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GeoAl and socio-environmental dynamics

..the application (and development) of ML/AI methodologies to
geospatial data, science, and technologies...”
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Extending the CBP modeling system >
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Chesapeake Bay Program
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Can we identify/model feedback loops? &@/
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Key social processes

1. Allocation

2.Planning BMPs
(WIP creation)

3.Implementation and
prioritization

4. \Verification



Computational framework
GeoAl + more “traditional” social dynamics models

Planning Behavior Implementation
Behavior

" Analytical approach + ~ GeoAl (XGBoost)
random forest predictive model

Model-based clustering Training data
l (WIPs, LULC, N/P/S load)

Agent-based

Ensemble learning Scenarios h model
(Random forest) (LULC, load) — XGBoost (Mesa/GeoMesa)

} \

Typology of planning behavior Projected
and its determinants | | WIPs

Output: management plans and implementation decisions
« Spatially-explicit (LRS and county scales)

» Reflective of priorities at multiple scales

 Responsive to changes in land use and load



(lots of) evidence for path dependency In
management practices
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Bitterman, P., and D. G. Webster. 2024. The
Collaborative Policy Modeling Paradox:
Perceptions of water quality modeling in the

‘ Chesapeake Bay Watershed. Socio-
‘ Environmental Systems Modelling 6:18677.
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Clusters of BMP planning behavior
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GeoAl (XGBOOS?) N - W - S

Spatially-explicit predictions
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Model predictions reflect localized past decisions
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The importance and challenges of integrating social science
In social-ecological systems modeling

« Not just HOW things change, but also WHY

Actions — dri i i "
/ Wit —-\ drivers rooted in social dynamics
logging, fishing, etc. . . .
« Social-ecological systems are complex adaptive
Human System Ecosystem
individuals, structure & functions SySte ms
groups, . . . “ ”
institutions » Modeling surprise? Failure? “Black swan” events?
X Ecosystem /  Ifit's not in the training data, can (geo)Al methods
Services PR "
fuel fibre, food, predict its occurrence”
o egulaton reeaton e » WE NEED MORE DATA ON SOCIAL SYSTEMS!

* Need to balance quantifiable aspects with the
gualitative nuances that shape decision-making

Social-ecological System
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