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How climate changes affect worldHow climate changes affect world’’s biota?s biota?

Evolutionary level
Selection for/against life-history traits, speciation, extinction

Community/Ecosystem level
Changes in diversity patterns, ecosystem processes

Species/Population level
Changes in distribution and abundance



From: Davis & Shaw (2001), Nature

Climatic changes alter plant distribution:
evidence from the past



Climatic changes alter plant distribution:
contemporary evidence

Based on: 
Parmesan & Yohe (2003), Nature

Type of Analysis Changed as 
predicted 

Changed opposite 
to prediction 

P-value 

Phenological changes 
   Earlier timing of spring events 
   Significant changes = 484/678 (71%) 
 

87% 13% < 10-13

 Distributional  changes 
   Poleward/upward range shift 
      
  Cold-adapted species declining and
   warm-adapted species increasing 
 
   Significant changes = 460/920 (50%) 

80% 
 

85% 
 

81% 

20% 
 

15% 
 

19% 

 
 
 
 

< 10-13

  Meta-analysis 
 

   Range-boundaries  (n=99) 
         
   Phenologies  (n=172) 

6.1  km m-1 per decade 
northward/upward shift 

 

2.3  days per decade 
advancement 

 
0.013 

 
< 0.05

Based on data for 1598 
species of trees, herbs, 

shrubs, marine 
zooplankton & 

invertebrates, butterflies,
fish, amphibians, reptiles, 

birds and mammals



Forecasting plant response to climatic changes:
sources of uncertainty

Model Uncertainty
Key underlying processes are missing in the model

Parameter Uncertainty
Parameter estimate is likely across a wide range of values, 
often due to limited sampling

Inherent Uncertainty
The variance in the response variable induced by stochastic 
processes that is inexplicable by other uncertainty sources.



Forecasting plant response to climatic changes:
modeling approaches

Bioclimate Envelope Models (Bioclimate Envelope Models (BEMsBEMs))

Niche profile

Predictive mapActual distribution map Observations



From: Segurado& Araujo (2004), Journal of Biogeography

Forecasting plant response to climatic changes:
modeling approaches

Bioclimate Envelope Models (Bioclimate Envelope Models (BEMsBEMs))
(also called Bioclimatic Models, Niche(also called Bioclimatic Models, Niche--Based Based 

Models, Climate Equilibrium Models and alike)Models, Climate Equilibrium Models and alike)



Bioclimate Envelope Models (Bioclimate Envelope Models (BEMsBEMs))

Forecasting plant response to climatic changes:
modeling approaches

Major model uncertainty problems:
BEMs do not account for

1. System Dynamics
2. Biotic Interactions
3. Evolutionary Change
4. Dispersal



Bioclimate Envelope Models (Bioclimate Envelope Models (BEMsBEMs))

Forecasting plant response to climatic changes:
modeling approaches

The importance of dispersalThe importance of dispersal

Two climate change scenarios
The B1 scenario - constant or gradually declining 
human population, rapid change toward a service 
and information economy, reduced use of natural 
resources and the use of clean and resource-
efficient technologies (“optimistic”). 
The A2 scenario - continuously increasing human 
population, economic development primarily 
regionally and fragmented (“business-as-usual”)

IPCC (2001)
Applied to 26 European forest herb species

Climatic variables:
Growing Degree Days (GDD) 

→ heat requirements
Absolute minimum temperature 

→ cold tolerance
Water balance 

→ moisture requirements



From: Skov & Svenning (2004), Ecography

Examples of distribution maps

Can plant species Can plant species 
spread so fast?spread so fast?

2100

Required minimum spread rate for 
tracking the potential range shift:

B1 scenario: 2.1 km/year
A2 scenario: 3.9 km/year



Can plant species spread so fast?Can plant species spread so fast?

Fat-tailed 

Exponential 

Gaussian

→→ only longonly long--distance distance 
dispersal (LDD) dispersal (LDD) 

events can explain the events can explain the 
rapid spread rates of rapid spread rates of 
the last postthe last post--glacial!glacial!

From: Davis & Shaw (2001), Nature

From: Clark et al. (1998), BioScience



Forecasting plant response to climatic changes:
modeling approaches

Alternative to Alternative to BEMsBEMs –– Dynamic Global Dynamic Global 
Vegetation Models (Vegetation Models (DGVMsDGVMs) ) 

From: Cramer et al. (2001), Global Change Biology

Major model uncertainty 
problems of BEMs:

1. System Dynamics
2. Biotic Interactions
3. Evolutionary Change
4. Dispersal

?
X



R.P. Neilson, L.F. Pitelka, A.M. Solomon, R. Nathan,     
G.F. Midgley, J.M.V. Fragoso, H. Lischke & K. Thompson

BioScience (In Press)

Forecasting plant response to climatic changes:

Dynamic Global Vegetation Models (Dynamic Global Vegetation Models (DGVMsDGVMs) ) 

Required modificationsRequired modifications

Major model uncertainty challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)



Major model uncertainty challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

R2=0.96

From: Nathan et al. (2002), Nature
Liriodendron tulipifera

upliftednot 
uplifted



Major “model uncertainty” challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

From: Katul et al. (In Press), The American Naturalist

Mechanistic Analytical Models for 
Long-Distance Seed Dispersal by Wind 

G.G. Katul, A. Porporato, R. Nathan, M. Siqueira, 
M.B. Soons, D. Poggi, H.S. Horn and S.A. Levin

The American Naturalist (In Press)

Wald Analytical 
Long-distance 

Dispersal 
(WALD) model

Probability of uplifting

Standardized 
mean height 

of seed 
release



Major “model uncertainty” challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

From: Honnay et al. (2002), Ecology Letters

Large-Eddy Simulation (LES) of 
wind dispersal in a heterogeneous 
landscape (Avissar, Bohrer and Otte)

From: Nathan et al. (2005), Diversity & Distributions



Major “model uncertainty” challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

From: Williams et al. (1998), Quaternary Science Reviews

5. Capacity for LDD

PFT Classification 
1. Growth form
2. Leaf form
3. Phenology
4. Climatic requirements



Major “model uncertainty” challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

PFT Classification 
1. Growth form
2. Leaf form
3. Phenology
4. Climatic requirements
5. Capacity for LDD

→ the relationship between morphologically-
defined dispersal syndrome and long-distance
dispersal is poor, because multiple processes 

often move seeds in a complex way.

→→ are there differences among are there differences among 
PTPsPTPs in the distribution of in the distribution of 

dispersal capacity?dispersal capacity?



Forecasting changes in the distribution 
and abundance of plants in response to 

climate change 
1. Recognize different levels of uncertainty. 
2. Reduce model uncertainty by investigating and 

incorporating the key underlying mechanisms. 

4. Reduce parameter uncertainty by utilizing advances 
in modeling, computing and monitoring techniques.

5. Examine the potential of DGVMs (or modify BEMs) 
for forecasting plant response to climate change.

3. Incorporate system dynamics, evolutionary change, 
biological interactions and long-distance dispersal.
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InterInter--relationships among different relationships among different 
levels of responselevels of response

From: Dynesius & Jansson (2000), PNAS



How climate changes affect worldHow climate changes affect world’’s biota?s biota?
Evolutionary level
Selection for/against life-history traits, speciation, extinction

Community/Ecosystem level
Changes in diversity patterns, ecosystem processes

Species/Population level
Changes in distribution and abundance

…we predict, on the basis of 
mid-range climate-warming 

scenarios for 2050, that 15–37% 
of species in our sample of 

regions and taxa will be 
‘committed to extinction’.



Uncertainty types are 
represented by 90% 

confidence intervals of 
the forecasts, 
estimated by

non-parametric 
bootstrapping for 

and by maximum-
likelihood 

estimates for

Forecasting plant response to climatic changes:
sources of uncertainty

Parameter 
Uncertainty

Inherent 
Uncertainty

From: Higgins et al. (2003), Journal of Ecology



From: Penuelas & Boada (2003), Global Change Biology

Climatic changes alter plant distribution:
contemporary evidence



Forecasting plant response to climatic changes:
modeling approaches

By showing that such models can be 
applied with equal validity to species from 

different trophic levels, and that they 
generally perform well for species from 
disparate taxonomic groups, the present 

study has provided additional evidence of 
the robustness and general 

applicability of such models.

Bioclimate Envelope Models (Bioclimate Envelope Models (BEMsBEMs))

From: Huntley et al. (2004), Ecology Letters

Higher
plants

Granivorous
passerines

Herbivorous
insects

Insectivorous
raptors

Insectivorous
passerines

Raptors with 
herbivorous prey

Raptors with 
carnivorous 

prey

Granivorous/
Insectivorous

passerines



Bioclimate Envelope Models (Bioclimate Envelope Models (BEMsBEMs))

Forecasting plant response to climatic changes:
modeling approaches

Robust and general applicable?Robust and general applicable?

Major model uncertainty 
problems:

1. Biotic Interactions
2. Evolutionary Change
3. Dispersal

From: Davis et al. (1998), Nature



From: Skov & Svenning (2004), Ecography

Examples of distribution maps



Forecasting plant response to climatic changes:
modeling approaches

Alternative to Alternative to BEMsBEMs –– Dynamic Global Dynamic Global 
Vegetation Models (Vegetation Models (DGVMsDGVMs) ) 

From: Cramer et al. (2001), Global Change Biology

Major model uncertainty 
problems of BEMs:

1. Biotic Interactions
2. Evolutionary Change
3. Dispersal

?
X



From: Cramer et al. (2001), Global Change Biology

Forecasting plant response to climatic changes:

Dynamic Global Vegetation Models (Dynamic Global Vegetation Models (DGVMsDGVMs) ) 

From: Williams et al. (1998), Quaternary Science Reviews

Plant Functional Types (PTPs)



Forecasting plant response to climatic changes:
Dynamic Global Vegetation Models (Dynamic Global Vegetation Models (DGVMsDGVMs) ) 

From: Neilson et al. (In Press), BioScience

MAPSS, 44 MAPSS, 44 PFTsPFTs, Global Coverage, 0.5, Global Coverage, 0.5°° resolutionresolution

MC1 DGVM, 12 MC1 DGVM, 12 PFTsPFTs, California, 10, California, 10--km resolutionkm resolution



Major model uncertainty challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

Photo by Nick Ledgard. From: Neilson et al. (In Press), BioScience

Naturally-regenerated Lodgepole
Pine (Pinus contorta) outliers near 

Lake Ohau, New Zealand  



Major model uncertainty challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

Pinus taeda

Liriodendron tulipifera

A study of seed dispersal by wind at Duke Forest, NC, USAA study of seed dispersal by wind at Duke Forest, NC, USA



Major model uncertainty challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

R2=0.96

From: Nathan et al. (2002), Nature

Liriodendron tulipifera



Major “model uncertainty” challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

Fragmented    High Connectivity

Colonization success:

Distance-independent

Distance-dependent 

Very low (<5%)

From: Honnay et al. (2002), Ecology Letters



Major “model uncertainty” challenges:
1. Dispersal and long-distance dispersal (LDD) in particular
2. Scale-dependency and landscape heterogeneity
3. Economic classification of Plant Functional Types (PTPs)

Wind dispersal in a heterogeneous landscape simulated 
using the Large-Eddy Simulation (LES) approach 

(Avissar, Bohrer and Otte)

From: Nathan et al. (2005), Diversity & Distributions


