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How will climate change
affect species distributions?

How will range shifts affect
protected lands?

How can we address climate
change in the conservation
planning process?
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1. Background




Background: Bioclimatic Models

Climate-envelope or niche models

Current ranges modeled
as a functions of current
climate

Predicted future (or past)
climate used to predict
future (or past) ranges




Background: Bioclimatic Models

- Statistical Models

* Machine-learning based
Models




Background: Bioclimatic Models

Limitations

Modeling approaches
generally can not account for
many processes including:

-Dispersal
-Biotic interactions
-Adaptation

‘No one modeling approach
works the best for all
species.




Overview

2. Comparison of methods




What are the implications of
using different modeling
approaches for predicted

range shifts?

Does one modeling approach
consistently outperform the
others?
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- Current geographic ranges

- Current climate
 Predicted future climate
- Current land cover

* Predicted future land cover




Current Geographic Ranges

- Digitized range maps
- Presence/absence

» 100 randomly selected
mammals

* Ranges > 50 cells

(Patterson et al. 2003)




Current Climate Variables
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* Temperature of coldest month

- Temperature of hottest month . g ., M2 aNNUA

* temperature

* Degree days > 5°C

* Mean annual precipitation

* Precipitation in coldest month

* Precipitation in hottest month
* Precipitation in wettest month

* Precipitation in driest month

(Leemans and Cramer 1991)




Current Land-Cover Data

Potential vegetation

from a process-based
model (MAPSS) (Neilson 1995)

current potential
vegetation

Tundra

Agriculture and urban- i

Boreal Conifer Forest y ' 3 o A W
Termperate Evergreen Forest 'SEuiii it
SUbur‘ban Iand from Temperate Mixed Forest R
. . Tropical Broadleaf Forest LN
SGT@“ITZ |mager'y L SavannaMoodland
‘ Shrub/Moodland
Grassland
B Arid Lands

50 land-cover classes



Predicted Future Climate

mean anpual

- HADCM?2 ' temperature
- IS62a “
-+ 2061-2090




Future Land Cover Data

Taiga/Tundra
Boreal Conifer Forest

Temperate Mixed Forest

* Predicted potential

vegetation
(MAPSS) (Meilson1995)  [Friites

Grassland
Bl Arid Lands

» Agriculture and
urban-suburban
land held constant




Comparison of six approaches

* Generalized Linear Models (GLM)

- Classification Trees (TREE)

» Generalized Additive Models (GAM)
* Random Forests (RF)

» Artificial Neural Networks (ANN)

* Genetic Algorithms for Rule-set Prediction
(GARP)




Generalized Linear
Models

* Logistic regression models with
linear and 2" order polynomial

terms

- Stepwise model selection
(forward and backward
selection with AIC)



Classification Tree
Models

- Binary recursive partitioning

» Cross-validated pruning using a
1-SE selection method.

Breiman et al. 1984




Generalized Additive
Models

* Penalized regression
splines

* Variable selection
based on smoothness
penalties and
shrinkage parameter

Wood 2000




Random Forest
Classifiers

Model averaging

Classification tree models b

Random subsets of i
observations and predictor ({Seas
variables

500-tree forests

Breiman 2001




Artificial Neural
Networks

* Feed-forward
» Single hidden layer of 8 nodes
» Logistic activation function

» Averaged the predictions of 10
networks

Ripley 1993, 1996




Genetic Algorithm for Rule-Set
Prediction
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Training data sets:
80% of presences

807% of absences

Testing data sefts:

20% of presences

20% of absences
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Pole-ward range shift

(random forest model)

Fisher, Martes pennanti

. Absent :
B stable 2N

Sy

Expansion

Jl Contraction




Range expansion

(artificial neural network model)

. Absent Black Tufted-ear Marmoset

. Stable

Expansion

Jl Contraction




Range contraction

(random forest model)

. Absent Collared Tuco-tuco,

. Stable Ctenomys torquatus

Expansion

Jl Contraction




[] Absent
L] stable
. Expansion
[_] Contraction

Bidentate
Yellow-eared
Bat




[] Absent
L] stable
. Expansion
[_] Contraction

RF ANN GARP

Black Tufted-
ear Marmoset




Range Contractions

Unlimited dispersal

B > 509 range loss
B > 75% range loss
. complete range loss
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. Correct absence
. Commission error
. Correct presence

. Omission error

RF

Bidentate
Yellow-eared
Bat




. Correct absence
. Commission error
. Correct presence

. Omission error

RF

Black Tufted-
ear Marmoset




Errors and Predictions

GARP MODELS

Black Tufted-ear
Marmoset

D Correct absence D Absent
. Commission error D Stable
D Correct presence . Expansion

. Omission error D Contraction



Bidentate Yellow-
eared Bat

D Correct absence
. Commission error
D Correct presence

. Omission error

Errors and Predictions

TREE MODELS

D Absent
L] stable
. Expansion
[_] Contraction



Model Comparisons

7 correct presences
7% correct absences

AUC: Area under the
receiver-operating
characteristic (ROC)
curve

Kappa




Correct presences
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Correct absences
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Overview

3. Investigation of errors




Do model errors vary
systematically by geography or
species?

What is the spatial
distribution of model errors?

How do taxon and range size
affect model accuracy?
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Current Geographic Ranges

- 3,756 birds
(Ridgely et al. 2003)

*+ 1561 mammals
(Patterson et al. 2003)

» 1,616 amphibians

(TUCN, Conservation
International, and
NatureServe. 2004)
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Commission Error Rates for Birds ‘ v

B <o
1-2%
2-3%
3-4%
4-5%
5-10%
>10%




Omission Error Rates for Birds

B <
1-2%
2-3%
3-4%
4-5%
5-10%
>10%




Omission Error Rates

Mammals Amphibians




Correct Presences
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Correct Absences
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Effect of Range Size on Commission Errors
Clige)
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Effect of Range Size on Omission Errors
Clige)
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Effect of Range Size on Omission Errors
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Measures of Accuracy

o Spp with > 80%

% spp with AUC > correct

Taxon 0.90 presences

Amphibians 74 32
Birds 95 55

Mammals 93 56




Overview

4. Conclusions




Conclusions

1. Different models can
produce drastically
different predictions.

2. Model averaging may
provide a highly accurate
approach (e.g., Random
Forest models).

3. Uncertainty varies
geographically.




Conclusions
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4. Effects of range size on
model accuracy may
generate bias.

5. Current estimates of model
accuracy likely overestimate
performance (AUC, Kappa).




What can we give conservation planners?

Relative vulnerability of areas
to climate change.

General rules of thumb for
conservation planning.

And...
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