 55-145 376
—_— » —_—
185-26 150 mm 115-255 182 mm 145-21 914 m
26-36 38.7 —— 255-36 37.7 —— 21-335 36.5
>=36 37.4 p—— >=36 39.5 p—— >=335 48.1 ——
210 + 290 220 + 300 261+310
n) F+F(midN) F+F(3am)
0.19 fog now 0.43 fog now 0.89
0.25 fogin 0-3hr (fog1)  0.48 ® fogin 0-3hr (fog1) 0.94
31 fogin 3+hr(fog2) 2.63 fogin 3+hr(fog2) 1.70
96.4 - Fwithin3h(9pm) nogfog (fog2) %5 - Fwithin3h(midN) nogfog (fog2) %5 [ Fwithin3h(3am)
fog in the 3h interval \ \ foginthe 3hinterval  0.91 \ \ foginthe 3hinterval 1.82
no fog no fog 99.1 no fog 98.2

fognow 0.43
no fog 99.6

fog now
WvisClear-(midN) no fog

<15 0.41 Ftonight(3am)

fogtonight  3.54 ] >=15 996 fogtonight 252 111 ==150N985 I 5
no fog 96.5 ; /498*290 no fog 6.5 |— /493+290 no

WvisClear-(9pm)

<15 023
>=15 998 jum
499 £ 290

WvisClear-(3am)
<45 174

¥

¥

dN)

- "e“”;'g”"‘) delta-F2-(9pm) t"e“a'r‘:)‘(;g“’") deltaF2-(midN) - de"a'F;';ia'“) deltaF2-(3am)
nse 5 onse X onse L
learance 0+ 7 ﬁls;::zcz ?gg clearance  .007 o EI:;::::CZ (1](113 clearance  .020 Sg;:gﬂcee ggg
ochange 99.5 ——— 9 nochange 99.5 p—_" /g( nochange 99.0 p—_" /g(
/ / /
/ / / / / /
. / . / = /
pm) S/ Clear-if-Clearance-(midN) S/ Clear-if-Clearance-(3am) S/
——— / na 100 p—— / na 100 p—— /
[0to 0.25] 0+ [0to 0.25] 0+
/ (0.25t005] 0+ / (0.25t005] .002 /
(0.5t0 1] 002 (0.5t0 1] 007
/ Clear-if-Onset-(9pm) (1t02] .003 S Clear-if-Onset-{midN) (1t02] .009 /S Clear-if-Onset-{3am)
/ na 99,5 — (2t03) 0= / na 99,5 fm— (2t03] U= / na 99,1 jmmm—
[0 t0 0.25] 0+ 052029 - [0to0.25]  .001 05+029 [0to025]  .002
Onset-(9pm) (025t005] 0+ Onset-(midN) (0.25t00.5] .002 Onset(3am) (0.25t00.5] .003
na 998 (0.5t0 1] 002 na 995 (05t01] 004 na 991 (0.5t0 1] 009
[0t0025]  .002 (1t02] 008 [0to025]  .002 (1t02] 015 [0t0025]  .005 (1t02] 030
(0.25t005] 013 (2to 3] 016 (0.25t005] 020 (2to3] 029 (0.25t005] .042 (2to 3] 058
(0.5t0 1] 0.12 (3t 8] 096 (050 1] 0.22 (3to 6] 0.18 (0.5t0 1] 043 (3to 6] 038
(1t02] 0.11 (6t012] 0.12 (1t02) 0.24 (6t0 12] 0.24 (1102 045 (610 12] 045
(2t0 3] 0+ =12 002 (2t03] 0+ >12 003 (2t0 3] 0+ >12 007
0.496+03 -0.482+0.56 0.492+0.31 -0.465 + 0.69 -0.485+0.33 0432093

Stage 2: 2013-15 Research project (prototype) (Boneh et al.
In preparation)

e Explicit temporal modelling, predicting time of onset and clearance
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~y  Case Study: Modelling Willows
=== (in St. John’s River Basin, Florida)

| Experiment t )-2011

Plant and seed collectic

1ficial Islands




DBN Example: Modelling .7 ---__ VR

Willows (in St. John’s v Sapling * BurntAdult

River Basin, Florida) v NI \J

!’ Yearli
(Wilkinson et al., 2013) e

Scenarios

/i
Y T 1
= Soil_Type
(" Available_Water_Spring Available_Water_Survival )
h 4 AN
k ("Available_Water_GrowingSeas )
(Available_Water_Germination '}

Willow life-history stage transitions

Vegetatlon

A

Enough Bare Ground

y

/
‘ te ansitio

Adult Transutlon .
Unoccupied 0] i & @
Sapling 0 [RRiNNi
Adult 0[mim

3\ Y

Level of Cover

Level of Cover
(T+1)

Sapling_Transition
Unoccupied of { i ¢
Sapling 0 [RRiNi
Adult o (IR
NA i

Stage (T+1)

Unoccupied 61.3 r
Yearling 38. '(l)

Unoccupied 100

Yearling o 1\
Sapling 0 [RRiNine| Sapling
Adult 0 | \ Adult 2

Yearling_ Transutlon
Unoccupied of + ¢ ¢ /
H H H

h 4 - —
@—P; Seed_Production )  ("Proportion_Germinating ) Noninterv_YearlingTransition ﬁzplmg 108 i é
ize

('Seedling_Sunvival_Proportion )
/ \ UnOcc_Transition

{_Seed_Availability #( NumberGerminating —®{ NumberSurviving } »{ Unoccupied 61.3 mmmmn
g g }
Yearling 387




Architecture of the Integrated Management Tool

GIS data

ST-DOOBN:
State-
Transition
Dynamic OO
Bayesian

Network

Seed Production
& Dispersal
Spatial OO

Bayesian
Network

cell size = 100m x 100m (1ha)

dalh |

(Chee et al., 2016)

=== Canals

0 Cattail
- GrassSedgeMarsh

Sawgrass
" HerbaceousMarsh
B WillowSwamp
] MixedShrub
B Treelsland
B HardwoodSwamp
OpenWater

- Levees



—

~
4 N\
4 \
\
4 /
~

~— -—-/

U —

~Rooted Basal .

‘Willows ST-OODBN,

Environmental
Conditions

{ Stem Diameter y

ap——_S—
-
74

Transition From
Unoccupied

Ly

Transition Frorh

{  stage (T) ’
N
~ pa e
NS== ~

4 N
/ Cover \

——

Yearling

Transition From

Sapling

\

< . (1 &’

—_—

A |

Transition From
Adult

Transition From
Burnt Adult

Rooted Basa
Stem Diameter
(T+1)



Modelling Seed Production

‘WillowSeedProduction, ny ot
#Rooted Bassiy S,
D, Ca )

S~

e

SeedsPerStem =1 * F* S

Average Canopy
Area
Inflorescences
where

I 1s number o orescences
F 1s the number frui
\ Inflorescence

inflorescence
SeedsPerHA = SeedsPerStem * NumberOfStemsPerHA

Adult Stems

S 1s number of seeds per fruit
J




Application of BNs for complex environmental

management: Western Grasslands Reserves
(DSE Project 2012-2013) (Sinclair et al., In Preparation)

e 10,000 ha to be restored
to native grasslands over

10-20 years

e Task: build a dynamic BN
to evaluate “what-if”
scenarios over 20 years

— a range of management
strategies

— for a variety of land types

— explicitly representing
costs and environmental
values




Pest distribution
(GIS 1.1.5)

Forest productivity
(GIS 1.1.4)

Forestry history

Topography
(GIS 1.1.3)

(GIS 1.1.2)

Meteorology
(GIS 1.1.1)

BNs for Risk assessment for Log
Exports in NZ

Collaboration with SCION (NZ timber research)

Temperature dependent
development
(simulation 2.1.1)

Deadwood
(simulation 2.1.3)

Dispersal kernel
(simulation 2.1.2)

Deadwood

Dispersal kemel
(GIS 1.2.3)

(GIS 1.2.2)

Temperature dependent
development
(GIS 1.2.1)

Mature adults Flight conditions C Source po};;ll\!ago; 3preval:nce D
(BN2.2.2) (BN 2.2.3)

(BN2.2.1)

Source population prevalence
(GIS 1.3.3)

Flight condtions
(GIS 13.2

Potential sink population prevalence
(script/BN 2.2.5)

Potential sink population prevalence
(GIS 1.3.5)

Mature adults
(GIS 1.3.1)

Local population prevalence
(BN 2.2.6)

Local population prevalence
(GIS 1.3.6)

Forestry history
(log tag DB 1.1.6)
—
AA
Pestinfestation rate
(BN23.1)

Pestinfestation rate
(DB 1.4.1)

A /

Log pest prevalence
(Script 2.3.2)

Log pest prevalence
(DB 1.4.2)

Log batch pest prevalence
(Script 2.3.3)

Log batch pest prevalence
(DB 1.4.3)




BayesWatch: BNs for anomaly detection in
tracking (Collaboration with DSTO) (Mascaro et al., 2014)

e Task: Detect anomalous
behaviour of vessels, cars,
pedestrians

* Originally used AIS data from

vessels in Sydney Harbour

~* Apply BN learning to build
models of behaviour

e Combines Time series BN +
Track Summary BN

e Use metrics to assess
anomalous tracks




Modelling bushfire prevention &
suppression (Penman et al., 2015)

e1 Development | - -
T Topo
position ,
Vegetatlon
Distance to type Eff:?ctlve
vegetatlon S Ope

* Ignition
‘ potential
Housing . ‘
G ®
“ . Ignition
- exposure

‘ f Init Conditions Temporal Piate (10 time steps) Term Conditions |
- T House ‘
preparedness
‘ - < House
| ‘ l_;nmo ¥

Ignmon

_type ‘
A

Suppression
used

Suppression N\ | —=
Access !
4

(Screen shot|from the GeNle BN software)




Medical Risk Assessment: Heart Disease
(Nicholson et al., 2008; Flores et al., 2011)

SBP, mmHg
0-100 0
100 - 120 0
120 - 140 0
140 - 160 100
>160 0

DBP, mmHg

0-70
70-80
80-90 291
90 - 100
=100
7

Sex

male 100
female 0

AHT

Diahetes
yes 0| i i
no 100
CHD

yes 13.2
no 86.8

Saps 10 2i J5i!

Total chol,

mmol/L

LVH
yes 880m |

0-5
5

0
-6 0
>b 100

0-1
1-15
>15

HDL chol, mmol/L

100
0
0

'/

10-yr Risk of Event (%)
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Simple BN model: NZ apples Import Risk Assessment
(Wintle et al., 2014). Example of ‘what-if’ reasoning

|

Infestation Rate (of apples) Transmission Pathways |
High 0 Volume of Trade | MatureApples 100 | ——
Moderate 0 15010200 100 [e—— | NothatureApples 0
Low 0 100to 150 0
YVeryLow 100 — | 50 to 100 0 Mode of Trans port
ExtremelyLow 0 0to50 0 RetaiRGady ol
Neglgble g 175+14 BukBins 100
255+1.4 7
/
\ ¥ /
Importation (of pest) Dis tribution (across lands cape)
High 0 High 5.00
Moderate 0 Moderate 90.0 —
Low 400 Low 5.00
VeryLow 600 YeryLow 0
Extremely Low 0 Extremely Low 0
Negligible 0 Negligible 0
853+87 501+ 16 Bacteria Sufficient
* A/ Yes 100 m—
No 0
Entry (into environment)
High 0 Es tablishment /
Moderate 0 High 500
Low 31.4 p— Moderate 90.0 n—
WerylLow 68.3 Low 5.00
ExtrerrelyLow 030 VeryLow 0 Vector (Flies)
Negligible 0 ExtrermelyLow 0 =
Ne gligible 0 es 100
724481 L No ol
\ 501 +£16 / E—
Entry & Establishment Spread
High 0 High 5.00
Moderate 0 Moderate 90.0 pe————
Low 214 - Low 5.00
YeryLow 78.3 p——— VeryLow 0
ExtrerelyLow 030 ExtremelyLow 0
Negligible 0 Negligible 0
57371 50.1+16

N

Overall PEES

High 0
Moderate 0
Low 165 m
YeryLow 025 p—
ExtrerrelyLow 069
Ne gligible 0

5.01+6.4

(a)

Australia’s assumptions

Infes tation Rate (of apples) Transmission Pathways
High 0 Volume of Trade MatureApples ol @ @
Moderate 0 150 to 200 of : NothatureApples 100
Low 0 100 to 150 0
WerylLow 100 50 to 100 100 Mode of Trans port
ExtremelyLow 0 0to 50 0 : =
L RetailReady 100
Negligible 0 75+ 14 j
BulkBins 0
255+14 ~
\ 4 /
»
Importation (of pest) Distribution (across lands cape)
High 0 High 0
Moderate 0 Moderate 0
Low 0 Low 0
WerylLow 100 p—— YeryLow 0
ExtrermelyLow 0 ExtremelyLow 5.00
Negligible 0 Negligible 950 ——
255+1.4 000255 +0.013 Bacteria Sufficie nt
* / Yes O [———
Mo 100
Entry (into environment)
Figh 0 Establis hment A/
Moderate 0 High 0
Low 0 Moderate 0
WeryLow 0 Low 0
ExtrermelyLow  4.00 Yerylow 0 Vector (Flies)
Negligible 6.0 p— ExtremelyLow  5.00
0.00205 +0.011 Negligible 95.0 p—
\ 0.00255 £0.013
Entry & Establishment Spread
High 0 High 0
Moderate 0 Moderate 0
Low 0 Low 0
VerylLow 0 VeryLow 0
ExtremelyLow 0 ExtremelyLow  5.00
Negligible 100 ——— Negligible 95.0 p—
5e-5+2.9e-5 000255 £0.013
Overall PEES
High 0
Moderate 0
Low 0
VerylLow 0
ExtremelyLow 0 ( b )
Negligible 100 p———
5e-5+2.9e-5

NZ assumptions



NZ Apples BN (wintle et al., 2014)
Explicit handling of quantities (of product)

T Points of Contention
(Bacterium, Flies)
NZ (Vol)
X z X Wild
D 1~ Batterium Bacterium
Dt~ Fly Vector tt~ Fly Vector Fly Vector
Aus (Vol) . x i - S -
VolIT
o Exposure Groups (EG)
Volume WUUP Orch PPEESEGUP PPEESEGUP PPEESEGUP PPEESEGUP
VolT Waste Units Waste Units Waste Waste Units
of Trade PAD —_— X X
WUUP EGUP PPEESEGUP P> PPEESEGUP PPEESEGUP
WUUP Urb PPEESEGUP PPEESEGUP PPEESEGUP PPEESEGUP
VolT Waste Units Waste Units || Wast Waste Units
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