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A Bayesian view of exploratory
modeling
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Variable 2

Scenario discovery

Key issue: If scenario
outcomes are multi-
dimensional, how to
define outcomes?
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Threshold-based Method
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e Outcomes might not conform
neatly to threshold boxes

* Thresholds may not be
meaningful in a decision-
making context

e Decision-makers might not be
able to agree on thresholds



An Alternative Method:
Clustering Outcome Data

Simple example using an agent-based
model

Documented in:
Gerst, MD, et al. 2013. Environmental Modelling & Software 44:62-75.
Gerst, MD, et al. 2013. Environmental Modelling & Software 44:76-86



15t generation domestic energy-economy
model overview
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15t generation domestic energy-economy
model overview
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15t generation domestic energy-economy
model overview
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Simulation of carbon tax w/ recycling to carbon-free
R&D
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Levelized Annual Carbon Emissions (tonnes COZ per hh)

Multi-Dimensional Scenario Discovery
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Pruning classification tree
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Levelized Annual Carbon Emissions (tonnes CO2 per hh)

Classification Tree
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Combining cluster and
thresholds

Another simple example ... leading to
more questions than answers



Take previous model and add in ...

Probabilistic Probabilistic fossil
population growth fuel costs and
for the US resources
10r '
700 ;
Min a9} :
650 —Median ’
” Max al |
. 7 / / | And an
5 s 4 | | adaptive
£ 500} © | ] :
: o / carbon tax
S 450 2 )
2 00 f‘g) aT / to meet
" ¥ / i RCP4.5
350F — — f ;
" o ol —— - 2 J " = 3 2 o -
300F -~ kT Min
3 1 , — Median
2504 - Max
2000 2020 2040 2060 2080 2100 Oy q00 200 300 _ 400 500 600
o Resource (1000 EJ)

Documented in: Wang, P et al. 2014. in Energy Modeling in the 21st Century. ed. H. Qudrat-Ullah.
Springer.
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Cumulative emissions (Pg C)

Resulting clustering
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Error cost

Classification tree error costs
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terminal nodes (~20)
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Also, difficulties
encountered in forming
well-defined scenarios



Final thoughts

. Consider more outcome variables (e.g., energy inflation
index as a proxy for cost)

. How to consider time-dependent nature of predictors and
response variables?

. Reduction of number of predictors?



