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BN modeling is useful for:

e data mining

e causal modeling

e representing expert knowledge

e combining expert knowledge and empirical data
e identifying key uncertainties

e much more !
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BNs provide a highly flexible network structure,
lending to integration with other modeling
technologies and approaches
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Dynamic
Bayesian
Networks -
DBNs

Marcot & Penman, 2019, Environ.
Mod. & Softw. 111:386-393.



Bayesian Decision Networks - BDNs

Prototype Decision-aiding Model

for Forest Management Forest Management Options
long rotation (= 120 yrs) 89.0000
Bruce G. Marcot conservation netwark 80.0000
U S. Forest Service short rotation (< 80 years) 160000
vers. 15 QOct 2014 / / \
Return on Investment (annual %) \ _
- 6.7 Timber Volume Froductl{:-n Old-growth Forest Area Early Successional Area
2Eta 5 6.7 low 33. 3 little to none 30.0 little to none 30.0
Oto 2.5 26.7 mm moderate 33.3 moderate 433 moderate 36. T
high 33. 3 most to maximum  26.7 most to maximum  33. 3

4121 | /
Harvest Cost / year Social Benefit \ /

Economic Objectives
none met 233 Environmental {}bjE{::‘tIVES
partially met 410 none met 53.3
fully met 30.7 i partially met 407
: full t 6.03
yoe Marcot,

unpub.
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Dynamic
Decision
Networks
- DDNs

mow lawn reseed
o] | —— '
N yes 60.0000
Bonoﬂi_ no  50.0000
grass length
long 100 p— |
short 0 B seed set
good o |
bad 100

N

value of nice green lawn

Unpub.



Structural Equation Modeling - SEM
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Bayesian
Neural
Networks

Lauret et al., 2008, Energ. Convers.

& Mgmt 49(5):1156-1166.
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Fig. 1. Sketch of a MLP with 4 mmputs and i hdden umits, m our case,
d= 14 (see Table 1). The output y 15 the next day's load at the same hour.




Human Factors Subnebtwork

uman habitat Prey Land use Cheatah uman popula. .
impact poaching remaval arowth

uman habitat Prey Cheetah
Prey Intraspecific
availability density
Pray Intraspecific Chestah ”:T:hf‘m
availability density removal p "
<

Immigrations
emigration

population viability

Object-
Oriented
Bayesian

Networks -

OOBNSs

Johnson et al., 2013, Ecosphere
4(7):DOI: 10.1890/ES12-00357.1



Agent-based Bayesian Networks

Agent A Agent B
Reasoning - D:rec.t > Reasoning " )
_/ “Interaction J
Action Action

Perception \/ Perception

Environment (e.g. land use)

Fig. 5. Direct and indirect interactions among agents. Source: Adapted from Janssen
and Ostrom (2006).

Sun & Miiller, 2013, Env. Model. & Softw. 45:15-28.



State-and-
transition
Bayesian
Networks -
STM-BNs

Marcot, unpub.

LWNF Lowland Wet Needleleaf Forest
Black Spruce Forest

prototype transition model

10 Oct 2018

B.G. Marcot, H. Genet, M.T. Jorgenson

Climate model

Ice content

Thaw/Active Layer Depth

Low
Moderate
High

Extremely high

Decreasing range

Normal range

Increasing range
Settlement

Extreme

No thaw no settlement
Thaw no settlement
Thaw low settlement
Thaw high settlement

/ Proximity to thermokarst wetlands

/ Yes
/ No
/ ‘-f'fr
Soil heat flux: Lateral
Absent
Present :

N

o

Hydrothermal regime
Firefrequency Fire severity \[\}Oge »

None ’ : ertical drier
Low : :ilg,::,e Vertical wetting
High f High Vertical shallow flooding

' g Lateral shallow flooding

\ / Lateral deep flooding

Fire regime

MNone

Low freq, low sev
Hi freq, low sev
Low freq, hi sev
High freq, hi sev

Transition from LWNF to ...

WLD Water-Lakes Deep
WLS Water-Lakes Shallow

LFM Lowland Fen Meadow

\-\_\1 LWB Lowland Wet Barrens
LWNF Lowland Wet Needle...
LLSD Lowland Low Scrub Di...

LDEB Lowland Dwarf Scrub ...

LTSB Lowland Tussock Shru...
LMMF Lowland Moist Mixed ..




BNs Within Things!

Developers, testers, appliers:

Dan, Denis, Wenjun,Erica and Sarah
2 IGNITIONS FUEL
) lgnition probability Time since fire &
o Number of ignitions Vegetation class or = —————= |
= Time of ignitions Time since fire &
Climate & Soil *
FUEL
TREATMENT
P ibed burni
l rescribed burning o z
S
O =
FIRE BEHAVIOUR MODEL = — —— - o @
% <
SUPPRESSION & E
Resources/effort —
Response time
. I
5 |
z
= FIRE METRICS HUMAN VALUES - — g
o
MecColl-Gausden et

al., 2022, Global
Climate Change
Biol. 28:5211-5226.




Low-lying Acacia Woodland,

Riparian Habitat (r) Thorn Scrub, Savanna (w)
present 0.3162 e®lr=true] present 0.8367 el®(w=true)

absent 0.9487 e®(r=false] absent 0.5477 eid(w=false)

AN

Bat Habitat
Riparian Woodland Good Poor
present  present 0.9487 eitiwtit  0.3162 e®iflwtrt
absent present 0.8944 eifitlwtrf  0.4472 eibiflwt.rf
present absent 0.8944 g®tiwirt  0,4472 eiflwhrt
absent absent 0.7071 e®tiwtrt0.7071 el®fIwirf

Figure 4. EcoQBN representation of the occurrence of two environments and their combinations to

form quantum conditional probability values of the habitat quality for yellow-winged bats.

Quantum
Bayesian
Networks -
QBNs

Marcot, 2021, Entropy 23(4):441



What s cNext ... ??

* Real-time applications & updating ?
* Crowd-sourced BNs ?

* Big Data BNs ?

* Self-organizing BNs ?

Where ... to ... next ??
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