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Climate-informed models benefit hindcasting but present 
challenges when forecasting species-habitat associations
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Applications
– fisheries management

• e.g., stock assessment
• e.g., essential fish habitat

Objective
– distributions and/or densities    

as function of the environment

Species Distribution Models (SDMs)



Conventional SDMs
- spatial variation
- long-term mean conditions

Climate-informed SDMs
- spatial variation
- temporal variation
- year-specific environmental conditions

“static”

“dynamic”

Species Distribution Models (SDMs)
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Species Distribution Models (SDMs)

Temporal Variation

1982 → 2018
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Species Distribution Models (SDMs)

Temporal Variation

1982 → 2018
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Research Questions

Do dynamic SDMs improve our ability to:

hindcast species-habitat associations?

forecast near-term responses to climate change?
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Do dynamic SDMs improve our ability to:
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Alaska Fisheries Science Center, NOAA

Generalized Additive Models (GAMs), 1982 to 20182000 -2018
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Research Questions

forecast near-term responses to climate change?

Do dynamic SDMs improve our ability to:

hindcast species-habitat associations?

Resource Assessment and Conservation Engineering Division
Alaska Fisheries Science Center, NOAA

Generalized Additive Models (GAMs), 1982 to 2018

R2, % Deviance Explained, UBRE/GCV

retrospective skill testing (sensu Thorson 2019) 
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historical data

static models

dynamic models

hindcasting species-habitat associations
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Rel. Habitat
Importance

hindcasting species-habitat associations

hot spot
core habitat
principal habitat
EFH

↑ R2, ↑ % Deviance Explained, ↓ UBRE/GCV
complex dynamic models = best-fit 

* * * *



↑ R2, ↑ % Deviance Explained, ↓ UBRE/GCV
complex dynamic models = best-fit 
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hindcasting species-habitat associations



static models

dynamic models

forecasting species responses to climate change

historical data
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Research Questions

Do dynamic SDMs improve our ability to:

hindcast species-habitat associations?

Recommendations for SDM users:
• use retrospective skill testing for forecast model selection

• use caution when forecasting based on temperature

* * * *

forecast near-term responses to climate change?
• static models
• persistence forecasts from dynamic models



Can we talk about forecasting?
- modeling frameworks

- environmental covariates

- model specifications

- metrics for forecast skill
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Climate-informed models benefit hindcasting
but present challenges when forecasting
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Hindcast Model Performance
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Model Covariates 



Model Covariates 



Exploratory Modeling
Temperature Effects



Exploratory Modeling
Temperature Effects
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