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Overview: 2 forecasting projects

Ecology
Flow (ongoing)



Questions/objectives
Ecology

How will fish communities change in the future under different scenarios of climate 
& land-use change?

Which suites of traits are associated with ‘winners’ (habitat suitability gains) & 
‘losers’ (habitat suitability losses)

Flow

How will climate & land-use change affect flow regimes?



Connection to Chesapeake goals/outcomes



Rationale for 
method selection
Random forests

General:

Non-linear, complex relationships

Ecology (spatial):

Predictive power for forecasting (classification)

Flow (temporal): 

RF models with temporally lagged predictors performed 
similarly to or better than neural networks (LSTMs)

https://www.khstats.com/art/illustrations_draw



Ecology: model 
methods
Reponses

Habitat suitability (inferred by 
abundances as low, med, high) for 
different functional groups

Predictors

Natural landscape

Climate & land-use



Modeling framework

Abundance data

Low, medium, high

"habitat suitability"
~ predictors

{multiple future scenarios}



Ecology: model results

'Winner' traits

Generalist, warm-water, fine 
substrate, slow-water

'Loser' traits

Cold-water, clean substrate, fast-water



Flow: model context
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Flow: model 
results

REGION HM_TYPE NSE PHASE

VPU02 MIN 0.899 0.948

VPU02 MEAN 0.943 0.973

VPU02 MAX 0.881 0.94

VPU03W MIN 0.861 0.929

VPU03W MEAN 0.926 0.966

VPU03W MAX 0.851 0.926

VPU04 MIN 0.843 0.92

VPU04 MEAN 0.872 0.936

VPU04 MAX 0.741 0.876

VPU14 MIN 0.833 0.915

VPU14 MEAN 0.868 0.934

VPU14 MAX 0.857 0.927

VPU17 MIN 0.881 0.942

VPU17 MEAN 0.914 0.959

VPU17 MAX 0.864 0.932
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Challenges/gaps
Data limitation: small sample sizes for 
biology can be limiting for ML models

Uncertainty: how to handle 
uncertainty when using ML/AI outputs 
as ecological model inputs
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